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ABSTRACT  
 
We examine the impact of new supervisory standards for bank trading portfolios, addi-

tional capital requirements for liquidity risk and credit risk (the Incremental Risk Charge), 
introduced under Basel 2.5. We estimate risk measures under alternative assumptions on port-
folio dynamics (constant level of risk vs. constant positions), rating systems (through-the-cycle 
vs. point-in-time), for different instruments (bond and CDS indices, credit ratings and industry 
sectors), alternative dependency structures (alternative copula and factor models and an ex-
tension to Bayesian correlations) and varying methodologies measuring the stressed VaR un-
der extreme market movements (including the application of extreme value theory.) We find a 
potentially larger increase in capital requirements above and beyond that concluded in the 
far-ranging impact studies conducted by the international supervisors utilizing the participa-
tion of a large sample of banks. Results indicate that capital charges are in general higher for 
either point-in-time ratings or constant portfolio dynamics, with this effect accentuated for 
financial or sovereign as compared to industrial sectors; and that regulatory is larger than 
economic capital for the latter, but not for the former sectors. Furthermore, we find that the 
new requirements may introduce added uncertainty into risk measures as compared to exist-
ing approaches.  
 
8.1. INTRODUCTION 

 
The 2007-2009 financial crisis was the impetus behind a new set of finan-

cial regulations known as “Basel 2.5” and “Basel III” (Basel Committee of 
Banking Supervision 2009a, 2009b, 2009c, 2009d, 2010a, 2010b, 2010c; 
“BCBS”), a set of measures designed to strengthen the resilience of the finan-
cial sector. This largely which built upon an ongoing program to both 
strengthen, and sensitize to risk, the regulatory capital requirements that banks 

                                                
1. Corresponding author: Senior Manager, Deloitte & Touche LLP, Audit and Enterprise Risk 
Services, One World Financial Center, New York, N.Y., USA, 917-324-2098, 
mike.jacobs@yahoo.com. The views expressed herein are those of the authors and do not nec-
essarily represent a position taken either by Deloitte & Touche LLP or the Board of Governors 
of the Federal Reserve System. 
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are subject to (BCBS 1996a, 1996b, 2005, 2006.) In the aftermath of the fi-
nancial crisis that involved losses far in excess of anything observed in recent 
history, international supervisors have been focused upon constructing an en-
hanced set of capital requirements, in order that in the future banks are insured 
to have resources sufficient to withstand a crisis as bad as or worse than this. 
While credit risk played a central role in this downturn, it is probably not 
widely known that the epicenter of these losses was in institutions’ trading 
portfolios (BCBS, 2009a.) There was significant price risk that materialized, 
the former due in large part to changes in the market price of risk in this period 
above and beyond market factor volatility (Berg, 2010), but credit events were 
a major catalyst behind the massive losses that realized by institutions. In light 
of this, the BCBS’s objective is to insure that institutions can withstand such a 
confluence of risk factors through heightened regulatory scrutiny of the credit 
risk residing in the trading books. Another motivation behind these new regu-
lations is to enforce more symmetry between the measurement and manage-
ment of credit risk between banking and trading books, minimizing the ten-
dency of institution to engage in regulatory arbitrage through booking assets 
across these in order to minimize regulatory capital. Hence, we have a set of 
new regulations that are tailored toward addressing the credit, liquidity and 
stressed market risk embedded in trading portfolios of defaultable instruments.  

 
While supervisors expect that institutions will hold sufficient capital in or-

der to remain a going concern while sustaining losses during a downturn, the 
recent episode resulted in trading book losses far in excess of these minimum 
requirements (BCBS 2009c.) This was the impetus behind the BCBS program 
of overhauling banking regulations and a host of new measures (BCBS 2009c, 
2010b.) With a view toward fortifying the resilience of the banking sector, the 
BCBS introduced two additional risk metrics: incremental risk charge (IRC), 
measuring the credit risk residing in trading books, and the stressed value-at-
risk (S-VaR), quantifying estimated mark-to-market losses ascribed to market 
moves in a downturn period. The IRC is meant to encompass portfolio value 
changes due to spread changes, rating migration and default events for trada-
ble, non-structured (i.e., not securitized) assets. The purpose of this was to 
compensate for deficiencies in the regulatory VaR framework that was in 
place at the timer for trading books, which assumed an exposure period of 10 
days to market risk. We have learned from the recent financial crisis that dis-
turbances can be persistent, and further that illiquidity of securities implies 
that institutions may not be able to trade out of positions in a timely manner in 
order to curtail losses, effectively an involuntary extension of instruments’ 
maturity and credit risk that requires additional capital. The idea behind the 
IRC is to measure such credit risk in a trading portfolio over the regulatory or 
economic capital formation period, conventionally one year, termed the capi-
tal horizon (“CH”.) On the other hand, the period in which a bank is unable to 
rebalance its trading portfolio is termed the liquidity horizon (“LH”), and has 
been stipulated by regulators to be at least a period of 3 months, at the end of 



Empirical analysis of bank capital 
 

 

119 

which a level of risk as existing at the beginning of the period can be achieved 
(BCBS, 2009a.) This assumption on portfolio dynamics is called the constant 
level of risk (“CLR”), the rationale for it being that institutions will have to 
bear a certain amount of risk even during crisis periods, in order to generate 
income to cover losses and be able to operate. Assets that have migrated to 
different credit rating are assumed to be replaced by ones with similar initial 
ratings, and those migrating to new ratings sold, so that the risks of liquidity 
and migration are directly linked by this mechanism. An implication of this is 
that in order to be in compliance and in the spirit of the new regulations, banks 
should use the correct measure of migration risk, of which various types imply 
materially different transition patterns. CLR implies that migration risk takes 
place only within the liquidity horizon, whereas default risk will always be 
estimated over the capital horizon of one year, such that rebalancing at the end 
of the liquidity horizon will cause the risk profile of the portfolio to be rea-
ligned several times every year. This in turn will influence annual default rates 
will be affected, and herein we implement procedures to measure the impact 
of the liquidity horizon on one-year default probabilities.  

 
Through-the-cycle (TTC) ratings quantify the credit risk of obligors over 

several years (e.g., 5) or over a business cycle, in an attempt to derive a stable 
measure that is not a function of temporary fluctuations in the economy, so 
that migrations should be due to changes in company fundamentals or idio-
syncratic shocks and not systematic factors. Due to this dynamic, in a TTC 
rating system, one should observe cyclicality of transition or default rates 
within ratings across the cycle. The ratings agencies (S&P, Moody’s) or some 
banks regularly estimate TTC ratings, and these are generally favored by pru-
dential supervisors in that they result in less cyclicality in capital measures 
(Resti and Sironi, 2007.) On the other hand, a point-in-time (PIT) rating sys-
tem quantifies the credit risk of an obligor over the short to near term (e.g., 
one month to a year), and includes the effects of economic conditions or firm-
specific idiosyncratic factors upon credit quality. Therefore, one would expect 
to observe a greater frequency and velocity of transition across ratings in a PIT 
as compared to a TTC system, but relatively stable transition or default rates 
within ratings. These are also used banks, either in combination or in lieu of 
TTC ratings, as there is concern about an obligor’s ability to make payments 
and less worry about maintaining stable ratings as with the agencies. Further 
examples of PIT ratings include the regulatory classification, pass vs. non-
pass2 for loans or CAMEL designations to rate banks, and vendor models for 

                                                
2. Non-pass includes the classifications special mention, sub-standard and doubtful / loss. In-
terestingly, these are PIT, in spite of the regulators’ preference of TTC purposes for capital 
calculation purposes.  
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probability-of-default (PD), such as the Moody’s KMV expected-default-
frequency (“EDF”).3 

 
In this study we measure the impact of the new Basel prescriptions upon 

institutions’ regulatory capital requirements. We reach conclusions that in 
some respects are rather different and more nuanced than what has been found 
previously, in contrast to the existing and limited literature, along several di-
mensions. While we conclude that, in general, the increase in trading book 
capital due to IRC and S-VaR may be substantially more than expected based 
upon the regulatory impact studies (BCBS 2009b, 2010a), this varies signifi-
cantly according to assumptions on the dynamics of portfolios (constant level 
of risk vs. constant positions) and ratings (through-the-cycle vs. point-in-time), 
dependency structures (copula models) as well as sectors (ratings, asset classes 
and maturities.) Furthermore, in a Bayesian implementation of the Basel II 
asymptotic single risk factor (“ASRF”) framework (Gordy, 2003) and the 
basic CreditMetrics (JP Morgan, 1997; “CM”) model, by treating correlation 
matrices as random rather than as fixed parameters, we illustrate that the new 
framework adds substantial uncertainty to the capital estimates. This also 
sheds light upon the influence of portfolio diversification upon the new trading 
book capital requirements in crisis periods. 

  
Results indicate that capital charges are in general higher for either point-

in-time ratings or constant portfolio dynamics, with this effect accentuated for 
financial or sovereign as compared to industrial sectors; and that regulatory is 
larger than economic capital for the latter, but not for the former sectors. 

 
This paper is organized as follows. In the following section we review the 

relevant literature, with respect to studies that assess the impact of the new 
regulations, as well as studies that are of methodological relevance. In the 
third section we present our empirical and estimation methodologies. Section 
8.4 described our data-sets and Section 8.5 presents our main results, the esti-
mation of IRC capital charges under alternative frameworks and a Bayesian 
analysis of the posterior distribution of the risk measures. Finally, in Section 
8.6 we conclude and provide directions for future research.  
 

                                                
3. Note that with a view toward offering clients ratings more reflective of the current envi-
ronment, and potentially more timely, the agencies are providing PIT ratings alongside their 
traditional TTC ratings. For example, the KMV unit of Moody’s provides the PIT EDF 
measures, which are reported as ratings equivalent. Additionally, Moody’s Analytics regularly 
reports CDS implied ratings, so that investors have the means to triangulate between different 
sources of credit assessments. This was largely spurred on by various debacles, in which the 
accuracy and reliability of the agency ratings were called into question, examples being the 
Asian crisis, high-profile bankruptcies of the early previous decade (e.g., Enron) and the re-
cent massive default wave and downgrade with senior tranches of sub-prime mortgage backed 
securities as well as other structured products. 
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8.2. REVIEW OF THE LITERATURE 
 
There are a series of BCBS regulations and guidance that address the IRC. 

BCBS (2009c) states that IRC applies to those exposures that are subject to a 
capital charge for specific interest rate risk, with the exception of securitiza-
tion exposures and nth-to-default credit derivatives. On the other hand, BCBS 
(2009a) stipulates that IRC requires banks that model specific risk to measure 
and hold capital against default risk that is incremental to any default risk cap-
tured in the bank’s value-at-risk model. According to BCBS (2009a), the IRC 
should be based on the assumption of a CLR under the one-year capital hori-
zon. As mentioned before, this means that the portfolio is rebalanced to pre-
serve its initial credit rating profile and concentration level, and the rebalanc-
ing period can be exposure specific. Since as the higher the concentration of 
the portfolio on one exposure the longer should be its liquidity horizon, it fol-
lows that the liquidity horizon can be used to account for both liquidity risk as 
well as concentration risk. In the new framework, market risk is measured as 
the current 10 day VaR model, which is a high 99.9th percentile of a portfolio 
loss distribution), plus a version of this at the same percentile estimated over 
an appropriately chosen period of stress, the latter add-on called the S-VaR. 
The choice of the 99.9th percentile is motivated by the desire to remain con-
sistent with the advanced internal rating based (A-IRB) approach to regulato-
ry credit capital. In addition to the IRC, the specific risk charge due to 
undiversifiable, specific risk needs to be added on, as in the previous ap-
proach. However, the specific risk add-on is only required when institutions’ 
VaR models only model the systematic components of market risk (e.g., a fac-
tor model), as the assumption that idiosyncratic risk may be diversified away 
is not allowed. On the other hand, if the VaR framework admits the capture of 
specific risk (e.g., any framework that directly models losses, such as an his-
torical or copula simulation), then this is not a requirement.  

 
In that Basel III is relatively new (introduced in tentative form and final-

ized 2009 and 2010, respectively) and not fully in place (expected to be 
phased in over several years; BCBS, 2010b), there are relatively few studies 
on the regulatory capital impact of these regulations. The notable exceptions 
are the quantitative impact studies issued by the regulators (BCBS 2009b, 
2010a), based upon an extensive sample of banks internationally, which con-
clude that the new requirements will result in a material increase of regulatory 
capital in the bank trading books. The IRC that quantifies credit risk in the 
trading book, and the S-VaR that measures potential value losses due price 
changes during a crisis, are forecast to result in augmented median regulatory 
capital requirements of 51.7% and 28.8%, respectively. Another supervisory 
whitepaper, BCBS (2010c), focuses on the macroeconomic impact of the new 
rule, finding a positive long-term effect, which is the justification of the cur-
rent regime.  They argue that while higher regulatory capital will inflate insti-
tutions’ costs and therefore depress lending through a transmission of higher 
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rates to borrowers, the resulting depressing impact upon economic activity is 
outweighed by a stronger banking system that is less vulnerable to economic 
shocks and consequent financial crises.  

 
There are few academic studies that address these issues. Kashyap, Stein 

and Hanson (2010) are in line with the thesis of BCBS (2010c), to the extent 
that they associate a modest 10% augmentation in bank capital with a modest 
increase in lending rates on the order of 25 BPs. But the authors highlight the 
flip-side of this, the potential for small changes in banking sector borrowing 
costs to imply large flows of funds to the “shadow banking system”, a poten-
tial for systemically dangerous phenomena. In a slightly different vein, 
Demirguc-Kunt, Detragiache and Merrouche (2010) study the financial crisis 
era equity price reactions of various financial institutions with respect to the 
cross-sectional variation in capital ratios , and find that the ratios given more 
emphasis in Basel III (e.g., leverage or Tier I) are those most highly related to 
equity returns. Varatto (2011) conducts a quantitative analysis of the impact of 
the Basel II capital regulations with respect tom trading portfolios utilizing 
various representative U.S. bond indices with respect to alternative segmenta-
tions (maturities, credit ratings and industry sectors.) Estimating new capital 
requirements for liquidity and credit risk through the IRC, the risk of extreme 
market movements through S-VaR based upon the 2007-2009 financial crisis, 
he finds that capital requirements could potentially be much more than esti-
mated by the impact studies conducted by the regulators (BCBS 2009b, 2010a, 
2010c.) The author ascribes the diminished capital impact reported by the par-
ticipating banks to be an artifice of an assumed risk reduction due to hedging 
activities, which in crisis scenarios may be of questionable worth, which calls 
into question the credibility of the supervisory impact study. Yavin et al 
(2011) investigate a component of the IRC methodology, constructing alterna-
tive transition probability matrices for unsecuritized credit products in the 
trading book. They construct monthly or quarterly TPMs across different sec-
tors and ratings that are consistent with the bank's Basel PDs. Constructing a 
TPM is not a unique process. We highlight various aspects of three types of 
uncertainties embedded in direct construction methods: 1) the available histor-
ical data and the bank's rating philosophy; 2) the merger of one-year Basel PD 
and the chosen Moody's TPMs; and 3) deriving a monthly or quarterly TPM 
when the generator matrix does not exist. Given the fact that TPMs and specif-
ically their PDs are the most important parameters in IRC, it is our view that 
banks may need to make discretionary choices regarding their methodology, 
with uncertainties well understood and managed.  

 
Gordy (2003) proves that in general when economic capital is calculated 

using a portfolio model of credit Value-at-Risk (C-VaR), marginal capital re-
quirement for an instrument depends on the properties of the portfolio in 
which it is held, whereas in ratings-based capital rules such as the Basel ac-
cords a capital charge to an instrument based only on its own characteristics. 
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The author demonstrates that ratings based capital rules can be reconciled with 
the general class of C-VaR models and that contributions to VaR are portfolio-
invariant under two conditions: first, there is only a single systematic risk fac-
tor driving correlations across obligors, and second no exposure in a portfolio 
accounts for more than an arbitrarily small share of total exposure. He proves 
that rates of convergence to asymptotic VaR leads to a simple and accurate 
portfolio-level add-on charge for undiversified idiosyncratic risk and that there 
is no similarly simple way to address violation of the single factor assumption. 
Frey and McNeil (2003) analyze the mathematical structure of portfolio credit 
risk models with particular regard to the modeling of dependence between de-
fault events, exploring the role of copulas in latent variable frameworks that 
underlies popular practitioner models such as Moody’s KMV and 
CreditMetrics. The authors use non-Gaussian copulas to present extensions to 
standard industry models and explore the role of the mixing distribution in 
Bernoulli mixture models (the approach underlying CreditRisk+) and derive 
large portfolio approximations for the loss distribution. They show that all cur-
rently used latent variable models can be mapped into equivalent mixture 
models, which facilitates their simulation, statistical fitting and the study of 
their large portfolio properties. Finally they develop and test several approach-
es to model calibration based on the Bernoulli mixture representation, finding 
that maximum likelihood estimation of parametric mixture models generally 
outperforms simple moment estimation methods. 

 
There has been some recent literature examining the accuracy of C-VaR and 
whether it should be used for regulatory capital purposes, in relation to the re-
gime change that occurred during the recent financial crisis. Perignon et al 
(2010a, b) conclude that C-VaR is often inaccurate and has little ability to pre-
dict future portfolio outcomes, in that pre-crisis data banks systematically 
overestimate their trading book capital needs, while the current crisis has pain-
fully highlighted that banks were heavily undercapitalized and that their trad-
ing book C-VaRs were grossly understating risk. This was likely the case be-
cause the pre-crisis period, on which VaR models were estimated, was charac-
terized by unusually low volatility (Acharya and Schnabl, 2009). In addition, 
Jimenez-Martin et al (2009) conclude that the concept of VaR is intended to 
capture possibly bad outcomes on a typical day, and not when market panic 
sets in. Based on these arguments, a stressed VaR, estimated over a past period 
of severe market distress, appears to be justified as an additional measure to 
correct for the potential capital shortfalls that can result when employing un-
stressed VaRs. In a related paper, Berg (2010) calibrates the term structure of 
risk premia before and during the 2007/2008 financial crisis using a new cali-
bration approach based on credit default swaps. The risk premium term struc-
ture was flat before the crisis and downward sloping during the crisis. The in-
stantaneous risk premium increased significantly during the crisis, whereas the 
long-run mean of the risk premium process was of the same magnitude before 
and during the crisis. These findings suggest that (marginal) investors have 
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become more risk averse during the crisis. Investors were, however, well 
aware that risk premia will revert back to normal levels in the long run. 
 

 
 

For an analysis of the properties of both types of ratings TTC vs. PIT see, 
for example, Kealhofer et al (1998), Carey and Treacy (200), Carey and 
Hrycay (2001), Kealhofer (2003) and Kou and Varatto (2008). Moody’s 
(2010), when looking at the universe of their rated issuers’ corporate default 
rates across all ratings, note that they have risen from 0.37% in 2007 to a 76 
year high of 5.36% in 2009, representing the third largest default rate ever 
recorded since 1920 and exceeded only during the Great Depression in 1933 
(8.42%) and 1932 (5.43%.) Clayton et al (2011) conducts analyses of alterna-
tive transition probability matrices (TPM) for traditional trading book credit 
products, with the goal of constructing TPMs at different frequencies and in 
different sectors consistent with Basel prescribed PDs. They conclude that 
banks may need to make discretionary choices regarding their methodology, 
with uncertainties well understood and managed. Jarrow et al (1997) discusses 
the generator, a tool as it allows one to obtain transition matrices over any de-
sired time period, and a methodology for estimating the generator is illustrated 
in Israel, Rosenthal and Wei (2001).  

 
In Table 8.1 we show TTC transition matrices (Moody’s transitions 1982-

2011, both annually and quarterly for industrials, sovereign and financial sec-
tors) are based on TTC ratings that only migrate when a change in the under-
lying credit quality of the rated entity is considered to be permanent. On the 
other hand, in Table 8.2 we show PIT transition matrices (Kamakura KRIS 
PD model transitions 1990-2010, for the same frequencies and sectors), and it  

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 97.11% 2.64% 0.25% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 89.28% 9.60% 1.03% 0.00% 0.10% 0.00% 0.00% 0.00% 
Aa 0.18% 97.17% 2.56% 0.06% 0.02% 0.01% 0.00% 0.00% Aa 0.81% 88.96% 9.46% 0.61% 0.10% 0.05% 0.00% 0.00% 
A 0.01% 0.36% 97.67% 1.77% 0.14% 0.04% 0.01% 0.00% A 0.03% 1.53% 90.87% 6.57% 0.75% 0.20% 0.03% 0.02% 
Baa 0.00% 0.04% 0.97% 96.91% 1.80% 0.24% 0.02% 0.01% Baa 0.02% 0.13% 4.15% 88.70% 5.54% 1.20% 0.14% 0.12% 
Ba 0.00% 0.01% 0.07% 1.20% 95.59% 2.79% 0.13% 0.20% Ba 0.01% 0.04% 0.31% 4.79% 83.37% 9.52% 0.62% 1.34% 
B 0.00% 0.01% 0.03% 0.07% 1.33% 95.76% 1.60% 1.20% B 0.01% 0.03% 0.13% 0.36% 5.11% 83.42% 5.25% 5.69% 
Caa-C 0.00% 0.00% 0.00% 0.28% 0.34% 2.68% 89.77% 6.93% Caa-C 0.00% 0.01% 0.12% 0.78% 1.44% 8.10% 67.66% 21.89% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 96.64% 3.35% 0.02% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 89.10% 10.65% 0.24% 0.00% 0.00% 0.00% 0.00% 0.00% 
Aa 0.25% 97.32% 2.40% 0.03% 0.00% 0.00% 0.00% 0.00% Aa 0.83% 89.50% 9.25% 0.37% 0.04% 0.00% 0.01% 0.01% 
A 0.02% 0.91% 97.27% 1.68% 0.09% 0.00% 0.01% 0.01% A 0.08% 3.82% 89.34% 5.72% 0.76% 0.13% 0.03% 0.11% 
Baa 0.02% 0.18% 2.49% 95.24% 1.79% 0.23% 0.02% 0.04% Baa 0.16% 0.69% 9.98% 82.03% 5.06% 1.48% 0.27% 0.33% 
Ba 0.00% 0.03% 0.22% 2.34% 94.71% 2.26% 0.21% 0.23% Ba 0.00% 0.07% 1.16% 9.43% 80.24% 6.69% 1.05% 1.36% 
B 0.00% 0.03% 0.10% 0.16% 2.93% 93.26% 2.48% 1.05% B 0.05% 0.04% 0.36% 1.01% 11.04% 75.36% 5.90% 6.24% 
Caa-C 0.00% 0.00% 0.00% 0.13% 0.13% 4.72% 82.73% 12.29% Caa-C 0.00% 0.00% 0.00% 0.93% 1.90% 15.45% 51.07% 30.64% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 97.11% 2.64% 0.25% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 97.03% 2.95% 0.00% 0.02% 0.00% 0.00% 0.00% 0.00% 
Aa 0.18% 97.17% 2.56% 0.06% 0.02% 0.02% 0.00% 0.00% Aa 2.83% 94.74% 2.18% 0.07% 0.07% 0.00% 0.00% 0.11% 
A 0.01% 0.36% 97.67% 1.77% 0.14% 0.04% 0.01% 0.00% A 0.35% 3.94% 93.94% 1.18% 0.41% 0.06% 0.00% 0.11% 
Baa 0.00% 0.04% 0.97% 96.91% 1.80% 0.24% 0.02% 0.01% Baa 0.00% 0.00% 5.28% 90.28% 3.89% 0.29% 0.14% 0.12% 
Ba 0.00% 0.01% 0.07% 1.20% 95.59% 2.79% 0.13% 0.20% Ba 0.00% 0.00% 0.00% 5.46% 85.81% 6.70% 0.40% 1.63% 
B 0.00% 0.01% 0.03% 0.07% 1.33% 95.76% 1.60% 1.20% B 0.00% 0.00% 0.00% 0.00% 3.53% 90.75% 2.71% 3.01% 
Caa-C 0.00% 0.00% 0.00% 0.28% 0.34% 2.68% 89.77% 6.93% Caa-C 0.00% 0.00% 0.00% 0.00% 0.00% 16.34% 68.33% 15.33% 

Table 8.1: Through-the-Cycle Transition Matrices (Moody's DRS 1980-2011) 
Table 8.1.1. Industrial Sector, Quarterly Transitions Table 8.1.4. Industrial Sector, Annual Transitions 

Table 8.1.2. Financial Sector, Quarterly Transitions Table 8.1.5. Financial Sector, Annual Transitions 

Table 8.1.3. Sovereign Sector, Quarterly Transitions Table 8.1.6. Sovereign Sector, Annual Transitions 
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is immediately evident that they are more volatile, as they quickly adjust to 
reflect current changes in credit quality, whether of permanent or temporary 
nature. In comparing the two sets of matrices in Tables 8.1 and 8.2, it is clear 
that PIT transitions to non-default states are far larger (e.g., for A rated indus-
trials at an annual frequency, the transition rate to a 1 grade downgrade is 
6.57% and 28.11% for TTC and PIT, respectively), and the probabilities of 
no-migration far smaller (e.g., for the same sector and frequency, respective 
transition rates on the diagonal of 90.87% and 54.93%,), than in the TTC 
case. We also note that default frequencies are larger in the PIT (e.g., at the 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 88.96% 9.69% 1.31% 0.04% 0.01% 0.00% 0.00% 0.00% Aaa 30.29% 15.36% 24.51% 18.48% 6.31% 2.23% 1.24% 1.58% 
Aa 0.66% 89.23% 9.48% 0.48% 0.10% 0.05% 0.00% 0.00% Aa 18.86% 12.49% 26.73% 25.32% 9.33% 3.23% 1.71% 2.32% 
A 0.04% 1.34% 91.15% 6.53% 0.69% 0.20% 0.04% 0.01% A 6.93% 7.52% 24.18% 32.65% 14.96% 5.83% 3.33% 4.60% 
Baa 0.00% 0.17% 3.59% 88.42% 6.45% 1.14% 0.10% 0.09% Baa 1.52% 2.82% 14.26% 32.30% 20.97% 10.24% 6.95% 10.94% 
Ba 0.00% 0.04% 0.32% 4.30% 83.82% 9.82% 0.65% 1.00% Ba 0.32% 0.89% 6.72% 23.30% 21.71% 13.69% 11.48% 21.89% 
B 0.00% 0.04% 0.12% 0.37% 4.70% 84.52% 5.13% 5.13% B 0.08% 0.27% 2.78% 13.62% 17.44% 13.72% 13.94% 38.14% 
Caa-C 0.00% 0.00% 0.02% 0.95% 1.30% 8.63% 65.16% 23.94% Caa-C 0.02% 0.07% 0.88% 5.45% 9.07% 8.68% 10.43% 65.40% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 87.27% 12.23% 0.53% 0.01% 0.00% 0.00% 0.00% 0.00% Aaa 30.32% 15.32% 24.22% 18.27% 6.28% 2.27% 1.33% 2.01% 
Aa 0.92% 89.88% 8.85% 0.33% 0.02% 0.00% 0.00% 0.00% Aa 18.87% 12.40% 26.26% 24.93% 9.24% 3.25% 1.81% 3.24% 
A 0.09% 3.38% 89.88% 6.01% 0.49% 0.04% 0.03% 0.05% A 6.76% 7.25% 23.19% 31.61% 14.60% 5.81% 3.51% 7.27% 
Baa 0.08% 0.78% 8.94% 82.74% 6.19% 0.99% 0.11% 0.21% Baa 1.50% 2.76% 14.00% 32.06% 21.03% 10.58% 7.70% 10.37% 
Ba 0.00% 0.15% 1.12% 8.07% 81.04% 7.60% 0.87% 1.15% Ba 0.31% 0.87% 6.60% 23.15% 22.05% 14.57% 13.39% 19.05% 
B 0.00% 0.12% 0.41% 0.93% 9.79% 76.57% 6.83% 5.39% B 0.08% 0.28% 2.90% 14.51% 19.39% 16.28% 18.38% 28.18% 
Caa-C 0.00% 0.01% 0.04% 0.43% 1.05% 12.96% 47.37% 38.14% Caa-C 0.03% 0.08% 1.03% 6.66% 11.85% 12.30% 16.54% 51.52% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 88.96% 9.69% 1.31% 0.04% 0.01% 0.00% 0.00% 0.00% Aaa 30.32% 15.32% 24.22% 18.27% 6.28% 2.27% 1.33% 2.01% 
Aa 0.66% 89.23% 9.48% 0.48% 0.10% 0.08% 0.00% 0.00% Aa 18.87% 12.40% 26.26% 24.93% 9.24% 3.25% 1.81% 3.24% 
A 0.04% 1.34% 91.15% 6.53% 0.69% 0.20% 0.04% 0.01% A 6.76% 7.25% 23.19% 31.61% 14.60% 5.81% 3.51% 7.27% 
Baa 0.00% 0.17% 3.59% 88.42% 6.45% 1.14% 0.10% 0.09% Baa 1.50% 2.76% 14.00% 32.06% 21.03% 10.58% 7.70% 10.37% 
Ba 0.00% 0.04% 0.32% 4.30% 83.82% 9.82% 0.65% 1.00% Ba 0.31% 0.87% 6.60% 23.15% 22.05% 14.57% 13.39% 19.05% 
B 0.00% 0.04% 0.12% 0.37% 4.70% 84.52% 5.13% 5.13% B 0.08% 0.28% 2.90% 14.51% 19.39% 16.28% 18.38% 28.18% 
Caa-C 0.00% 0.00% 0.02% 0.95% 1.30% 8.63% 65.16% 23.94% Caa-C 0.03% 0.08% 1.03% 6.66% 11.85% 12.30% 16.54% 51.52% 

Table 8.3.3. Sovereign Sector, Through-the-Cycle Table 8.3.6. Sovereign Sector, Point-in-Time 

Table 8.3. Point-in-Time (Kamakura KRIS 1990-201) vs. Through-the-Cycle (Moody's DRS 1980-2011) Transition Matrices - Annual 
Capital Horizon  and Quarterly Liquidity Horizon (Constant Level of Risk Assumption) 

Table 8.3.1. Industrial Sector, Through-the-Cycle Table 8.3.4. Industrial Sector, Point-in-Time 

Table 8.3.2. Financial Sector, Through-the-Cycle Table 8.3.5. Financial Sector, Point-in-Time 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 90.91% 5.84% 3.25% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 67.45% 17.15% 10.79% 3.24% 0.85% 0.35% 0.13% 0.04% 
Aa 9.56% 72.30% 16.46% 1.29% 0.35% 0.04% 0.00% 0.01% Aa 23.19% 35.68% 32.79% 7.06% 0.93% 0.10% 0.09% 0.16% 
A 0.90% 3.65% 83.65% 10.73% 0.79% 0.16% 0.10% 0.02% A 1.91% 10.96% 54.93% 28.11% 2.99% 0.56% 0.22% 0.32% 
Baa 0.00% 0.11% 4.05% 85.44% 8.47% 0.96% 0.22% 0.75% Baa 0.03% 0.27% 13.33% 59.96% 20.04% 3.68% 1.20% 1.49% 
Ba 0.00% 0.00% 0.11% 8.38% 76.03% 8.01% 1.91% 5.55% Ba 0.01% 0.01% 0.36% 23.99% 46.18% 19.59% 6.53% 3.33% 
B 0.00% 0.00% 0.03% 0.99% 10.83% 69.12% 12.35% 6.68% B 0.00% 0.00% 0.07% 3.25% 26.69% 36.54% 25.99% 7.46% 
Caa-C 0.00% 0.00% 0.00% 0.21% 1.08% 20.15% 73.05% 10.51% Caa-C 0.00% 0.00% 0.05% 0.61% 4.88% 16.58% 44.62% 33.26% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 92.18% 7.56% 0.26% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 67.48% 17.16% 10.79% 3.24% 0.85% 0.35% 0.13% 0.00% 
Aa 13.05% 71.16% 15.16% 0.63% 0.00% 0.00% 0.00% 0.00% Aa 23.22% 35.74% 32.84% 7.07% 0.93% 0.10% 0.09% 0.00% 
A 1.72% 8.78% 79.23% 9.68% 0.48% 0.00% 0.10% 0.00% A 1.88% 10.80% 54.13% 27.71% 2.95% 0.55% 0.22% 1.76% 
Baa 0.00% 0.45% 9.69% 78.18% 7.84% 0.85% 0.21% 2.77% Baa 0.03% 0.27% 13.33% 59.96% 20.04% 3.68% 1.20% 1.49% 
Ba 0.00% 0.01% 0.33% 15.13% 69.75% 6.01% 2.86% 5.91% Ba 0.01% 0.01% 0.36% 23.82% 45.82% 19.45% 6.48% 4.05% 
B 0.00% 0.00% 0.07% 1.90% 20.13% 56.81% 16.15% 4.93% B 0.00% 0.00% 0.07% 3.37% 27.66% 38.01% 26.94% 3.95% 
Caa-C 0.00% 0.00% 0.00% 0.07% 0.32% 6.96% 37.52% 55.13% Caa-C 0.00% 0.00% 0.06% 0.68% 5.42% 18.42% 52.14% 23.29% 

Aaa Aa A Baa Ba B Caa-C Default Aaa Aa A Baa Ba B Caa-C Default 
Aaa 90.91% 5.84% 3.25% 0.00% 0.00% 0.00% 0.00% 0.00% Aaa 67.48% 17.16% 10.79% 3.24% 0.85% 0.35% 0.13% 0.00% 
Aa 9.56% 72.28% 16.45% 1.29% 0.34% 0.07% 0.00% 0.00% Aa 23.22% 35.74% 32.84% 7.07% 0.93% 0.10% 0.09% 0.00% 
A 0.90% 3.65% 83.65% 10.73% 0.79% 0.16% 0.10% 0.01% A 1.88% 10.80% 54.13% 27.71% 2.95% 0.55% 0.22% 1.76% 
Baa 0.00% 0.11% 4.05% 85.44% 8.47% 0.96% 0.22% 0.75% Baa 0.03% 0.27% 13.33% 59.96% 20.04% 3.68% 1.20% 1.49% 
Ba 0.00% 0.00% 0.11% 8.38% 76.03% 8.01% 1.91% 5.55% Ba 0.01% 0.01% 0.36% 23.82% 45.82% 19.45% 6.48% 4.05% 
B 0.00% 0.00% 0.03% 0.99% 10.83% 69.13% 12.35% 6.68% B 0.00% 0.00% 0.07% 3.37% 27.66% 38.01% 26.94% 3.95% 
Caa-C 0.00% 0.00% 0.00% 0.21% 1.08% 5.15% 53.06% 40.51% Caa-C 0.00% 0.00% 0.06% 0.68% 5.42% 18.42% 52.14% 23.29% 

Table 8.2. Point-in-Time Rating Transition Matrices (Kakakura KRIS 1990-2010) 

Table 8.2.6. Sovereign Sector, Annual Transitions Table 8.2.3. Sovereign Sector, Quarterly Transitions 

Table 8.2.5. Financial Sector, Annual Transitions Table 8.2.2. Financial Sector, Quarterly Transitions 

Table 8.2.4. Industrial Sector, Annual Transitions Table 8.2.1. Industrial Sector, Quarterly Transitions 
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annual frequency and industrial sector: 0.02%, 0.12%, 1.34% and 5.69% for 
ratings A, Baa, Ba and B, respectively) as compared to the TTC (e.g., at the 
same frequency and sector: 0.32%, 1.49%, 3.33% and 7.46% for ratings A, 
Baa, Ba and B, respectively) rating system. 

 
Furthermore, we observe substantial differences in the sensitivity to the 

liquidity horizon between PIT and TTC ratings, in Table 8.3 where we pre-
sent the 1-year migration matrices computed from the 3-month transition ma-
trices in Tables 8.1 and 8.2. This corresponds to a 1-quarter liquidity horizon 
and a 1-year capital calculation period, the CLR assumption, computed by 
taking the  
1-quarter transition matrices to the 4th power. We observe that under CLR, 
the TTC default frequencies are reduced (e.g., at the annual frequency and 
industrial sector: 0.01%, 0.09%, 1.000% and 5.13% for ratings A, Baa, Ba 
and B, respectively), while the PIT default frequencies are increased (e.g., at 
the same frequency and sector: 4.60%, 10.94%, 29.89% and 38.14% for rat-
ings A, Baa, Ba and B, respectively).  
 
8.3. METHODOLOGY 

 
In this section we outline alternative approaches to quantifying the IRC. 

First, our baseline approach is the ASRF model (Gordy, 2003) of the A-IRB 
framework in Basel II for banking book assets. This represents a simple 
benchmark and a natural sanity-check, as well as an approach that meets the 
BCBS’s basic robustness requirements for the estimation of IRC, namely that 
it should be in line with A-IRB standards (BCBS, 2009c). Second, we use 
more general industry standard models to measure the IRC (Frey and McNeil, 
2003), including the CM framework of JP Morgan (1997) in that takes into 
account rating migrations short of the default.  

 
The ASRF model falls within the class of structural credit risk models, in 

which a credit event (e.g., default, downgrade or change in the credit state) 
occurs if a random variable x  falls below some threshold. This is termed a 
latent variable, even if in some models x  may be observable, and often has 
the interpretation as a systematic factor that summarizes the state of the econ-
omy of average credit health of a sector. In the structural modeling framework, 
a dependency structure amongst defaults in a credit portfolio is induced 
through dependence between the corresponding latent variables.4 The ASRF 

                                                
4. Well known special cases of structural models apart from the ASRF or CM include Merton 
(1974) or Moody’s KMV vendor model (Kealhofer and Bohn, 2001; Crosbie and Bohn, 
2002.)  An alternative framework, shown to be equivalent in many respects to the structural 
models IRC (Frey and McNeil, 2003), is the reduced form class of credit models, also called 
mixture models the default. An obligor’s probability of default is ascribed to a set of economic 
factors, conditional upon which individual defaults are independent. Examples of these mod-
els include CreditRisk+ (Credit-Suisse-Financial-Products 1997) and models from the credit 
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model starts with the simplest probability model for defaults for a homogene-
ous portfolio segment, the binomial, distribution, which assumes independ-
ence across obligors and time and a common probability-of-default (“PD”), 
denoted � �0,1� � , for each obligor. The Basel requirements demand an annual 
default probability that is estimated over a sample long enough to cover a full 
cycle of economic conditions. Thus, the probability should be unconditional 
with respect to external conditions, and such a PD estimate can derived within 
the binomial specification by averaging realized default rates over a long 
enough sample periods spanning a mix of economic conditions. Therefore, in 
the literature on supervisory models for PD we have seen an emphasis on sta-
tistical inference in the context of the binomial model (e.g., the so-called fre-
quency estimator for PD.) Suppose the value of asset i at time t is: 

it it� ��                       (3.1) 
where 	 
~ 0,1it NID� is the time and asset-specific shock (idiosyncratic risk) 

and default occurs if *
itv T� , where *T  is a default threshold value. A mean 

of zero is attainable through translation without loss of generality. It is as-
sumed the shock is standard normal with distribution function 	 
�  . Let iY  
indicate whether the observation i is a default:  

*

*

1
0

it
i

it

if
Y

if
v T
v T�

�
��

�
�

                        (3.2) 

 
It follows that the distribution of the default indicator is distributed Ber-

noulli: 
	 
 	 
1~ 1 ii

YY
i id p d p p p �� �                    (3.3) 

 
where 	 
*p T� �  is the binomial parameter. Let � �, 1,.., ,iy i n n I �� � �Y  de-

note the whole dataset and 	 

1

m

i
i

M Y
�

��Y  the count of defaults. Then the joint 

distribution of the data is: 

	 
 	 
 	 
1

1

~ 1 1ii

M
Y m MY M

i

p p p p p p� �

�

� � � ��Y Y         (3.4) 

Since this distribution depends on the data D only through r (n is assumed 
to be fixed), the sufficiency principle implies that we can concentrate attention 
on the distribution of r: 

                                                                                                                           
derivatives literature (Lando; 1998; Duffie and -Singleton, 1999.)  This taxonomy of credit 
risk models into structural (or latent variable) and reduced-form (or mixture) follows from the 
terminology of the statistics literature; see for example Joe (1997). 
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~ , 1 m Mmm
M p M p Bin m p p p

M
�� �
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� �       

 (3.5) 

 
The model of the default generating process (3.5) underlies rating agency 

estimation of PD through average default rates, where the maximum likeli-

hood estimator (MLE) e is simply ˆ Mp
m

� . The Basel II guidance suggests 

there may be heterogeneity due to systematic temporal changes in asset char-
acteristics or due to changing macroeconomic conditions. This is in part moti-
vated by evidence from credit markets (i.e., defaulted loans or bonds) that de-
fault probabilities vary over the cycle. The Basel II capital requirements — 
based on a one-factor model as suggested by Gordy (2003) — accommodates 
systematic temporal variation in asset values and hence in default probabili-
ties. This model can be used as the basis of a model that allows temporal var-
iation in the default probabilities, and hence correlated defaults within years. 
The value of the asset i at time t is modeled as: 

	 

1 1

2 21it t itx� � � �� � �                         (3.6) 
 

where it�  is the time and asset specific shock, as in equation (3.1), and tx  is a 
common time shock, inducing correlation � �0,1��  across asset values within 
a period. Note that this correlation is sometimes termed asset value correlation 
(“AVC”) in the Basel and structural credit EC model literature. The random 
variables tx  are assumed to be standard normal and independent of each other 
and of it� . The overall or marginal default rate we are interested in 

is 	 
*p T� � . However, in each period the default rate tp  depends on the sys-

tematic risk factor tx . It follows that this model implies a distribution for 
tp

. 
Specifically, the distribution of it�  conditional on tx  is 	 
1/2 ,1tx� �� � , 
where �  is the correlation parameter in equation (3.6). Hence the period t de-
fault probability — also referred to as the conditional default probability — is: 

	 

	 


11 2

1
21

t
t

p x
p

�

�

�� �� �� �� �
� ��� �

                       (3.7) 

 
Evaluating this at a low quantile %

xq  of tx  (e.g., –2.99 for the regulatory 
99.99th percentile credit Value-at-Risk or “C-VaR”) with constant loss-given-
default (“LGD”) and exposure-at default (“EAD”) for asset I, denoted iLGD  
and iEAD , yield the formula for regulatory capital:                 

	 
	 
 	 
% %,
REGREG

i t x i i i i i x ii
K p q p LGD EAD CVaR q EL� �� �   � �

   
(3.8)  
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where for asset i: 

	 
 	 
% % ,
REG

x t x i i i ii
CVaR q q p LGD EAD� ��                 (3.9)   

is the C-VaR and 
	 
% ,i t x i i i iEL q p LGD EAD� ��                     (3.10) 

is the expected loss (“EL”.) 
 

Let us now consider more general credit risk models. Assume a single-
period (i.e., fixed time horizon T) model of a credit portfolio consisting of m 
obligors and posit an integer-valued state variable � �0,1,...,ijS n� correspond-

ing to each � �0,1,...,i m� . ijS is a measure of the creditworthiness or health of 
each obligor i oriented such that a better state is associated with an increasing 
value, where default is coded by 0 1ij iS y� ! �  and 0 0ij iS y" ! �  (e.g., 
positive 

ijS

 are akin to non-default credit ratings.) Let us further assume that 
at time t = 0 all m obligors are in some non-default state, and for now we will 
focus on binary outcomes of default and non-default, leaving the finer non-
defaulted obligor categorization for later. Define the random vector of default 
indicators for the credit portfolio as 	 
1,.., mY Y�Y and let this have the joint 
probability mass function:  

	 
 	 
 � �1 1,..., 0,1 m
m mp P Y y Y y� � � �y y            (3.11) 

 
Furthermore, let us denote the marginal default probabilities (or “long-run” 

PD) by:  
	 
 � �1 1,...,i ip P Y i m� � # �                     (3.12) 

 
As before, we count the number of defaulted obligors at time T with the 

random variable 	 

1

m

i
i

M Y
�

��Y . As realized loss if obligor i defaults is 

iLGD the random exposure is iEAD , we may define the random overall loss 
as: 

1

m

i i i
i

L Y LGD EAD
�

�   �                      (3.13) 

Note that we may always posit alternative credit risk models leading to the 
same multivariate distribution of Y or S . As the analytical focus of portfolio 
credit risk is upon this distribution, we will term equivalent any set of models 
such that there is equality in distribution amongst the default indicators or the 

state variables, i.e. 
d
�Y Y  or 

d
�S S . In order to facilitate the exposition, we 

will further make the simplifying assumption of the exchangeability with re-
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spect to default, which is the mathematical formalism that corresponds to the 
notion of homogenous segments commonly implemented in credit risk model-
ing:  

	 
 	 
 	 
	 
 	 
 	 
 	 
	 
1 11 1 ,.., ,.., ,.., ,..,
d d

m mm mS S S S Y Y Y Y$ $ $ $� ! �
        

(3.14) 

where 	 
 	 
	 
1 ,..., m$ $  is any permutation of 	 
1,...,m . This property implies 

that that for any of the � �1,..., 1k m� � , all of the 
m
k

� �
� �
� �

 possible k-dimensional 

marginal distributions of S  are identical. We now consider latent variables 
models, in terms of their general structure, and there relation to copulas. Let 

	 
1,.., mX X�X  be an m-dimensional random vector and 

� �1 1,...,i i
nd d i m� %%% � # �

 
be a sequence of cutoff points, where without loss 

of generality we assign the boundaries as  and 1
i
nd � � �& , and we then can set:  

 
� � � �1 1,..., , 1,...,i i

i j i jS j d X d i m j n�� ! � ' # � # �        (3.15) 

It follows that 	 
	 
1 1
, i

i j j n i m
X d

' � ' '  
constitutes a latent variable model with 

respect to the state vector 	 
1,..,
T

mS S�S . We often interpret iX
 
and i

jd  as ob-
ligor i’s asset and liability values in state j at the horizon time T, with default 
corresponding to the event 0iS �  (i.e., the value of a firm’s assets is below the 
value of its liabilities.) This style of credit risk modeling originates with Mer-
ton (1974) and we present popular special case of this herein.  

 
Denoting the marginal distribution function of X as 	 
 	 
i iF x P X x� ' , it 

follows that marginal default probability of obligor i is given by 	 
1
i

i ip F d� . 
We are now in a position to propose a simple criterion for the equivalence of 
two latent variable models in terms of the marginal distributions of the state 
vector

S

 and the copula of 

X

. Mathematically, this is straightforward, and fur-
ther suggests a way of comparing the structure of different latent variable 
models, including the study of various industry models for portfolio credit risk 
management (Embrechts, McNeil, and Straumann, 2001; Frey and McNeil, 
2003). Namely, if we have a pair of latent variables 	 
	 
0 1

, i
i j j n i m

X d
' ' ' '

 and 

	 
	 
0 0
, i

i j j n i m
X d

' ' ' '
 , having respective state vectors 

S

 and S  , then the mod-

els are equivalent under two conditions. First, if the marginal distributions of 
the state vectors coincide, by which we mean:  

 
	 
 	 
 � � � �1,.., , 1,..,i i

i j i jP X d P X d j n i m' � ' # � �      
(3.16) 
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Second, we require that X  and X  admit the same copula. If we are in de-

fault mode, i.e., a 2-state model of default or survival, then these reduce to the 
condition that the marginal PDs are identical in both models. However, note 
that this is only a sufficient condition, as in general the converse of this does 
not hold in that the equivalence of two latent variable models does not guaran-
tee that the copulae of 

X

 and X  are one and the same.     
 
There are several prominent cases of practitioner credit risk models that 

are either implicitly or explicitly derived in a Gaussian copula (GC) frame-
work. The GC is the unique copula describing the dependence structure 
amongst multivariate normal random vectors. Two such examples are JP Mor-
gan’s CreditMetrics (“CM”) and the Moody’s KMV Portfolio Manager model 
(“PM”). While these models are structurally rather similar, they diverge sub-
stantially differ with respect to the approach used for calibrating obligor’s 
PDs. Both CM and PM assume that the state vector 

X

is distributed as a mul-
tivariate Gaussian random variable and is interpreted as a (standardized) asset 
value change process over the relevant horizon T. In each case, the default 
threshold 1

id is set such that obligor I’s PD is equal to the empirical default fre-
quency of companies deemed similar in credit quality. CM defines this seg-
mentation with respect to some kind of PD rating system, which may be inter-
nal to an institution or provided by the rating agencies (e.g., Moody’s or 
Standard & Poors.) On the other hand, in the PM model, the state variable is a 
market-based (i.e., based upon the value and volatility of a firm’s equity) 
measure known as distance-to-default (“DTD”), which is derived from the 
Merton (1974) model for pricing defaultable debt (Kealhofer and Bohn, 2001; 
Crosbie and Bohn, 2002.) Another commonality between these models is that 
the dependency structure of the state (or latent) random vector

X

, or the covar-
iance matrix � �	 
 � �	 
TE E E( )� � �

* +
Σ X X X X  in a Gaussian copula, is estimat-

ed in a factor model framework, which means that we may express the com-
ponents of 

X

as follows:  
�X AZ + Sε + μ                          (3.17) 

For some p-dimensional random vector 	 
~ ,p
pR N p m� �Z 0 Ω  repre-

senting systematic (or common) factors influencing the credit quality of each 
obligor, constant matrices p pR  �A , 

m mR  �S , and a standardized independ-
ent Gaussian random vector 	 
~ ,m

m MR N�ε 0 I  representing idiosyncratic 
(or obligor-specific) factors. It follows that the covariance matrix of 

X

can be 
written as 	 
2 2

1 ,..,T
mdiag , ,� �Σ AΩA , where � �2 1,..,i ii

i m, - �S . When the 

model is empirically implemented, random vector Z is usually interpreted as 
either observable global, country and industry effects; while effectively ε is an 
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unobserved regression residual in the calibration of the factor weight matrix. It 
can be shown (Frey et al, 2003) that the 2-state versions of the CM and PM are 
equivalent if the PDs of both models agree and if the correlation-matrix of X is 
the same in both. In the empirical tests we consider versions of the CM model 
for both univariate, 1R�X , and multivariate, 1NR N� �X  , cases.  
 
8.4. DATA 

 
In order to gauge the relative change in the trading book regulatory capital 

requirement we estimate the IRC, the pre-crisis VaR and the stressed VaR for 
various test portfolios with different credit rating, maturity sectoral character-
istics. We conduct tests at 2 levels, a sample portfolio of bond indices using 
the basic single-factor CM model, and then portfolios of equities employing a 
multi-factor version of the CM model. In both cases, we utilize rating transi-
tion matrices of two kinds, TTC from Moody’s Investors Services, and PIT 
from Kamakura Corporation’s PD model. This is performed for three sectors 
(industrial, financial and sovereign) and at two accumulation frequencies, 
quarterly and annually, in order to test the effect of the CLR vs. the CP as-
sumption. 

 
The first set of data are meant to be portfolios representative of various 

sectors, daily bond indices compiled by Bank of America-Merrill Lynch and 
sourced from Datastream. These span the period 1/2/97 to 12/19/11. The indi-
ces span three industry sectors: industrial, financial and sovereign for Portfolio 
1, 2 and 3. We summarize the statistics and correlations amongst in Table 8.4, 
and plot the time-series of these in Figures 8.1 through 8.3 for the respective 
three portfolios. The industrial Portfolio 1 has 4 rating groups (Aa-Aaa, Baa-
A, B-Ba and C-CCC), the financial Portfolio 2 has 3 rating groups (Aa-Aaa, A 
and Baa), and the sovereign Portfolio 3 has 3 rating groups (Aaa, Aa, A and 
Baa), spanning all maturities. In Portfolio 1, perhaps surprisingly we observe 
that mean returns generally decrease monotonically as we move from the 
highest to lowest rated categories, from 0.038% to 0.019%, although the me-
dian returns increase monotonically from 0.027% to 0.043% in this direction. 
On the other hand, the volatility of returns also decreases in this fashion, from 
0.72% for Aa-Aaa to 0.45% for C-Caa (although the coefficient of variation – 
CV – increases in this direction in a u-shape from 18.99 to 23.12, showing 
these returns to be very volatile in a relative sense). On the other hand, finan-
cial Portfolio2 shows mean (standard deviation) of returns increasing non- 
monotonically from 0.029%, 0.041% and 0.031% (0.398%, 0.338% and 
0.750%), for Aa-Aaa, A and Baa, respectively; while CVs increase as ex-
pected in a U- shape going toward lower credit quality from 13.90 to 19.74. 
Finally, the 3rd portfolio of sovereign bond index returns show a monotonic 
decrease in mean (median) returns from 0.033% to -0.017% (0.0097% to -
0.021%) from the highest credit quality Aa to the lowest Baa. The standard 
deviation, albeit in an s-shaped pattern, also increases in decreasing credit 
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quality overall from 0.501% to 1.29%. On the other hand, CV is inconclusive,  

 
 

 
 
as mean returns change sign, although this seems to imply a better risk-return 
tradeoff going from Aaa to Aa (14.97 to 5.87), and then -113.9 to -78.19 (i.e., 

-0.23

-0.18

-0.13

-0.08

-0.03

0.02 

0.07 

0.12 

0.17 

0.22 

Logarithmi c Returns 

Figure 8.3.  Bank of America - Merrill Lynch International Sovereign Bond 
Indices (Source: Datastream) 

Bond.Sov.Aaa Bond.Sov.Aa Bond.Sov.A Bond.Sov.Baa 
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Figure 8.2.  Bank of America - Merrill Lynch U.S. Financial Bond Indices 
(Source: Datastream) 
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a lower CV in absolute value is better when mean returns are negative), which 
is not completely consistent with the patterns in the 1st two empirical mo-
ments of return. We note that the high CVs, or extreme volatility in terms of 
standard deviations being an order of magnitude greater than means, is evident 
in the time series plots of Figures 8.1 through 8.3. Furthermore, across series 
we see clearly that volatility is in fact time-varying, and is elevated in periods 
of market turbulence (2001-2002 and 2007-2008.). 

 

 
 
We observe in the second, right panel of Table 8.4 that the patterns of cor-

relation amongst indices of different credit quality vary significantly across 
asset classes. In the case of Industrial and Financials, they are all positive, 
whereas for Sovereigns in most cases the correlation coefficients are negative. 
Second, it is not true (contrary to intuition) that correlations are always higher 
between closer credit qualities. Finally, we see that signs and magnitudes vary 
widely and often idiosyncratically across asset and credit classes, in both signs 
and magnitudes. In the case of Industrials, correlations between Aa-Aaa and 
Baa-A returns is higher (36.07%) than that between that class and either B-Ba 
or C-Caa (which are close at 8.84% and 8.26%, respectively.) But the correla-
tion between Baa-Ba and C-Caa (78.83%) is much higher than that with B-
Baa (8.68%.); although the highest correlation is between the lowest two cred-
it categories, 78.83% for B-Baa and C-Caa. However, in the case of Finan-
cials, we do see the intuitive pattern that the correlations amongst the two ad-
jacent classes in the set, Aa-Aaa and A (A and Baa) indeed have higher corre-
lations of 46.23% (24.17%), as compared to the further apart pair Aa-Aaa and 
Baa, the latter having a correlation of 14.20%. 
 
8.5. EMPIRICAL RESULTS 

 
Our main results are shown in Table 8.5 and in Figures 8.3 through 8.15. 

We have 12 sets of results, for both economic capital calculated in the 
CreditMetrics model (EC-CM) and for minimum regulatory capital under Ba-

Sector Rating Mean Median 
Standard 
Deviation 

Coefficient 
of 

Variation Minimum Maximum 
Aa-Aaa 0.0377% 0.0274% 0.7167% 18.99 -12.3977% 11.6545% 100.00% 36.07% 8.84% 8.26% 
Baa-A 0.0433% 0.0331% 0.5247% 12.11 -11.5403% 7.4375% 100.00% 8.68% 16.46% 
B-Ba 0.0372% 0.0418% 0.5308% 14.27 -6.0864% 10.8899% 100.00% 78.83% 
C-Caa 0.0194% 0.0425% 0.4478% 23.12 -4.7283% 8.3753% 100.00% 
Aa-Aaa 0.0286% 0.0185% 0.3977% 13.90 -2.9119% 8.0429% 100.00% 46.23% 14.20% - 
A 0.0411% 0.0097% 0.3375% 8.22 -2.5594% 4.5207% 100.00% 24.17% - 
Baa 0.0380% 0.0000% 0.7499% 19.74 -3.9653% 10.7130% 100.00% - 
Aaa 0.0334% 0.0097% 0.5006% 14.97 -4.0076% 7.9405% 100.00% 38.39% -32.57% -33.72% 
Aa 0.0164% 0.0147% 0.0964% 5.87 -0.8925% 0.9980% 100.00% -80.28% -68.16% 
A -0.0259% 0.0000% 2.9434% -113.85 -17.2285% 20.3193% 100.00% 76.78% 
Baa -0.0165% -0.0205% 1.2872% -78.19 -8.9365% 7.4074% 100.00% 

Portfolio 3 - 
Sovereigns 

Correlations 

Table 8.4. Bank Of America Merrill Lynch United States Bond Indices Logarithmic Daily Returns 1/2/97 to 
12/19/11  (Source: Datastream ) 

Portfolio 1 - 
Industrials 

Portfolio 2 - 
Financials 



Empirical analysis of bank capital 
 

 

135 

sel II (RC-B2), as well as the respective expected losses denoted EL-CM and 
EL-B2, respectively. We also show the C-VaRs for these, C-VaR-SM and 

Figure 8.4 

 
 

Figure 8.5 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Industrial Bond Indices as of 4Q11 (Constant Risk - Kamakura KRIS Quarterly Transitions 1990-2010)
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C-VaR-B2, from which the EC is calculated as the difference between these 
and the ELs.  There are the 3 sectors  discussed in  the previous section (indus- 

Figure 8.6 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Through-the-Cycle Rating Migration Matrix

Datastream Industrial Bond Indices as of 4Q11 (Constant Portfolio - Moody's Annual Transitions 1982-2011)
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Figure 8.7 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Industrial Bond Indices as of 4Q11 (Constant Portfolio - Kamakura KRIS Annual Transitions 1990-2010)
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trials, financials and sovereign), two assumptions regarding portfolio dynam-
ics (CR vs. CP) and ratings system (TTC vs. PIT) as discussed in the introduc-
tory section. 
 

First let us discuss the industrial bond index results. EC-CM is 6.65% for 
CR-TTC, only slightly lower than the 6.39% for CP-TTC, but in the case of 
PIT ratings capital is significantly higher for CP as compared to CR, 9.76% 
and vs. 7.17%, respectively. Therefore, industrial bonds and in the case of PIT 
ratings, EC is higher for CP as compared to CR, although there is no relation-
ship for TTC ratings. However, this relationship as seen between CR and CP 
for PIT ratings in the case of industrials is reversed in the case of RC-B2, and 
consistent across TTC and PIT ratings. Furthermore, RC is higher than EC in 
the case of industrials across rating systems and portfolio dynamics assump-
tions. RC-B2 is 8.45% for CR as compared to 7.62% for CP in the case of 
TTC ratings, while it is 6.66% and 5.5.53% in the case of PIT ratings, for the 
respective portfolio dynamics. 
 

The results for the financial sector bonds are rather different from that with 
respect to the financials. In all cases, now economic exceeds regulatory capi-
tal, and PIT rating have an order of magnitude great capital than TTC ratings, 
especially for EC as opposed to RC. In the case of TTC ratings, the CP as-
sumption results in much higher EC for financials, 15.11% for the later vs. 
0.79% for the former. That compares to a difference of 1.47% vs. 0.34% in the 
comparison of CP vs. CR, respectively, in the case of RC-B2. As with the in-
dustrials, PIT ratings result in higher IRC charges than TTC ratings across the 
board, with the differences accentuated as compared to industrials and also in 
the comparison of economic  vs.  regulatory capital.  CR and CP have EC-CM  

 
Figure 8.8 
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CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Through-the-Cycle Rating Migration Matrix

Datastream Financial Bond Indices as of 4Q11 (Constant Risk - Moody's Quarterly Transitions 1982-2011)
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Figure 8.9 

CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Financial Bond Indices as of 4Q11 (Constant Risk - Kamakura KRIS Quarterly Transitions 1990-2010)
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Figure 8.10 
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CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Through-the-Cycle Rating Migration Matrix

Datastream Financial Bond Indices as of 4Q11 (Constant Risk - Moody's Quarterly Transitions 1982-2011)
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of 31.93% and 33.53%, respectively, as compared to respective values of 
0.79% and 15.11% for the TTC counterparts. This contrasts with RC-B2 of 
0.34% (1.47%) for TTC ratings, vs. 11.34% (10.12%) for PIT ratings, for CR 
and CP dynamics, respectively.  
 

Finally for this exercise, we observe that sovereign bonds have greater sim-
ilarity in the patterns around the IRC with financials as compared to industri-
als. As with the financials, economic is everywhere much larger than regulato-
ry capital, PIT ratings have much higher capital charges than under TTC rat- 

Figure 8.11 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Financial Bond Indices as of 4Q11 (Constant Portfolio - Kamakura KRIS Quarterly Transitions 1990-2010)
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Figure 8.12 
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CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Through-the-Cycle Rating Migration Matrix

Datastream Sovereign Bond Indices as of 4Q11 (Constant Risk - Moody's Quarterly Transitions 1982-2011)
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Figure 8.13 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Sovereign Bond Indices as of 4Q11 (Constant Risk - Kamakura KRIS Quarterly Transitions 1990-2010)
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Figure 8.14 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Through-the-Cycle Rating Migration Matrix

Datastream Sovereign Bond Indices as of 4Q11 (Constant Portfolio - Moody's Quarterly Transitions 1982-2011)
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Figure 8.15 
CreditMetrics Simulated Incremental Risk Charge (IRC) Credit Loss Distribution: Point-in-Time Rating Migration Matrix

Datastream Sovereign Bond Indices as of 4Q11 (Constant Portfolio - Kamakura KRIS Quarterly Transitions 1990-2010)
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tings, and CP dynamics yield higher risk estimates than CR dynamics. Under 
CR and TTC, for sovereigns EC-CM of 0.47% exceeds RC-B2 of 0.15%, as 
with the financials and is of about the same order of magnitude albeit smaller. 
Unlike the industrials and again similarly to the financials, sovereigns have 
both higher economic and regulatory capital under a CR dynamics for TTC 
ratings, 12.09% and 1.76%, respectively. The pattern for PIT ratings is similar 
for both industrials and financials in that both EC and RC is higher than in 
TTC ratings, and closer to financials in that risk measures are much higher in 
the former as compared to the latter (EC-CM 28.74% and 31.9%, and RC-B2 
of 12.47% and 10.63%, for RC and RP, respectively) and of similar magnitude 
to the financials (albeit a little less for economic, and slightly more for regula-
tory, capital.) Furthermore, as with the financials and unlike the industrials, 
IRC charges are greater for EC than for RC, whereas it is reversed for the lat-
ter.  
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8.6. CONCLUSIONS 

 
In this study we measured the impact of the new Basel prescriptions upon 

institutions’ regulatory capital requirements. We arrived conclusions that in 
some respects are rather different and more nuanced than what has been found 
previously, in contrast to the existing and limited literature, along several di-
mensions. While we concluded that, in general, the increase in trading book 
capital due to IRC and S-VaR may be substantially more than expected based 
upon the regulatory impact studies (BCBS 2009b, 2010a), we found this this 
to vary significantly according to assumptions on the dynamics of portfolios 
(constant level of risk vs. constant positions) and ratings (through-the-cycle vs. 
point-in-time), dependency structures (copula models) as well as sectors (rat-
ings, asset classes and maturities.) Furthermore, in a Bayesian implementation 
of the Basel II asymptotic single risk factor (“ASRF”) framework (Gordy, 
2003) and the basic CreditMetrics (JP Morgan, 1997; “CM”) model, by treat-
ing correlation matrices as random rather than as fixed parameters, we illus-
trate that the new framework adds substantial uncertainty to the capital esti-
mates. This also shed light upon the influence of portfolio diversification upon 
the new trading book capital requirements in crisis periods. Results indicated 
that capital charges are in general higher for either point-in-time ratings or 
constant portfolio dynamics, with this effect accentuated for financial or sov-
ereign as compared to industrial sectors; and that regulatory is larger than eco-
nomic capital for the latter, but not for the former sectors.  
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