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It’s already been an eventful year. From 

a new crisis in the Eurozone, to fresh 

controversies that continue to impact 

the reputation of the industry, risk con-

tinues to dominate and shape the world 

of finance. 

That’s why it’s timely that we are pub-

lishing this edition of the Capco Journal 

to coincide with the sixth annual Cass-

Capco Risk Conference at the end of 

April. The event is a rare opportunity 

to catch up with some of the brightest 

minds in the sector, and we are delight-

ed to have attracted a collection of such 

high-profile keynote speakers and del-

egates to debate these issues.

This year we set out with a clear goal for 

the event. Throughout the keynotes and 

the panel discussions, we want to chal-

lenge the assumption that risk is a barri-

er to innovation. Instead, we believe that 

the latest thinking can help bring focus 

to strategies that unlock the potential 

for business growth, through innovative 

operations and processes, and ground-

breaking products and services.

This theme recurs in another of the key 

topics that we cover in this edition of the 

journal. Industrialization (p.29) is a form 

of radical transformation that is already 

a clear area of focus for banks in 2013. 

Critically, it addresses three outstand-

ing challenges facing banks today. First, 

the opportunity to address current over-

capacity in banking. This over-capacity, 

we believe, can be refocused easily on 

innovative bank offerings designed to 

gain market share in the huge unbanked 

and emerging wealth markets while also 

competing with new mobile and social 

media market entrants.

Second, industrialization can help banks 

regain healthy, sustained return on eq-

uity that meets the demands of all stake-

holders. Third, industrialization is a key 

driver that can help banks reassert their 

brands as a source of trusted financial 

expertise and so recover universal con-

sumer confidence.

I emphasize that it is important to dis-

tinguish this vision of industrialization 

from outsourcing. This is not about a 

homogenized approach to brands, cus-

tomer service and product portfolio. 

Rather it is about the radical rethinking 

of traditional operating models and rec-

ognizing where and when technology 

can streamline, eliminate or otherwise 

improve internal processes. As a result, 

more time, more human ingenuity and 

more investment can be focused on 

what really matters: exciting, rewarding, 

retaining and winning customers—while 

once again making attractive returns for 

the business.

It may sound like a very big challenge 

indeed. But, with imagination, vision and 

determination, it can and will happen.

I trust that the articles in this edition of 

the Journal help shed light on some of 

these approaches and that Capco con-

tinues to add to the valuable debate and 

breakthrough solutions for our industry.

As always we remain committed in our 

quest to help in forming the future of 

finance.

 

Rob Heyvaert

Founder and CEO, Capco

Dear Reader,
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HIGH-LEVEL DEBATE

Stress Testing Credit 
Risk Portfolios

Abstract
In this study we survey practices and supervisory expec-

tations for stress testing (ST) in a credit risk framework for 

banking book exposures. We introduce and motivate ST; and 

discuss the function, supervisory requirements and expecta-

tions, credit risk parameters, interpretation results with re-

spect to ST. This includes a typology of ST (uniform testing, 

risk factor sensitivities, scenario analysis; and historical, sta-

tistical and hypothetical scenarios), and procedures for con-

ducting ST. We conclude with a simple and practical stress 

testing example using a ratings migration based approach.

Michael Jacobs, Jr. – Senior Manager, Deloitte & Touche, Audit and Enterprise Risk Services

The views expressed herein are those of the author and do not necessarily 

represent a position taken by Deloitte & Touche LLP.
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Introduction and motivation
Modern credit risk modeling [for example, Merton (1974)] increasingly 

relies on advanced mathematical, statistical, and numerical techniques 

to measure and manage risk in credit portfolios. This gives rise to model 

risk (OCC 2011-12), and the possibility of understating inherent dangers 

stemming from very rare yet plausible occurrences perhaps not in our 

reference datasets. In the wake of the financial crisis [Demirguc-Kunt et 

al. (2010), Acharya et al. (2009)], international supervisors have recog-

nized the importance of stress testing (ST), especially in the realm of 

credit risk, as can be seen in the revised Basel framework (BCBS 2005, 

2006; BCBS 2009 a,b,c,d,e; BCBS 2010 a,b) and the Federal Reserve’s 

Comprehensive Capital Analysis and Review (CCAR) program. It can and 

has been argued that the art and science of stress testing has lagged in 

the domain of credit versus other types of risk (for example, market), and 

our objective is to help fill this vacuum. We aim to present classifications 

and established techniques that will help practitioners formulate robust 

credit risk stress tests.

We have approached the topic of ST from the point of view of a typical 

credit portfolio, such as one managed by a typical medium or large sized 

commercial bank. We take this point of view for two main reasons. First, 

credit risk remains the predominant risk faced by financial institutions 

that are exposed to credit risk. Second, this importance is accentuated 

for medium as opposed to large sized banks, and new supervisory re-

quirements under the CCAR will now be focusing on the smaller banks 

that were exempt from the previous exercise. To this end, we will sur-

vey the supervisory expectations with respect to ST, discuss in detail 

the credit risk parameters underlying a quantitative component of ST, 

develop a typology of ST programs, and finally present a simple and styl-

ized example of an ST model. The latter “toy” example is meant to illus-

trate the feasibility of building a model for ST that can be implemented 

by even less sophisticated banking institutions. The only requirements 

are the existence of an obligor rating system, associate default rate data, 

access to macroeconomic drivers, and a framework for estimating eco-

nomic capital. While we used the CreditMetrics1 model for the latter, we 

showed how this could be accomplished in a simplified framework, such 

as the Basel II IRB model. 

In Figure 1.1, we plot net charge-off rates, for the top 50 banks in the 

United States. This is reproduced from a working paper by Inanoglu et al. 

(2013) on the efficiency of the banking system, which concludes that over 

the last two decades the largest financial institutions with credit portfolios 

have become not only larger, but also riskier and less efficient. As we can 

see here, bank losses in the recent financial crisis exceed levels observed 

in recent history. This illustrates the inherent limitations of backward look-

ing models and the fact that in robust risk modeling we must anticipate 

risk, and not merely mimic history. 

In Figure 1.2, we show a plot from Inanoglu and Jacobs (2009), the boot-

strap resample [Efron and Tibshirani (1986)] distribution of the 99.97th 

percentile Value-at-Risk (VaR) for the top 200 banks in a Gaussian copula 

model combining five risk types (credit, market, liquidity, operational and 

interest rate risk), as proxied for by the supervisory call report data. This 

shows that sampling variation in VaR inputs leads to huge confidence 

bounds for risk estimates, with a coefficient of variation of 35.4%, illus-

trating the huge uncertainty introduced as sampling variation in param-

eter estimates flows through to the risk estimate. This is even assuming 

we have the correct model.
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Average ratio of total charge-offs to total value of loans for top 50 banks 
as of 4Q09 (Call Report Data 1984‐2009)

Figure 1.1 – Historical charge-off rates [Inanoglu et al. (2013)]

Gaussian copula bootstrapped (margins) distribution of 99.97 percentile VaR

VaR99.7%=7.64e+8, q2.5%=6.26e+8, q97.5%=8.94e+8, CV=35.37%
99.97 Percentile Value-at-Risk for 5 Risk Types(Cr.,Mkt.,Ops.,Liqu.&IntRt.): Top 200 Banks (1984-2008)
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Figure 1.2 – Distribution of VaR [Inanoglu and Jacobs (2009)]

1 We implement the basic CreditMetrics model in the R programming language [R Core 

Development Team (2010)] using a package by the same name. In Inanoglu et al. (2013), we 

implement a multi-factor version of this in R through a proprietary package. A spreadsheet 

implementation of this can be found at: http://michaeljacobsjr.com/CreditMetrics_6-20-12_

V1.xls. 
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This paper shall proceed as follows. Section 2 discusses conceptual con-

siderations. Section 3 covers the function of stress testing. Section 4 con-

siders supervisory requirements and expectations. Section 5 covers the 

credit risk parameters, which play an important role in credit risk portfolios. 

Section 6 addresses the interpretation results, Section 7 proposes a typol-

ogy, and Section 8 addresses procedures for STs. Section 9 presents an 

ST example. Section 10 concludes and provides future directions. 

Conceptual issues in stress testing: risk versus 
uncertainty
In this section we will consider and survey some of the thought regarding 

the concept of risk. A classical dichotomy exists in the literature and the 

earliest exposition is credited to Knight (1921), who defines uncertainty 

as when it isn’t possible to measure a probability distribution or it is un-

known. This is contrasted with the situation where either the probability 

distribution is known, or knowable through repeated experimentation. 

Arguably, in economic and finance (and more broadly in the social or 

natural as opposed to the physical or mathematical sciences), the former 

is a more realistic scenario that we are contending with (for example, a 

fair versus loaded die, or die with unknown number of sides). We are 

forced to rely upon empirical data to estimate loss distributions, but this 

is complicated because of changing economic conditions, which invali-

date forecasts that our econometric models generate.

Popper (1945) postulated that situations of uncertainty are closely as-

sociated with, and inherent with respect to, changes in knowledge and 

behavior. This is also known as the rebuttal of the historicism concept, 

which states that our actions and their outcomes have a predetermined 

path. He emphasized that the growth of knowledge and freedom implies 

that we cannot perfectly predict the course of history. For example, a 

statement that the US currency is inevitably going to depreciate, if the 

US does not control its debt, is not refutable and therefore not a valid 

scientific statement. 

Shackle (1990) argued that predictions are reliable only for the immediate 

future. He argues that such predictions impact the decisions of economic 

agents, and this has an effect on the outcomes under question, chang-

ing the validity of the prediction (a feedback effect). This recognition of 

the role of human behavior in economic theory was a key impetus be-

hind rational expectations and behavioral finance. The implication is that 

risk managers must be aware of the model limitations and that a stress 

testing regime itself changes behavior (for example, banks “gaming” the 

regulators CCAR process). The conclusion is that while it is valuable to 

estimate loss distributions that help make explicit sources of uncertainty, 

we should be aware of the inherent limitations of this practice, which is a 

key factor in supporting the use of stress testing in order to supplement 

other risk measures.

Finally, Artzner et al. (1999) postulate some desirable features of a risk 

measure, collectively known as coherence. They argue that VaR mea-

sures often fail to satisfy such properties.

The function of stress testing
There are various possible definitions of ST. One common definition is 

the investigation of unexpected loss (UL) under conditions outside our 

ordinary realm of experience (for example, extreme events not in our ref-

erence data sets). There are numerous reasons for conducting periodic 

ST, which are largely due to the relationship between UL and measures 

of risk, examples of the latter being economic capital (EC) or regulatory 

capital (RC). A key example of such an exercise is compliance with su-

pervisory guidance on model risk management (for example, OCC Bulle-

tin 2011-12 on managing model risk) or bank stress test and capital plan 

requirements outlined by the Federal Reserve’s CCAR program to gauge 

the resilience of the banking system to adverse scenarios. 

EC is generally thought of as the difference between a VaR measure, or 

some extreme loss at some confidence level (for example, a high quantile 

of a loss distribution), and an expected loss (EL) measure, the latter being 

generally thought of as some likely loss measure over some time horizon 

(for example, an allowance for loan losses amount set aside by a bank). 

In Figure 2.1, we present a stylized representation of a loss distribution, 

and the associated EL and VaR measures. 

This purpose for ST hinges on our definition of UL. While it is commonly 

thought that EC should cover EL, it may be the case that UL may not only 

be unexpected, but also not credible as it is a statistical concept. There-

fore, some argue that results of an ST should be used for EC purposes 

in lieu of UL. However, this practice is rare, as we usually do not have 

probability distributions associated with stress events. Nevertheless, ST 

can be, and commonly has been, used to challenge the adequacy of RC 
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or EC, and as an input into the derivation of a buffer for losses exceeding 

the VaR, especially for new products or portfolios. 

ST has an advantage over EC in that it can often better address the risk 

aggregation problem. This is that correlations amongst different risk 

types are in many cases large and cannot be ignored. As risks are mod-

eled very differently, it is challenging to aggregate these into an EC mea-

sure. An advantage for ST in determining capital is that it can easily ag-

gregate different risk types (for example, credit, market, and operational), 

which is problematic under standard EC methodologies (for example, 

different horizons and confidence levels for market versus credit risk). 

In Figure 2.2, we again reproduce a figure from Inanoglu and Jacobs 

(2009), the pairwise correlations for a composite of the top 200 banks for 

five risk types (credit, market, liquidity, operational, and interest rate risk), 

as proxied for by the call report data. This is evidence that there exist 

powerful long-run dependencies across risk types. Even more compel-

ling is that such dependencies between risk types are accentuated dur-

ing periods of stress. See Embrechts et al. (2001) and Frey et al. (2003) 

for detailed discussions of correlation and dependency modeling in risk 

management and various caveats around that.

Apart from risk measurement or quantification, ST can be a risk man-

agement tool used in several ways when analyzing portfolio composition 

and resilience with respect to disturbances. ST can help to identify po-

tential uncertainties and locate the portfolio vulnerabilities. For example, 

incurred but not realized losses in value, or weaknesses in structures that 

have not been tested. ST can also aid in analyzing the effects of new 

complex structures and credit products for which we may have a limited 

understanding. ST can also guide discussions on unfavorable develop-

ments, such as crises and abnormal market conditions, which may be 

very rare, but cannot be excluded from consideration. Finally, ST can 

be instrumental in monitoring important sub-portfolios exhibiting large 

exposures or extreme vulnerability to changes in market conditions.

Quantification of ST appears, and can be deployed, across several as-

pects of risk management with respect to extreme losses. First, ST can 

be used to establish or test risk buffers. Furthermore, ST is a tool for 

helping to determine the risk capacity of a financial institution. Another 

use of ST is in setting sub-portfolio limits, especially in low-default situ-

ations. ST can also be deployed to inform risk policy, tolerance, and ap-

petite. ST can provide impetus to derive some need for action to reduce 

the risk of extreme losses and hence EC, and mitigate the vulnerability to 

important risk relevant effect. ST is potentially a means to test the port-

folio diversification by introducing (implicit) correlations. Finally, ST can 

help us to question a bank’s attitude towards risk.

Supervisory requirements and expectations
ST appears in Basel II [BCBS (2006)] framework, under both Pillar I (i.e., 

minimum capital requirements) and Pillar 2 (i.e., the supervisory review 

process), with the common aim of improving risk management. Every 

bank subject to the Advanced Internal Ratings Based (AIRB) approach 

to RC has to conduct sound, significant and meaningful stress testing to 

assess the capital adequacy in a reasonably conservative way. Further-

more, major credit risk concentrations have to undergo periodic stress 

tests. It is also the supervisory expectation that ST should be integrated 

in the internal capital adequacy assessment process (i.e., risk manage-

ment strategies to respond to the outcome of ST; “ICAAP”).

The bottom line is that banks shall ensure that they dispose of enough 

capital to meet the regulatory capital requirements even in the case of 

stress. This requires that banks should be able to identify possible future 

events/changes in economic conditions with potentially adverse effects 

on credit exposures, and assess the ability of the bank to withstand ad-

verse negative credit events. 

One means of doing this is through quantification of the impact on the 

parameters probability of default (PD), loss given default (LGD), exposure 

at default (EAD), as well as rating migrations. 

Special notes on how to implement these requirements, meaning the 

scenarios that may impact the risk parameters, include the use of sce-

narios that take into consideration:

■■ Economic or industry downturns

■■ Market-risk events

■■ Liquidity shortages

■■ Recession scenarios (worst-case not required)
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Banks should use their own data for estimating rating migrations and 

integrate the insight of such for external ratings. Banks should also build 

their stress testing on the study of the impact of smaller deteriorations in 

the credit environment.

Shocking credit risk parameters can give us an idea of what kind of buffer 

we may need to add to an EC estimate. Although this type of ST is mainly 

contained in Pillar 1, it is a fundamental part of Pillar 2, an important way 

of assessing capital adequacy. To some degree, this explains the non-

prescriptiveness for ST in Pillar 2, as the latter recognizes that banks are 

competent to assess and measure their credit risk appropriately. This 

also implies that ST should focus on EC as well as RC, as these represent 

the bank internal and supervisory views on portfolio credit risk, respec-

tively. ST has been addressed by regulators or central banks beyond 

the Basel II framework, regarding the stability of the financial system, in 

published supplements, including Basel III [BCBS (2010 a,b)].

ST should consider extreme deviations from normal situations and hence 

involve unrealistic yet still plausible scenarios (i.e., situations with low 

probability of occurrence). ST should also consider joint events which are 

plausible but which may not yet have been observed in reference data 

sets. Financial institutions should also use ST to become aware of their 

risk profile and to challenge their business plans, target portfolios, risk 

politics, etc.

In Figure 4.1, we present a stylized representation of ST for regulatory 

credit risk (using a version of the Basel IRB formula for stressed PD; see 

Gordy (2003)), through the shocking of the IRB parameters. The solid 

curve represents 99.97th percentile regulatory credit capital under the 

base case of a 1% PD, a 40% LGD, and credit correlation of 10% (ball-

park parameters for a typical middle-market exposure or a B+ corpo-

rate exposure), which has capital of 6.68% of EAD (normalized to unity). 

Under stressed conditions (PD, LGD and correlation each increased by 

50% to 1.5%, 60% and 15%, respectively), regulatory capital more than 

doubles to 15.79% of EAD.

ST should not only be deployed to address the adequacy of RC or EC, 

but also as a tool used to determine and question credit limits. ST should 

not be treated only as an amendment to the VaR evaluations for credit 

portfolios, but as a complementary method, which contrasts the purely 

statistical approach of VaR methods by including causally determined 

considerations for UL. In particular, it can be used to specify extreme 

losses in both qualitative and quantitative manners.

The credit risk parameters for stress testing
A key aspect of ST mechanics in Basel II or EC is examining the sensitiv-

ity to variation in risk parameters. In the case of RC, the risk parameters 

in the ST exercise are given by the PD, LGD, EAD, and correlation.

Historically, PD has played a more prominent role in ST application than 

LGD or EAD. One reason is that more LGDs and EADs tend to be mea-

sured in malign environments, so they already incorporate a degree of 

stress. Second, as compared to PD, the development of stress scenarios 

in the case of LGD and EAD has been less extensive, partially due to 

limitations in available data. 

In the case of traded instruments, since EAD may exhibit some sensitivity 

to certain exogenous factors (for example, FX or interest rates, etc.), we 

would expect such factors to be the principle drivers for these instru-

ments. However, in traditional credit products, one may look more closely 

to firm-specific factors, such as credit ratings. 

LGD ranges are largely dependent upon the quantification technique 

(for example, the discount rate used for post default cash flows), which 

should be disentangled from the economic regime. However, for most 

types of lending it is thought that collateral values should be a key factor 

and incorporate sufficient conservatism naturally.

The credit risk parameters for stress testing: LGD
Economic LGD is an estimate of the amount a bank loses if counterparty 

defaults, the expected present value of economic loss as a proportion of 

the EAD, or one minus the recovery rate. We can express this mathemati-

cally as follows: 

Discounted recoveries -

Discounted direct & indirect workout costs
-1=-1=DGL

EAD
Recovery rate

 
(5.1.1)

LGD is conventionally thought to be driven primarily by factors such 

as seniority of the legal claim (for example, senior versus subordinated 

bonds), quality of the loan’s collateral (for example, unsecured versus 

senior secured), legal jurisdiction (for example, creditor versus debtor 

friendly courts), firm’s condition (for example, a technical default versus 

insolvency), capital structure (for example, debt having a high proportion 

0.00 0.05 0.10 0.15

0.
0

0.
2

0.
4

0.
6

0.
8

Basel II asymptotic risk factor credit risk model for risk parameter assumptions

Credit loss

P
ro

b
ab

ili
ty

 d
en

si
ty

EL-norm=0.40%

EL-stress=0.90%

CVaR-norm=6.78%

CVaR-stress
=15.79%

Normal:PD=1%,LGD=40%,Rho=0.1
Stressed:PD=1.5%,LGD=60%,Rho=0.15

Figure 4.1 – Stressed regulatory capital example 

The Capco Institute Journal of Financial Transformation
Stress Testing Credit Risk Portfolios



58

of other creditors’ debt subordinated in the capital structure – “debt cush-

ion”), bank practice (for example, selling the defaulted debt in the second-

ary markets as opposed to a loan workout process), type of exposure (for 

example, bank loans versus bonds). In Figure 5.1.1, we depict the capital 

structure of a typical defaulted firm, where we see that under the idealized 

setting of the absolute priority rule (APR), claimants other than debtors 

(for example, trade creditors or employees) are superior to bank creditors, 

and the latter in turn are superior to the bondholders, with equity-holders 

at the bottom. In terms of such contractual features, it is an empirical fact 

that more senior and better secured instruments tend to do better due 

to APR, which stipulates that senior creditors are to be paid before the 

junior counterparts. However, it is well known that some violations occur, 

although evidence suggests that such violations are typically not material.

In order to further analyze the effect of collateral quality or seniority rank-

ing on the LGD, in Figure 5.1.2 we present the distributions of Moody’s 

defaulted bond and loan market LGD, from their Default Rate Service 

(DRS) database for the period 1970-2010. LGDs on instruments tends 

to be either very high (for example, subordinated or unsecured debt) or 

very low (for example, secured bonds or loans), which in the statistical 

lexicon is characterized as “bimodality.” This shows clearly that seniority 

ranking influences the LGD, as the mass of the distributions shifts from 

being concentrated at zero to one, as we move from bank loans, to senior 

secured or unsecured, and finally to subordinated debt. In Figure 5.1.3, 

reproduced from Jacobs et al. (2012), we cross-tabulate average LGDs 

by collateral quality and by seniority class for Moody’s Ultimate Recovery 

Database (URD) for the period 1987-2010. We see that the lower the 

quality of collateral or the lower ranking of the creditor class, the higher 

the LGD; and that higher seniority debt tends to have better collateral. In 

that more senior debt also tends to be better secured, disentangling the 

effect of seniority from collateral quality may be challenging. 

Bank loans

Senior secured

Senior unsecured

Senior subordinated

Junior subordinated

Preferred shares

Common shares

Employees, trade 
creditors, lawyers

Banks

Bondholders

Shareholders

S
en

io
ri

ty

Figure 5.1.1 – Typical seniority structure of firm liabilities
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Figure 5.1.2 – Distributions of market LGD by seniority class
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Another aspect is the concept of market versus workout LGD, that is, the 

prices of defaulted debt shortly after default (as shown in Figure 5.1.1 

and 5.1.4) as opposed to the realized discounted ultimate recoveries until 

the point of resolution. Market LGD is generally only available in the case 

of marketable debt instruments. The issue there is that such valuation 

is subject to illiquidity or swings in investors’ sentiment. On the other 

hand, workout or ultimate LGD requires long reference data sets, an ex-

ample being the Basel supervisory standard for many banks (especially 

middle market or private debt portfolios). Of course, there are issues in 

the latter ultimate LGD measure, such as problems in extracting accurate 

measurements (for example, in the best practice, one needs all material 

costs, such as collection fees, plus direct and indirect costs to the bank). 

Related to these considerations is the fact that differential loan workout 

practices imply that banks see varying downturn LGD behavior across 

different portfolios [Araten and Jacobs (2001)].2 

Another concept is that of “downturn LGD,” driven by the intuition and 

evidence that LGD should be elevated in economic downturns. In this 

domain, there is mixed evidence, as the role of bank practice in loan 

workout policy makes murky any broad brush conclusions. There are 

also differences across different types of lending (for example, enterprise 

value and debt markets in particular for large corporate credits) that can 

impact the LGD. In order to further analyze the downturn LGD phenom-

enon, in Figure 5.1.4 we present the distributions of the Moody’s DRS 

market LGD for recession versus expansion periods, and in time series 
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Figure 5.1.4 – LGD and the business cycle
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Figure 5.1.5 – Resolution of firm default and LGD
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2 See Frye and Jacobs (2012) for a model for systematic LGD that can produce a downturn 

LGD with only inputs that credit practitioners have at hand (i.e., long-run PD, LGD, and 

correlation). Also see Jacobs (2011, 2012) for a 2 factor option-theoretic model for ultimate 

LGD.

Collateral type

Bank loans

Senior secured 

bonds

Senior unsecured 

bonds

Senior subordinated 

bonds

Subordinated  

bonds

Junior subordinated 

bonds

Total  

instrument

Count Average Count Average Count Average Count Average Count Average Count Average Count Average

M
aj

or
 c

ol
la

te
ra

l 
ca

te
go

ry

Cash & highly liquid collateral 32 -0.4% 7 8.7% 7 8.7% 1 0.0% 0 N/A 0 N/A 40 1.2%

Inventory & accounts receivable 173 3.6% 0 N/A 7 6.9% 0 N/A 0 N/A 0 N/A 180 3.8%

All assets, 1st lien & capital stock 1199 18.8% 242 24.7% 242 24.7% 1 14.0% 2 30.8% 0 N/A 1444 19.8%

Plant, property & equipment 67 12.4% 245 49.6% 245 49.6% 2 39.6% 0 N/A 0 N/A 314 41.6%

2nd lien 65 41.2% 75 37.5% 75 37.5% 4 59.0% 5 50.6% 1 60.0% 150 40.3%

Intangible or illiquid collateral 1 0.0% 5 72.2% 5 72.2% 0 N/A 0 N/A 0 N/A 6 60.2%

Total secured 1537 17.4% 581 36.8% 0 N/A 8 41.2% 7 44.9% 1 60.0% 2134 22.9%

Total unsecured 129 43.1% 0 N/A 1147 51.4% 451 70.8% 358 71.7% 64 80.8% 2149 59.2%

Total collateral 1666 19.4% 581 36.8% 1147 51.4% 459 70.3% 365 71.2% 65 80.5% 4283 41.1%

Table 2 – Ultimate Loss-Given-Default1 by Seniority Ranks and Collateral Types (Moody’s Ultimate Recovery Database 1987-2010)2

1 - Par minus the settlement value of instruments received in resolution of default as a percent of par
2 - 4283 defaulted and resolved instruments as of 8-9-10

Figure 5.1.3 – Ultimate LGD by collateral category and senior class [Jacobs et al. (2012)]
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a standard unsecured LGD is adjusted for financial covenants, indenture 

restrictions on collateral and then various other modifiers in arriving at a 

final LGD assignment. 

The credit risk parameters for stress testing: EAD
EAD is an estimate of the dollar amount of exposure on an instrument 

if there is a counterparty/obligor default over some horizon. Typically, a 

borrower going into default will try to draw down on credit lines as liquid-

ity or alternative funding dries up. In general, the correlation between 

EAD and PD is positive for derivative (as opposed to loan) exposures, 

form with the downturns circled (1973-74, 1981-82, 1990-91, 2001-02 

and 2008-09). As noted previously, it is commonly accepted that LGD is 

higher during economic downturns when default rates are elevated. The 

reasons offered are typically that there are lower collateral values and a 

greater supply of distressed debt. While the cycle is evident in time se-

ries, note all of the noise in the data.

Other factors to consider include, but are not limited to, the following:

■■ Debt cushion is distinct from position in the capital structure (for 

example, loans with little debt below may underperform bonds with 

little debt above); see Keisman and Van De Castle (2011). 

■■ The “Grim Reaper” story: if there is more bank debt in the capital 

structure, the bank group may be quicker to pull the plug, increasing 

recoveries across all debt classes [Carey and Gordy (2007)].

■■ Enterprise value: to the extent that recoveries can be modeled as 

collar options on enterprise value, there is a feedback effect between 

firm-wide and instrument-specific recovery [Jacobs and Karagozoglu 

(2011)].

■■ The process for the resolution of default: bankruptcies or liquidations 

generally result in higher LGDs than out-of-court settlements or dis-

tressed restructurings [Jacobs et al. (2012)].

Regarding the last point, in Figure 5.1.5 we reconstruct a figure from Ja-

cobs et al. (2012), where the authors empirically study and model for the 

resolution of financial distress or default. They show that firms in bank-

ruptcy have higher LGDs (65.2%) than out-of-court settlements (55.8%), 

and firms reorganized (either emerged independent or acquired by a third 

party) have lower LGDs (43.9%) than firms liquidated (68.9%). Therefore, 

the way that LGD is measured depends upon the definition of default. A 

broader definition of default - such as a distressed exchange, renegotia-

tion of debt terms or an out-of-court settlement – implies lower measured 

LGD (i.e., such defaulted debt tends to perform better). On the other 

hand, a narrower definition – such as a Chapter 11 bankruptcy or Chap-

ter 7 liquidation – implies that measured LGDs will be higher (i.e., such 

defaulted debt tends to perform worse).

In Table 5.1.6, we reproduce Table 3 from Jacobs and Karagozoglu 

(2011). This analyzes the ultimate LGD in Moody’s URD at the loan and 

firm level simultaneously. They empirically model the notion that recovery 

on a loan is akin to a collar option on the firm or enterprise level recovery. 

It is found that firm (loan) level LGD depends on financial ratios, capital 

structure, industry state, macroeconomic state and the equity market/

CARs (seniority, collateral quality, and debt cushion). They further find 

feedback from ultimate obligor LGD to the facility level, and that at both 

levels ultimate LGD depends upon the market LGD.

Finally, in Figure 5.1.7, we present a stylized example of an LGD rating 

assignment framework used by a large bank. We see that in this system, 

Category Variable Instrument Obligor
Partial effect P-Value Partial effect P-Value

Financial Debt to Equity Ratio 

(Market)

-0,0903 2,55E-03

Book Value -0,0814 0,0174

Tobin’s Q 0,0729 8,73E-03

Intangibles Ratio 0,0978 7,02E-03

Working Capital / Total 

Assets

-0,1347 4,54E-03

Operating Cash Flow -8,31E-03 0,0193

Industry Profit Margin - Industry -0,0917 1,20E-03

Industry - Utility -0,1506 8,18E-03

Industry - Technology 0,0608 2,03E-03

Contractual Senior Secured 0,0432 0,0482

Senior Unsecured 0,0725 3,11E-03

Senior Subordinated 0,2266 1,21E-03

Junior Subordinated 0,1088 0,0303

Collateral Rank 0,1504 4,26E-12

Percent Debt Above 0,1241 3,84E-03

Percent Debt Below -0,2930 7,65E-06

Time Time Between Defaults -0,1853 7,40E-04

Time-to-Maturity 0,0255 0,0084

Capital 

Structure

Number of Creditor 

Classes

-0,0975 1,20E-03

Percent Secured Debt -0,1403 7,56E-03

Percent Bank Debt -0,2382 7,45E-03

Credit 

Quality / 

Market

Investment Grade at 

Origination

-0,0720 4,81E-03

Principal at Default 8,99E-03 1,14E-03

Cumulative Abnormal 

Returns

-0,2753 1,76E-04

Ultimate LGD - Obligor 0,5643 7,82E-06

LGD at Default - Obligor 0,1906 4,05E-04

LGD at Default - 

Instrument

0,2146 1,18E-14

Legal Prepackaged Bankruptcy -0,0406 5,38E-03

Bankruptcy Filing 0,1429 5,00E-03

Macro 1989-1991 Recession 0,0678 0,0474

2000-2002 Recession 0,1074 0,0103

Moody’s Speculative 

Default Rate

0,0726 1,72E-04

S&P 500 Return -0,1392 2,88E-04

Diagnostics In-Smpl Out-Smpl In-Smpl Out-Smpl

Number of Observations 568 114 568 114

Log-Likelihood 1,72E-10 9,60E-08 1,72E-10 9,60E-08

Pseudo R-Squared 0,6997 0,6119 0,5822 0,4744

Hoshmer-Lemeshow 0,4115 0,3345 0,5204 0,3907

Area under ROC Curve 0,8936 0,7653 0,8983 0,7860

Kolmogorov-Smirnov 1,12E-07 4,89E-06 1,42E-07 6,87E-06

Table 3 of Jacobs & Karagozoglu (2010):Simultaneous Equation Modeling of Discounted Instrument and Obligor 
LGD: Full Information Maximum Likelihood Estimation (Moody’s URD 1985–2009)

Figure 5.1.6 – Regression model for ultimate LGD [Jacobs et al. (2012)]
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of loans that are downgraded, it may be the case that greater monitoring 

or the stipulation of more restrictive covenants implies a negative cor-

relation with PD. Typically, a borrower going into default will try to draw 

down on credit lines, as liquidity or alternative sources funding dry up. 

However, as either a borrower deteriorates or in downturn conditions, 

EAD risk may actually decrease, as banks either cut or more closely con-

trol lines of credit. In the case of traditional credit products, the strength 

of this relationship depends on factors such as loan size, redemption 

schedule, covenants, bank monitoring, borrower distress, or loan pricing.

In the case of unfunded commitments (for example, revolving credits or 

advised lines), EAD can be anywhere from 0% to 100% of line limit. In 

the case of term loans, EAD is typically just the face value. In order to 

The Capco Institute Journal of Financial Transformation
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Risk 

rating

Time-to-default (yrs) Total

1 2 3 4 5 >5

AAA-BBB 64.56% 65.26% 84.93% 92.86% 84.58% 0.00% 69.06%

BB 38.90% 42.13% 45.91% 43.91% 42.35% 0.00% 40.79%

B 41.51% 43.92% 42.60% 52.77% 49.94% 14.00% 42.66%

CCC-CC 32.97% 47.38% 54.80% 55.05% 55.30% 0.00% 36.85%

C 28.21% 9.71% 47.64% 25.67% 0.00% 0.00% 20.22%

Total 40.81% 44.89% 47.79% 54.00% 52.05% 14.00% 42.21%

Figure 5.2.2 – Average LEQs by rating and time-to-default [Jacobs (2011)]

Coeff. P-value

Utilization: Used Amount / Limit (%) -0.3508 2.53E-06

Total Commitment: Line Limit ($) 3.64E-05 0.0723

Undrawn: “Headroom” on line ($) 3.27E-05 7.42E-03

Time-to-Default (years) 0.0516 1.72E-05

Rating 1: BB (base = AAA-BBB) -0.1442 0.0426

Rating 2: B -0.0681 6.20E-03

Rating 3: CCC-CC -0.0735 1.03E-05

Rating 4: CCC -0.0502 2.08E-04

Leverage: L.T.Debt / M.V. Equity -0.0515 0.0714

Size: Book Value (logarithm) 0.1154 2.63E-03

Intangibility: Intangible / Total Assets 0.0600 0.0214

Liquidity: Current Cssets / Current Liabilities -0.0366 0.0251

Profitabilty: Net Income / Net Sales -6.59E-04 0.0230

Colllateral Rank: Higher -> Lower Quality 0.0306 3.07E-03

Debt Cushion: % Debt Below the Loan -0.2801 5.18E-06

Aggregate Speculative Grade Default Rate -0.9336 0.0635

Percent Bank Debt in the Capital Structure 0.2854 5.61E-06

Percent Secured Debt in the Capital Structure 0.1115 2.65E-03

Degrees of Freedom 455

Likelihood Ratio P-Value 7.48E-12

Pseudo R-Squared 0.2040

Spearman Rank Correlation 0.4670

MSE of Forecasted EAD 2.74E+15

Generalized Linear Model Multiple Regression Model for EAD Risk (LEQ Factor) - Moodys 

Rated Defaulted Revolvers (1985-2009)

Figure 5.2.3 – Regression model for LEQ [Jacobs (2011)]

Total line Total line

Revolver today Revolver at default

Usage

Usage

LEQ = 100%

LEQ = x/y

x

y

Loan equivalency factor for unfunded portion of revolver

Figure 5.2.1 – Graphical representation of the loan equivalency quotient

Figure 5.1.7 – Example of an LGD assignment system used by a bank
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Unsecured

No financial covenantsFinancial covenants/ratings trigger
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obtain collateral

Limited ability to 
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Ability to obtain 
collateral

X Y Z

Upgrades
•  Asset intensity.
•  Covenants and other terms that are usually strong.

Downgrades
•  Potential dilution (pension, asbestos or other contingent 

liabilities or other factors).
•  Unusually weak covenants or other credit terms.
•  Valuation shortfalls (the LGD should minimally match a 

conservative estimate of the valuation shortfall).

Obligors with substantial operations/assets/business located in 
jurisdictions that are:
•  Known and developed but with typically less creditor friendly 

insolvency regimes.
•  Marginally developed without heightened geo-political or 

sovereign risk.
•  Developing country with untested and challenging legal system 

and/or heightened geo-political and/or sovereign risks.

which is known as the phenomenon of wrong way exposure (WWE). The 

problem is that at the time when the lender has higher exposure, there 

is also more default risk. For example, consider a bank entering into a 

cross-FX swap with a weaker currency counterparty, where the counter-

party is more likely to default just when his currency weakens, and just 

when the swap is in the money to the bank. Another example is a bank 

that purchases credit protection through a credit default swap (CDS), and 

the insurer (or protection seller) is deteriorating at the same time as is the 

reference entity; then the bank is least likely to get paid on the CDS when 

it is most valuable. 

The situation is, in general, reversed for traditional loan products. Al-

though Basel II stipulates “margin of conservatism” for EAD, in the case 



62

quantify this, banks typically estimate a loan equivalency quotient (LEQ), 

defined as the fraction of unused drawn down in default over total current 

availability. This is depicted graphically in Figure 5.2.1, and mathemati-

cally we may write this as follows:

( ) ( )ttE ,
T,t,t t

f t
ttttttT,t,

t t

O -O
EAD = O +LEQ L -O O + | T L -O

L -O
=

XX X  (5.2.1)

Where in equation (5.2.1) at observation date t Ot is the outstanding (or 

drawn) amount, Lt is the line limit (legal or commitment), Xt is a vector of 

risk factors, T is horizon, τ is the random time of default, Et (• | τ ≤ T, Xt) 

is mathematical expectation based upon the time t information set and 

LEQf
Xt,t,T

 is the LEQ factor.

In Figure 5.2.2, we reproduce Table 5 from Jacobs (2010), a study similar 

to the JPMC Study [Araten, et al (2001)], wherein the author adds a few 

variables and compares alternative measures of EAD risk in addition to 

the LEQ factor. The table cross-tabulates observed LEQ factors by rating 

and time-to-default buckets for defaulted revolving credits in Moody’s 

MURD database, tracing exposures (i.e., drawn amounts and total com-

mitments) back from the time of default in financial filings (i.e., 10Q and 

10K reports). As shown in Figure 5.2.2, average LEQ factors decrease 

(increase) in worsening (longer) risk rating (time-to-default), from 69.1% 

to 20.2% for AAA-BBB/investment grade to C/junk grade, and 40.8% to 

52.1% from one to five years to default, respectively. 

In Figure 5.2.3, we reproduce Table 6 from Jacobs (2010), which is a 

generalized linear model (GLM) regression analysis of EAD risk. EAD 

risk is found to be increasing as the following increase: obligor’s time-

to-default; the loan undrawn or limit amount; the firm size; or the degree 

of intangibility of the firm’s balance sheet. On the other hand, EAD risk 

is found to be decreasing as the proportion of bank or secured debt 

in the capital structure increases. EAD risk is also decreasing in PD, as 

measured by worse obligor rating or higher aggregate default rate; firm 

leverage or profitability; and loan collateral quality or debt cushion. Some 

caveats include that the study only has defaults up to early 2009, that 

results are somewhat sensitive to the particular measure of EAD risk, and 

that r-squared is still low given the large number of variables and judg-

ment calls in reading financial statements.

The credit risk parameters for stress testing: PD
In ST, the PD risk parameter is the most common of the three that risk 

managers prefer to shock. PD varies for two principal reasons:

Obligors may be rated differently due to changes in risk factors that de-

termine the PD grade (for example, increased leverage, decreased cash-

flow).

Realized default rates, upon which PD estimates with respect to a given 

rating are based, may change ( for example, economic downturn leads 

to more defaults).

This gives rise to two design options for integration of PDs into ST, al-

tering either the assignment of ratings, or the associated PDs attached 

to ratings. Re-grading has the advantage that it admits the inclusion of 

transitions to non-performing loans. However, as varying PDs may cor-

respond to a rating change, in that procedure we have the advantage that 

upgrades are possible. 

There are certain best practice guidelines for risk modelers in ST that we 

can mention here with respect to PD. Possibilities of variance and sen-

sitivity of the input for the rating process should be investigated to get a 

first estimate. ST should incorporate expert opinion on rating methodolo-

gy in addition to analysis of hard reference data for transition and default. 

Altering PDs associated with ratings could originate in the variation of 

systematic risk drivers, an important theme in ST. A common approach is 

as a first step to estimate the volatility of PDs in ST of RC, with differential 

systematic and idiosyncratic risk on PD deviations as second step en-

hancement. An analysis of the transition structure for rating grades might 

also be used to determine PDs under stress conditions. An advantage 

(disadvantage) of modifying PDs via rating assignment is greater diversity 

Credit rating Comment Class
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AAA Aaa Highest quality

Investment grade
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CC

C

D

Caa
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D
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problems
Distressed

Agency ratings from S&P and Moody’s and credit quality descriptions

Figure 5.3.1 – Agency credit ratings and market segmentations
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of change type (absence of a modified assignment to performing and 

non-performing portfolios).

Credit rating agencies have a long history of providing estimates of firms’ 

creditworthiness, but historically this information has been difficult to ob-

tain. In general, agency ratings rank firms’ likelihood of default over the 

next five years. However, it is common to take average default rates by 

ratings as PD estimates. Figure 5.3.1 shows that agency ratings reflect 

market segmentations as used by practitioners in the fixed income or 

credit space (i.e., investment grade, high yield or distressed). 

Credit rating may be direct inputs into credit risk models, such as rating 

migration models (RMM) [Carey and Hrycay (2001), Israel et al. (2001)] 

(see Figure 5.3.2 for an example of a rating migration matrix). Alterna-

tive credit ratings may be derived from obligor information, as in either 

structural form models (SFM) [Kealhofer and Bohn (2001), Crosbie and 

Bohn (2002), Kealhofer (2003)]; or reduced form models (RFM) [Jarrow 

et al. (1997)]. 

In any approach, we do not want our estimates to reflect things out of 

the control of the obligor (for example, a transfer and conversion event 

for country freezes of outflows). An example of how collateral matters 

here is when AIG tripped covenants, then subsequently received a gov-

ernment loan that enabled it to post collateral and thus avoid default. 

One can question, from a modeling perspective, if this is really a default 

or not, as on its own AIG would have been in default. Hence one could 

view the loan as a support that mitigated LGD and not account for this 

in the PD model. This principle is reflected in Basel II guidance, which 

stipulates that in assigning PD ratings, banks should not account for im-

plied government support, especially for systemically important financial 

institutions.

As in the case of LGD, in PD modeling default definitions are critical. 

There are the rating definitions, ranging from bankruptcy (narrower) to 

distressed renegotiation of debt (broader), and lower to higher PD esti-

mates, respectively. Banks have their internal definitions, such as recog-

nition of a loss, certain period past due (for example, 90 days for whole-

sale) or the determination that the borrower is unlikely to pay. Then there 

are the particular Basel definitions, which while in general correspond to 

the rating agency or internal bank definitions, are particular to the na-

tional supervisor. 

Migration matrices summarize the average rates of transition between 

rating categories. In Figure 5.3.2 we present an example of the Moody’s 

migration matrices, whole ratings for the period 1970-2010, and for hori-

zons of one and five years in the top and bottom panels respectively. The 

default rates (DR) in the final column are often taken as PD estimates for 

obligor rated similarly to the agency ratings. Note that DRs are increasing 

for worse ratings and also as the time horizon increases. 

In point-in-time (PIT) rating systems, PDs reflect the obligor’s current sit-

uation, as obligors are quickly re-graded. This implies that observed DRs 
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Panel 1: One-year average rates

From/to: AA AA A BBB BB B CCC CC-C WR Default rates

AA 87,395% 8,626% 0,602% 0,010% 0,027% 0,002% 0,002% 0,000% 3,336% 0,000%

AA 0,971% 85,616% 7,966% 0,359% 0,045% 0,018% 0,008% 0,001% 4,996% 0,020%

A 0,062% 2,689% 86,763% 5,271% 0,488% 0,109% 0,032% 0,004% 4,528% 0,054%

BBB 0,043% 0,184% 4,525% 84,517% 4,112% 0,775% 0,173% 0,019% 5,475% 0,176%

BB 0,008% 0,056% 0,370% 5,644% 75,759% 7,239% 0,533% 0,080% 9,208% 1,104%

B 0,010% 0,034% 0,126% 0,338% 4,762% 73,524% 5,767% 0,665% 10,544% 4,230%

CCC 0,000% 0,021% 0,021% 0,142% 0,463% 8,263% 60,088% 4,104% 12,176% 14,721%

CC-C 0,000% 0,000% 0,000% 0,000% 0,324% 2,374% 8,880% 36,270% 16,701% 35,451%

Panel 2: Five-year average rates

From/to: AA AA A BBB BB B CCC CC-C WR Default rates

AA 54,130% 24,062% 5,209% 0,357% 0,253% 0,038% 0,038% 0,000% 15,832% 0,081%

AA 3,243% 50,038% 21,225% 3,220% 0,521% 0,150% 0,030% 0,012% 21,374% 0,186%

A 0,202% 8,545% 52,504% 14,337% 2,617% 0,831% 0,143% 0,023% 20,247% 0,551%

BBB 0,231% 1,132% 13,513% 46,508% 8,794% 2,827% 0,517% 0,083% 24,763% 1,631%

BB 0,043% 0,181% 2,325% 12,105% 26,621% 10,741% 1,286% 0,129% 38,668% 7,900%

B 0,038% 0,062% 0,295% 1,828% 6,931% 22,064% 4,665% 0,677% 43,918% 19,523%

CCC 0,000% 0,000% 0,028% 0,759% 2,065% 7,138% 8,234% 1,034% 44,365% 36,378%

CC-C 0,000% 0,000% 0,000% 0,000% 0,208% 2,033% 1,940% 2,633% 44,352% 48,833%

* Source: Moody’s Investor Service, Default Report: Corporate Default and Recovery Rates (1920-2010), 17 Mar 2011 

Figure 5.3.2 – Moody’s ratings migration matrices
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by rating should be the same (or at least very stable) across the cycle. Ex-

amples of this are SFMs or RFMs, which take into account current obligor 

and macroeconomic factors, vended examples of which include Moody’s 

CreditEdgeTM [Kealhofer et al. (1998)] or Kamakura’s Default Probabilities 

(KDPTM). There are also internal bank models which have PIT character-

istics, such as credit scoring models used in retail. 

On the other hand, through-the-cycle (TTC) ratings are stable across the 

cycle, which implies that DRs per rating category fluctuate. Rating agency 

systems are an example of a TTC framework. Most banks’ internal rating 

systems lie somewhere in the middle of the PIT to TTC spectrum, termed 

“hybrid” [Carey and Treacy (2000), Araten et al. (2004a)]. An example of 

a compromise between a PIT and TTC system employed by many banks 

is a credit rating scorecard system. These are popular because they can 

incorporate varying degrees of internal data availability (especially for low 

default portfolios), and also blend in expert judgment through qualitative 

factors and overrides to the quantitative output. Similar to rating agency 

systems, rating scorecards usually produce an implied rating, which is 

then mapped to a PD estimate from either internal performance or ex-

ternal benchmarks.

In Figures 5.3.3 and 5.3.4, we show the time series Moody’s average an-

nual issuer weighted investment grade default rates for the period 1982 

to 2011. We note that default rates tend to rise in downturns and are 

higher for speculative than investment grade ratings in most years. In-

vestment grade default rates are very volatile and zero in many years, 

with an extremely skewed distribution. These empirical regularities are 

also reflected in the corresponding probability distributions illustrated in 

Figures 5.3.5 and 5.3.6, as well as the summary statistics in Figures 5.3.7 

and 5.3.8.

Moody's average annual issuer weighted corporate default rates by year: 
investment grade
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Figure 5.3.3 – Investment grade default rates over time

Moody's average annual issuer weighted corporate default rates 
by year: speculative grade
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Figure 5.3.4 – Speculative grade default rates over time
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Figure 5.3.5 – Moody’s average annual issuer weighted investment grade 
default rates - probability distribution (1982-2011)
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Figure 5.3.6 – Moody’s average annual issuer weighted speculative grade 
default rates - probability distribution (1982-2011)



65

PD estimation for credit ST models: Kamakura public firm 
model 
The Kamakura public firm model (KPFM) is a competitor to the well-

known Moody’s CreditEdgeTM model (formerly known as the Moody’s 

KMV model), the latter being an SFM based upon the Merton (1974) ap-

proach to credit risk. The background is developed in the book by van 

Deventer et al. (2004) and the academic paper by Chava and Jarrow 

(2004). The estimation methodology, logistic regression, is based upon 

Hosmer and Lemeshow (2000). 

The basis of the model is the Kamakura default probability (KDP), an esti-

mate of PD, which allows for different explanatory variables or regression 

coefficients for different horizons to default. This vendor in fact provides a 

suite of PD models (SFM, RFM, and “hybrid”), all based upon logistic re-

gression techniques. Similar to credit scoring models in retail, Kamakura 

directly estimates PD using historical data on defaults and observable 

explanatory variables. 

As documented by Kamakura, the logistic function is of the form:
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(5.3.1.1)

Where we define the following notation: 

■■ Yi,t+τ: the default indicator for company i at time t and default horizon τ

■■ Xτ
i,t

: a vector of explanatory variables

■■ (aτ, bτ
j
)T: a vector of coefficient estimates

The “leading” Jarrow-Chava model is estimated based upon reference 

data spanning the period 1990-2010 and constitutes all listed compa-

nies in North America, in total 1,764,230 firm-month observations (i.e., a 

monthly snapshot of a company), and 2,064 eventually defaulted com-

panies. 

Variables included in the final model are:

■■ Accounting: net income, cash, total assets and liabilities, number of 

shares.

■■ Macroeconomic: one month LIBOR, VIX Volatility Index, MIT CRE 

Index, 10-year Treasury Bond Yield, GDP, the unemployment rate and 

oil prices.

■■ Three stock price-related variables: firm and market indices, firm 

percentile rank.

■■ Two other variables: dummies for industry sector and month of the 

year.

Figure 5.3.1.1 shows the area under the receiver operating curve (AU-

ROC) for different KDP models. This measures the rank ordering power 

of the models to distinguish default risk at different horizons. Results are 

decent by industry standards, with the leading RFM dominating the SFM. 

Figure 5.3.1.2 compares predicted PDs versus actual default rates for the 

leading RFM KDP model, a measure of the accuracy of models. KDPs are 

broadly consistent with history and the RFM performs better than SFM. 

There are some issues and supervisory concerns with Kamakura worth 

mentioning. These include overfitting (“kitchen sink” modeling) and con-

cerns about out-sample-performance.

PD estimation for credit models: Bayesian model
Jacobs and Kiefer (2010) estimate three models for PD in a Bayesian 

framework. These are: 

■■ Binomial Model (BM) – rating agency frequentist estimator. 

■■ Asymptotic Single Risk Factor (ASRF) Model – Basel II model for 

conditional PD.

■■ Generalized Linear Mixed Model (GLLM) – three-parameter extension 

of the ASRF model.

The authors combine default rates for Moody’s Ba rated credits 1999-

2009 in conjunction with an expert elicited prior distribution for PD. They 

demonstrate the coherent incorporation of expert information (i.e., for-

mal elicitation and fitting of a prior) with limited data, and argue that this 

is in line with supervisory validation expectations for modeling PDs, es-

pecially in cases of portfolios having limited default history. A secondary 

advantage of this approach is access to efficient computational meth-

ods, such as Markov Chain Monte Carlo (MCMC), that make possible 

the estimation of more elaborate models, such as the GLLM. Evidence 

is presented that expert information can result in a reasonable posterior 
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Aaa Aa A Baa All inv. grade 

Mean 0,000 0,040 0,049 0,206 0,093

Median 0,000 0,000 0,000 0,000 0,000

St Dev 0,000 0,152 0,109 0,320 0,142

Min 0,000 0,000 0,000 0,000 0,000

Max 0,000 0,618 0,456 1,096 0,461

* Data in percent

Figure 5.3.7 – Moody’s average annual issuer weighted investment grade 
default rates – summary statistics (1982-2011)

Ba B Caa-C All spec. grade 

Mean 1,253 5,281 24,022 4,710

Median 1,002 4,555 20,000 3,595

St Dev 1,198 3,883 19,772 2,976

Min 0,000 0,000 0,000 0,959

Max 4,892 15,470 100,000 13,137

* Data in percent

Figure 5.3.8 – Moody’s average annual issuer weighted investment grade 
default rates – summary statistics (1982-2011)
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distribution of the PD given limited data information. The main findings 

are that the Basel II asset value correlations may be misspecified (i.e., 

set too high), and that the systematic factor may be positively autocor-

related, albeit mildly.

In Figure 5.3.2.1, we show the prior distribution for the default rate, ob-

tained by asking a middle market portfolio what are likely quantiles for the 

DR (for example, minimum, median, maximum, 25th and 75th percentile, 

etc.), and smoothing this using a maximum entropy (ME) technique. The 

reference hard (or non-expert based) data for the Bayesian estimation is 

the Moody’s Ba bond default rate for the period 1999-2009, which aver-

ages 0.9%. The prior distributions of correlation (rho) is a diffuse beta 

distribution centered at the typical Basel II value of 20%, and the prior 

on the autoregressive parameter for the systematic factor (tau) is uniform 

centered at 0%. The estimation results and the posterior distributions are 

shown in Figures 5.3.2.2 and 5.3.2.3, respectively. The posterior mean 

of PD is 1%, with a 95% credible interval of (0.7%, 1.4%). The posterior 

mean of rho is 8.2%, with a 95% credible interval of (4%, 13%), which is 

lower than the Basel II value. The posterior mean of tau is 16.2%, with a 

95% credible interval of (-.01%, 29.2%).

The credit risk parameters for stress testing: 
correlations
Correlations of creditworthiness between counterparties are critical to 

credit risk models, but hard to estimate, and ST or risk estimate results 

are often sensitive to them. The first source of correlation is the state of 

the economy, but the timing of the rise in default rates varies by industry 

and geography. This also depends upon the degree to which firms are 

diversified across activities, which is often proxied for by size. Hence, it 

has been argued that larger firms are less correlated. 

Another consideration is credit contagion: apart from the broader econ-

omy, default itself implies more defaults through interdependencies 

amongst firms, which can in turn worsen the economy. In other words, 

this is the phenomenon that suggests it is not only the general econ-

omy that makes firms default, but a second order feedback effect (for 

example, in the subprime crisis, defaults led to a supply overhang and 

a negative wealth effect, which in turn depressed economic conditions 

further and led to more defaults). Thirdly, the time horizon over which cor-

relations are measured matters. It is known that shorter (longer) windows 

can imply little (much) measured dependence between sectors. For ex-

ample, high frequency equity prices (i.e., daily or weekly) can show small 

correlations between cyclical and defensive industries, but longer term 

(i.e., quarterly or annual) data can show a high degree of dependence. 

This requires an analysis of the sensitivity of ST to the estimation horizon. 

Another issue that needs to be considered here is the data sources used 

to derive correlations (i.e., credit losses, equity returns, or CDS spreads). 

One may use various types of data having sufficient history, but beware 
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Figure 5.3.2.1 – Expert elicited prior distribution on DR [Jacobs and Kiefer 
(2010)]

Figure 5.3.1.1 – Areas under the receiver operating curve by time horizon 
for the Kamakura KDP models

Kamakura Risk Information Services, version 5.0
ROC Accuracy Ratio by Model for 120 months forward,
conditional on survival to Month N-1

KDP-JM5 Jarrow-Merton Hybrid

KDP-MS5 Merton Logistic Model

KDP-JC5 Jarrow-Chava Version 5.0

KDP-JC4 Jarrow-Chava Version 4.0

KDP-MS4 Merton Structural Model

Months forward
R

O
C

 a
cc

ur
ac

y 
ra

tio

Figure 5.3.1.2 – Average versus model PDs for the Kamakura KDP models

Kamakura Risk Information Services
Actual versus expected public firm defaults, 1990-2008
KDP-JC5, Jarrow-Chava Version 5

Actual number of defaults

Jarrow-Chava Verison 5

N
um

b
er

 o
f 

d
ef

au
lts



67

consistent with a decrease in asset volatility (i.e., as equity is a call option 

on asset value) and the beta of the stock (which ceteris paribus implies 

lower asset-value correlation). Indeed, Gordy and Heitfield (2002) provide 

empirical evidence for this. 

PD, LGD and EAD variations might not be sufficient in ST design, as we 

may need parameters modeling portfolio effects (i.e., correlations) be-

tween the loans or the common dependence on risk drivers. Analyses of 

historical credit risk crises reveal that correlations and risk concentration 

exhibit huge deviations in these episodes. This is the basis for widely 

used portfolio models (for example, CreditMetrics) used by banks for es-

timating the credit VaR, provided by factor models to prevent systematic 

risk affecting the loans. In such models it makes sense to stress strength 

of the factor dependence and their variations in ST with portfolio models. 

Jacobs et al. (2013), while not directly related to credit or default, illustrate 
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[Jacobs et al. (2013)]
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E(θ|R) σθ 95% 

Credible 

Interval

E(ρ|R) σρ 95% Credible 

Interval

E(τ|R) στ 95% Credible 

Interval

Acceptance 

Rate

Stressed 

Regulatory 

Capital (θ)1

Minimum 

Regulatory 

Capital2

Stressed 

Regulatory 

Capital Markup

1 Parameter Model 0,010 0,002 (0.00662, 

0.0134)

0,245 6,53% 5,29% 23,49%

2 Parameter Model 0,011 0,002 (0.00732, 

0.0140)

0,077 0,019 (0.0435, 0.119) 0,228 6,72% 5,55% 21,06%

3 Parameter Model 0,010 0,002 (0.0069, 

0.0139)

0,081 0,019 (0.043, 0.132) 0,162 0,073 (-0.006, 0.293) 0,239 6,69% 5,38% 24,52%

Markov Chain Monte Carlo Estimation: 1 ,2 and 3 Parameter Models Default (Moody’s Ba Rated Default Rates 1999-2009) 

1 - Using the 95th percentile of the posterior distribution of PD, an LGD of 40%, and asset value correlation of 20% and unit EAD in the supervisory formula

2 - The same as the above but using the mean of the posterior distribution of PD

Figure 5.3.2.2: Parameter estimates from Bayesian PD models [Jacobs and Kiefer (2010)]

of structural changes and time variation, such as the cyclicality phenom-

enon wherein correlation tends to increase in downturns. 

Some credit models have asset correlation decrease in PD (for exam-

ple, Basel II IRB), but there is weak evidence for this, and in fact this is 

not intuitive without identifying the economic logic for the relationship. 

For example, in the SFM framework for credit risk, an increase in firm’s 

leverage and hence PD implies a decreased value of equity, which is 

Figure 5.3.2.3 – Posterior distribution from Bayesian PD models [Jacobs 
and Kiefer (2010)]

Markov Chain Monte Carlo posterior density: probability of default 
(3-parameter model)

Markov Chain Monte Carlo posterior density: asset value correlation 
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Markov Chain Monte Carlo posterior density: autocorrelation in systematic 
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important facts about correlations. Figure 5.4.1 shows that correlations 

are time-varying and can differ according to time horizon. Estimates over 

longer moving windows are smoother overall, but shorter window esti-

mates can look to be zero over shorter time periods. Correlations can 

go from very negative to very positive from one time period to another, 

suggesting structural breaks. Different sectors can have very different 

average correlation to the broader market, which has implication for the 

limits of diversification. Figure 5.4.2 shows how correlations amongst dif-

ferent sectors’ indices can vary widely. 

We conclude this section by showing a hypothetical example of the effect 

on Basel II regulatory capital for credit risk of stressing the credit correla-

tion parameter in Figure 5.4.3. In the base case PD = 1%, LGD = 40% 

and unitary EAD = 1, resulting in an EL = 0.6%. Regulatory credit at the 

99.9th percentile varies from 6.1%, to 8.0% and finally to 9.7% as we in-

crease correlation from 10%, to 15% and finally to 20%, respectively. So 

a doubling of correlation increases capital by about 50%, which is very 

material, especially since correlation could lie anywhere in that range. 

The credit risk parameters for stress testing: conclusion
Some advanced models for estimating economic capital might even 

require more information (for example, economic conditions) than is 

contained in the basic credit risk parameters PD, LGD and EAD. Many 

portfolio models consider loan default and also value changes using 

migration rates, which can be stressed as well. ST of risk parameters 

may be conducted for sub-portfolios, and the strength of the parameter 

modification might vary in these. Such approaches are useful to model 

different sensitivities of parts of the portfolio to risk relevant influences or 

to study the vulnerability of certain (important) sub-portfolios. They can 

be particularly interesting for investigations of EC with the help of port-

folio models. Parameter changes for parts of the portfolio need not have 

a smaller impact than analogous variations for the whole portfolio due to 

effects of concentration risk or diversification. 

Interpretation of stress test results
As ST should be a component of the ICAAP, this requires an understand-

ing of how to utilize outputs to measure and manage portfolio credit risk. 

The starting point for this should be the RC or EC as outputs of the un-

derlying ST. This is followed by determining if the bank has enough capi-

tal to absorb the stress requirements. ST should be deployed in evaluat-

ing tools (limits, buffers, and policies) in place to guarantee the bank’s 

solvency in such cases. Since these tools might be applicable at different 

portfolio levels (for example, limits for sub-portfolios, countries, obligors) 

they should be checked in detail. The ST concept would be incomplete 

without knowing when action has to be considered as a result of the 

outcome of tests.

ST indicators and thresholds are typically introduced to:

■■ Inform management about potential critical developments.

■■ Develop guidelines for new business to avoid extension of existing risk.

■■ Reduce risk for the portfolio through securitization and syndication.

■■ Readjust an existing limit management system and credit capital 

buffers.

■■ Re-think the risk policy and risk tolerance.

■■ Determine indicators for what the “call to action” could be.
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Figure 5.4.2 Estimated long-run correlations amongst assets [Jacobs et al. (2013)]
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■■ Set a multiplier or threshold for an increase of EL, UL, or ES at which 

point EC is questioned.

■■ Assign a solvency ratio of capital and capital requirements under a 

threshold.

■■ Assign a solvency level for meeting the EC requirements under stress.

■■ Estimate a quantile of stress loss not observed historically.

■■ Stress if EL overlaps the standard risk costs by a specified factor or 

gets too close to the UL for the unstressed portfolio.

■■ Test if the risk/return trade-off ratio measured in UL lies above a speci-

fied threshold.

The interpretation of ST in relation to EC estimates can easily lead to in-

action if estimated on the basis of VaR having high confidence levels. Es-

timating EC by high quantiles of loss is motivated by the desire to avoid 

solvency, which ensures holding enough available capital except in very 

rare or hypothetical events as simulated by ST. Using large confidence 

levels for estimating EC makes it possible to compare the capital require-

ments under different conditions, but the resulting VaR should not ques-

tion solvency. In fact, one should consider the use of adapted confidence 

levels for ST, or rethink the suitability of high confidence levels for VaR, in 

order to assure some level of comparability. One can see the probability 

of occurrence or the plausibility of a ST as a related problem. 

A typology of stress tests
While supervisors require banks to perform ST on RC and EC, such dif-

ferentiation is not essential, but mainly technical, as inputs to these two 

forms of capital might be quite different. A technical reason for this divi-

sion of ST stems from different regulatory capital calculations for perform-

ing versus non-performing loans. If a performing loan gets downgraded 

but remains a performing loan, the estimation of EC involves updated PD 

risk parameters. However, if a performing loan gets downgraded to non-

performing, provisions have to be estimated involving the net exposures 

calculated with the LGD, and if such a loan deteriorates the provisions 

have to be increased on the basis of an increased LGD. 

ST can be performed by re-rating or by adjusting PDs. The former can 

accommodate transition of performing to nonperforming. This can de-

pend on economic states and is applied to the portfolio after stressing 

the PDs. We need to consider methodologies for determining magnitude 

of default provision – typically given by EAD times LGD.

Market risk practice suggests ways to categorize ST, the most important 

of which is methodology, statistically or model based, with respect to 

conceptual design of sensitivity versus scenario analysis. While the lat-

ter is based upon hypothetical levels or changes in economic variables, 
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Figure 5.4.3 – Correlation estimation for credit risk models – sensitivity analysis
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sensitivity analysis (SEA) is statistically founded. The common basis for 

all these specifications is the elementary requirement for ST to perturb 

the risk parameters. These can be the basic credit risk parameters (EAD, 

LGD, PD), as mentioned previously with respect to RC. However, these 

can also be parameters in a portfolio model, such as asset value cor-

relations or dependencies amongst systematic risk drivers. The easiest 

way to perform ST is a direct modification of the risk parameters and 

belongs to the class of SEA. In uniform ST, risk parameters are increased 

simultaneously and then we study the impact on the portfolio values. 

This depends on statistical analysis or expert opinion, is not linked to any 

event or context and is applicable for all loans without respect to indi-

vidual properties. Popular implementations are flat ST for PDs, where the 

increase of the default rates is derived from transition rates between the 

rating grades. The advantage of these is the ability to perform simultane-

ously at different financial institutions and aggregate results to check a 

system’s financial stability. This is done by several central banks to check 

the space and buffer for capital requirements, but it does not help for 

portfolio and risk management. 

On the other hand, model-based ST incorporates observable risk drivers. 

This relies on the existence of a model, mainly econometric, that explains 

the variations of the risk parameters by changes in such risk factors.

We may also distinguish univariate from multivariate ST, which can be 

seen as a refinement of those tests previously described. Note that risk 

factors can have quite varied effects on risk parameters throughout a 

portfolio (for example, up- or downgrades). In univariate ST we can study 

specific and relevant impacts having the benefit of isolating the influ-

ence of important quantities. Consequently these can be used to identify 

weaknesses in portfolio structure, and are a kind of SEA in terms of risk 

factors as opposed to parameters. A disadvantage of this is possible 

underestimation of risk by neglecting potential effects resulting from pos-

sible correlations of risk factors. Multivariate ST avoids this problem at 

the potential price of model risk when describing the correlation of the 

risk factors. 

Scenario analysis (SCA) is commonly defined as hypothetical, historical 

and statistically determined scenarios which determine stress values of 

risk factors used to evaluate stress values for the risk parameters. We 

distinguish bottom-up (BU) versus top-down (TD) approaches to SCA. 

BU tends to identify the dependence on risk factors as starting points; 

hence scenarios are chosen which involve risk factors having the largest 

impact. TD starts with a chosen scenario (for example, historical events) 

and analyzes the impact of this on the portfolio, in order to identify those 

tests which cause the most dramatic and relevant changes. Extreme 

joint realizations of risk factors which were observed in the past histori-

cal events/crises are transferred to the current situation and portfolio. A 

disadvantage of this is that transferred values may no longer be realistic 

and it is generally not possible to specify the probability of the scenario. 

Statistically determined scenarios might depend on historical data based 

on the (joint) statistical distribution of risk factors, and scenarios might be 

specified by quantiles of such distributions. While it is challenging to find 

suitable joint distributions, this has the advantage that it tells us the prob-

ability of a scenario occurring. The existence of such probabilities allows 

the calculation of unexpected extreme losses which can be used for EC. 

To be useful for risk management it is crucial to generate a suitable risk 

factor distribution which is compatible with the current or expected state 

of economy and not over-reliant on historical data.

Finally, there are hypothetical scenarios (HYS) of possible rare, but never 

observed, events that might have a big impact on the portfolio. A crucial 

point is the effect on the risk factors – it may be necessary to have a mac-

ro-economic model of the dependence of the risk parameters. If such 

a model is not part of the input for determining the stress risk param-

eters, there are several steps required for macroeconomic driven ST. It is 

necessary to model the dependence of the risk parameters on factors. 

We must choose values of risk factors representative of stress events. 

Since this is intended to reproduce dependency structures between risk 

factors and stress events, we may need intricate methods of estimation 

and validation. In summary, a disadvantage of HYS is the potential need 

to specify probability distributions for events not in our reference data 

sets. However, a major advantage is the construction of forward-looking 

scenarios based upon current conditions which do not necessarily reflect 

historical events. Thus, HYS present interesting supplements to VaR-

based analysis of portfolio credit risk and are a worthwhile tool for port-

folio management. The use of risk factors, as in the multivariate scenario 

analysis, has the additional advantage of allowing common ST for other 

risk types other than credit (for example, market, liquidity or operational). 

Here, it is necessary to consider factors that influence several forms of 

risk or scenarios.

Procedures for conducting stress tests
ST procedures: uniform SEA
One may analyze default rate (DR) data from either internal or exter-

nal ratings to assess deviations from expected PDs. For example, add 

a standard deviation of DR to the mean, or use a high quantile from a 

posterior distribution of PD. One can develop stressed rating migra-

tions (for example, increase/decrease downgrade/upgrade rates) and 

derive stressed rating grades. It is also feasible to investigate the effect 

of changing rating inputs (for example, leverage ratios) upon the final 

ratings. LGDs may be stressed analogously to PDs, looking at historical 

distributions, risk factors/regrading if there is a model, but we would ex-

pect expert judgment to play a larger role. EAD is much more problematic 

and is usually not done. Correlations are most likely shocked purely by 

expert judgment. 
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ST procedures: risk factor SEA
This is crucial for the task of identifying suitable risk factors and building 

a robust macroeconomic model for risk parameter dependence. Possible 

portfolio specific candidates include: interest, inflation, FX rates, equity 

indices, credit spreads, exchange rates, GDP, oil prices, or credit losses. 

Typically an econometric model links the risk parameters and factors 

with the challenge of determining restrictions to the latter. Discovering 

which risk factors have the biggest impact on portfolio risk is a target 

and benefit of such SEA. In this process, the impact on risk parameters 

is calculated with the statistical model and modified values are used in 

evaluating capital requirements. This could also be used to verify uni-

form ST by justifying the range of parameter changes implemented in 

the flat stress tests. One can further pre-select scenarios, which means 

only considering those historical or hypothetical scenarios involving risk 

factors showing large effects. 

ST procedures: historical scenarios (HIS)
HIS involves transferring the values or changes of risk factors from his-

torical events to the current situation, which is usually straightforward. 

Though the risk management implication is a backward looking ap-

proach, there are good reasons to use it. One may entertain interest-

ing HIS, which certainly would not have been considered by looking at 

reference data sets, since they happened by accident. Examples include 

the coincidence of the failure of LTCM and the Russian default or the 

1994 global bond price crash. It can be assumed such events would 

rarely contribute to VaR at the time of occurrence due to their extremely 

low probability. This can be used to check the validity of the uniform ST 

and SA and helps when designing hypothetical scenarios. This offers a 

unique possibility to learn about the joint occurrence of major changes to 

risk factors and the interaction of several risk types

ST procedures: statistical scenarios (SS)
A special role is played by the SS based on risk factor distributions. 

These are not directly related to other types of SA. While it is not too diffi-

cult for isolated common risks to generate such distributions on the basis 

of historical data, a situation involving several factors can be far more 

intricate. Nevertheless, distributions generated from historical data might 

not be sufficient, so it may be better to use distributions conditioned to 

the current environment. If expected losses conditioned to a quantile are 

evaluated in order to interpret them as UL and treated as economic EC 

requirements, then the risk factor distribution should also be conditioned 

to the given (economic) situation. 

ST procedures: hypothetical scenarios (HYS)
HYS is the most advanced means of ST in risk management, combining 

experience of analyzing risk events, expert opinion, economic conditions, 

and statistical analysis. Implementation of HYS is analogous to historical 

scenarios except for the choice of values for the risk factors. These can 

be based on historical data or expert opinion might also be used. The 

choice of scenarios should reflect the focus of the portfolio for which 

the ST is conducted and should have the most vulnerable parts of it as 

the target. HYS have the additional advantage that they can incorporate 

recent developments, events, news, and prospects. Note that scenarios 

involving market parameters such as interest rates are well suited for 

combinations with ST on market and liquidity risk.

Empirical methodology: a simple ST example
We present an illustration of one possible approach to ST, which may be 

feasible in a typical credit portfolio. We calculate the risk of this portfolio 

in the CreditMetrics model, which has the following inputs:

■■ Correlation matrix of asset returns.

■■ Rating transition matrix and PDs.

■■ Credit risk parameters LGD and EAD.

■■ Term structure of interest rates.

In order to implement this methodology, we calculate a correlation matrix 

from daily logarithmic bond returns. The daily bond indices are sourced 

from Bank of America-Merrill Lynch in the Datastream database. This 

covers the period 1/2/97 to 12/19/11, and includes all US domiciled in-

dustrial companies, in four rating classes (Baa-A, Ba, B and C-CCC). 

These are shown in Figures 9.1 and 9.2, time series and summary statis-

tics, respectively. Note that higher rated bonds actually return and vary 

more than lower rated bonds, but the coefficient of variation (CV) is U-

shaped. The highest correlations are between adjacent ratings at the high 

and low end. Note also that some of the correlations are lower, and oth-

ers somewhat higher, than the Basel II prescriptions.

Lo
g

ar
ith

m
ic

 r
et

ur
ns

Bond.US.Corp.Baa-A Bond.US.Corp.Ba

Bond.US.Corp.B  Bond.US.Corp.C‐Caa

Bank of America ‐ Merrill Lynch US industrial bond indices
(Source: Datastream)

0.08

0.03

-0.02

-0.07

-0.12

Figure 9.1 – Bond return index return – time series
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US industrial annual default rates 
(Moody's Default Rate Service Database 1980-2010)
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Figure 9.4 – Default rate data – time series

Sector Rating Mean Median Standard 

deviation

Coefficient of 

variation

Minimum Maximum Correlations

Portfolio 1 - 

Industrials

Aa-Aaa 0,038% 0,027% 0,717% 18,99 -12,398% 11,654% 100,00% 36,07% 8,84% 8,26%

Baa-A 0,043% 0,033% 0,525% 12,11 -11,540% 7,437% 100,00% 8,68% 16,46%

B-Ba 0,037% 0,042% 0,531% 14,27 -6,086% 10,890% 100,00% 78,83%

C-Caa 0,019% 0,043% 0,448% 23,12 -4,728% 8,375% 100,00%

Bank Of America Merrill Lynch United States bond indices logarithmic daily returns 1/2/97 to 12/19/11 (Source: Datastream)

Figure 9.2 – Bond return index return – summary statistics and correlations

Baa-A Ba B Caa-C Default

Baa-A 97,94% 1,62% 0,36% 0,04% 0,04%

Ba 1,29% 87,23% 9,52% 0,62% 1,34%

B 0,13% 5,11% 83,82% 5,25% 5,69%

Caa-C 0,23% 1,44% 8,10% 68,34% 21,89%

Through-the-cycle annual transition matrix: US domiciled industrial obligors (Moody’s DRS 

1980-2011)

Figure 9.3 – Moody’s credit rating migration matrix

Rating Mean Median Standard 

deviation

Coefficient of 

variation

Minimum Maximum Correlations

Baa-A 0,093% 0,000% 0,214% 2,30 0,000% 1,293% 100,00% 15,88% 10,73% 13,90%

Ba 1,134% 0,725% 1,326% 1,17 0,000% 6,746% 100,00% 70,88% 55,35%

B 6,165% 5,233% 5,712% 0,93 0,000% 33,065% 100,00% 39,81%

Caa-C 31,188% 20,000% 29,144% 0,93 0,000% 100,000% 100,00%

Through-the-cycle default rates: US domiciled industrial obligors (Moody’s DRS 1980-2011)

Figure 9.5 – Default rate data – summary statistics

A rating transition matrix amongst the rating classes is sourced from 

Moody’s DRS, shown in Figure 9.3. We collapse the best ratings due to 

paucity of defaults. Note that as ratings worsen, DRs increase exponen-

tially, and the diagonals shrink, which is indicative of both higher default 

risk and greater volatility of ratings for inferior credits. Correlations are 

also higher between adjacent than more separated ratings. In Figure 9.4, 

we show the time series of these default rates, in which the cyclicality 

of DRs is evident. In Figure 9.5, we show the summary statistics of the 

DRs, where we note the high variability relative to the mean of these as 

ratings worsen. 

In order to compute stressed risk, we build regression models for DRs 

in the rating classes, and stress values of the independent variables to 

compute stressed PDs. The remainder of the correlation matrix is res-

caled so that it is still valid, and this is inputted in the CreditMetrics al-

gorithm. 

A search through a large set of variables available on WRDS yielded final 

explanatory variables that we choose for our model. These variables are 

all significantly correlated to the Moody’s DR and we summarize these 

variables in Figure 9.6. In Figure 9.7, we show the VIX measure of volatil-

ity or fear in the equity markets, and the C&I charge-off rate, the latter 

being a credit cycle variable found to work well. Figure 9.8 shows the 

four Fama-French pricing indices (returns on small stocks, value stocks, 

broad index, and a momentum strategy), which are also found to be good 

predictors of DR. Finally, for the factors, in Figure 9.9 we plot the year-

over year changes in GDP, oil prices and CPI Inflation, which are all macro 

factors found to be predictive of DRs as well.
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Figure 9.10 shows the regression results. All models are highly significant 

(estimates are statistically significant across ratings, at least the 5% level) 

and signs on coefficient estimates are all economically sensible. 

In the regression results the five FF equity market factors indicate that 

default rates are lower if broad market, small, or value stocks are doing 

better and with higher momentum. Higher market volatility, interest rates, 

charge-offs, or oil prices increase DRs. DRs are lower if GDP growth or 

inflation rates are increasing. Magnitude of coefficients varies across rat-

ings, generally greater and more precisely estimated for lower ratings. 

Figure 9.11 tabulates the results of the ST for various hypothetical sce-

narios for our hypothetical portfolio of four bonds. In the base case, ex-

pected loss is a normalized 2.63% (i.e., EAD is 1), with CreditMetrics EC 

of 7.17% and Basel II IRB RC of 9.3%. Note that over most scenarios, RC 

is bigger, but there are important exceptions in that generally economic 

VIX volatility index and C&I charge-off rates
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Figure 9.7 – VIX and C&I charge-off rate – time series

Macroeconomic indicators: GDP, CPI and oil prices annual changes
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Figure 9.9 – GDP, CPI and oil prices – time series
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Figure 9.8 – Fama-French factors – time series
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Variable Mean Median Standard 
deviation

Coefficient 
of variation

Minimum Maximum Correlations

VIX 
volatility 

index

Fama-
French 

size

Fama-
French 
value

Fama-
French 
market

Fama-
French 

risk-free 
rate

Fama-
French 

momentum

C&I 
charge-off 

rates

GDP - level GDP - 
annual 
change

CPI - 
annual 
change

Oil price 
- annual 
change

VIX volatility index 2,39% 2,18% 1,12% 46,73% 1,00% 6,19% 100,00% -1,12% 4,23% -14,52% 23,93% -10,78% 22,08% -26,08% -2,75% 34,05% -11,97%

Fama-French size 0,00% 0,00% 0,08% 38,12 -0,20% 0,17% - 100,00% 15,47% -16,29% -9,67% 13,13% 11,84% 6,22% -10,40% 7,25% 6,42%

Fama-French value 0,02% 0,01% 0,10% 6,30 -0,29% 0,35% - - 100,00% -37,86% 10,34% -16,99% 3,10% -5,09% 12,23% 6,41% -10,96%

Fama-French market 0,03% 0,04% 0,13% 5,32 -0,37% 0,28% - - - 100,00% -5,18% -18,71% -3,40% -7,86% -13,48% 0,54% -8,92%

Fama-French risk-free rate 0,02% 0,02% 0,01% 0,64 0,00% 0,06% - - - - 100,00% 15,54% -25,52% -79,15% 14,88% 77,91% 0,83%

Fama-French momentum 0,03% 0,03% 0,12% 3,93 -0,58% 0,34% - - - - - 100,00% -9,98% -8,24% 11,39% 3,17% 8,67%

C&I Charegoff rates 0,01% 0,91% 0,58% 62,84 0,10% 2,54% - - - - - - 100,00% -9,98% -27,66% 5,28% -11,74%

GDP - annual change 0,03% 3,00% 2,32% 88,46 -5,03% 8,48% - - - - - - - - 100,00% -23,86% 1,79%

CPI - annual change 0,04% 3,00% 2,65% 66,04 1,15% 12,96% - - - - - - - - - 100,00% -7,12%

Oil Price - annual change 0,10% 3,33% 34,71% 364,94 -56,14% 130,93% - - - - - - - - - - 100,00%

US historical macroeconomic risk factor variables: quarterly data 1980-2010 (source: various)

Figure 9.6 – Risk factor data – summary statistics
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scenarios have a bigger stressed EC than RC. In the uniform ST, the 

stressing PD/LGD, correlation, and the systematic factor shocks have 

greatest effects. The most severe of the hypothetical scenarios are a 

spike in market volatility due to geopolitical disaster, and the “stagflation 

redux,” where we see EC (RC) increase by over 100% (25% and 30%) 

to 15.7% and 17.4% (11.9% and 15.3%), respectively. We also show 

the stagflation scenario graphically in Figure 9.12 through plotted loss 

distributions.

Conclusion and future directions
We have approached the topic of ST from the point of view of a typical 

credit portfolio, such as one managed by a typical medium or large sized 

commercial bank. We have taken this point of view for two main reasons. 

First, credit risk remains the predominant risk faced by financial institutions 

that are exposed to credit risk. Second, this importance is accentuated for 

medium as opposed to large sized banks, and new supervisory require-

ments under the Federal Reserve’s CCAR program will now be extended 

to smaller banks that were exempt from the previous exercise. 

To this end, we have surveyed the supervisory expectations with respect 

to ST, discussed in detail the credit risk parameters underlying a quanti-

tative component of ST, developed a typology of ST programs and finally 

presented a simple and stylized example of an ST model. The latter “toy” 

example is meant to illustrate the feasibility of building a model for ST 

that can be implemented by even less sophisticated banking institutions. 

The only requirements are the existence of an obligor rating system, as-

sociate default rate data, access to macroeconomic drives, and a frame-

work for estimating economic capital. While we used the CreditMetrics 

model for the later, we showed how this could be accomplished in a 

simplified framework, such as the Basel II IRB model.

There are various fruitful avenues along which we could extend this re-

search program. We could consider alternative risk types, in addition to 

credit, such as market or operational in order to develop a more gen-

eral framework, which could be applicable to different types of financial 

CreditMetrics Credit Loss Distribution under Base Scenario: Moody's Through-the-Cycle Rating Migration Matrix

Datastream Industrial Bond Indices as of 4Q11 (Empirical Correlation 1997-2010 & DRS Database Annual Transitions 1980-2010)
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Figure 9.12 – Stress test results – graphs of unexpected versus expected 
loss in stagflation scenario

Default 
rate

VIX Volatility 
index

Fama-French 
size

Fama-French 
value

Fama-French 
market

Fama-French 
risk-free rate

Fama-French 
momentum

C&I Charge-off 
rates

GDP - annual 
change

CPI - annual 
change

Oil price - 
annual change

R-squared 
statistic

F statistic 
P-Value 

Baa-A Coefficient estimate 0.0665*** -0.118** -0.3047* -0.2055* 0.9276** -0.2872** 0.02354** -0.01956** -0.01936* 0.1654** 37,19% 4,47E-4

P-Value 2,98E-4 6,42E-3 1,53E-2 1,90E-2 7,74E-3 7,17E-3 5,26E-3 5,69E-3 2,29E-1 7,62E-3

Ba Coefficient estimate 0.1973** -1.047** -1.055** -1.64** 0.8095*** -0.6578* 0.7042*** -0.2123*** -0.4336*** 0.1351** 38,80% 2,59E-8

P-Value 5,00E-3 4,61E-3 3,75E-3 6,25E-3 1,78E-5 4,58E-2 9,25E-4 2,95E-4 4,14E-6 6,59E-3

B Coefficient estimate 0.2129** -2.249** -5.488** -4.443* 1.706** -5.184* 1.5415*** -0.7663** -1.396** 0.1267* 42,28% 5,79E-5

P-Value 6,48E-3 7,34E-3 3,23E-3 2,77E-2 4,53E-3 2,11E-2 1,83E-3 4,63E-3 1,14E-3 3,75E-2

Caa-C Coefficient estimate 1.041*** -5.332** 3.242* -8.875** 3.208** -5.797** 8.58*** -3.246** -4.908** 0.1743** 44,78% 1,19E-12

P-Value 7,27E-7 6,10E-3 1,72E-2 3,09E-3 3,75E-3 7,42E-3 6,18E-5 4,95E-3 6,95E-3 4,92E-3

Regression Models for Through-the-Cycle Default Rates: U.S. Domiciled Industrial Obligors (Moody’s DRS 1980-2011)
***, **, * denotes statistical significance at the 0.1%, 1% and 5% confidence levels, respectively

Figure 9.10 – ST example regression results

Expected 
Loss - Credit 

Metrics

Economic 
Credit 
Capital 
- Credit 
Metrics

Regulatory 
Credit 

Capital - 
Basel 2 IRB

Base case 2,63% 7,17% 9,29%

Uniform 10% increase in LGD 3,16% 8,62% 11,23%

Uniform 50% increase in PD 4,05% 10,80% 11,35%

Uniform 10% & 10% increase in LGD and PD 6,33% 17,10% 13,72%

50% decrease in CreditMetrics systematic factor 2,63% 13,21% 9,29%

Uniform rating downgrade by one notch 3,05% 8,30% 10,54%

Uniform 20% Increase in emprical correlations 3,35% 15,21% 9,29%

Equity market crash: 50% decline across pricing factors 3,68% 10,29% 10,97%

Oil price spike: 50% increase in crude index 3,35% 8,94% 10,48%

Extreme recession scenario: 10% decline in GDP 3,92% 10,02% 11,27%

Geopolitical disaster: 30% spike in VIX 4,46% 15,74% 11,90%

Credit crunch: doubling of C&I charge-off rates 4,13% 10,86% 11,61%

1970s stagflation redux: 10% decline (increase) GDP (inflation) 5,03% 17,38% 15,27%

Stress test outcomes for portfolio of US industrial bond indices: CreditMetrics versus Basel II IRB models

Figure 9.11 – Stress test results of alternative scenarios
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institutions (for example, insurance companies). This would necessarily 

involve investigating risk aggregation considerations, as discussed by Ja-

cobs and Inanoglu (2009). Second, we could look at this topic from a more 

international framework, by comparing and contrasting other supervisory 

frameworks. Third, we could consider frameworks for validating ST model-

ing frameworks, analogously to the validation of EC models as addressed 

by Jacobs (2010). Fourth, we could expand our example of an ST model-

ing framework to alternative frameworks, an example being a top-down 

approach that models portfolio-level losses and utilizes ARIMA time series 

techniques. Finally, we could examine the effect upon the financial sector 

as a whole of ST, contributing to the dialogue and debate on the systemic 

effect of higher capital requirements [Kashyap et al. (2010)]. 
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