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The 2007–2009 financial crisis was 
the impetus behind a new set of 
f inancial regulations known as 
Basel 2.5 and Basel III, measures 

designed by the Basel Committee of Banking 
Supervision (BCBS) to strengthen the resil-
ience of the banking sector.1 These measures 
build upon an ongoing program to both 
strengthen and sensitize to risk the regula-
tory capital requirements to which banks are 
subject [BCBS, 1996a, 1996b, 2005, 2006]. 
The aftermath of the financial crisis involved 
losses far in excess of anything observed in 
recent history. International supervisors 
have focused on constructing an enhanced 
set of capital requirements to ensure that in 
the future banks have resources sufficient to 
withstand a similar or worse crisis, which has 
been discussed by Moshirian [2011, 2012] and 
Francis and Osborne [2012], among others.

Although credit risk played a central 
role in this downturn,2 it is less well known 
that the epicenter of these losses was in insti-
tutions’ trading portfolios [BCBS, 2009a]. 
Even as signif icant price risk materialized 
due in large part to changes in the market 
price of risk in this period above and beyond 
market factor volatility Berg [2010], credit 
events were a major catalyst behind the mas-
sive losses realized by institutions. In light of 
this, the BCBS’s objective is to ensure that 
institutions can withstand such a conf luence 
of risk factors through heightened regula-

tory scrutiny of the credit risk residing in the 
trading books. Another motivation behind 
these new regulations is to enforce a greater 
degree of symmetry in measuring and man-
aging credit risk between banking books and 
trading books, minimizing the tendency of 
institutions to try to reduce regulatory cap-
ital by regulatory arbitrage, that is, booking 
assets across these. Hence, we have a set of 
new regulations tailored to addressing the 
credit, liquidity, and stressed-market risk 
embedded in trading portfolios of default-
able instruments.

Although supervisors expect that an 
institution will hold suff icient capital 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, 
2009b]. This was the impetus behind the 
BCBS program of overhauling banking reg-
ulations and a host of new measures [BCBS, 
2009b, 2010c]. With a view toward forti-
fying the resilience of the banking sector, 
the BCBS introduced two additional risk 
metrics: the incremental risk charge (IRC), 
measuring the credit risk residing in trading 
books, and the stressed value-at-risk (S-VaR) 
measure, quantifying estimated mark-to-
market losses ascribed to market moves in a 
downturn period. The IRC is meant to mea-
sure portfolio value changes due to spread 
changes, rating migration, and default events 
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2   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

for tradable, nonstructured and nonsecuritized trading 
book exposures. Additionally, the IRC is intended to 
compensate for deficiencies in the regulatory value-
at-risk (VaR) framework, which assumed an exposure 
period of 10 days to market risk, a standard in place at 
the time for trading books.3

The recent f inancial crisis highlighted that due 
to the illiquidity of f inancial institutions’ securities, 
such market participants may not be able to trade out 
of positions in a timely manner to curtail losses, effec-
tively causing an involuntary extension of instruments’ 
maturity and credit risk that requires additional capital. 
Rossignolo et al. [2013] indicate that “establishing the 
minimum capital requirement for market risks in the 
trading book has been the subject of a convoluted debate 
for which no unanimity has yet been reached.”

The idea behind the IRC is to measure credit risk 
in a trading portfolio over the regulatory or economic 
capital formation period, conventionally one year, also 
termed the capital horizon. This contrasts with the 
liquidity horizon, the period in which a bank is unable to 
rebalance its trading portfolio, stipulated by regulators to 
be at least a period of three months, at the end of which a 
bank can achieve a level of risk as existing at the begin-
ning of the period [BCBS, 2009a]. This assumption on 
portfolio dynamics is called the constant level of risk (CR), 
in recognition that institutions will have to bear a certain 
amount of risk during crisis periods to generate income 
to cover losses and remain viable.

Assets that have migrated to different credit ratings 
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. In the spirit of the new regulations, 
banks should strive for compliance and choose the cor-
rect measure of migration risk from among various types 
that each imply materially different transition patterns. 
The CR portfolio dynamic 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; rebalancing at the end of the 
liquidity horizon will cause the risk profile of the port-
folio to be realigned several times every year. This is in 
contrast to the constant portfolio position (CP) dynamic, in 
which the portfolio positions are frozen over the capital 
horizon. These dynamics, CR versus CP, in turn will 
inf luence measured annual default rates on which prob-
ability of default (PD) estimates are often based.

In this study, we implement procedures to mea-
sure the impact of the liquidity horizon on one-year 
PD estimates and risk measures. Through-the-cycle (TTC) 
ratings quantify the credit risk of obligors over several 
years (e.g., five) or over a business cycle, in an attempt 
to derive a stable measure that is not a function of tem-
porary f luctuations in the economy. Migrations should 
be due to changes in company fundamentals or idio-
syncratic shocks and not systematic factors. Given 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 and Moody’s, 
as well as some banks, regularly estimate through-the-
cycle ratings, and TTCs are generally favored by prudent 
bank 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 
system quantif ies 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 systematic 
factors on credit quality. Therefore, compared to the 
TTC rating system, PIT ratings have greater frequency 
and velocity of transition across ratings but relatively 
stable transition or default rates within ratings. Banks 
also use PIT ratings, either in combination or in lieu of 
TTC ratings; agencies want to maintain stable ratings, 
whereas banks have additional concerns about an obli-
gor’s ability to make payments. Further examples of PIT 
ratings include the regulatory pass versus non-pass clas-
sification for loans, bank ratings designations described 
by the CAMEL mnemonic, and vendor models for prob-
ability of default, for example, Moody’s KMV Expected-
Default-Frequency™ (EDF™).4

In this study, we measure the impact of the new 
Basel regulations on institutions’ regulatory capital 
requirements. We also conduct a Bayesian implemen-
tation of the Basel II ASRF framework and the basic 
CreditMetrics™ model [ J.P. Morgan, 1997], treating 
correlation matrices and default rates as random rather 
than as fixed parameters.

This article reviews the relevant literature, with 
respect to studies that assess the impact of the new reg-
ulations, as well as studies that are of methodological 
relevance. We present our theoretical model as well as 
empirical and estimation methodologies and describe 
our datasets. We present our main results, the estima-
tion of incremental risk capital charges under alternative 
frameworks, and we discuss a Bayesian analysis of the 
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posterior distribution of the risk measures. Finally, we 
consider the implications of our findings and provide 
directions for future research.

REVIEW OF THE LITERATURE

In ratings-based capital rules such as the Basel 
accords, a capital charge to an instrument is based only 
on its own characteristics. Gordy [2003] proves that 
in general when economic capital is calculated using a 
portfolio model of credit value-at-risk (C-VaR), mar-
ginal capital requirement for an instrument depends on 
the properties of the portfolio in which it is held. He 
demonstrates that ratings-based capital rules can be rec-
onciled 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 
factor driving correlations across obligors; and second, 
no exposure in a portfolio accounts for more than an 
arbitrarily small share of total exposure.

Frey and McNeil [2003] analyze the mathemat-
ical structure of portfolio credit risk models with par-
ticular regard to the modeling of dependence between 
default events, exploring the role of copulas in latent 
variable frameworks that underlie popular practitioner 
models such as J.P. Morgan’s CreditMetrics model [ J.P. 
Morgan, 1997] and Moody’s KMV portfolio manager 
model [Kealhofer, 2001]. Frey and McNeil show that 
all currently 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. They develop several approaches 
to model calibration based on the Bernoulli mixture 
representation. Their empirical tests show that max-
imum likelihood estimation of parametric mixture 
models generally outperforms simple moment estima-
tion methods.

Recent literature examines the accuracy of VaR 
and the question of whether it should be used for regula-
tory capital purposes, in relation to the regime change 
that occurred during the recent financial crisis. Perignon 
and Smith [2010a, b] conclude that C-VaR is often inac-
curate and has little ability to predict future portfolio 
outcomes. They point to evidence that during a pre-
crisis period, banks systematically underestimate their 
trading book capital needs, and the current crisis has 
highlighted that banks were undercapitalized and that 
their trading book VaRs were understating risk. A pos-

sible explanation for this observation is the pre-crisis 
period—on which VaR models were estimated—was 
characterized by unusually low volatility [Acharya and 
Schnabl, 2009]. In addition, Mcaleer et al. [2010] con-
clude that the concept of VaR is intended to capture the 
possibility of bad outcomes on a typical day, not a day 
when market panic sets in.

Based on these arguments, S-VaR estimated over a 
past period of severe market distress appears to be justi-
fied as an additional measure to correct for the poten-
tial capital shortfalls that can result when employing 
unstressed VaR. In a related paper, Berg [2010] calibrates 
the term structure of risk premiums before and during 
the 2007–2008 financial crisis using a new calibration 
approach based on credit default swap spreads. The risk 
premium term structure was f lat before the crisis and 
downward sloping during the crisis. The instantaneous 
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 although (marginal) inves-
tors have become more risk averse during a crisis, they 
are well aware that risk premiums will revert back to 
normal levels in the long run.

BCBS [2009a] stipulates IRC as a requirement for 
banks that model specific risk to measure and hold capital 
against default risk that is incremental to any default risk 
captured in the bank’s trading book. Accordingly, the 
IRC should be based on the assumption of a CR port-
folio under the one-year capital horizon: The portfolio 
is rebalanced to preserve its initial credit rating profile as 
well as its concentration level, and the rebalancing period 
can be exposure specific. The higher the concentration 
of the portfolio on one exposure the longer should be 
its liquidity horizon. It follows that the liquidity horizon 
can be used to account for both liquidity risk as well as 
concentration risk. In this new framework, credit market 
risk is measured as the 99.9th percentile of a portfolio 
loss distribution. The choice of the 99.9th percentile 
is motivated by the desire to remain consistent with 
the advanced internal rating based (A-IRB) approach 
to regulatory credit capital. BCBS [2009b] states that 
the IRC applies to those exposures that are subject to 
a capital charge for specific interest rate risk, with the 
exception of securitization exposures and nth-to-default 
credit derivatives.

Basel III is relatively new. Introduced in tentative 
form in 2009 and finalized in 2010, its regulations are 
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4   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

not yet fully in place but are designed to be phased in 
over several years [BCBS, 2010c]. There are relatively 
few studies analyzing the impact of these rules on regula-
tory capital. The notable exceptions are the quantitative 
impact studies issued by the regulators [BCBS, 2009b, 
2010c] using an extensive sample of international banks, 
which conclude that the new requirements will result in 
a material increase in regulatory capital for bank trading 
books. Based on these studies, the IRC that quanti-
fies credit risk in the trading book and the S-VaR that 
measures potential value losses due price changes during 
a crisis are forecasted to result in augmented median 
regulatory capital requirements of 51.7% and 28.8%, 
respectively. Another supervisory whitepaper [BCBS, 
2010a] that focuses on the macroeconomic impact of the 
new rules finds a positive long-term effect, arguably one 
of the justifications for their implementation.

Kashyap et al. [2010] find evidence supporting the 
conclusions of the BCBS [2010a] and estimate modest 
increases in bank capital (10%) and lending rates (on the 
order of 25 basis points). Demirguc-Kunt et al. [2010] 
study the financial crisis era equity price reactions of 
various financial institutions to the cross-sectional varia-
tion in capital ratios and find that the ratios given more 
emphasis in Basel III are those most highly related to 
equity returns (e.g., leverage or tier-I).

Varotto [2011] conducts a quantitative analysis 
of the impact of the Basel 2.5 capital regulations with 
respect to trading portfolios using various representative 
U.S. bond indices and alternative segmentations (maturi-
ties, credit ratings, and industry sectors). Estimating new 
capital requirements for liquidity and credit risk through 
the IRC and the risk of extreme market movements 
through S-VaR based on the 2007–2009 financial crisis, 
he finds that capital requirements could potentially be 
much more than estimated by the impact studies con-
ducted by the regulators [BCBS, 2009a, 2010b, 2010c]. 
Varotto ascribes the diminished capital impact reported 
by the participating banks to be an artifice of an assumed 
risk reduction due to hedging activities, which in crisis 
scenarios may be of dubious worth, calling into question 
the credibility of the supervisory impact study.

Yavin et al. [2011] investigate a component of the 
IRC methodology, constructing alternative transition 
probability matrices (TPM) for unsecuritized credit 
products in the trading book. They construct monthly 
and quarterly TPMs across different sectors and ratings 
that are consistent with the bank’s Basel PDs, observing 

that the construction of a TPM is not a unique process. 
They highlight various aspects of the three types of 
uncertainties embedded in direct construction methods: 
1) the available historical data and the bank’s rating phi-
losophy; 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 that TPMs, and specifically their PDs, are 
the most important parameters in IRC, they conduct 
analyses of alternative TPMs 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 
methodologies, with uncertainties well understood and 
managed.

Alexander et al. [2012] find that the use of multiple 
VaR constraints is more effective in controlling tail risk 
than the use of a single VaR constraint. Their conclu-
sions provide support for our approach under the IRC 
framework of considering both constant level of risk 
and constant portfolio positions constraints. Rosen and 
Saunders [2010], based on Hoeffding decomposition, 
develop a methodology in the context of multifactor 
credit portfolio models and derive specific results for 
calculating systematic factor contributions. Their results 
highlight the necessity of analyzing the contributions of 
positions as well as risk factors, which our study con-
siders by using bond data from different industries as well 
as different credit qualities while calculating the IRC.

Finally, in a related stream of literature, Jarrow 
et al. [1997] discuss the generator, a mathematical tool 
that allows one to obtain TPMs over any desired time 
period. Israel et al. [2001] illustrate a methodology for 
estimating the generator. For an analysis of the proper-
ties of TTC as compared to PIT rating systems, see Keal-
hofer et al. [1998], Treacy and Carey [2000], Carey and 
Hrycay [2001], Kealhofer [2003], and Kou and Varotto 
[2008].

EMPIRICAL METHODOLOGY

To quantify the IRC, we first use the asymptotic 
single risk factor model [Gordy, 2003] of the A-IRB 
framework in Basel II for banking book assets. This 
represents a simple benchmark and an approach that 
meets the BCBS’s basic robustness requirements for the 
estimation of IRC, namely that it should be in line with 
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A-IRB standards [BCBS, 2009b]. Second, we use more 
general industry standard models to measure the IRC 
[Frey and McNeil, 2003], including the CreditMetrics 
framework of J.P. Morgan [1997], in that they take into 
account rating migrations short of the default.

The asymptotic single risk factor 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 an unobservable random variable 
x, termed a latent variable, falls below some threshold. 
This approach employs the binomial distribution for the 
probability model of defaults for a homogeneous port-
folio segment, which assumes independence across obli-
gors and time, as well as a common PD for each obligor. 
The Basel requirements further demand an annual PD 
that is estimated over a sample long enough to cover 
a full cycle of economic conditions, that is, uncondi-
tional with respect to external conditions. Such a PD 
estimate can be derived within the binomial specifica-
tion by averaging realized default rates (DRs) over a long 
enough sample period.5

In this framework, default occurs if v
it
 < T *, where 

v
it
 is the value of asset i at time t, and T * is a default 

threshold value. Thus we may define the random vari-
able Y

i
 that indicates whether the observation i is a 

default at time t:

 

Y
v T

v T
iYY

it

it

*

*
=

⎧
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The model of the default generating process is given by
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where the distribution of default indicator is Bernoulli, 

that is, ( ) = ) ,1d p~ d p p p(1−i i(p d Y (1 ) Y−1 i(1 )(1 YY(1 )1  and M YiYY
i

m

∑( )
=1

 is 

the count of defaults. This model of the default-gener-
ating process underlies rating agency estimation of PD 
through the historical average DRs, where the max-
imum likelihood estimator is simply =ˆ .p M

m  The Basel 
II guidance suggests that due to systematic temporal 
changes in asset characteristics or changing macroeco-
nomic conditions, there may be heterogeneity, which is 
in part motivated by the evidence from credit markets 

(i.e., defaulted loans or bonds) that default probabili-
ties vary over the economic cycles. The Basel II capital 
requirements, based on a one-factor model as suggested 
by Gordy [2003], accommodate systematic temporal 
variation in asset values and hence in DRs.

The above framework can be used as the basis of 
a model that allows temporal variation in the DR, and 
hence correlated defaults within years. The time t value 
of the asset i is given by:

 
( )υ = ρ + ε

1
2

1
2

it t i( )+ ε t  (3)

where ε
it
 is time and asset specif ic shock and x

t
 is a 

common time shock, inducing correlation ρ ∈ [0,1] 
across asset values within a period and controlling the 
dispersion of the distribution of the realized DR. The 
distribution of υ

it
 conditional on x

t
 is given by Φ(ρ1/2x

t
, 

1 − ρ) and the period t default probability, also referred 
to as the conditional PD, can be written as:

 

( )
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(4)

Evaluating Equation (4) at a low quantile %qx  of x
t
 (e.g., 

2.99 for the regulatory 99.9th percentile C-VaR) with 
constant loss given default LDG

i
 and exposure at default 

EAD
i
 for asset i, produce the formula for RC:

 

( )
( )

( ×

(=

K (= ( LGD E× ADEE

CVaRVV E) −) L

i
REG

i) × LGD i

i

REG

i  

(5)

where C-VaR is given by:

 
( )( ) θ ×() θCVaRVV () = θ L) ×) GD EAD

i

REG

t (( i i× EAD  (6)

and expected loss (EL) is given by:

 
( )= θ ×)EL LGD E× ADEEi tθ i) ×) LGD i  (7)

In the more general single period credit risk model 
of f ixed time horizon T, a credit portfolio consists 
of m obligors and an integer-valued state variable 
S

ij
 ∈ {0,1, …, n} corresponding to each i ∈ {1, …, m} 

where S
ij
 is a measure of the creditworthiness or health 

of each obligor i. A better state is associated with an 
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increasing value, where default is coded by S
ij
 = 0 ⇔ 

y
i
 = 1 and S

ij
 > 0 ⇔ y

i
 = 0 (e.g., positive S

ij
 are analogous 

to non-default credit ratings).
The latent variables model X = (X

1
, …, X

m
) is an m-

dimensional random vector and 1d d1 ii
n
i { }1, , m1, ...,< ∀di  

is a sequence of cutoff points, where without loss of gen-
erality the boundaries can be assigned as = −∞0di  and 

= +∞+1dn
i , for

{ } { }⇔ ≤ ∀ ∈ ∀+ , {∀ ∈1S j= d X< d i∀+1 j}, ∀i j⇔j di
i j≤ di

 (8)

then ( ) )1 1)X d,(i j,(,( i
j n i m≤ ≤ ≤i  constitutes a latent variable model 

with respect to the state vector S = (S
1
, …, S

m
)T, where 

X
i
 is often interpreted as obligor i’s asset values in state 

j, and 1di  the liability values in state 0 at the horizon 
time T, with default corresponding to the event S

i
 = 0, 

that is, the value of a firm’s assets is below the value of 
its liabilities.

There are several prominent cases of practitioner 
credit risk models that are either implicitly or explic-
itly derived in a framework of Gaussian copula, which 
describe the dependence structure among multivariate 
normal random vectors. Two such examples are the 
CreditMetrics and KMV portfolio manager models. 
Although these models are structurally rather similar, 
they differ with respect to the approach used for cali-
brating obligor’s PD. Both approaches assume that the 
state vector X is distributed as a multivariate Gaussian 
random variable and is interpreted as a (standardized) 
asset value change process over the relevant horizon T. 
In each case, the default threshold 1di  is set such that 
obligor i’s probability of default is equal to the empirical 
default frequency of companies deemed similar in credit 
quality. CreditMetrics modeling defines this segmenta-
tion with respect to some kind of PD rating system, 
which may be internal to an institution or provided by a 
rating agency such as Moody’s or Standard & Poor’s. On 
the other hand, in the KMV portfolio manager model, 
the state variable is a measure that is market based, that 
is, based on the value and volatility of a firm’s equity. 
Known as distance-to-default, the measure 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 random vector X, 
or the covariance matrix Σ = E[(X−Ε [X])(X−E[X])T ] in 

a Gaussian copula, is estimated in a factor model frame-
work, where the components of X are given by:

 ε μXX A=XX AZAAZ +ZZ + B++ B +εBB +++ (9)

where some p-d imensiona l r andom vector 
Z ∈ Rp ∼ N

p
(0,Ω) p < m represents the systematic 

(or common) factors inf luencing the credit quality of 
each obligor, and a standardized independent Gaussian 
random vector ε ∈ Rm ∼ N

m
(0,I

M
) represents the idio-

syncratic (or obligor-specific) factors. Constant matrices 
A ∈ Rm×p and B ∈ Rm×m represent factor loadings on 
these, respectively. When this model is empirically 
implemented, random vector Z is usually interpreted 
as either observable global, country, or industry effects, 
while effectively ε is an unobserved regression residual 
in the calibration of the factor weight matrix. Frey and 
McNeil [2003] show that the two-state versions of the 
CreditMetrics and KMV portfolio manager models are 
equivalent if the PDs of both models agree and if the 
correlation-matrix of X is the same in both. Thus, in our 
empirical tests we consider versions of the CreditMetrics 
model for both univariate, Z ∈ R1, and multivariate, 
Z ∈ Rp p > 1, cases.

DATA AND SUMMARY STATISTICS

To estimate the IRC, we use two types of rating 
transition matrices, TTC from Moody’s Investors Services, 
and PIT from Kamakura Corporation’s PD model. We 
perform our estimations for three sectors—industrial, 
financial, and sovereign—and at two accumulation fre-
quencies—quarterly and annually—to test the effect of 
the CR versus CP assumption for portfolio dynamics. 
In analyzing the relative change in the trading book 
regulatory capital requirement, we estimate the IRC 
for various test portfolios with different credit ratings 
in each of the three sectors. We conduct our tests by 
applying the basic univariate as well as the multivariate 
versions of the CreditMetrics model on the sample port-
folio of bond indices in each sector.

Exhibit 1 displays the TTC transition matrices 
from Moody’s covering the 1982–2011 period, for both 
quarterly and annual frequency, for industrial, f inan-
cial, and sovereign sectors. These ratings migrate only 
when a change in the underlying credit quality of the 
rated entity is considered to be permanent. Exhibit 2 
presents the PIT transition matrices from Kamakura 
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E X H I B I T  1
Through-the-Cycle (TTC) Transition Matrices: Moody’s Default Rates, 1980–2011

E X H I B I T  2
Point-in-Time (PIT) Rating Transition Matrices: Kamakura KRIS 1990−2011

JFI-INANOGLU.indd   7JFI-INANOGLU.indd   7 3/6/14   3:06:32 PM3/6/14   3:06:32 PM

Au
th

or
 D

ra
ft 

Fo
r R

ev
ie

w
 O

nl
y



8   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

Risk Information Service covering the 1990–2011 
period for the same frequencies and sectors. Com-
parisons of the transition probabilities in Exhibits 1 
and 2 show that the PIT values are more volatile, as 
they quickly adjust to ref lect current changes in credit 
quality whether of a permanent or temporary nature. 
We also observe that the PIT transitions to non-default 
states are far larger. Using as an example the industrial 
sector, the probability of being downgraded from A to 
Baa in one year is 6.57% for TTC and 28.11% for PIT. 
The probability of having the same A rating in one 
year, that is, no migration (diagonal values of transition 
matrices), is far smaller using the PIT system (90.87% 
and 54.93% for TTC and PIT, respectively). In addi-
tion, the default frequencies for ratings A, Baa, Ba, and 
B in the annual transition matrices for the industrial 
sector are smaller in the TTC system—0.02%, 0.12%, 
1.34%, and 5.69%—than in the PIT system—0.32%, 
1.49%, 3.33%, and 7.46%.

We obtained the daily bond indices compiled by 
BofA Merrill Lynch from Datastream for the period 
January 2, 1997, to December 19, 2011. Exhibit 3 pres-
ents the summary statistics and correlations. Our dataset 
contains three portfolios: 1, industrial bonds; 2, finan-
cial bonds; and 3, sovereign bonds. Ratings across all 
maturities are the following: For Portfolio 1, there are 
four rating groups: Aa–Aaa, Baa–A, B–Ba, and Caa–C; 
Portfolio 2 comprises three rating groups: Aa–Aaa, A, 

and Baa; and Portfolio 3 contains four rating groups: 
Aaa, Aa, A, and Baa.

Exhibit 3 shows that for Portfolio 1, industrial 
bonds, mean returns generally decrease monotonically 
from 0.038% to 0.019%, while the median returns 
increase monotonically from 0.027% to 0.043%, from 
the highest- to lowest-rated categories. Volatility of 
returns decreases from 0.717% to 0.448%, but the 
coeff icient of variation displays a U-shaped pattern, 
from 18.99 to 12.11 then to 23.12. Returns for Port-
folio 2, f inancial bonds, exhibit a U-shaped pattern 
in all the descriptive statistics. Portfolio 3, sover-
eign bonds, displays a monotonic decrease in median 
returns while other descriptive statistics vary in their 
patterns.6

The patterns of correlations among different credit 
qualities vary significantly across sectors, as shown in 
Exhibit 3. For the industrial and financial bond port-
folios, correlations among credit rating groups are all 
positive, whereas for sovereign bonds these correlations 
are mostly negative. Exhibit 4, discussed in the next 
section, shows that correlations are not always higher 
between closer credit qualities while their signs as well 
as magnitudes vary considerably and often idiosyncrati-
cally across sectors and credit classes. For industrial and 
sovereign bonds, the highest correlation is between the 
lowest two credit categories, while for the financial it is 
between the highest two credit groups.

E X H I B I T  3
Descriptive Statistics: Daily Bond Index Returns, January 2, 1997, to December 19, 2011

Note: Correlations between each portfolio and the corresponding systematic factors are 50.61%, 75.10%, and 60.09%, respectively.

Source: Datastream, BofA-Merrill Lynch Bond Indices.

JFI-INANOGLU.indd   8JFI-INANOGLU.indd   8 3/6/14   3:06:33 PM3/6/14   3:06:33 PM

Au
th

or
 D

ra
ft 

Fo
r R

ev
ie

w
 O

nl
y



THE JOURNAL OF FIXED INCOME   9SPRING 2014

EMPIRICAL RESULTS

Our main results are shown in Exhibit 4 and in 
Exhibits 1 through 4. In Exhibit 4, we tabulate results 
both for economic capital calculated in the CreditMet-
rics univariate and multivariate models and for minimum 
regulatory capital under the Basel II IRB approach, as 
well as expected loss calculated with the three models. 
We also show the C-VaRs for the three models from 
which the EC is calculated as the difference between 
the C-VaRs and the ELs. These are tracked by ratings 
system (TTC versus PIT), portfolio dynamics (constant 
risk, CR, versus constant position, CP), and three sec-
tors (industrial, financial, and sovereign).

There are several general conclusions that we can 
make before we discuss details. Universally, we observe 
that economic capital calculated in the multivariate 
CreditMetrics model implies IRC risk measures a higher 
order of magnitude greater as compared to economic 
capital calculated in the univariate CreditMetrics model. 
In general, PIT ratings and CP portfolio dynamics result 
in higher incremental risk charges as compared to TTC 
ratings and CR rating dynamics. The univariate Credit-
Metrics model calculations of economic capital are much 
smaller for financial and sovereign sectors than for indus-

trial sectors only for TTC ratings and CR dynamics; in 
the PIT ratings, economic capital is higher by an order 
of magnitude. Finally, economic is generally higher than 
regulatory capital, except for the industrial sector with 
CR portfolio rated with PIT, i.e., 7.17% versus 9.29% 
and 4.54% versus 6.66%.

Univariate CreditMetrics and Basel II 
Internal Ratings Based Models

Economic and regulatory capital in the 
industrial sector. Referring to Exhibit 4, for industrial 
bond indices, economic capital calculated by the 
univariate CreditMetrics model using TTC ratings is 
6.65% for CR, only slightly higher than the 6.39% for 
CP; but in the case of PIT ratings, capital is significantly 
higher for CP as compared to CR, 9.76% versus 7.17%, 
respectively. Therefore, in the case of PIT ratings for 
industrial bonds, EC is higher for CP as compared to 
CR; there is no relationship for TTC ratings. However, 
in the Basel II IRB model, this relationship is reversed, 
with CR being consistently higher across TTC and PIT 
ratings: 8.45% for CR as compared to 7.62% for CP in 
the case of TTC ratings, and 6.66% versus 5.53% in the 
case of PIT ratings.

E X H I B I T  4
Incremental Risk Charge (IRC) for CreditMetrics vs. Basel II IRB Models, Daily Bond Indices from January 2, 
1997, to December 19, 2011
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10   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

Economic and regulatory capital in the 
financial sector. Exhibit 4 shows that for economic 
capital calculated with the univariate CreditMetrics 
model the results for the f inancial sector bonds are 
rather different from those for the industrials. In all 
cases, now economic exceeds regulatory capital, and 
PIT ratings have an order of magnitude greater capital 
than TTC ratings, especially for EC as opposed to RC. 
In the case of TTC ratings of portfolio dynamics, EC 
is much higher for f inancials, 15.04% for CP versus 
0.79% for CR. Compare the TTC ratings for the Basel 
II IRB approach, 1.39% for CP and 0.33% for CR. As 
with the industrials, 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 EC versus RC. The univariate 
CreditMetrics model calculates credit capital for CR of 
29.76% and for CP of 31.36% in the PIT ratings system, 
as compared to respective values of 0.79% and 15.04% 
for the TTC counterparts. The Basel II IRB model 
estimates 0.33% for CR and 1.39% for CP for TTC 
ratings, and 9.17% for CR and 7.95% for CP using PIT 
ratings.

Economic and regulatory capital in the 
sovereign sector. For sovereign bonds, we compare 
economic capital calculated with the univariate 
CreditMetrics model to regulatory capital calculated 
under a Basel II IRB approach, and those results with the 
other sectors. Sovereign bonds have greater similarity 
in the patterns around the IRC with f inancials than 
with industrials. As with the f inancials, economic is 
everywhere much larger than regulatory capital, PIT 
ratings have much higher capital charges than TTC 
ratings, and CP dynamics yield higher risk estimates 
than CR dynamics. Under TTC-rated CR, economic 
capital of 0.47% exceeds regulatory capital of 0.14%, 
about the same order of magnitude as with the financials 
albeit smaller. Unlike the industrials and again similarly 
to the financials, sovereigns have both higher economic 
and regulatory capital under a CP dynamic for TTC 
ratings, 12.05% and 1.72%, respectively. Like financials, 
sovereign EC and RC are higher in PIT than in TTC 
ratings and of similar magnitude, albeit a little less for 
economic and slightly more for regulatory capital. 
Furthermore, as with the f inancials and unlike the 
industrials, IRC charges for sovereigns are greater for 
EC than for RC, whereas it is reversed for the latter.
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Multivariate CreditMetrics and Basel II 
Internal Ratings Based Models

Next, we discuss the results of the multivariate 
generalization of the CreditMetrics model with respect 
to IRC capital charges and contrast these with the uni-
variate. As the multivariate model results in much higher 
C-VaR estimates than the univariate, it follows that it 
is also always higher than the regulatory Basel II IRB 
estimate. In Exhibit 4, economic capital is higher in the 
multivariate than the univariate across the board: about 
fourfold for industrial bonds (about 12% to 14% versus 
4% to 6%, respectively); and from double to fivefold for 
financial bonds (about 69% to 71% versus 1% to 32%, 
respectively) or sovereign bonds (about 65% to 67% 
versus 1% to 27%, respectively). There are also less differ-
ences across rating systems or portfolio dynamics in the 
multivariate than in the univariate model, as the inf lu-
ence of the factor loading and factor correlations seems to 
outweigh the differences in the correlation matrix inputs, 
so the driver of differences in this model is sectors.

We can also view the results of this analysis graphi-
cally in Exhibits 6 through 9, which in some cases give 
a different perspective. We see in Exhibit 6 that in the 
univariate model for TTC ratings, credit EC is much 
higher for either financials or sovereigns only under CP, 
whereas under PIT ratings these are higher than indus-
trials under either CP or CR. In contrast, in the multi-
variate model, this dominance in the amount of credit 
EC holds across TTC or PIT ratings for both portfolio 
dynamics. On the other hand, under the Basel II IRB 
approach, industrials have much high capital than either 
of the other two only in TTC, and results are all roughly 
comparable for PIT.

In Exhibit 7 we show the ratio of credit EC esti-
mates between PIT and TTC rating systems and see 
that economic capital in the multivariate models behaves 
rather differently than in either the univariate or Basel 
II IRB models. In the multivariate model, there is 
little differentiation among rating systems across sec-
tors or portfolio dynamics, with all ratios equal to or 
slightly lower than 1, whereas the ratios are much larger 

E X H I B I T  6
Credit Capital Estimates: Models vs. Rating Systems

Note: IRC: incremental risk charge; IRB: internal ratings based; Cons Risk: Constant Risk; Cons Posi: Constant Positions.
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12   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

E X H I B I T  7
Ratio of Capital Estimates Using Point-in-Time and Through-the-Cycle Rating Systems

Note: IRC: incremental risk charge; IRB: internal ratings based; Cons Risk: Constant Risk; Cons Posi: Constant Positions.

E X H I B I T  8
Relative Increase in Capital Requirements

Note: IRC: incremental risk charge; IRB: internal ratings based; Cons Risk: Constant Risk; Cons Posi: Constant Positions.
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and varied in the univariate and Basel II IRB models. 
Notable for either univariate CreditMetrics or Basel 
II IRB models, the ratios are much higher for either 
financials or sovereigns (37.55–57.50 and 27.49–80.22, 
respectively) as compared to industrials (1.12 and 0.79, 
respectively).

In Exhibit 8, we view the increases in capital as 
measured by credit EC versus RC, all substantial across 
models, ratings systems, and portfolio dynamics assump-
tions. Notable in the case of industrials, the multivar-
iate CreditMetrics model results in only slightly higher 
multiples than the univariate model, and these are not 
greatly differentiated by either rating system or portfolio 
assumption, ranges of 0.5–1.1 and 1.6–2.2, respectively. 
However, in the case of financials, the univariate model 
yields a much higher multiple (10.8) for TTC CP than 
TTC CR or PIT CP and CR (in the range of 2.4–3.9), 
whereas this is the case in the multivariate model for 
TTC CR (211.3) versus the others (in the range of 

7.6–49.8). The pattern for financials is similar to that of 
sovereigns in this regard.

Finally, in Exhibit 9 we compare relative increases 
in capital requirements estimated by the three models 
across sectors, portfolio dynamics, and rating systems. 
EC is great than RC in the majority of cases, with the 
differences amplified for the multivariate as compared 
to the univariate CreditMetrics model, and differences 
are accentuated by an order of magnitude for sover-
eigns or financials relative to industrials. In the case of 
TTC ratings, in the univariate CreditMetrics model the 
EC to RC multiple is dominated by either sovereigns 
or f inancials for constant position (7–11) versus con-
stant risk (2.4–3.5), whereas in the multivariate model 
these dominate in constant risk and by a wider margin 
(211–484 versus 39–5). In contrast, under PIT ratings, 
across both univariate and multivariate models, financial 
and sovereign EC/RC multiples compare similarly to 
industrials.

E X H I B I T  9
Relative Increase in Capital Requirements: Comparison of Rating Systems

Note: IRC: incremental risk charge; IRB: internal ratings based; Cons Risk: Constant Risk; Cons Posi: Constant Positions.
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14   BANK CAPITAL AND NEW REGULATORY REQUIREMENTS FOR RISKS IN TRADING PORTFOLIOS SPRING 2014

E X H I B I T  1 0
Financial Bond Indices, Constant Risk
Posterior Distribution of Credit VaR: CreditMetrics vs. Basel II IRB
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ROBUSTNESS USING BAYESIAN ANALYSIS

Finally, we discuss a Bayesian analysis of the incre-
mental risk charge. To implement this, we need prior 
distributions for correlation and default rate parame-
ters. The priors are data driven, in that we implement 

a non-parametric bootstrap of the bond index history 
to derive prior distributions for the correlation; in the 
case of default rates, we fit the historical time series to 
Vasicek distributions. The analysis of the posterior distri-
butions of the IRC risk measures are shown in Exhibit 5. 
To conserve space, we present only the comparison of 

E X H I B I T  1 1
Financial Bond Indices, Constant Position
Posterior Distribution of Credit VaR: CreditMetrics vs. Basel II IRB
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the Bayesian posterior distributions for financial sector 
(CreditMetrics versus Basel II IRB) in Exhibits 10 and 
11, under constant risk and constant position assump-
tions, respectively. Numerical coefficients of variation 
in the posterior distribution of the IRC are almost 
all higher in the CreditMetrics than the Basel II IRB 
model. This pattern is accentuated for the financial and 
sovereign sectors, as well as for PIT ratings, but other-
wise there is no clear pattern. Industrials have generally 
higher numerical coefficients of variation (except using 
TTC and CP) than either financials or sovereigns when 
calculated with CreditMetrics, but this is reversed for 
the Basel II IRB model using TTC and either CR and 
CP. Overall, in both the CreditMetrics and Basel II IRB 
models, there is a high degree of uncertainty in the esti-
mates, more so for TTC as opposed to PIT ratings.

CONCLUSIONS

In this study, we measured the impact of the new 
Basel prescriptions on institutions’ regulatory capital 
requirements. We arrived at 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 dimensions. Although 
we concluded that, in general, the increase in trading 
book capital due to IRC may be substantially more than 
expected based on the regulatory impact studies [BCBS, 
2009b, 2010c], we found this to vary signif icantly 
according to assumptions on the dynamics of portfolios 
(constant level of risk versus constant portfolio position) 
and ratings (through-the-cycle versus 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 univariate CreditMetrics model [ J.P. Morgan, 1997], 
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 on how portfolio diversification 
can inf luence the new trading book capital requirements 
in crisis periods.

Recently, empirical results of Francis and Osborne 
[2012] show that regulatory capital requirements play 
a substantial role in determining banks’ internal target 
capital ratios. They find that improvement (deteriora-
tion) in bank capitalization is associated with higher 

(lower) lending and asset growth and lower (higher) 
growth in capital levels.

Our results indicated that capital charges are 
in general higher for either point-in-time ratings or 
constant position portfolio dynamics, with this effect 
accentuated for financial or sovereign as compared to 
industrial sectors; and that regulatory capital is larger 
than economic capital for the latter, but not for the 
former sectors. In light of conclusions of Francis and 
Osborne [2012], our results suggest that banks holding 
domestic industrial bond positions may increase their 
lending compared to those holding international and 
financial bond portfolios.

Klomp and Haan [2012] show that the impact of 
bank regulation and supervision on banking risk is not 
uniform, i.e., while the high-risk banks are significantly 
affected by increases in regulation, effects on low-risk 
banks are minimal. Based on their conclusions and our 
finding that considerably higher capital requirement for 
trading books under the incremental risk charge (IRC) 
framework would affect the high-risk banks signif i-
cantly and the choice of modeling assumptions on the 
dynamics of portfolios, ratings methods as well as sector 
characteristics could have substantial impact on those 
banks.

ENDNOTES

1Basel Committee of Banking Supervision [BCBS 
2009a, 2009b, 2009c, 2009d, 2010a, 2010b, 2010c].

2Moody’s [2010], when looking at the universe of its 
rated issuers’ corporate default rates across all ratings, notes 
that defaults 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%).

3Effectiveness of the VaR as a measure of tail risk has 
been questioned, since it does not consider the size of losses 
beyond VaR. See, for example, Rockafellar and Uryasev 
[2002], who propose the use of conditional VaR measure. 
Alexander et al. [2012] find that the use of multiple VaR con-
straints is more effective in controlling tail risk as measured by 
conditional VaR than the use of a single VaR constraint.

4Non-pass includes the classifications special mention, 
substandard, and doubtful/loss. Interestingly, these are PIT 
ratings, in spite of the regulators’ preference of TTC for capital 
calculation purposes. Note that with a view toward offering 
clients ratings more ref lective of the current environment, 
and potentially more timely, the agencies are providing PIT 
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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 recent massive default wave 
and downgrade with senior tranches of subprime mortgage-
backed securities as well as other structured products.

5Therefore, the literature on supervisory models for PD 
has an emphasis on statistical inference using the binomial 
model, the so-called frequency estimator for PD.

6Although not presented in the paper, the time series 
plots of daily bond indices show that return volatility is in fact 
time-varying and is elevated in periods of market turbulence 
(i.e., 2001–2002 and 2007–2008). High coefficient of varia-
tions displayed in Exhibit 4 (i.e., extreme volatility in terms 
of standard deviations being an order of magnitude greater 
than means) reinforce this observation.
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