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Preface

The Globa Association of Risk Professonds (GARP) isthe world's largest organization of
practitioners and researchers of financid risk management. GARP has adiverse international
membership from a variety of backgrounds and ingtitutions.

GARP was founded by a group of risk managers from financia ingtitutions whaose vison wasto
apply the techniques of risk management to a broad range of problems and chalenges within
financid inditutions. GARPs mission isto serve its members by facilitating the exchange of
information, developing educationd programs, ingpiring innovation, and promoting standardsin
the area of financid risk managemen.

GARP members discuss risk management techniques and standards, critique current practices
and regulation, and help bring forth potentia risks in the financid markets to the attention of
other members and the public. The organization sponsors risk management related events
through its network of active regiona chaptersin Europe, Asaand the Americasand is
committed to the use of modelsin managing risk.

Risk management is taking on a more important role, as the globa markets integrate across
continents, and as the lines between the individud risk factors become increasingly blurred.
Given industry developments, risk management practitioners can no longer rely solely on a
transactiond approach to manage firm-wide credit risk. More reliance is being placed on the
use of quantitative methods to manage risk. These tools have received heightened attention
because they provide management with an independent but more accurate, consstent and timely
messure of risk.

GARP takes an active role in promoting productive relationships between bank regulators and
risk management practitioners to ensure that industry views and concerns are accounted for
during the regulatory policy development process. The Committee on Regulation and
Supervison (the Committee) is a standing committee of GARP. Following the release of the
Bade conaultative paper “ Credit Risk Moddling: Curent Practices and Applications’, the
Committee took on the task of responding.

The organization and the Committee are uniquely quaified to comment on Bade's paper. Many
of its members are experienced credit risk management practitioners that ded with credit risk
models on aday-to-day basis. They represent abroad array of ingitutions in different
geographic locations, but have a common interest in promoting risk management and the use of
quantitative methods for managing said risk.

The Committee coordinated its efforts through periodic tel econferences, dectronic mal, and
solicitation for contribution from the organization as awhole. The following commentary and



recommendations are based on member observations of industry-wide credit risk management
practices and their experience in dealing with proprietary and third party credit models. This
document is unique in that it represents a broad consensus on afairly technica issue, from risk
practitioners representing a diverse set of organizations and geographic locations. The views
expressed in this document are solely the view of the individua authors and are not necessarily
the views of their repective indtitutions.

GARRP appreciates the opportunity to comment on the Bade Committee's concerns and
welcomes further didogue. We acknowledge the concerns identified by the Bade Committee,
but are confident that these issues can be addressed.

Finaly, The Committee thanks the Globa Association of Risk Professonds, its directors, and
its members for sponsoring our effort.

- The Committee



Executive Summary

In April 1999 the Bade Committee on Banking Supervison (Bade Committee) issued its
consultative paper titled “Credit Risk Modelling: Current Practices and Applications” The
paper sought industry commentary concerning the use of credit risk modesin caculaing of
regulatory capitdl. More specificaly, the Bade Committee raised concerns about the many
conceptual approaches being used to measure credit risk. Additionaly, they are concerned
about the lack of data available to accurately modd credit events and the difficultiesin vaidating
modd results. Lagtly, the Bade Committee is concerned about the comparability of modds
acrossinditutions and the models limited application in today’ s banking activities. They argue
that management mugt first demondrate its confidence in these modds by using them to actively
manage its day-to-day credit risk before regulators supports using them as part of the regulatory
capital assessment process.

GARP s Committee on Regulation and Supervision (the Committee) is a strong supporter of the
use of modelsin the risk management process. Many of our members are experienced
practitioners that ded with credit risk models on a day-to-day basis. We acknowledge the
concerns raised by the Bade Committee but want to call attention to the progress the industry
has made in developing rigorous credit risk models within ardatively short period of time. As
risk practitioners overcome difficult problems and enhance existing models, they implement
innovative modds to solve new and more complicated problems.

While credit models may not be as pervasive as they should be in managing day-to-day risk, the
banks that have had the foresight to invest in credit risk management are regping great rewards.
The Committee believes that credit risk models offer greet advantages over the traditiond
transactiona approach to credit risk management and are confident the banking community will
continue to invest in their design and implementation. We recognize additiond progressis
needed if models are to become ubiquitous. Notwithstanding, the knowledge and expertise
related to credit risk modding exists and is greater than what is being recognized.

Two fundamenta principles guide our response. Namely, we believe regulation should
encourage competition and innovation. To this end, banks with superior risk management
practices should be rewarded with lower capita requirements. Regulators can play an
important role in facilitating further advancements in risk management and market competition
by supporting the use of modelsin assessing regulatory capital.

The second principle is that the regulatory oversight process should be closely digned with the
bank’ srisk management activities. Asingitutions have developed their own proprietary credit
models, a dud regime for measuring and managing risk has cometo pass. Management relies
on the output from its interna models to evaluate the adequacy of economic capital supporting
the associated risk, and then evauates the adequacy of its regulatory capital using the risk



weights listed in the 1988 Bade Accord. In this context, the current practice of maintaining
separate and disparate processes for measuring and managing risk seems burdensome and
counterproductive. Regulators should encourage ingditutions to develop risk management
models that are comprehensive and well integrated into their risk management framework, not
pendize indtitutions by ingsting they maintain two independent risk messurement systems: one
for internal risk management and a separate system for regulatory purposes.

With regards to the Bade’ s issues, the Committee believes that certain models have resolved
many of the conceptud issues for particular products and businesses and that the industry

should be afforded the flexibility of designing individuad models that best capture the risk inherent
inther activities Granted, credit risk modeling is sgnificantly more difficult than market risk
modeling. Therdative infrequency of credit events and the illiquid nature of assetsin the
banking book are a chdlenge for modd developers. We, however, do not believe the qudity of
data should discourage the adaptation of models in assessing regulatory capitd. Various
gatistica techniques combined with conservative assumptions will address most data scarcity
iSsues.

Mode vadidation, on the other hand, is a chalenging issue with which bankers and regulators
must contend. We concur with the Bade Committee' s concern that backtesting has limited
gpplication in validating credit risk given the data scarcity issue. Nonetheless, stress testing,
scenario andysis, and the use of sengtivity andyses can bolster the traditional modd vaidation
process and direct management’ s attention to portfolios that may be vulnerable to potentia
credit events.

The Committee encourages the industry to document thoroughly the parameters and
assumptions used to modd credit risk and set minimum stress testing requirements and the use
of sengtivity andysesto vdidate modd results. Likewise, we recommend that regulators
develop minimum qualitative and quantitative guidelines to ensure a degree of trangparency and
level of condgstency in risk reporting. These guideines should aso address issues of modularity
and testability.

With regards to the comparability of models across indtitutions, the Committee acknowledges
the difficulty of encouraging competition and innovation while & the same time ensuring aleve
playing field. Comparison should come through quditative and quantitetive guidelines aswell as
testing.

The Committee strongly objects to any attempt to standardize models. The adoption of
standardized models would preclude a bank’ s use of those modelsin itsbusiness. This
contradicts the Bade Committee' s premise that banks must use their own internal modes for
both business decisions and regulatory capitd. Moreover, the adoption of standardized models
would discourage competition and innovation which has lead to the progress thus far in credit
risk modding.



Similarly, the Committee opposes any atempt to normalize models by requiring the use of add-
ons, multiplication factors, or other pendty functions. The use of such pendty functions force
models to produce identicd results, and, therefore, pendty functions have the same
disadvantages as the use of standardized models.

The Committee concurs with the Bad € s assertion that bank management must first demondtrate
its confidence in credit risk models by using them to manage the inditution’ s day-to-day risk.
Modes and procedures used solely to satisfy regulators by generating statistics and reports can
be superficid and mideading. The success of any such modd planly ressin an indtitution’'s
ability and willingness to integrate these tools into the inditution’ s daily risk management
activities, which should include setting and caculating risk limits, reserving for credit losses and
evauating the adequacy of economic and regulatory capital. We, however, do not consder this
an impediment for supporting the use of modes in the regulatory capital assessment process, but
rather a necessary requirement as it was in the Market Risk Amendment.

Correspondingly, we bdlieve the onus is on risk managers to have a thorough understanding of
their businesses, the inherent risks in these activities and the methods and models used to
measure and manage these risks. The Board of Directors and senior management, on the other
hand, should endorse the role of thelr risk management groups and ensure they have sufficient
resources and authority to develop, implement, and use sound credit risk management models.
Thisincludes the ability of risk management to obtain the necessary data and information from
al busness units, and a the same time have the ability to effect change.

We therefore strongly encourage the Bade Committee to support the use of credit risk modds
in the assessment of regulaory capitd.

The Committee believes the eventua god would be for banks to use models across dl assets
and businesses to ensure risk is measured in a comprehensive and timely manner. Thiswould
be hard to accomplish in one step, so we recommend models be rolled out and integrated into
the regulatory capital assessment process on a piecemed basis as they are developed and
proven to be an accurate measure of risk. Because credit risk is complicated and at present
credit models can not be expected to capture every aspect of idiosyncratic risk, we suggest that
banks be dlowed to fal back on stlandardized capital alocations in Stuations where credit risk
modeling is not religble.

Regulators should accept models on a case-by-case basis. Modds should be evaluated as to
whether they are appropriate for the particular products, business, and ingtitution. Regulators
should congider the environment in which the model operates as well asthe modd. The
acceptance of models, however, is not astatic process. Bankers and regulators should expect
credit modd s to evolve and improve over time, producing a corresponding improvement in
credit risk management.
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In the near future we encourage banks to set rigorous model acceptance standards and dedicate
the appropriate resources to support the documentation process and ensure their proprietary
models keep pace with industry developments. Likewise, we encourage the regulators to
prepare its examining staff and equip them with the necessary tools to properly evauate these
models and their effectivenessin managing risk. We acknowledge the concerns identified by the
Bade Committee, but are confident these issues have been and can be addressed. By
supporting the use of models in the regulatory capita assessment process, regulators would
facilitate a better link between credit risk modds, an ingtitution’s risk management process and

regulatory capitd.

We are confident these chalenges are manageable and that we will soon see the gpplication of
more models to accurately measure and manage credit risk from a regulatory and economic
capita standpoint.

1



1 Introduction

The banking industry has undergone significant change over the past ten years. The
development of capital markets and easy access to information has created a sgnificant
chdlenge for the banking industry. More and more financia transactions can be performed
outside the banking sector, resulting in their increasing disintermediation. Additiondly, the
continuous evolution of traded ingruments now alows the industry the flexibility to hedge or
dter therisk in dmogt any postion. These developments have changed the risk profile of

banks, shifting bank management’ s focus away from smple asset liability and credit related
risks, to today’ s environment, where bank management must dedl with a broad array of risks as
well as manage information.

There are three important regulatory documents that have shaped credit risk management
activitiesin banks.

The first document, “International Convergence of Capitd Measurement and Capital
Standards’ (the Bade Accord), was published in July 1988 by the Bade Committee and
later endorsed and adopted by central banks of severa countries. One of the issues that
this document addresses was the minimum capita requirement for the ratio of capita to
risk-weighted on-ba ance sheet assets plus off- balance sheet equivaent exposures. The
risk weights were set in dignment with the perceived credit risks associated with products /
counterparties at that time.

The second document is the 1996 Amendment or “BIS 98.” This document extended the
scope of risk measurement beyond credit risk to include market-rdated risk in the minimum
regulatory capital assessment process.

The third document is the current proposa to amend the regulatory capita rule for credit
risk currently open for discusson. It conssts of two parts: “ Credit Risk Moddling: Current
Practices and Applications’ (April 1999) and “A New Capita Adequacy Framework”
(June 1999). Together these documents will form the basis for anew framework, BIS
2000, which we expect will better integrate and quantify credit risk inherent in today’s
banking activities.

The origina Bade Accord was an important first step in formulating a common internationa
regulatory capital framework, but it has Snce outlived its ussfulness. The shortcomings of the
current standardized credit risk rules for regulatory capital are widely recognized. We believe
they are well documented in the paper “Credit Risk and Regulatory Capita” published by the
Internationa Swaps and Derivatives Association (ISDA) in March 1998. The risk weights, for
example, are not agood measure of credit risk. The risk weight assigned to corporate off-
balance sheet indruments is haf that assigned to the same risk for onbalance sheet exposures.



Risk weights assigned to certain countries and ingtitutions are disproportionate to their inherent
rik. A loantotriple-A rated corporation, for example, is weighted five times more than a
gmilar loan to abank in an emerging market county. The current methodology isincons stent
with the theory of investments. Principdly, it fails to compensate lenders for the benefits
achieved through portfolio divergfication. A sngle loan is charged as much cepitd as aportfolio
of smdler loansto unrelated counterparties. Furthermore, it does not create any incentive for
credit mitigation. Banks using credit derivatives are subject to a more onerous capitd charge
for hedging credit risk relative to smilar insdruments used to hedge market risk.

The Market Rule Amendment enhanced the origina regulatory risk based capitd framework by
recognizing the increased sgnificance of market related risksin today’ s banking activities. It
was especidly innovative, in that that it linked the regulatory capita assessment processto a
bank’sinterna risk management activities. The 1996 Amendment encouraged bank
management to develop and use internd models to assess the regulatory capital needed to
support itsindividua market related risks. Market risk measurement, however, can be
relatively sraightforward in aliquid market that provides an accurate indication of the fair vaue
of securities. llliquid instruments rarely account for a ggnificant portion of abank’s trading
book. Credit risk modeling, on the other hand, typicaly involves proprietary loans and other
arrangements that are not fredy traded and thus can not be priced with a high degree of
precision.

While Bade is considering enhancing the existing credit risk measurement process to better
capture risk, the proposed framework isintended to be a*“one sizefitsdl” approach to credit
risk measurement. We believe credit risk modeling represents a better aternative and better
risk management tool than that provided under the proposed standardized approach. Credit
risk models are dynamic and can process alarge number of transactionsin a short period of
time and can be tailored to capture the unique risks inherent in each product or sub-portfolio.
Additionaly, they can factor in the benefits of diverdfication and the other risks associated with
credit related products, such asinterest rate risk and liquidity risk. 1t makes no senseto go
from one flawed system to an equaly flawed systlem. We recognize additiona progressis
warranted if these models are to be used to effectively manage economic and regulatory capitd.
Notwithstanding, we believe the knowledge and expertise related to credit risk modeling exists
and is grester than what is being recognized.

Risk management and modding activities have come along way in short period of time. We
believe there are credit models being used in today’ s marketplace that they are successtully

used to price assets, measure risk, evaluate performance and make strategic decisons. Itis
clear, bank management regard robust credit risk models as useful risk management tools and
gtand to benefit from further advancements given the above noted benefits. Both indtitutions and
regulators stand to benefit from further modeling advancements. Project plans are underway at
many ingitutions to enhance existing models. We are confident risk practitioners will overcome
the current obstacles and dedicate the necessary resources to produce models that can be used
to effectively measure regulatory capita. Notwithstanding, we believe the regulatory community

13



can play adgnificant role in facilitating this effort by encouraging the use of credit risk modesin
caculaing regulatory capital.

In the following paper, we respond to the concerns raised by the Bade Committee in their April
1999 document titled “Credit Risk Modelling: Current Practices and Applications’. The
organization of this paper follows that of Bade Committee' s paper. We respond point- by-point
to each Badeissue. In chapter 2 we discuss the benefits of modeling, current applications, our
view on modeling prospects and the Bade Committee’ s concerns about banks actualy using
their models in their own business and about comparing model results across inditutions. In
chapter 3, we address the conceptua approachesto credit risk modeling and the qualitative
factorsidentified by the Bade Committee to ensure aminimum leve of trangparency and
congstency in reporting figures. We then discuss the issues concerning parameter specification
and estimation in chapter 4, followed by adiscusson of mode vdidation in chapter 5. Our
conclusion is chapter 6.
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2 Credit Risk Modesat Institutions

As financia ingtitutions continue to expand across geographic boundaries and as the nature of
loan and investment products become increasingly more complex, bank management have to
look beyond the traditional transaction-by-transaction gpproach of managing credit risk if they
are to manage risk in a conggtent, timely and prudent fashion. Similarly, as hybrid products
such as credit derivatives gain further acceptance, the line between the different risk eements
areless clear, creating an increased need for credit risk models to better manage these risks.

2.1 Bendfitsof Credit Risk Modds

Credit risk management mode s have gained widespread attention because they provide bank
management with a more robust measure of the inherent risk in their ingtitution and dlows for a
more timely and congstent means of measuring and managing risk. More specificaly, the
Committee believes modds provide the following benefits:

A more comprehensive and consstent measure of risk. Credit risk models can be amore

effective risk measurement and management tool given their ability to quickly measurerisk,
taking into account an ingdtitution’ sinterna risk management structure, portfolio compasition
and divergfication, term structure, credit offsets, and collaterd support

A more timely and objective measure of risk: Credit risk modds strengthen exigting risk
management practices by providing management with an independent but more accurate,
timely and congstent measure of credit risk.

A more flexible approach to risk management: Credit risk models provide management the
flexibility to design arisk measurement and management tool that can be tailored to the
gpecific risksinherent in its portfolio. These results can be eadily aggregated across risk
taking units and across financid inditutions worldwide, providing a more accurate and
comprehensive measure of the risk.

Improves the trangparency between the various credit risk activities: While management
looks to limits, credit reserves and the dlocation of economic capita as ameans of
controlling and managing risk, it is not readily gpparent how the data e ements of these
activities are linked with one another. If credit models were fully integrated into the daily
risk management activities, the link between these activities would be more readily gpparent.

Industry developments stemming from the adoption of the Market Risk Amendment isa
noteworthy example of benefits to be gained by linking models with the risk measurement and
management process and the assessment of bank capital. While Vaue-at-Risk (VAR) models
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pre-dated the adoption of the market risk amendment, significant advancements were spurred
by the requirements and incentives set forth in the Amendment. Credit risk modeling
developments are a naturd extension of the advancements made on the market risk models due
to the applicability of market risk techniques to credit risk measurement and due to the
development of credit-related products (such as credit derivatives), which provides ingtitutions
with the ability to hedge their credit exposuresin a manner analogous to market risk hedging
techniques. The Committee recognizes credit risk modeling presents greater chdlengesthan its
market risk counterpart. Notwithstanding, the Group believes smilar benefits are attainable on
the credit risk management forefront if financid ingtitutions are given the gppropriate incentive to
further develop exigting systems and better integrate them into its day-to-day risk management
System.

2.2 Modd Applicaions

There are credit models that are being successfully used to price assets, measure risk, value
performance and make drategic decisons. The degree to which ingtitutions have devel oped
and use credit risk models varies significantly. Notwithstanding, some key trends can be
observed. Risk practitioners within GARP cite the following industry modeling approaches and
examples.

The most predominant modd employed by financid inditutionsis the sngle credit exposure
modd. Their primary useisto ensure that credit risk incurred by the ingtitution remains
within its stated risk gppetite and that the assessment of that risk occursin atimely manner
to allow for prompt corrective action if warranted.

Similarly, many financid indtitutions have developed models to price assets or cdculate the
likelihood of defaults on its commercid or retail Ioan portfolio. The principa benefit of said
modelsis that they can process agreat ded of information and provide an independent,
timely and cons stent measure of risk on atransactiona or relaionship bass.

One of the widdly used applications of single exposure models has been to measure
counterparty credit risk semming from OTC derivative products. Many globa banks use
andytica models to measure potentid credit exposure from a given transaction or a
portfolio of transactions to a given counterparty. These models are used to evauate
whether a potentia transaction would increase credit risk to a particular counterparty
because of an added concentration of credit, or reduce risk through the benefits of product
diversfication. These models are often sophisticated enough to consider the effects of
innovative marking-to-market and collatera agreements which work to reduce credit
exposure. Additionally, they can factor in netting arrangements when gppropriate, providing
bank management with amore precise measure of the margind assessment of credit risk
resulting from a proposed transaction.
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Single exposure modes have been equdly successful at Derivative Product Companies
(DPCs) where they are used to set minimum capital levels to support the structured
transactions booked in these companies. Since most DPCs have their own credit rating,
these models have had to come under careful scrutiny of the credit rating agencies. In
particular, these models must be able to perform various stress and sengtivity testsif they
were to be accepted by the rating agencies as an effective risk management tool for
assessing the adequacy of capital for these specia purpose vehicles.

Many single exposure credit risk models, however, were devel oped to measure credit risk
arisng from a specific product / type of borrower. The results from these models, however,
are not being aggregated with smilar risksin other products / type of borrowers. A modd,
for example, which characterizes and measures counterparty trading related credit risk is
typicaly not aggregated with on-balance sheet credit related products. 1n many instances,
mode results have not been fully integrated into the various credit risk management
activities. Exposure data measuring conformance with approved transaction / relationship
limits may not tie to the generd ledger because they are processed by different measurement
sysems. Similarly, credit risk data from model's used to price assets may not be used to
risk rate assets or calculate economic capital.

Portfolio-based models are the second most predominant forms of credit risk models
employed by financid ingtitutions. They are actively used to support business decisions
through the application of “what-if” andyss on areationship basis or bank portfolio levelly.
Lending officerg/traders have the ability to assess the impact of prospective transactions on
their portfolios before consummating a dedl.

Often, these modelsincorporate the ability to conduct stress tests and assess the impact of
different events on the portfolio. A large European bank, for example, uses a portfolio-
based modd to manage its credit portfolio on a day-to-day basis. In particular, it isused to
evauate the impact from buying and selling bonds, loans and credit derivatives on the
overdl portfolio. Themode provides management portfolio related information which
includes concentrations of credit, product and counterparty distribution statistics, expected
loss and their digtribution figures as well as corresponding capital requirements.

It al'so informs management on how the portfolio may be adjusted to reduce said exposures,
concentrations or increase the portfolio’s return on capital. Portfolio-based models,
however, are often computationdly intensive, and therefore are often utilized to determine a
post-transaction impact on the portfolio.

Thelogica extenson of portfolio moddsis the ingtitution-wide gpplication of credit risk
assessment to produce an enterprise-wide assessment of the cost of credit and itsimpact on
the dlocation of economic capitd. The most noteworthy models are the risk-adjusted
return on capita (RAROC) models.

17



While, these models tend to be better integrated into a bank’ s risk management activities
and are well positioned to best calculate regulatory capitd, they are difficult and costly to
implement because of the level of coordination required. Given their limited application, we
do not have agood example of models that are being successfully used to measure and
manage credit risk on an enterprise-wide basis.

2.3 Modd Shortcomings

Credit models, systems and associated processes have aroleto play in monitoring and
managing credit risk exposures. We, however, recognize Bad€ s concern that few ingtitutions
use these models to actively manage their enterprise-wide alocation of credit and capitd.
Similarly, we recognize the problems associated with credit risk modeling and discuss these
eementsin detall in the following chapters. Risk practitioners within GARP cite the following
reasons for the dow pace of mode devel opments:

The amount of computationd time needed to process large portfolios, especidly those
resdent in multiple geographies, involve a prohibitively long processng cycle. Thishas
been a dgnificant barrier for inditutions with limited processing capacity, most of which
are reluctant to consider other dternatives until after the year 2000.

Multiple legacy systems, both custom devel oped and purchased packages, are often not
compatible with each other, namely due to inconsstent data formats and / or level of
exposure data. Again, many ingtitutions have been preoccupied with solving other
technologicd issues such asthe Euro, Y 2K or systems integration following a merger or
acquisition. Accordingly, they have not seen the cost benefit to developing better-
integrated systems given other priorities and a limited information technology budget.

Many credit risk related activities are difficult to modd. Credit-enhancement
arrangements such as guarantees, collateral held, and netting agreements, for example,
are difficult to mode within a transaction processing systems due to their distinct nature.
While certain portfolio modes can take these into account, the specific nature of these
agreements (e.g. jurisdiction, gpplicability in cross-border trading etc.) makes it difficult
to accurately modd their impact at both the transaction levels, and are even less precise
a the portfolio and inditution wide levd.

Despite these difficulties, risk practitioners are continuing to creste more robust, timely
enterprise-leve credit models. Indtitutions stand to benefit from more robust credit risk
modeling in that these models often takes into account the benefits of portfolio or busnessline
diversfication, and thereby show alower exposure to a specific product, borrower or
geographic concentration than would otherwise be reported on a transaction-by-transaction
basis. A number of ingtitutions have development projects underway to enhance existing credit
risk models. We discuss the prospects for credit risk modding in greater detail in section 2.5
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below. The primary benefit, however, is that modding efforts to-date have furthered
management’ s understanding of the nature of credit risk inherent in their organization.

2.4 ThePadld Risk Management Process

As indtitutions have developed their own internd credit models, atwofold approach for
measuring and managing credit risk has cometo pass. Inditutions use their own modes within
gpecific busness areas and or credit reated activities to monitor and manage credit risk from an
economic standpoint but aso look to the risk based capita framework outlined by the Bade
Accord to manage credit risk for regulatory capita caculation purposes. This approach,
however, isinefficient for two reasons.

It requires maintenance of two distinct models (with associated systems and
infrastructure cost implications)

It encourages management to develop distinct models to manage regulatory capitd and
economic capita, which can lead to a disconnect between an inditution’s business
tacticsin managing itsinternd risk management activities and the regulatory assessment
of risk.

Currently, it is prohibitively difficult to bridge the gap between the two systems. If the
appropriate incentives were created as was the case following the adoption of the Market Risk
Amendment, the Committee believes there would be a convergence between the two risk
management systems. We bdieve regulators should reward indtitutions for developing risk
management modes that are comprehensive and well integrated with its risk management
framework, not pendize inditutions by ingsting they maintain two independent risk measurement
systems: one for interna risk management, and a separate system for regulatory purposes.

2.5 Modding Prospects

Despite the credit risk modding shortcomings outlined in Section 2.3 above, it is clear that bank
management regard robust and well-congtructed credit risk models as a useful risk management
tools. Asmentioned above, they stand to benefit in that it provides them a better assessment of
their risk. We can expect financid indtitutions to place even grester reliance on these models
given the benefits outlined in Section 2.2 above, the increasing complexity of certain credit risk
products and the increasing interest in developing risk adjusted return on capitd systemsto
better manage firmwide economic and market capitdl

One of the recent developments within the industry has been the convergence of market and

credit risk measurement techniques, some of which was fueled by the emergence of credit
derivatives. This convergence is becoming more common a the product level where financid
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ingtitutions have been developing models which capture both credit and market risk given the
hybrid nature of some of these products, and management’ s desire to evauate the risk from
both an accrua and mark-to-market sandpoint. Thisis perhaps best illustrated by the
development of CreditMetrics, an extension of the RiskMetrics product. We can expect
management to place greater reliance on models that capture both market and credit risk given
models provide an independent but more timely, accurate and consistent measure of thisrisk.

Ladly, thereisincreasing pressure on management to better manage shareholder vaue and
economic capita given the highly competitive nature of the industry. Accordingly, more and
more inditutions are Sarting to drill down on performance figures to determine if areationship,
portfolio or product adds or detracts from the bottom lineand / or firmwide risk. Return on
capita models, such as risk-adjusted return on capitd (RAROC) models, have received the
mogt atention given they are gpplied across al bank activities and factor in the cost of
regulatory and economic capita when assessing a particular relationship, product or a
portfolio’s profitability.

The Committee is confident added resources will be allocated to further develop existing risk
management models, especialy once inditutions have resolved more immediate technologicdl
concerns such asthe Y 2K and systems integration issues for those ingtitutions that have recently
experienced a Szeable merger or acquigition. |If the appropriate incentives were in place, we
could expect to see even greater attention being paid to devel oping sophigticated, robust models
and firmly believe the bank regulators can play such arole.

2.6 Comparing Models Across Ingtitutions

Mog ingtitutions have approached credit risk modeling from a sub-portfolio basis or product
basis because it has dlowed management the flexibility to better capture the risks unique to that
portfolio or product. Accordingly, the modeling methodologies may differ depending upon the
product or portfolio. Certain products, for example, may have non-linear risks while others
have smple linear risks, which require different modding methodologies. Risks can then be
aggregated at the highest possible levd.

The Committee is not concerned that results, using different modeling methodologies, are being
added together, namely because therisk is probably being over-stated since it does not take
into account the benefits of divergfication that may exist between sub portfolios or products.

The frequency of capitd caculation should depend upon the nature and volatility of risk inherent
in the sub-portfolio or products. At aminimum however, the risk should be updated and
reviewed as often as the most frequently updated sub-portfolio / product. Aslong as part of the
portfolio is updated daily because it experiences greater change and other portfolios are
updated on aless frequent basis because they are more stable— the overdl portfolio should be
updated daily becauseit is the most frequent.



Financid inditutions each have aunique risk profile, risk appetite, and set of underwriting
gandards. The principa benefit to modding isits flexibility to capture the distinct risks inherent
in each indtitution / portfolio, and gtill provide management the ability to sysematicaly capture
and manage theserisks. Since few models are designed to measure al forms of credit risks, a
firm should be encouraged to use different models to best capture the risks unique to that sub-
portfolio or product and then be alowed to aggregate the risks to express a summary measure
of aspecific type of credit risk.

The Committee is concerned about the Bad €' s focus on the disparate modding approaches
being employed by the market place. We recognize different approaches exist but are
comforted by the fact they were intended to capture and mange the unique risks within that
inditution. Each indtitution’s modd should be expected to come up with different results given
the difference in underwriting standards, risk gppetite and credit culture at each inditution.
Modd results are different because no two banks share the same portfolio congtitution.

The Committee acknowledges the naturd tension that exists in encouraging competition and
innovation while a the same time ensuring alevd playing fiddd. The adoption of sandardized
models would preclude abank’ s use of those modesinitsbusness. This contrasts the Bade
Committee' s premise that banks not maintain amode for regulatory capita in concert with a
model for their business gpplications. Moreover, the adoption of standardized models would
discourage competition and innovation which thus far has lead to any progress a dl in credit
risk modding.

The Committee strongly objectsto any attempt to standardize models. Similarly, we
oppose any attempt to normalize models by requiring the use of add-ons, multiplication
factors, or other penalty functions. We consder thisto be a significant regulatory burden
and an inefficient use of bank resources. Pendty functions would naturaly force a convergence
of modesto identical models or if not to identica models, then to models that give identical
results. Thiswould transfer the modeling responsibility from banks to regulaors, thus again
discouraging competition and innovation, if not leading to systemic risk as everyone is forced to
messure risk in the same manner.

Instead of adopting standardized models or forcing standardized mode results, the Committee
encourages regulators to focus more on setting quditative standards for the use of credit risk
models smilar to the approach taken under the Market Risk Amendment. These standards
should address backtesting, stress testing, the use of modd information in setting risk tolerance
limits, internal risk ratings and the reserving process, and set minimum standards for etablishing
an independent risk-monitoring unit. Similarly, the Committee believes regulators should set
gpecific minimum quantitative modeling parameters such as look back periods, confidence
intervals, etc. to ensure thereisabasic leve of consstency across financid inditutions.

Aswith the Market Risk Amendment, we encourages regulators to focus more on evauating
the specific models at each ingtitution to ensure they accurately captures the risksinherent in that
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ingtitution and ensure results are gppropriately integrated into that bank’ s risk management
activities. Thiswould dlow them to maintain control of the regulatory framework and
supervision over the pace of development and adoption of credit models. Standardized
reporting requirements of certain risk eements would facilitate the comparison of specific
information across portfolios and inditutions.

Thelogica next step would be for regulators to permit the use of models dongside and
integrated into the capital adequacy rules (e.g. for specific products or businesslines). Given
the complexity of credit risk modeling, we do not expect management to develop a single model
that captures al aspects of credit risk, but rather develop modelsthat capture the unique risksin
sub-portfolios or products. As modd expertise and development improves, ingtitutions should
be permitted to role out models for parts of their businesses, e.g. business lines, products or
even books as the respective models become available.

While indtitutions should conform to minimum quantitetive and quditative standards, ingtitutions
should be encouraged to use their own models which will best fit with their own businesses and
discipline management to develop a detailed understanding of their own credit risk exposures
and risk management infrastructure. Regulators could rely on filtering sysems to identify
potentid outliers, i.e., banks showing the need of closer scrutiny. Nonetheless, the Committee
is confident that the regulators could play a significant role in expediting the development of
credit risk models by alowing them to be a part of the regulatory capital caculation process.
Thiswould clearly make credit risk modding a priority, asit did following the adoption of the
Market Risk Amendment.



3 Conceptual Approaches
to Credit Risk Modeling

Baderightly points out that there are many conceptud issuesin desgning amodd. They are
concerned whether the various approaches are sound and whether different gpproaches give
very different answers. Bad€' sissues naturdly bresk into two groups: those issues which
address the objectives of amode and those which address measurement.

The objective should explicitly specify what should be captured by regulatory capitd, and
should be independent of the choice of modd. Since each model must have precisely the same
objective -- a consgently defined standard of regulatory capitd, the differences resulting from
various gpproaches become purely technica. In other words, the modeling questions focus on
the quality of measurement, which should be assessed by materiaity and practicdity.

In this section we respond point-by-point to the issues raised by Bade, and raise afew issues of
our own. For instance, we included a section on theissue of internd credit risk rating models,
which is mentioned by Bade but not discussed in detail. Credit risk rating models, or credit
andyss, isthe oldest, best-established type of credit modeling, and so deserves some attention
here.

Many of the issues Bade raised involve sophisticated mathematics or finance. The cost of
greater accuracy is usualy more effort and more sophigtication. However one should not
misinterpret the discussion of sophigticated mathematics or finance as an endorsement of
complicated models. Sometimes very smple models can be as successful as sophisticated
models. The sdection of the model depends on the particular problem and the various
condraints of the environment in which the mode will operate.

Indeed, the Bade Accord isamodd, or if is not exactly amodd in form, then it servesasa
mode. While the assumptions and other variables that went into designing the Accord are not
apparent, the resulting Accord is a present the only tool for computing regulatory capitdl.

The Committee views modding with an open mind. Models should be compared based on
their ussfulness— not on their sophigtication. The issues we discuss below apply to dl models.

3.1 Capitd Allocation for Credit Risk

Regulators require banks to hold capita to ensure the safety of the banking systems and to
provide afair and competitive environment. Capitd acts as a cushion againgt lossesto abank’s
portfalio.



The industry speaks of both regulatory capital and economic capita. Regulatory capital, at
present, is capital as caculated under the 1988 Basle Accord. Economic capital isthe capita
that a busness naturaly assgnstoitsrisk. Idedly abank’s economic capita would be closdy
digned withitsrisk. Badeis concerned that economic capita dlocation is practiced only
partidly and unevenly among banks. We agree that that reflects the current state of affairsin
managerid use of capitd dlocation in the industry.

As Bade states, economic capitd for credit risk must be afunction of potentia credit losses.
Also Bade holds implicitly throughout their discussion that regulatory capita should equa
economic capitd. This point needs explanation

Economic capitd should have the property that more risk requires more economic capita. But
even among barks that agree on that property, the precise definition may vary from bank to
bank. Moreover, the definition may vary between various busi ness units within the same bank.
In some cases the reasons may be completely irrational and due to legacy policies or hurried
decisons. In other cases the definition may vary because the cost of risk could include costs
which are particular to that bank or business.

The Committee acknowledges that the various definitions of economic capital may need some
attention. This does not pose a conceptud problem, but it isa practica issue which must be
addressed if banks are allowed to use their internd credit models to compute both economic
capital and regulatory capital.

To avoid confusion with the various definitions of economic capita, this paper uses the term
regulatory capital and it interprets Bade’s comments about capita to be about regulatory

capital.

Given atime period, credit losses are the changes in the value due to credit risks of a portfolio
between the beginning and the end of the time period adjusted for time value. Thisisagenera
definition; in practice one must clarify whether the changein vaue includes income, capitd gains,
taxes, and other financid flows.

The Bade Accord calculates capitd for dl risks: credit, market, liquidity, and any other risks. In
the present discussion, both Bade and this response are concerned only with capitd againgt
credit losses. Obvioudy capitd for non-credit losses can not be ignored and should be
addressed separately from capitd for credit risk.

At the beginning of atime period credit losses are unknown, and only potentia credit losses are
know. Therefore, potentia credit losses must be approximated by a probability distribution.

As Bade dates, potentid 1osses include both expected and unexpected losses. Because |osses
are uncertain, to move from credit losses to capital, one needs to sdect a confidence level. The
confidence leve, for example, would alow oneto daim that credit losses will be less than $100
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MM with 99% confidence. Of course, the higher the confidence number, the higher the upper
bound on losses.

Given atime horizon and confidence leve, the regulatory capital for a portfolio equals the
potentid credit losses at the given confidence level. To be unambiguous, thisiswhat regulaory
capita should be — not what it is under the Bade Accord.

The definition of capita depends on atime horizon and confidence leve acceptable to
regulators, and a probability digtribution. The time horizon and confidence leve are chosen
outside the models and are common to al models for computing capita. Whether or not the
time horizon and confidence leve are stated, they areimplicit in dl capitd cdculaions. We
discuss the time horizon and confidence level in more detail in the next section.

The above definition of regulatory capitd assumes a gatic portfolio and static bank. In redity
neither isactudly static. Since the bank is not static, the actud probability of insolvency may
differ from the theoretically computed probability of insolvency. If the bank has along enough
time horizon to react to new credit losses, the bank may reduce risk by salling assets, or
increase capitd by raisng new funds. In this case, the true probability of insolvency should
actudly be less than the computed probability of insolvency.

Conversaly, for abank that does not react - by choice or by necessty - throughout the entire
time period, the true probaility of insolvency over multiple time horizons should actudly be
greater than the computed probability.

3.2 Measuring Credit Loss

The diversty of methods for measuring credit lossis afact, and awelcome fact, of credit risk
modeling. Ther very diversty alows for reasonable methods to be available for awide variety
of credit exposures and different degrees of data availability. The issues respecting their
appropriateness for computing regulatory capita are empirical and practical more than
theoreticdl.

Bad€e s discusson of modeing credit loss treets time horizon firgt, then reviews prominent loss
paradigms and mark-to-market paradigms.

Baderasad five key issues, thefirgt of which is briefly, thet the definition of default varies from
inditution to indtitution, affecting interpretation of default frequencies, and definition of loss given
default likewise varies, making comparability more difficult.

The Committee agrees that default and |oss given default definitions do vary among inditutions,

and believe thisis a complication, but not a serious impediment. The remaining four issues will
be handled in the discussions of time horizon, loss models and vauation models just below.
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3.3 TimeHorizon.

The time horizon of a credit capita requirement computation must be long enough to be
meaningful, and short enough to be feasible given the data available. Bade expresses concern
over what time horizon should be used for capitd, given various types of assets and liquidity. It
points out that little research has been done to date on selecting the correct time horizon. In
particular, Bade citesalack of information on sengtivity of the capita number to the choice of
time horizon.

Any discussion about time horizon should respect the trade-off between time horizon and
confidence level. If the targeted credit rating is held congtant, the longer the time horizon, the
higher the default rate, hence the lower confidence level for agiven leve of capitd. Therefore, a
longer time horizon may not result in a higher economic capital nor does a shorter time horizon
dictate lower economic capital—both the horizon and the confidence level must be consdered.

One may infer that in theory the time horizon does not matter very much. However, as we will
argue below, practical condderations may dictate a best time horizon.

Badeidentifies two gpproaches to specifying the time horizon. In theliquidation period
gpproach the bank would caculate potential 1osses and capita using a different time horizon for
each product, based on areasonable liquidation period for the associated product. We agree
that liquidation is one of severd factors concerning the choice of time horizon.

In a second approach, the bank would calculate potentia |osses and capital using acommon
time horizon for dl ingruments. Obvioudy, the liquidation period gpproach could be more
precise, while the second approach would be smpler to apply.

To discuss the two gpproaches to specifying the time horizon, one must discuss the factors
affecting the choice. Bade listed some criteria given by banks for usng one common time
horizon. We pargphrase that list here.

The time horizon should be long enough to dlow the bank or the regulators to increase
capita or reduce risk through loss-mitigating action. This action could include raising
new capital, sdling assets, or restructuring the bank.

It should as0 be long enough to include the bank’ s norma business cycles of drategic
planning, capitad budgeting, and publishing of accounting Statements.

Findly, the time horizon should be long enough that subsequent caculaions of the

cgpital number contain meaningful, new information. In particular, it should belong
enough that new information is obtained on counterparties and the economy.
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We agree that the above criteria should be used in determining the correct time horizon.

If abank chooses the liquidation period approach, the respongibility rests with the bank to
demondrate that a gpecific time horizon should apply to certain debt instruments or certain
business units. On the other hand, a bank should not be alowed to cherry-pick the time
horizon. Certain assets may require a much longer time horizon, but the choice should be made
sysemdicaly.

Thereis aprecedent for using one common time horizon. The market risk amendment provides
solid precedent in that 'specific risk’ is quantified for a 10-day time horizon. This gppliesto
homogeneous assets, so the one common time horizon is gppropriate. For a diverse portfolio of
credit risk assets, one needs to be more ddliberate in sdecting a time horizon.

If abank chooses one common time horizon for al insruments, then it must consider dl the
above criteria, aswell asits particular asset mix, risk management expertise and experience.
While we cannot argue for one, common time horizon for dl banks, we would suggest thet a
one-year time horizon would generdly be sufficient.

Fird, a one-year time horizon is not too short.

The additiond credit risk in longer-term dedswill be partidly captured in vauation &t the
time horizon. Longer-term dedls exhibit higher volatility in terms of value changes because
of the duration effect.

Taking the confidence level discussed above and cash in-flows into consideration, it may not
require more capita to underpin therisk. Probably most important and less discussed, the
process of re-measuring capitd frequently will capture the risk astime moves ahead. This
rationale is dso supported by the nature of defaults: not al defaults occur in the same
measuring period.

Second, a one-year time horizon is not too long, that isto say, it does not overstate risk on
short-term assets. Though the dollar lossto a portfolio in the short term is not large enough to
cause insolvency, this un-quantified confidence may be false when transactions continue to trade
and rall over. Usng ashorter time horizon is smilar to writing short-term out- of-the money
options repeetedly and viewing it asawinning strategy. In addition, the shorter the time horizon,
the higher the confidence level is required to achieve atargeted credit rating. Further, the annua
default rates are difficult to be scaled down to short-term default rates, as the exact timing of
credit eventsis unknown.

In addition, if the time horizon is too short and the bank cannot react within the short horizon,

losses may actudly accumulate over subsequent time horizons. In this case the probability of
losses not exceeding the capital number in this or subsequent time horizons is actudly lower than
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the prescribed confidence leve. If one chooses to use one common time horizon, a one-year
time horizon is a sound upper bound to be used in computing regulatory capitd.

The Committee believes that both approachesto thetimehorizon arevalid. The bank
should choose the gpproach that best fitsits risk management practices.

3.4 Default Modd vs. Mark-to-Market Mode!.

Bade identifies two different conceptua methods for modeling credit losses: default mode (DM)
and mark-to-market (MTM). The basic issue with these methods is whether their differences
bear on their suitability for specifying regulatory capita requirements.

Bade listed two key issues respecting these loss paradigms:

The default mode seems especialy sengitive to the choice of time horizon, and its method of
gpproximation poses difficultiesin adjugting risk for longer-term vs. shorter-term exposures.

Choosing between the methods seems basically an empirica issue of which best fitsagiven
Studtion.

In the default mode method a credit loss is recorded when and only when the credit instrument
defaults, so changesin the credit risk rating other than default do not count as a credit loss (or
gain). The mark-to-market method computes a credit loss (or gain) when the credit instrument
changesin credit risk ratings, including default. The change from one credit risk rating to
another is caled atransition or migration. So the default mode method isa specia case of
the mark-to-market method: the default mode method uses only two credit risk ratings: not
defaulted and defaulted.

Marking-to-market is an important risk management issue for both banks and regulators. Inthe
context of accounting, marking-to-market includes both the method of establishing afair market
vaue and the act of recording that vaue, but here we are concerned with the issue of modding
the potentid change in value due to default and/or credit rating trangtion. (The related issue of
vauing an assat is discussed below, asistheissue of potentia changein vaue due to changesin
credit risk gpreads.) Models for credit risk spreads may be used with elther of the above two
methods, though a modd that does not recognize changesin credit risk ratingsis not likely to
recognize changesin credit risk spreads.

One can andyze default mode and mark-to-market by going back to the purpose of capital.
One of the tools for rescuing a distressed portfolio isto liquidate portions of that portfolio. Each
ingrument will beliquidated at itsfair market vdue. That far market vaue will mogt definitely
reflect the most current credit risk rating, so redizing any credit loss due to the credit risk rating
trangtion.
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Thus the default mode method would not accurately measure credit losses, while the mark-to-
market method with a sufficient number of credit risk ratings would more accurately model
credit losses.

In order to use the mark-to-market method, the bank would have to accurately measure the
vaue of the portfolio at both the start and the end of the period. The mark-to-market method
of gpproximating credit losses makes no senseif the bank does not have an accurate measure of
the starting value. Moreover, astime passes, an inability to mark-to-market will only introduce
greater uncertainty into the measurement of current and future credit losses.

Thus the default mode method is Smply less accurate and precise. Firgly, it fails to account for
the full change in vaue of the portfolio due to credit events. Secondly, over time the garting
vaue of the portfolio is unknown because it has not been revalued. We do not rule out the use
of default mode models, but we acknowledge that such models would have to be coupled with
conservative assumptions or other adjustments to adequately compensate for their obvious
shortcomings. Data issues surrounding the use of credit risk trangtions and loss given default
are discussed below.

To measure credit losses precisely, one must start with the current, correct marking-to-market
vaue of the portfolio and gpply the mark-to-market method for measuring potentid |osses.
The Committee believes that the mark-to-mar ket method isthe more accurate and
sound method for measuring potential losses.

3.5 Credit Risk Ratings.

Bade writes, “Within most credit risk modding systems, a customer’ sinternal credit risk rating
isakey — if not the sole— criterion for determining the expected default frequencies applicable
to the various credit facilities associated with that customer.”

Though Basd only mentions credit risk ratings in passing, the Committee believes that credit risk
ratings deserve atention alongside the other credit risk modding issues. Credit risk ratings are
crucia to acredit risk modd. Indeed, the credit risk rating of an asset or entity isthe most
fundamentd factor in determining potentid credit losses.

Banks use avariety of methods for determining credit risk ratings. Some banks use interna
methodol ogies, while other depend on externa sources such as rating agencies or consultants.
Few ingtitutions place complete reliance on externd ratings when taking on credit risk. 1n many
instances, the credit risk accepted by the bank is only approximately addressed by available
externd ratings. Most often, externd ratings are used as a check to confirm that the indtitution's
credit assessment is not significantly adrift from the view of other market participants.



Whether the internd credit risk rating is arrived at by the bank’ s credit staff through classicd
credit analysis or by a credit risk modd based on complex mathematicd anaysis, itisan
important component of a credit risk management modd. However arrived &, credit risk
ratings can be mapped to default rates and rating trangtion rates, though with a degree of
consstency that may be better or worse than a given benchmark of externd ratings.

Attempts to automate or out-source credit risk ratings would undermine both the credit risk
management model aswell as abank’s entire credit risk management culture. Complacency in
the determination of credit risk ratings could lead to gross miscalculations of risk aswell as
gysemic risk. The Committee believesthat banks are and should be ultimately
responsblefor determining and maintaining their credit risk ratings.

3.6 Discounted Contractua Cash Flow vs. Risk Neutra Vauation.

Before computing the risk in a portfolio the bank needs to value the portfolio. Bade discusses
two methods for vauing credit risk indruments:  the discounted contractual cash flow
approach (DCCF) and risk neutral approach (RNV). Aswith the credit loss methods, the
issue is whether either of the two poses amaterid problem for computing regulatory capitd.

Bade expressed one key issueinthisarear The choice of discounted cash flow vs. risk-neutrd
vauation pricing models seems to be a trade-off between sengtivity to datainput quality on the
one hand, and mode assumptions on the other. In other words, the choice is another empirical
issue.

We agree; the choice is fundamentally a matter of what detaiis available, and the degree of
comfort the bank finds with the necessary assumptions,

In the discounted contractual cash flow approach aloan or bond would be priced by
discounting the cashflows using the appropriate discount curve. This curve would be
congtructed to take account of the uncertainty of the cashflows, including the uncertainty of the
loss given default. Usudly the discount curve is congtructed from one interest rate, the debt
indrument’sinternd rate of return.

Therisk neutral approach arises from derivative pricing methods. The risk neutral vauation
gpproach treets the coupon payments and principa payment as options which are paid in full
only if the asset isnot in default. Risk neutral vauation explicitly associates a probability of
default, and loss given default, with each debt instrument, so each cash flow is contingent on
there being no default. Next each cash flow is discounted by one discount curve, namely, a
riskless discount curve.

Bade anayses and compares the two approaches. They state, for example, that the discounted
contractua cash flow approach does not account for the differencesin the seniority of the debt



instrument, so a senior loan and subordinated loan would be discounted using the same discount
curve.

We agree with Badethat it isinaccurate to discount a senior loan and subordinated loan using
the same discount curve, but we disagree that thisis a shortcoming of the discounted contractua
cash flow gpproach. The gpproach does not require discounting the two loans using the same
discount curve, though that is one possible way to apply the discounted contractua cash flow
gpproach. The discounted contractua cash flow gpproach may be modified to be as
sophisticated or as Smple as the user likes. The discounted contractua cash flow approach isa
sound gpproach to accurately valuing debt instruments.

However, the discounted contractua cash flow approach treats every debt instrument as an
exception. Every debt instrument has its own, unique discount curve and internd rate of return.
If abank chooses the discounted contractua cash flow approach, it should take care the
discount curves and interna rates of return are congstent and comparable across debt
indruments.

The risk neutral gpproach is aso a sound approach, as well as amore modern and robust
approach, to accurately valuing debt instruments. But as with the discounted contractua cash
flow approach, a bank that chooses to use risk neutral vauation should take care the discount
curves and interna rates of return are cons stent and comparable across debt instruments.

We should point out there are at least as many valuation approaches as there are products and
markets. Indeed, many vauations are smply legacies of the past, inefficient, and due eventualy
to give way to new, more accurate pricing methods. Until they do, these inefficient legacy

va uation methods are an issue for risk managers to the extent that they conduce to consistent,
gysemic mis-pricing.

However, capitd computation is mainly concerned with changes in prices, and to that extent
model accuracy islessan issue.

No matter the approach used, the find benchmark should be the market vaue (current or
forward, implied or observed); since after dl oneis concerned about its liquidation value.
Because both gpproaches employ certain techniques of cdibration to the market, the results
should be not materidly different. The Committee believesthat the discounted
contractual cash flow approach, risk neutral valuation approach, and any other method
that produces accurate market valuations are appropriate for computing the values of
a bank’s portfalio.

Therewill inevitably be cases where new or unusua approaches will have to be used.

Whatever gpproach is used, it should suit its application, be well documented, and able to
withstand scrutiny.

31



3.7 Offsets, Collaterd and Other Credit Risk Mitigation.

While not specifically addressed by the Bade paper under Credit Loss Measurement, one of
the mogt ggnificant innovations in banking is credit risk mitigation:  the ability to reduce risk
without diminishing business. These innovationsinclude collaterd, credit derivatives, and
securitization. Risk can dso be naturdly reduced through offsets when a bank holds both long
and short position in a particular credit risk.

Although credit risk mitigation is not of the same analytical nature as most of Bad€' s other
Issues, it may be quantified, and affects the most important model input, namely exposure. Here
we refer to actual net exposure to an entity as opposed to exposure due to a single product.

While the precise effect of the mitigation method may depend on legd issues aswell astechnicd
issues, the Committee strongly believes that modeling credit risk mitigation is
insgpar able from other issues of credit risk models. Indeed, the same techniques that
apply to Bad€ s other issues agpply to credit risk mitigation.

While modeling credit risk mitigation istoo large atopic to discussin detail here, credit risk
mitigation is an important to credit risk management and should be encouraged. The
Committee believes that regulator s should encourage credit risk mitigation by allowing
credit risk management models to accur ately measur e the effect such methods have on
the aggregaterisk.

3.8 Probability Dengty Functions

For a given time horizon the Probability Density Function (PDF) of credit losses completely
describes abank’ s potential 1osses and their corresponding likelihood. Since the caculation of
capital would be based on the PDF, Bade raises severa issues with regard to it.

Bade daesthat a present there is no agreement on the shape of this distribution, and many
models do not calculate the exact shape of the distribution. Bade States that the PDF is skewed
towards large losses S0 that large losses are more likely than they would be in the case for a
comparable normd digtribution. Also Badeis concerned that smal changesin the confidence
level would result in large changes in the capitd.

Indeed, there is no agreement on the shape of the PDF for credit losses; the shapeis not awell-
known standard PDF. If abank’s credit portfolio were thoroughly diversified, then the PDF
would be anorma probability densty function, completely determined by its mean and sandard
deviation. But typicdly abank’s portfolio is not truly diversfied. Due to the binary nature of
individud credit losses, portfolio concentrations, and the non-independence of individua credit
losses the PDF is definitely not a normd distribution.
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The shape of the digtribution depends partidly on the individua losses, particularly when there
are concentrations such that individua losses are large relative to the overall size of the portfalio.
Choosing whether to treat individua losses as binary or continuous will definitely affect the
shape. But the shape of the distribution’ s shape or, more importantly, the shape of the
digtribution’stail, will depend mostly on correation inputs.

The Committee believesthat the lack of agreement on the shape of the PDF poses no
problem to using internal credit risk modelsto calculate regulatory capital. Indeed, the
uniqueness of the PDF to each indtitution promises amore accurate capital number.

Moreover, the lack of agreement on the shape of the PDF does not preclude its caculation.
Many andytical and computationd methods exist for computing a PDF. Two such methods are
convolution and Monte Carlo.

The Committee believes that the best credit risk models will explicitly calculate the
PDF. By computing the PDF one has much more information than Smply the capital number.
With the exact PDF in hand, one could answer any conceivable question about the PDF and
resulting capita number.

Banks that use modesthat do not explicitly caculate the PDF would have to compensate by
providing additiond information. For example, if the mode gpproximates the digtribution by a
well-known digtribution, then the bank should demongtrate that the model upholds certain basic
principles, such as:

The gpproximation is indeed a close gpproximeation, and

The approximation is conservative in the sense that any errorsin the approximation result in

ahigher capita number.

Findly, we address Bad€ s concern that smdl changesin the confidence level would result in
large changes in the capital number. For the reasons given above, a credit loss PDF usudly has
fat tails, which means that events of large vaue are more likdly than they would be under a
comparable norma didribution. Smal changesin the confidence leve therefore result in larger
changes in the cgpitd number than would result for a comparable norma distribution.

The Committee does not believe this pointsto a problem with credit risk models. If
regulators are satisfied with the confidence level s they have chosen, then banks and regulators
should accept the resuiting capita numbers whether or not they are sengtive to the choice of
confidence leve.

The uneasiness with confidence levels and capital numbers seems due not to the shape of the
PDF, but to other issues such asthe accuracy of the PDF. Indeed, if the PDF isincorrectly
caculated or is highly unstable due to assumptions and parameter choices, that would be a



different issue. A careful sengtivity andyss, as discussed below under Vdidation, should help
diagnose a clearly incorrect or unstable PDF.

3.9 Conditiond vs. Unconditiond

According to the Bade definition, an unconditiona modd reflects "relatively limited borrower-

or facility-specific information”, while the conditional model incorporates explicit macro
economic factors besi des the borrower- specific information. The Bade paper points out that
unconditiona models do not adjust expectations for seasons of adverse economic conditions,
while conditional modes adjust explicitly; on the other hand, it concedes that conditiona

models explicit adjustments may lag the economy by some months due to the time needed to
process econometric data. Overall Bade seemsto favor the conditional mode s for their explicit
handling of the economic climate, on the theory that the credit mode should account for changes
in the economic environment, not just assume constant modd parameters.

The Committee agreesthat in difficult times, the risk manager must explicitly change
the parameters, whether that be default probabilities or macroeconomic parameter s
which determine the default probabilities. Every good modd's output must reflect the
macro economic environment. Some models do it by building macroeconomic changes into the
modd itsdlf, others by adjusting the moddl's parameters, e.g. change in credit soreads, default
rates, etc. Asrecent studies have shown, the different gpproaches unique frameworks seem
irreconcilable on the outsde, yet produce quite Smilar results. While a built-in econometric
mode seems an advancement on the one Sdeg, it poses many problems on the other. Most
sdiently, any explicit econometric modd introduces more assumptions and, therefore, further
opportunities for error.

Any modd’s acceptability depends less on its framework, and more on producing an output
consgtent with the current economic environment. The Committee believesthat it does not
and should not matter if thisis achieved by adapting either the model or the
parameters.

3.10 Approachesto Credit Risk Aggregation

Bade identifies two opposite approaches to pooling data, the top-down and the bottom-up
approaches. Both gpproaches (and hybrids of the two) are used in practice. The central issue
iswhether ether of the two opposite approaches presents a materid problem to the use of
credit models for regulatory capitdl.

Bade expressed three key concerns. (1) “the degree to which abank can distinguish
meaningfully between borrower classes,” (2) the accuracy of the aggregate data for atop-down



gpproach, and (3) the comparability of the aggregate to the bank’s actud portfolio. They point
to apossble disguising of loan specific effectsif the latter two concerns are not met.

The top-down approach is typified in models of consumer, credit card, or other retail portfolios,
and judtified in these because alarge number of entities dlow certain Satistica theories to apply.

The bottom-up approach istypified in models of custom corporate and capital market assets.
Dueto the large variability among assets and entities, exceptions and concentrations, and the
severity of individud losses, a sngle gatistic can scarcely modd each individud risk. Herethe
model must account for each asset’ s unique features.

Can a credit model accommodate different attributes for individua loans and pools of other
products (e.g. credit cards and mortgages) and till capture the red risk in these products?
Current practice entersindividua characteristics of commercid credits and uses the pooled data
for sub-portfolios such as mortgages, persond loans, and credit cards. Bad€e's paper is
concerned that the pooled data may not be reliable and may hide "specific risk” in the pools.

When congdering the atributes of individua loans or pooled data, the difference may be
semantic. Any good credit risk model should key on each asset or entity’ s perceived riskiness.
Internd ratings supplemented by externd ratings should be used in the anadlysis. For certain
asset categories, where the risk is deemed homogenous between different cusomersand a
track record of losses exists over a certain period, a pooled approach should be used. First,
the pooled data naturally captures correlation among individua counterparties. Second, the
pooling method is possibly the only practica answer because those pools sum alarge volume of
amall accounts. In fact thismethod is at the core of the asset-backed securities market.

For capital markets and mgor clients where counterparties are fewer and each one's exposures
sgnificant, the bottom-up approach should be preferred. The choice of method is driven by
ample pragmatism and business orientation.

The Committee believes that both bottom-up and top-down approaches are valid, but
the top-down approach should be used only when the specific risks of the underlying
assets can be captured. Asthemost prominent models do not focus on thisissue,
refinement to these models may be indicated.

3.11 Corrdations between Credit Events

It iswdl known thet the percentage of defaults over timeis highly variable, both within individua
credit risk rating groups and among dl entities collectively. The variability arises, not from
sudden inaccuracies in credit risk ratings, but from a shift in the average credit worthiness of al
entities. Thus defaults are nortindependent, as are credit risk rating trangitions. (Non-



independence is the more precise term for these phenomena, but some smply refer to it as non-
zero correlation.)

The non-independence of defaults and rating trangtionsis the biggest reason the probability
digtribution function of lossesis not anorma distribution. Thus correctly modeling the non-
independence is key to accurately caculating capital.

Bad e recognizes that the non-independence of defaults and rating trandtions is one of the main
contributorsto losses. Bade is aso concerned with the non-independence of other credit
eventsincluding credit exposures and losses given default. Banks, too, tend to be well aware of
possible significant correlation among their customers. However, Bade concludes, “ Credit risk
models do not attempt to explicitly model correlations between different types of risk factors” *
but expresses concern with the various gpproaches to modeing the non-independence of
defaults and credit risk rating trangtions.

We agree that data limitations are partidly responsible for not modeling the non-independence
of different types of risk factors. Technicd difficulties are another reason. While we do not
know of production models that model the nor+independence of different types of risk factors,
we would not conclude that modelersignore thisissue. For some products and businesses the
non-independence is ether irrelevant or insgnificant. For others, modd users compensate for
the non-independence by making conservative assumptions about one or more of the risk
factors.

Most effort on the non-independence of risk factors has focused on default and credit risk rating
trangtions. Bade identifies two classes of models called structural models and reduced-form
models. Bade is concerned with which methodology is more gppropriate and how big the
impect in capitd cadculations.

Structural models attempt to explain default or credit rating trangitions by hypothesizing some
explicit microeconomic festure of the product or entity.> For example, a credit or its
corresponding business entity may be modeled as having stochastic assets. The assets' growth
and volatility are inferred from entity- specific information and market data to compute a
preliminary default probability. Unfortunatdy, this preliminary probability is not accurate
enough, so it is adjusted to an average of actua historica probabilities of default of smilar
entities. Here “similar entity” is determined by the characterization of the credit.®

Reduced-form models do not attempt to explain default or credit rating trangtions, they smply
sdlect a datistical process to describe default or credit rating transition.*  Non-independence of
default between different creditsis modeled by alowing non-independence between the

‘P 3L

2 PortfolioManager and CreditMetrics are examples of structural models.

¥ KMV isthe model we havein mind here.

* CreditRisk+ and CreditPortfolioView are examples of reduced-form models.



corresponding probabilities of defaults. One particular implementation, for example, describes
the non-independence of defaults by afactor modd.> The country, region, and industry are
factorsin afactor mode of the probability of default. 1t is easy to see how the characterization
of credit is explicitly used in the model.

Given the fundamentd difference between the two gpproaches, they naturdly dso differ in how
they modd non-independence. Non-independence is agenerd property and may be modeled
in various ways, but will depend in any case on the characterizations of credits.

These different conceptua approaches seem to agree in how they measure losses and potentia
losses for asingle product or entity. 1t isless clear how different approaches to non
independence affect their measurement of a portfolio of exposures.

The difficulty in measuring non-independence stems from ingtability. One problem, for example:
the corrdation matrix is usudly reflects historicd (typica) correlation between different risk
factors. The conditiond correlation, however, might be very different from the typica one.
Typicdly corrdation between defaults between two different emerging- markets countries
bonds is amost zero. However during extreme market moves (crises), correlation might rise
ggnificantly, leading to larger losses. Diverdfication for a portfolio investing in both countries
can therefore be reasonable in "normad™ market conditions and highly correlated during financia
turmoail. Inour view a proper solution isto introduce an explicit correction to reflect the
tendency to be over-corrdated during extreme events.

The Committee believesthat both structural models and reduced-form modelsare
theor etically sound and the differences areimmaterial. Thisis supported by recent
research which compared two models.®

® CreditRisk+ is an example of such amodel.

® Michael Gordy, “A comparative anatomy of credit risk models,” Board of Governors of the Federal Reserve
System (Dec. 1998) showsthat CreditMetrics and CreditRisk+ produce similar results aslong as they are
calibrated correctly.
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4 Parameter Specification and Estimation

Bade describes severa issues associated with parameter specification and estimation. The
overiding themein their critique of current credit risk modeling practices is that data is scarce or
difficult to capture, practitioners often make questionable assumptions about parametersif data
is unavailable, and modds are senstive in (an unknown way) to these parameters. In Bad€'s
view, the implication of these issuesis that internally based credit risk measurement could be
highly inaccurate.

We believe that in most cases, practitioners can make parameter specification choices that are
conservative when certain datais lacking. In addition, through a globally mobilized effort to
incresse the sharing of various types of data required for credit risk modding, combined with
the development of standardized interfaces for credit data, we believe data qudity will improve
dramaticaly. With respect to model parameter sengitivity, regulators could develop agppropriate
credit risk systems requirements that would include sengitivity analysis and backtesting
processes. The appropriate national supervisors could enforce these requirements.

Theissue of potentiad modd inaccuracy should be addressed in the context of current standard
methods described by the Bade Accord. In particular, it is highly unlikely that a collection of
weights, developed with minima datistical justification, could lead to results that are more
accurate than an interndly developed credit risk modd that uses al available credit data. We
posit that awell-developed internd system, audited by nationa supervisors, would in fact
produce much more accurate credit risk measurement than the current standard approach.

4.1 Characterization of Credit

The characterization of a credit is fundamental to measuring credit risk, whether it is the credit
risk of an individua entity or the credit risk of a portfolio. A characterization of a credit includes
adetermination of its country, region within the country, indusiry, and other factors which may
influence the credit. In generd, a characterization may include any information about the entity
which is exogenous to the credit. So the characterization could aso include a determination of
countries, regions, and industries that do business with the credit.

The characterization of a credit either explicitly or implicitly entersinto the ultimate credit risk
rating, probability of default, and credit risk rating trangitions. The characterization also playsa
role in the quantification of correlaion of default between different credits.

Thus the characterization of a credit is fundamenta to credit analyss and to credit risk
management modds. Understanding how a bank characterizes a credit would help explain how
it models credit risk. In addition, it provides adirect view into the diversty of an indtitution’s



portfolio. It is synonymous with understanding your counterparty’ s business and reacting to
potentialy adverse economic or business events.

The Committee recognizes that difficulties could arise in characterizing credits. For example, if
an entity does business in more than one country how does one assgn a country to that entity?
On would reasonably suppose that the country should be some kind of weighted average of al
the countries the entities does businessin. Then are the weighting by assets, revenues, profits,
or yet another financial parameter? There is no single answer is not clear and rather each bank
should be alowed to develop its own characterization of credit with clear supervisory overview.

Also by maintaining arecord of it characterizations, it will help build a database which will hep
develop better models and help to cdibrate those models. The database should aso include
relevant credit data such as changesin the characterization or changesin the credit risk reting.
Also the database should include transaction data such the draw-down on a credit facility.
Banks should maintain databases of the characterizations of credits. Such a database would be
quite valuable to both the industry and regulators. Therefore standards should be established so
that characterizations of various banks are easlly comparable.

The Committee recommendsthat banks explicitly characterize all their creditsand
reportsthisdata along with credit exposures so that concentrations and other
information are easly transparent.

4.2 Default Probability and Credit Risk Rating Trangtion Probability

The Bade Report enumerates severd issues associated with default probability and trangition
probability estimation. These issues are rdated ether to the lack of high qudity data, subjective
assessments of credit qudity, and the unsuitability of bucketing certain obligors. Expected
default frequency is another name for the default probability of a given obligor within a pecific
time period.

Trangdtion probabilities are probabilities of migrating from a current credit rating to another
credit rating within a specific time period. While the Report distinguishes between default and
ratings migration, it is noted that ratings migrations information contains default informeation. This
istrue on two levels - explicitly by induding the default state as one of the migration states’, and
implicitly through the relationship between migration, rating level, and default probability. We
therefore fed that the issues associated with default probability can be subsumed under
migration estimation issues.

"Moody’s and Standard and Poor’ s migration matrices include default



Badeidentifies two gpproaches for estimating risk rating trandtions - the actuarial-based
approach and the equity-based approach. In both cases, the report cites lack of data,
subjective judgment, or improper credit mapping as being the main issues.

Within the actuaria approach, Bade describes two version - credit scoring and risk
segmentation methods. In credit scoring, credits are given a score that corresponds to a
default probability. While the report does not explain how the scores are arrived &, it is
mentioned that default probabilities are essentidly mapped to scores by using historica default
data of loans and/or bonds. The Report cites the lack of data being the main limiting factor in
this approach.

Certainly for many markets, dataiis scarce. However, thisis not true for every market. Where
datais avalable and is of high qudity (such asthe US corporate market), then it should be used.
In cases where datais not available or is of poor quality, a“standard approach” (or some highly
conservative assumption about default probability) given by Bade could be gpplied.

In many cases datais lacking Smply because currently there is not robust data distribution
channels and incentives. While one European bank may not have significant default data on
corporates outside its country, a bank would most likely have a much better data set on
corporates within its country. With the approva of interna credit risk modeling, a bank would
clearly have more incentive to improve the infrastructure for cgpturing and maintaining default
data. The other effect of this gpprova would be increased role of the datavendors. Asdata
gets better and more plentiful, vendors would facilitate bank-to-bank data distribution.

In the risk segmentation, credits are bucketed into groups that have certain common
characterigtics. The group statistics are again based on historica data of 1oan or bond
performance. Bade positsthat it isinaccurate to pool creditsinto risk sesgmentations which
have certain common credit characteristics, epecidly since they are assumed to be gatidticaly
identica within agroup. We submit that for large groups of credits, thisis mogt likely not an
egregious assumption. Relaxing the “gatigticaly identical” assumption could test our hypothesis.
This could be achieved through randomly changing (or stressing) the migration and default
probakilities within a group and then rerunning the anaytics,

The equity- based gpproach uses equity/debt structure and volatility of equity to estimate default.
Unlike the first gpproach, this mode requires current and historica equity pricesin order to
edimate default probabilities.

Badeindicates that modd builders make subjective judgments when dataiis lacking. While this
istrue, we fed that subjective judgments occur in dl modeding. In fact, a“subjective judgment”
isaform of amode assumption. Appropriately, amodd builder should make smple yet
consarvative judgments, understand the sengitivity of the results to these judgments, and provide
thorough documentation. For example, if afirm has default data but no other trandtion deta,
then a smple method would be to congtruct a consistent trangtion metrix that has the default



probability inferred from the data. In general, certain assumptions need to be made to find a
unique trangtion matrix. To test the soundness of these assumptions, the mode builder could
compare the trangtion matrix to historica data or test the sensitivity of the results to different

migration probabilities.

We agree with Bade that it is difficult to extrgpolate datafor US to other countries. In fact, we
do not condone this extrapolation in many cases. Rather, in some casesit is gppropriate to take
amore “consarvetive’” gpproach when datais lacking. By conservative, we mean
methodologicaly conservative. As mentioned above, where datais serioudy lacking for a
broad market, then credit risk could be measured by a standard approach.

Alternatively, very conservative default assumptions could be gpplied. Obvioudy, in the near
term this poses a non-symmetric problem. Banks tend to have a disproportionate number of
customers within their own county. Though thisis reasonable and generally leads to a sounder
relationship between the bank and customer, it may aso be problematic. If banks that tend to
have less information and history on their customers, doesthis lead to greater uncertainty? And
if 0, do such banks need to hold more capita? Thiswill depend on the qudity of the data
available. The same data availability disparity exigts between large corporations and middle-
market corporations. Again, where dataiis lacking, sandard methods or conservative migration
and default probabilities could be applied and enforced by nationa supervisors.

Bade points out that public debt ratings transitions may not be appropriate for bank credits.
While it may not be gppropriate to solely rely on public debt ratings trandtions, these matrices
contain much information on migrations and defaults that could be effectively used for alarge
number of credits. Certainly many bank credits are private companies, loan and bond
recoveries differ, and covenants contain many option-like features. Nevertheless, pure default
and trangtion probabilities could be inferred from public debt ratings trangtions for alarge
number of credits. While blindly extrapolating may be crude, such an approach could be
gpplied in a conservative manner. One could extragpolate using the worst trangition matrix for a
given class of public credits for the worst year. For example, one could use 1991 and 1992
trangtion and default data to extrapolate for sub-investment grade credits. In addition, in order
to extrgpolate more accurately, one could further andyze available trandtion data. For
example, sufficient data exist to break down by country, industry, or other criteria Of course, a
bank should determine whether smple extrapolation is gppropriate our whether significant
differences exist between entities in data set and those not.

Certainly the respongbility rests with the bank to prove that the relevant default datais robust.
If regulation were devised to dlow an inditution to convert to an internd mode, it would
encourage banks to improve upon data capture.

Bade maintans that there is not enough default and migration higtory in internd databases. This

istrue in many cases. However, banks can be conservative in estimating trangtion probabilities.
As mentioned above, one could take the worst migration year for agiven credit class. Another
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gpproach would be to shock the migration matrix, skewing the probabilities towards default. 1n
addition, a hybrid approach of using public information coupled with interna default data could
be applied.

In the three approaches described, there is a significant dependence on historical loan, bond, or
equity performance data. An ingtitution should understand and document this dependence. Of
course, amodd should be designed with data in mind, but we should be careful to distinguish
between data used to justify a model and data used to cdibrate amodd. In particular, if datais
used to calibrate amodd, then data should be accurate. For example, if an entity is reported as
trangtioning ratings or defaulting, then both old and new ratings must be accurate. Such data
should therefore be accurately updated.

Generdly spesking, no matter which method is selected for measuring default and migration
probabilities, it should be documented. An ingtitution should carefully document al data sources
and missng data. Furthermore, an indtitution should explain how missng datais estimated and
give judification for its methodology. Certainly different estimates of missing datawill lead to
different results. Therefore, an inditution should examine the sengitivity of the resultsto the
parameter estimation assumptions.

Of course, defaults are rare. However, data availability/organization could be improved by
incentives - the approvad of internd credit risk modds, coupled with gtrict oversight and auditing
procedures, would give more incentive for ingtitutions to gather, capture, distribute, and share
thisdata. In the current paradigm, there is not much incentive to incresse the quality of default
databases a least from the regulatory point of view.

The Committee believesthat common sense, smplicity, conservative judgment, strict
documentation policy, and sensitivity analysis are the key ingredientsin measuring
default and migration probabilities. We aso recommend that Bade develop policies that
encourage banks to estimate these probabilitiesin this manner. In such aframework, banks
would spend more time and resources understanding, measuring, and storing default and
migration events and less time on regulatory arbitrage. Asaresult, a clearer and more accurate
picture of globa credit risk will evolve.

4.3 LossRae Given Default

Loss given default (LGD) isthe loss on a credit risky asset given that the asset isin default. It
is one minus the recovery rate for agiven asset. LGD can vary from zero to 100 percent. Itis
not known before default, but is known only after the workout. More precisdly, the LDG
usudly varies as time progresses from default through workout.  One could mark the loss given
default exactly at the time of default if the relevant asset has amarket price. Or one could wait
to workout to mark the LGD. The loss on the asset tends to be higher if one liquidate the assets
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immediately after default as opposed to waiting for the workout. In any case, when for the
purposes of modding credit losses, the LGD must be approximated.

The loss given default depends crucidly on the asset; the type, amount, and liquidity of
collaterd; and the country and the legd system of the defaulting party. The type of asset
includes derivative contracts, credit facilities, loans, bonds, and credit guarantees. Among al
these assetsthe LGD can vary grestly.

While LGD is certainly influenced by the asset type, it will also vary grestly across countries and
legal systems. Banks have vast experience with bankruptcy and workoutsin the US and
Europe and the LGD can be estimated reasonably accurately. In other legd systemsthe loss
resulting from a counterparty default and the handling of collatera is much less dear.

Bade discusses saverd methods for approximating loss given default. The smplest method
approximates it by a single number, which may be an expected value or a conservative upper-
bound on the expected value. Another method gpproximates the LGD by a probability
digtribution, such as a beta distribution.

Bade raises saverd issuesregarding how LGDs are moddled. Thefirst issue concerns the
esimation of LGD which depends on the reliability of pooled higtoricd data. In the US and
Europe, financid indtitutions have enough combined experience to make the qudity of the data
very high. As pointed out by Bade, the LGDs in less developed countries, especidly countries
with less developed legd systems, are highly uncertain. Accordingly, proactive risk managers
ingg that the banks internal models assign an overly pessmigtic estimate of the recovery given
defauilt.

Thiswill both improve the modd inputs and, over the next severa years, dlow the modelsto be
vadidated. Astheindustry becomes further motivated to extend their credit risk models, various
ingtitutions will collect and make available pooled databases of LGDs. Thisdatawill most likely
be continualy updated and organized by factorsto shield the identities of the parties.

Bade dso has sated that for portfolios containing both large and smal dedls, assuming that the
LGDs are certain instead of stochastic may underestimate the probability of taking large credit
losses. Simple estimation shows thet this effect, whilered, is smdl and is overwhemed by the
uncertainties in default probabilities. This may be quantified ether though Stress testing of the
model or through numerical andyss outside the model. The Committee believesthat it is
sufficient to model LGDs as a constant.

Badeis concerned that internd moddl s assume independence of LGD for different facilities for
one and the same borrower, since thisisdearly fase. We agree that thisisa serious flaw in any
model that should not be taken lightly. Credit modds should accuratdly measure the loss given
default to a counterparty, and if detais insufficient, then conservative estimates should be used.



Bade isfurther worried that most internd models assume that the LGDs between borrowers are
mutualy independent, and that this would cause an underestimation of the probability of large
losses for banks with substantia concentration of credits within asngle industry. Whilethisisa
demondtrated mathematical effect, it is overwhemed by potentia correlation between defaultsin
the same industry. Moreover, incorporating such correlations would make the credit model
needlesdy complicated. At thistime, thereislittle benefit to modding and collecting data on
corrdaionsin LGDs.

In concluson, the Committee believesthat the resolution isto userobust estimates of
loss given default. Theimprecision caused by the variahility of LGD and corrdations are
amall in comparison to default and the expected loss given defaullt.

4.4  Credit Spreads

The credit spread is the rate above the risk free rate that the market charges for the credit risk
component of asset vadue. Theoretically one could identify the portion of the soread due soldy
to credit, and solely to components such as liquidity, and supply & demand factors. In practice,
the entire spread is referred to as the credit spread.

Credit spreads enter credit models in two ways.

Computing present vaue, and
Measuring risk due to changing credit Soreads

The issue of computing present value was dready discussed above in the section on portfolio
vauaion. Theissue hereisto quantify the risk due to the stochastic nature of credit Soreads.
Bade is concerned whether there is sufficient datato model the stochastic properties of credit
spreads. They are dso concerned that some models smply assume constant spreads. Spread
risk and the volatility of credit spreads can trandate to price voldility, particularly when the
widening of spreadsis due to adownward migration in credit quality. Models, which do not
capture credit spread changes, will not reflect the true risk on a mark-to-market basis.

Credit spread changes can be due to “non-credit” factors such as supply & demand and
liquidity. For ingtance, in the US market, soreads of high yield bonds may widen dramaticdly
during ardly in the US treasury market. Although the spreads have widened, interest rates
have aso declined dramétically and price volatility may be low rdative to the soread volatility.
Therefore, credit spread risk could just as easily be classified as market risk. Banks and
regulators find it more convenient to place it under credit risk. Thisis certainly the most
convenient place to put it, and it isfine to classfy it thisway aslong asthe risk is not double
counted under both market risk and credit risk.



Changes in credit risk ratings due to rating agency actions or other negative changes in market
perception of credit quality will more likely result in increased price volatility of the asset. For
example, if thereis a sudden widening in Soreads in emerging markets due to an actud changein
market perception of the credit risk, prices will show marked declines relative to US treasuries
and the market asawhole. Thisvolatility of credit ratings is sgnificant because it can increase
the credit lossesin aportfolio. In particular, the risk of stochastic credit spreadsis most
ggnificant when the portfolio is aready stressed.

Marking the credit risk to market requires leading edge technology. Few banks actualy mark
their credit risk to market and report their credit exposure separately. This effectively dlows
them to run afinancing desk without marking the credit risk component of the risk to market.
For instance, many banks own an asset and sdll it forward without showing the potentia effects
of credit down grades of the forward buyer on their profit & loss. Thisis becausethey do an
upfront evauation of the credit risk of the buyer and express this as an exposure. This practice
is dso standard on many swap desks. There is growing concern that these trading books are
not truly marked-to-market.

As mentioned above credit spreads reflect supply & demand and liquidity. The credit spread is
most definitely not congtant over time and even within the relaively short time period of one
year, credit spreads can change drastically. Models need to capture thisrisk. This does not
necessary demand a sophisticated model. For example, amode may account for spread risk
outside the default model. Aslong asthe model accounts for spread risk, the modd is sound.

The Committee believesthat credit risk models should account for credit spread risk.
Moreover, the model should capture the tendency for spread risk to be greatest during crises.

45 ExposureLeves

Credit exposure is the maximum amount that a bank risks losing due to a default, and depends
heavily on the nature of the transaction. Here we discussindividual product exposures as
opposed to net-exposures which are discussed in the previous chapter under Offsets. For loans
the exposure is easily caculated. However, even for traditiond instruments, like credit lines and
letters of credit, the exposure may be larger than estimated since, under worsening credit, a
party may find it chesper to draw down aline of credit than to raise money through aternative
channds. Another example of a product with an uncertain exposure is a derivative contract.

The current exposure of derivative instruments requires sophisticated models since

it depends on the “in-the-money-ness’ of the contract, which is determined by current
market conditions, and
due to standard netting arrangements, it depends on the other derivative contracts with
the same counter party;



it changes with time as market conditions change.

Although the maximum future exposure with a counterparty is random, depending on future
market conditions, the probability distribution of the maximum exposure can be modeled using
standard trading models.

Bade has sated that the |oan equivalent exposure (LEE) for lines of credit may depend on the
customers credit quality since the customer may find the committed credit line to be the

chegpest source of funds. While this issue merits study and data collection, it is perhaps less
important than better analys's of the customer’ s credit worthiness.

The ability of financid inditutions to smultaneoudy modd both market everts and credit events,
isrgpidly improving. Thetota credit exposure to a counterparty can now be calculated by
using sophisticated Monte Carlo techniques® to smulate the mark-to-market of dl the
counterparty’ s derivative contracts.

Bade is concerned with negative correlations between credit exposure and the credit worthiness
of acounterparty. For example, the mark-to-market value of a derivative contract (e.g., an oil
contract) may be correlated with the credit worthiness of a counterparty (e.g. an oil producer).
This re-emphasi zes the need for internal models to be used by proactive risk managers.

In conclusion, variable exposures and, in particular, variable exposures that are not independent
of with credit events can sgnificantly influence credit risk. The variable exposure is most
sgnificant for products such as letters of credit or certain derivative contracts. In caseswhere it
issgnificant, the Committee recommends that models absolutely consider the variability
and non-independence. In case where data or models are inconclusive, models should error
on the consarvative side.

4.6 Corrdations anong Defaults and/or Rating Trangtions

Modes for non-independence are built on top of models for default and rating trandtions, so
naturadly models for non-independence vary depending on the underlying modd for default and
rating trangitions.

Bade identifies two approaches to calibrating models to default and rating trangtions data. One
isthe actuarial-based approach and the other is the equity-based approach. The actuarid-
based approach may be applied in models which identify entities by various risk factors. Both
structura and reduced-form models discussed above may use this approach. The correlations
are then determined by historical data corresponding to therisk factors. (The name actuarid-
based ismideading.)

8 For example, NumeriX’s Monte Carlo engine.



The equity-based gpproach is applied only to structural models. It infers correlation from the
historical equity prices of the entities.

Given the importance of non-independent (or correation), Bade raises severa issues.

There is not enough data to support the moded’ s default and transition processes,
Simplifying modd assumptions may not be judtified,

To date thereislittle sengtivity andysis on correlaion assumptions and parameters,
One or both of the above two models may not be sound, and

Thereisalack of data especidly outsde the United States to cdibrate the processes.

We agree with Bade that non-independence is one of the most chalenging intellectua issues of
developing a sound credit risk modd. But with that said, one should be aware that there are
smple solutions which are superior to the Bade Accord. It is possible to conservatively model
credit losses without ever considering nortindependence of default and trangtions— it is
aufficient to assume they are independent. For example, suppose historica default rates over a
one-year time period are 2% on average but in any one-year time horizon were never greater
than 5%. Then amodd cdibrated to a 5% default rate and independent defaults will caculate a
sound regulatory capita number. Infact, in the cases of an investment grade portfolio, such a
model would compute a capital number that is less then that imposed by the Bade Accord.

The Committee assertsthat there are techniques and sufficient data to support those
techniques for modeling the non-independence of default and transition. Theman
problem to date is that virtualy no resources have been put into saving and analyzing data. With
incentives to develop and use credit models, banks will overcome any obstacles.

4.7 System Capacity & Management Information Systems

Bade enumerates three main issues associated with systems capabilities required for proper
credit risk processing and reporting. Theseissues are asfollows:

Insufficient datais being gathered

Performance

Systems Upgrades
We would like to comment on and clarify some of theseissues. To thisend, werefer to the
very smple generic architecture for a credit risk mode depicted in the Appendix of this
document.

There are four types of datawhich are necessary to populate a credit risk mode!:
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Current Market Data. This corresponds to current corporate bond and equity prices.
Higtorica Default Data. This correspondsto historical default and migration rates and
loss severity.

Derivative and loan data. This corresponds to the contractua data related to the actua
transactions being processed.

Counterparty Data. This corresponds to the data specific to a given counterparty.

Not al ingtitutions use bond prices, equity prices, and historica default data, but these are dll
depicted for the sake of thoroughness. To be sure, redlity is clearly much more complicated
since data in each of these cases lives on digparate systems, locations, and platforms. Indeed,
the heterogeneity of data sources is one of the problems facing credit risk systems
implementation.

Data qudity issues actudly arise in each of the classes of dataabove. However, we will focus
on the market and historicd data avallability issues. In terms of market datainputs, data
insufficiency can occur because a particular name does not have traded bonds or the associated
equity isthinly traded. Thisisnot anew problem - an implementation of an internal market risk
model would face exactly the same dilemma. This s often addressed through mapping the
particular credit name to another name of smilar characterigtics that has sufficient data. While
thisis mapping is often subjective, we pogt that it is a reasonable gpproach if care is taken when
choosing amapping. In particular, if done properly, mapping could lead to conservative
estimates of risk.

Suppose A is a credit that requires a mapping and B is a potentid target mapping credit. There
are two obvious choices one can make for mapping. Firgtly, one could aggregate the positions
in A with the podtionsin B. In this gpproach, oneis effectively imposing a perfect default
correlation between A and B. In the second approach, one retains A as a separate entity and
samply uses the default term structure that is applicable to B.  In this gpproach, one could retain
an industry/country default correlaion vaue implied by the credit risk model, or impose a zero
correlation between A and B. Under the congtraint that mapping should lead to conservative
estimates of risk, then the type of mapping chosen should depend on the indtitution’s chosen risk
confidence interva and how A and B exposures aggregate. If an inditution has avery high
confidence interval and B exposures do not hedge their exposures, then it is conservative to
choose the first mapping. On the other hand, the second type of mapping is conservative if the
indtitution has alow confidence interva (or is computing average risk) and/or A exposure
sgnificantly hedges B exposure.

Interms of historical default data, lack of sufficient datais anissue. Technicaly, we are faced
with the conundrum that there is no specific data on a particular obligor until after amigration or
default has occurred. Thisis the same issue faced with modding any rare event by actuarid
methods. Insurance companies write policies covering awide range of hazards such as
tornadoes, floods, and hurricanes. Some of these events are rarer than the default of atriple-A
obligor. However, insurers have for the most part successfully managed their risk by invoking



quantitative methods. In fact, much of the content of Extreme Value Theory was motivated by
risk theoretical problemsin insurance. Thus, effective risk moddling can occur without a
complete data set.

Market data gathering problems due to disparate locations, systems, platforms, and vendors
could be addressed in the same manner that they are in the market risk modd implementation.
In fact, the market data gathering component could leverage off of exigting data warehousing or
distributed technologies in place an indtitution’s market risk syssem. Wefed that thisisa
generic dataintegration problem.

Concerning default data gathering, certainly the most complete data set isthe sum of dl avallable
data sets from vendors, ingtitutions, and regulators. Risk measurement accuracy and efficiency
could be enhanced by data sharing coupled with the development of a standard default data
interface. While we would be reluctant to force banks and other indtitutions to share data, the
Committee believes there will be a natural tendency for institutionsto shareor el
data, thus making available more complete and accur ate data sets.

The performance issues should be addressed in the context of the processing components of the
credit risk system. There are data gathering processes, the satistica processing of the actual
market and/or default data, and the risk processing itsalf. Processing performance issues lead
to synchronicity problems. If market or default datais stale due to dow data gathering or
datistical processing, then the risk processing will be inaccurate. On the other hand, if risk
processing istoo dow, then results are stale.

Stdle modd parameters are the effect of dow processing of the actuad market data. One
possibility for addressing the stde data issue is through an add-on factor. Specificaly, an
ingtitution could compute sengtivities of the risk numbers to the underlying market risk and
higtorica default rate parameters. This sengtivity calculation could be broadly based. If an
inditution is usng an equity-based model, then sengtivity to market indices could be computed.
One could then add on an amount that reflects the sengtivity multiplied by particular market
move. A smilar add-on could be computed for corporate spread based models or even
actuarid historical default based models. Note that here we are talking about add-on factors to
the data inputs - not the model outputs.

Concerning the risk processing performance, this could be improved in anumber of ways. If an
indtitution uses Smulation based techniques, then this smulation could be digtributed to many
different computers. This could be achieved with sophisticated distributed computing
techniques and architectures. But there are smple methods of distributing the processing as
well. For example, a“risk server” could “broadcast” the smulation paths on aweekly basisto
computers (“computation clients’) throughout the indtitution. File transfer protocol (FTP),
emall, or posting smulation paths to aweb page could achieve this. The computation clients
could then use the smulation pathsto re-vaue particular portions of the portfolio severa times.
The result of amulti-revaluation by a given computationa client would be alist of losses a the
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given default times of each counterpart. Therisk server would then request the results from
these computationa clients and then perform an aggregation. Aggregation performance would
then depend on the required report granularity.

While performanceis clearly an issue, it should not be considered aroadblock for internd credit
risk models. The Committee assertsthat these performance issues have been
overcomein particular cases and those solutionswill be extended in the future.

Compared to firm wide market risk systems, credit risk systems require much more granularity
of certain data. Thisis because market risk data can be aggregated by risk factors such as
S& P 500 and 10 Year USD Swap Rate, while credit risk systems need to aggregate by
counterparty, master agreement, and transaction on the capita markets sde and by obligor on
the lending 9de. This data should currently aready resde in various systems, platforms and
databases. The “systems upgrade” related to the contractua data would include the
development of a counterparty data warehouse/mart and integration from the various disparate
sources into this database. Again, we fed these are generic dbet large- scale systems
integration and development problems that could be solved by committing applicable time and
resources.

While there is mogt likely alarge upgrade required for the contractual and counterparty data, we
are not convinced that extensve systems upgrades are required for the Satistica data
processing. For equity or corporate spread based models, the systems upgrades should be
gmilar to those required for market Vaue-at-Risk. In the case of higtorical default data, the
systems upgradeis primarily related to the development of a default database. Furthermore,
various well-known vendors provide off-the-shelf solutionsfor dl of the mgor default modes.

If an indtitution chooses a vendor solution, then the systems upgrade amounts to a software
ingtalation coupled with substantia but feasible data integration.

Concerning upgrades in generd, the question is whether an indtitution iswilling and/or able to
commit time and resources to such alarge-scale endeavor. Inditutions are well aware of the
required systems development and that profitability will be the overriding factor in the credit risk
method decison-making. The Committee believes an ingtitution’s decision to undertake
such aproject would then most likely result from a cost benefit analysis of developing
an internal credit risk system visa visusing the standard appr oach.



5 Validation

The key vdidation issue for banks and their regulators is whether both may rely on aparticular
credit modd or implementation of amodd in the matter of computing appropriate regulatory
capital requirements. This chapter explores the scope of that issue and presents our perspective
and recommendations. To foreshadow them briefly, we believe validation faces the managesble
obstacles of further investment in time and planning for regulators and regulated, but can aready
clear the intellectud obstacles that have been advanced againgt such use of credit modes.

The Bade remarks highlight the following concerns:

credit data limitations are a key impediment,

the banking book (not marked to market) islarge, and significant losses may accumulate
init, unnoticed, and

attemptsto vaidate credit modds by closdly replicating the vaidation procedure for
market risk modes are smply not feasible—datais insufficient and the planning horizon
istoo long.

The idiosyncrasies of credit risk and the scarcity of credit risk data, which raised conceptua
issues and parameterization issues, have aso complicated the vaidation process. The Bade
paper putsit (Section 3, page 10),

...Key hurdles, principaly concerning data limitations and modd validation, must be
cleared before models may be used in the process of setting regulatory capital
requirements. ... Beforeinternal models could be used to set regulatory capital
requirements, regulators would need some means of ensuring that a bank's interna
models accurately represent the level of risk inherent in the portfolio.

In one perspective, these reservations as to validation are entirely appropriate and well-
founded. In another, it is axiomatic that comparison isbasic to al analyss. At base, credit
models as agroup has to be compared, not to perfect foreknowledge, but to the existing risk-
based capita guiddines, with or without incrementa adjustments.

In the Bade Committee's April 1999 discussion, vaidation is approached in particular as an
extenson of vaidation for market risk models. In some sense that is naturd, because of the
obvious analogy between the two classes of risk. In another sense it obscuresthe red
substance of regulatory vaidation.

Vdidation of credit risk modeing for regulatory capital purposes should have one overriding

criterion: Does the proposed approach to estimating gppropriate regulatory capital represent
ggnificant incrementa improvement over the presently approved procedures?
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The tight linkage to market risk modeling aso obscures an issue arising from the relative scarcity
of detailed credit experience across the spectrum of actua credit exposures. A vaid credit risk
modd is not amachine (actua or virtud) to be turned loose on an input dataset and trusted to
produce afinished estimate of a bank's proper capita requirement without further human
involvement. It israther a carefully constructed tool or group of tools desgned to assist the
modeler in making valid estimates.

When the credit risks across the banking and trading books of an indtitution are to be summed
up in acapitd requirement, whet is caled for is modd- asssted, numericaly sophigticated
andyss. Theanayss usesthe modd or modds, and may be modified for particular
characterigtics of therisk portfolio, data or pricing availability, or limitations of the current
edition of themodd. What must be vaidated includes the model or models and the way they
are used to compute the regulatory capita requiremen.

The standard for vaidation of credit-risk-modeled estimations of regulatory capital has to be the
materia incrementa improvement over the smple, clear-cut, but very gpproximate rulesfirdt laid
out in 1988. Thereisno necessary linkage, for example, between the vaues produced by a
given inditution's credit modds and the current regulatory capita levels, per se. The current
regulatory capita levels were derived from an hitorical process of judgment and adjustment in
the various supervisory jurisdictions to cover al the risks of abank, credit and otherwise.

Despite the complexity of credit risk models, there are sufficient tests, namely stress tedts,
scenario andyss and sengtivity andys's, to demonstrate the soundness of a credit risk modd.
Only backtesting, which works so easly for market risk modds, is of limited use for credit risk
modeds. To compensate, we propose adjustments to traditiona backtesting as well as putting
more emphasis on the other tests.

Assuming a pardld investment of time and expertise from regulators, the Committee believes
our recommendations for addressing vaidation are sufficient to guarantee confidence in credit
risk models. The following sectionsillustrate our position that credit risk models are ready to
meet the materid incrementa improvement vdidation standard, with much improved consstency
and accuracy.

5.1 Backtesting

Backtedting, in the sense contemplated for market risk models by the Market Risk Amendment,
does not work very wdll for credit models. Bade states that a smilar standard for credit risk
management models would require an impractica number of years of data. The main problems
liein the quaity and abundance of dataand in the relevant time frame. We agree.

Asthe Bade document putsit, “ The methodology applied to backtesting market risk VAR

modelsis not easly transferable to credit risk modds...” They cite primarily the limited
availability of datafor testing, then remark that banks aternatives to backtesting generdly
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compare the credit market with current market data, while assuming the “normaity” or
gppropriateness of current market conditions. They aso point out that measuring expected
losses is not the same as measuring the unexpected losses. Undoubtedly, today’ s credit risk
backtesting lacks precison in estimating the outlier credit loss levels againgt which capital should
be kept.

The issue with backtesting, then, isto identify those cases for which backtesting is feasible, and
whereit is not, to describe amore limited role for backtesting and to propose what other routes
to vaidation may fill the shoes of backtesting as relied on in the Market Risk Amendment, so as
to afford regulators the confidence they need to rely on a credit modd.

Backtesting is the process of testing the accuracy of amode under the fundamental assumption
that markets will behave tomorrow asthey did yesterday. Backtesting conssts in verifying that
‘ex-ante’ modd results match 'ex-post’ data within the modd's confidence interval. This process
requires the use of historica scenarios.

Backtesting is usualy assumed to be testing with along time series. But it may aso include
testing with one historica event (which isa specid use of scenario andyss). While one event ca
not tell us as much as atime series of events, the one event test gives us some information.

In the case of a market risk management model, the backtest may be applied to an abundant
series of observed actud market price movements and corresponding modeled movements,
providing both regulators and risk managers a common reference over which to discuss the
model’ s vdidity. Indeed, the expresson "'x' out of 250 daily trading outcomes were not
covered by the risk measures' isindisputable to both regulators and risk managers.

The existence of such acommon reference performs the role of a 'third opinion’ on which
regulators and risk managers can rest. This third opinion, however, differsin kind from the
opinions of regulators and risk managers, because the market providesit by an objectively
defined procedure, not by the judgment of individuas. Backtesting may be considered arobust
tool for vaidation when there is sufficient history to be able to gpproximate the probability
dengty function of losses with a high degree of confidence.

For credit risk, the longer gestation period of most credit losses, the reative infrequency of
expected losses, and the lack of homogeneity from one set of credit exposures to another, also
combine to hinder backtesting’s gpproximation. Perhaps with the accumulation of more and
more detailed higtorica data, backtesting with along time series will in time become feasible for
some longer-term wholesale exposures. That does not gppear to be an immediate prospect.

In certain cases backtesting isfeasble. Backtesting may have arolein testing loss experience
on consumer loans and receivables, where the population of borrowersis so large and the credit
loss cycle short enough to obtain reasonable approximations. As mentioned above, acertain



variety of scenario andysis recapitulates a particular historical episode of market conditions to
test its effect on credit portfolios. Thereisvauable information in that.

For the most part, however, backtesting has been prominent in credit risk modeling by anaogy
with market risk models, not because it was obvioudy feasble. It isdoubtful, for example, that
anyone has attempted to backtest the present risk-based capitd guiddines, which are the
regulatory credit risk “model” presently in force.

Therefore, to vaidate credit models generdly, one needs an appropriate substitute for
backtesting. The solution is to squeeze more information out of existing deta. Here the
Committee recommends wor king with both virtual portfoliosand fictional time-series of
credit events, aswell as broader measures of historical credit loss experience
aggregated at a higher (and available) levdl.

If it should turn out that the more gpproximate loss and pricing data require a confidence interva
about a credit modd’ s estimate that is broader than we are used to with market risk moddls,
that is an adjustment of accustomed perspective, not an argument againgt validation.

We agree with Bade that up to now there has been only isolated progress in attempting to find
gppropriate subdtitutes for full backtesting. We recommend that both theindustry and
regulatorswork to develop and reach consensus on methodsthat will serve.

5.2 Stresstedting

Stress testing is used to vaue portfolios under extreme unfavorable changesin input varigbles
and under chaos scenarios where more than one unexpected unfavorable change in variables
occurs. Severa gtress tests may be appropriate for any given portfolio.

A credit risk management model caculates losses based on the implicit probabilities it assgnsto
various events. Stress testing answers the question, “ Under extreme but possible variables
scenarios, how much can this portfolio lose?’

Unlike back testing, stress testing does not necessarily use hitorical scenarios. Its purposeis
actualy quite the opposgite. Stress testing seeks to analyze potentia future scenarios. More
than anything, stress testing serves to explore the logicd implication of amode’ sinternd
structure combined with extreme assumed vaues, such as defaullt rates, default corrations, or
sudden credit spread widening. Stress testing has a unique place in operating credit risk
management - exploring the possible impact of alarge change in the environment or the
customer.



As an dement of the vaidation process, stress testing can contribute ingght and evidence of the
credit modd’sinterna congstency and redlism in responding to extreme vaues of assumptions,
and unusua combinations of assumptions. Since the most basic vaidation process hasto take
as areference specific loss experiences suffered by specific indtitutions on specific credit
exposures, stress testing explores the plausibility of extrapolating the actud, “ base-ling’
experiences out to extreme values. One vaidation tool is a comparison of the credit-modeled
capitd projections with available actud experience. A financia ingtitution's historical experience
combined with data shared or published by other financid inditutionsis useful.

Since the quantity and qudity of data are insufficient to support backtesting, the process of
comparison will inevitably require exploring the differences between the credit exposures that
produced the actua experience and the exposures measured by the credit model. Though
detalled credit history is rdlaively scarce, there is awedth of high-level aggregate credit
experience in banks higtorical results that can feed such comparisons legitimately. A credit
modeling approach that can gpproximate the loss distributions demondirated (at ahigh level)
over many inditutions and many years certainly has predictive vaue, and stress testing using
these scenarios can illugtrate the reasonableness of the modd’ s “interpolation” across the
differencesin credit portfolios and economic climates.

Thus dress testing serves at least two purposes. Oneis to overcome uncertainties in the model
by testing scenarios, which are not explicitly addressed by the modd. The other purposeis part
of the regular business review, namely, to test scenarios which one may intuitively know the
bank may be vulnerable to but which the model may not pick up.

The Committee agrees with Bade that few banks use stresstesting. The Committee
recommends that banks formally incor por ate stresstesting into their regular risk
management process. Banks should develop and document policies and procedure for
running stresstests. They should determine a specific schedule for running these tests and tests
should be relevant to the current market environment. For example materid current news or
rumors of sgnificant market events that could impact the bank’ s portfolio should be occasions
for specific stresstests.

5.3 Sengdtivity Andyss

The primary vaidation issue with sengtivity andysisis the character and extent of its contribution
to an overdl vdidation of aparticular credit modd, asingdled and used. We believe sengtivity
andysisto be akey component in vaidation, sSince it pierces the apparent opacity of amode to
show how it reacts to changes in portfolio, assumptions or market environment.



The Bade document pointed out chiefly that gpparently only afew inditutions tested the
sengtivity of their modelS output to parameter vaues or critica assumptions. Some proprietary
models, they noted, do not give the user insght asto what the key structura and parameter
assumptions underliethe model. Lastly, none of their respondents attempted to estimate the
error in their estimated distribution of credit losses.

We agree with the Bade authors that the main vdidation difficulty repecting sengtivity andyss
issmply that more of it needsto be done, Snceit isauseful toal.

Sengitivity analysis is the process of exploring how a modd’ s predictions change in response
to an incrementa change in one or more risk factors, assumptions, parameters, or input on
economic and market conditions. The andysis may show the change a the margin with asingle
input, or may explore the effect of jointly changing a group of inputs, S0 asto explore, for
example, the working of the portfolio effect with changing compostion or time horizon. Risk
factors, assumptions and parameters, as used here, are treated as defined terms, asfollows.

Risk factors are the fundamenta drivers of the risk in a given portfolio, regardless of the model
being used to quantify it. Unlike model assumptions and parameters that require extensive time
series data, exposures to risk factors can be listed in factua and descriptive reports such as
consolidated views of debtors exposures by country, industries, externd or interna ratings,
instrument type, time to liquidation, liquidetion values.

A model’ s assumption isagenerd hypothesis on the behavior of one or more variables defined
inthe modd. Assumptions are typicaly smplifying devices based on business experience. Itis
current practice for risk modd builders to start the engineering process with a set of
assumptions and then attempt to 'relax’ these assumptions in an effort to increase its scope.® This
‘rdlaxation’ generdly introduces additiond new assumptions and parameters. Asaresult,

model output sengitivity to certain assumptions, as Bade sought to find among its respondents,
may be difficult if not impossble to compute since rdaxing or modifying a centrd assumption
rely means using adifferent modd. To be sure, sengitivity andys's can be carried out on other
assumptions such as the liquidation period.

A model parameter isanumber estimated on past data series and being used asacongtant in
the future for the caculation of the output. One of the mgor assumptions underlying risk models
is the gtability through time of these generdly higtoricd sample-dependent parameters. Itis
widdly recognized that this stability bresks down in mgor crises not only within arisk class
(such as market risks or credit risk) but also acrossrisk classes often through rapid

deterioration in asset liquidity.™® As aresult recent history has shown more occurrences of

events than models would have anticipated.™

® Seefor example CreditRisk+ Modd’, CSFB, 1997, Appendix A

10 See G30, “ Improving counterparty risk management practices’, June 1999, Appendix A: ‘ Risk
Measurement, Liquidity Risk and Leverage Estimation’.

" “Risk Professional’, Issue 1/5 July/August 99, Richard Hoppe article, pages 15-16



Credit models attempt to forecast credit losses based on assumptions and choices of variables,
just as other moddsdo. Sengtivity andyss asssts understanding of the modes by
demondtrating how changes in modd assumptions or the variables values affect the credit
losses.

We have asserted that sengitivity andysisisakey to credit modd validation. While not covering
the al the validation concerns, sengtivity andyssisthe best tool for illugtrating the transparency
(or lack of it) of the modd’ s assumptions and structure, by demondtrating incrementa sengtivity
of itsoutput to its variousinputs. At a minimum, sengtivity anayss can show that the modd’s
response to achange in input vaueis directiondly rational and proportionate across the
spectrum of different types of inputs. This should dleviate the “black box” concerns that more
complex modds may inspire.

Asadiagnogtic for vdidation, senstivity analyss can demondrate input/output rel ationships not
only at the margin of currently experienced vaues, but a parameter, risk factor, correlation and
time horizon vaues far above and below current experience, mapping the behavior of the
mode. Such andysis serves not only to help vaidate amode for a particular range of
goplications, but may dso point out limitations in the modd’ s reach that would help define the
range over which the modd should be considered valid.

Another way to vaidate the mode’ s quality isto ‘backtest' it within the ingtitution by showing
how the availability of its sengtivity andyss reportsin atime preceding mgor historic credit
losses would have dlowed the indtitution to eiminate or reduce these losses. This procedure
should be specific to an ingtitution and 'back-tested' againgt its own credit 10ss experience.

In addition to testing modd’ s rationdity and accuracy, sengtivity analys's serves other important
objectives. Fird, it isoneway to quantify and relate the risk factors found in a given portfalio,
highlighting areas where data time series and stress testing will be most required in the current
portfolio credit structure context. 2 Second, it spells out which variables (or variables vaue
change) have the largest impact on the capital number dlowing "portfolio dependent’ stress
testing practices as described in the Market Risk Amendment. ** Third, it alows disclosing
additiond risk profile information to the public.

Tailoring an ingtitution’ s regular procedures for sengtivity analyssto reflect its own history and
business environment would make the disclosures just mentioned particularly helpful. Such a
discipline might result in an ongoing, essy to read status report on the current credibility of the
portfolio risk caculaion, mogt likely including data described in severa Bade documents that

12 See also G30, ‘ Improving counterparty risk management practices , June 1999, recommendation 12:
‘Contextual Information’.

3 Section B5 * Stresstesting’, ¢) 7. “In addition to the scenarios prescribed by supervisory authorities...a
Bank should also develop its own stress tests which it identifies as most adverse based on the
characteristics of its portfolio...”
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have addressed the need for more risk disclosure and transparency.™ > Accordingly, the
Committee recommendsthat sensitivity analysis procedures be specifically designed
for theuse of a particular institution having its specific business experience and
relevant history.

Once exposures and sengtivities to key risk factors, assumptions and parameters are being
routinely provided, attention can turn to discussing with business management the likelihood of
crisisin the areas were the portfolio is most exposed. ™

The Committee recommendsthat sensitivity analysisbe an integral part of credit
model validation and isa central element in a credit mode’s analytic tool-kit. Credit
Risk quantification models should be fully described in a comprehensive document
spelling out:

therisk factors handled by the modd,

the model's assumptions and parameters, and

the sengitivities of the model output to changesin exposuresto risk factorsand
sensitivitiesto changes to model assumptions and parameters (Delta VAR' s).

In the Market Risk document, the Basle uses afull section'” to specify aminimum set of risk
factors that a market risk modd should incorporate in order to be vaidated. With Credit Risk,
too, aminimum set seems prudent, abet recognizing thet valid modds may vary widdy in
dructure, leve of detail and integration acrossrisk portfolios. The Committee encour ages
theregulatorsto issue a minimum list of risk factorsthat credit risk models should
address.

As an adjunct to assumptions sengtivity andyss for validation, one could estimate the risk of a
st of relevant typica portfolios using different models based on different assumptions, to
measure the magnitude of the risk measure change. This comparison of stlandard risk portfolios
across models would likewise serve the understanding of the risk measure, and its vaidation.

5.4 Management Oversight and Reporting

We have pointed out esewhere that to be valid, an individud credit moddl must fit some range
of credit exposures and uses at the banking organization where it isto be used. The key
vaidation issue in this section is whether the indtitution itsdlf is reedy to support, supervise, and
rely on the model.

¥ “public disclosure of trading and derivative activities' , February 1999.

1> “Best practices for Credit Risk Disclosures’, a consultative paper issued in July 1999.
16 * Report of the Task Force on Risk Assessment’, |1F, March 1999, Recommendation 3.
17 Section B3, * Specification of market risk factors'.



Under the heading of “Management Oversight and Reporting” the Bade document expresses
concerns, in brief compass, over (1) the way the modd isto fit into the interna credit
environment of the inditution, (2) the qudity of senior management oversight and understanding,
(3) theinternd organizationd rigor in requiring fully developed vdidation anayses as areflection
of management oversght, and (4) the adequacy of interna controls on the qudity of key data
input to the modd.

Asto thefirgt concern, the success of amode depends as much on the way the modd! itself is
used asit does on the environment in which the modd operates, especidly given many credit
models considerable complexity. Recent hitory in the derivative markets has repeatedly
demondtrated that errors are more likely to occur when amodd is abused, even when the
fundamental modd is sound.

The use of proprietary credit risk models empowers risk management with a renewed scope
and respongbility. It is no surprise then that we recommend increasing investment in risk
management to ensure that both the credit risk mode and the environment in which it operates
arerdiable.

But the rest of the organization must also get ready to support the credit model—to supply
portfolio characterigtics and other data in a congstent form and with sufficient detail. That may
imply consderable investment and management time spent on improving and regularizing the
flow of data.

At the other end of the modeling process, the ingtitution should get reedy to receive and
interpret the modd’ s results, and then take the results as a basis to recommend management
decisions affecting the bank’ s credit exposures. That represents a subgtantive adjustment in the
interna management of the business. Without this organizationd adaptation, it will be more
difficult to keep operating units motivated enough to commit to maintain data quaity. Such
changes will not necessarily be rapid, but should be dated by every inditution intending to rely
on credit risk moddls.

Asto the second concern, effective management oversight is necessary, and conssts of
investing senior management time in understanding the sdient issues. Then they should establish
aclear and specific set of policiesthat prescribe the environment in which model- based credit
risk management takes place. Beyond the generd principles of risk management policies, credit
risk policies should in particular describe in detall the internd credit risk ratings criteriaand the
way the inditution interacts with higher-risk counterparties.

Senior managers should aso be responsible for ensuring that the infrastructure is set up. Given
the importance of credit risk management, senior management should alocate sufficient
resources to cover the following areas properly: (i) regulatory relaions unit (an up-and-coming
areain the field of a credit mode- based risk management), (ii) mode development, and (iii) unit
model vaidation and diress testing unit.
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Other bank policies may need to be adjusted as well, particularly those involving performance
measures that relate to commitments of economic capitd or regulatory cepitd. Idedly, a
thoughtful implementation of credit risk models should cause the two numbers to converge.

Besides policies and infragtructure, the nature of overseeing and validating the use of credit risk
models suggests that we adjust perspective on the roles of three interested parties to the credit
risk modeling process. risk managers, external auditors (and reviewers,) and bank regulators.
Regulators and risk managers are unlikely to have an objective reference as is generated in the
field of trading risks as abasisto discuss the validity of the proprietary measurement system.
As aconseguence, dl three groups will need to work consultatively toward a consensus about
the qudity of the proprietary measurement system, and work out way's to reconcile diverging
opinions over thair vaidity.

Thusfar progressin credit risk management has come through the innovation on the part of
credit risk management. It isabasic tenet that users of a system are best qudified to design,
develop, and apply that modd. Therefore the Committee endorsesthat credit risk
manager s continue to have the responshbility and authority to build their own models.

At the same time we recognize the basic conflict of interest that the risk management group is
both the designer and user of the credit risk modd. Independent review is essentid and prudent
from both the supervisors and senior management’ s viewpoint.

Therefore, the Committee recommends that independent reviews should be made
available to and discussed with regulators. Rigorous standards regarding the construction
and the operation of the credit risk model need to be defined and progressively improved.

This ongoing interplay among risk managers, (externa) auditors and regulators would bein
based on the following principles:

overgght should be quas-continuous, i.e., the pace of meetings and on-Ste ingpection
should be sgnificantly increased.

the new set-up should gpply only to alimited group of banks that have aready
completed an introductory phase. Within that earlier phase, regulators should gain
confidence over time that the mode’ s environment, its structure, and its performance
over acertain period of live testing, are satisfactory.

the different parties should relate to each other on the principle of full consensus.

I ndependence should be attributed to regulators, (externa) auditors and risk managers,
and vdidation would be conferred by full consensus between these parties. Vdidation
would be temporary, i.e., it would need to be continuoudy assessed and renewed going
forward.



Asto the third concern expressed in the Bade document, the actud scarcity of fully developed
vaidation anadlyses at present owes to the newness of the genre and to the absence of any
powerful short-term incentive to incur the incrementa investment of resources. The Committee
believes that such anayses would accelerate sharply once a credible possbility of near-term
regulatory acceptance for capital purposes appears. Just as credit modding is more complex,
credit modd vdidation is more laborious, hence the importance of an incentive.

Asto the fourth concern, we agree with Bade that internad controls on the qudity of dataare
essential and a subgtantia challenge.

Neverthdess, it is aso abasic tenet of risk management that ingtitutions be organized to avoid
potentia conflict of interest. This appliesto the credit modds, and to the data gethered and
supplied to it aswell. Mode builders should be independently audited, and credit rating
assgnors or reviewers should act independently from loan officers, for example. Independent
reviews should thoroughly examine the effectiveness of both the modd and the environment in
which it operates. Gresat care should be given to data integrity and to the coherence and
soundness of dl input parameters. The qudity of the datait can rely upon isbasic for a credit
modd. Poor or inconsstent data qudity quickly degrades the qudlity of the mode’s output.

In summary, the Committee believes these principles of management oversight and review,

conscientioudy applied, are essentia and provide an underpinning for growing reliance on credit
risk modedling.
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6 Conclusion

The Committee asserts that interna credit risk models are an immense improvement over the
current Bade Accord and offer the most effective means of encouraging sound risk
management. We therefore strongly encourage the Bade Committee to support the use of
credit risk modelsin the assessment of regulatory capital.

The eventua goa would be for banks to use models across al assets and businesses to ensure
risk is measured in acomprehensive and timely manner. Asapractica matter, models should
be rolled out and integrated into the regulatory capital assessment process on a piecemed basis
as they are developed and proven to be an accurate measure of risk.

Regulators should accept models on a case-by-case basis. Modd s should be evaluated as to
whether they are gppropriate for the particular products, business, and indtitution. Regulators
should consider the environment in which the model operates as well as the modd!.

Each individua bank must take responsbility for developing amode which is gppropriate for its
use. In addition, the bank must demondirate that its choices and assumptions are sound. Banks
should set rigorous model acceptance standards and dedicate the appropriate resources to
support the documentation process and ensure their proprietary models keep pace with industry
developments.

Likewise, regulators should develop minimum quaitative and quantitative guideinesto ensure a
degree of trangparency and level of consistency in risk reporting. In addition, regulators need to
prepare their examining staff and equip them with the necessary tools to properly evauate these
modds and ther effectiveness in managing risk.

We are confident these challenges are managesble and that we will soon see the application of

more models to accurately measure and manage credit risk from a regulatory and economic
capital standpoint.
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