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oday’s banks face the challenge of

forecasting losses and loss distribu-

tions in relation to their credit risk

exposures. It can be observed that
most banks choose a modular approach that is
in line with the current proposals of the Basel
Committee on Banking Supervision [2004],
where selected risk parameters such as default
probabilities, exposures at default, and recov-
eries given default are modeled in indepen-
dent modules. However, the assumption of
independence is questionable. Previous studies
have shown that default probabilities and
recovery rates given default are negatively cor-
related (e.g., Carey [1998]; Hu and Perraudin
[2002]; Altman et al. [2003]; Frye [2003];
Cantor and Varma [2005]). A failure to take
these dependencies into account will lead to
incorrect forecasts of the loss distribution and
the derived capital allocation.

This article extends a model introduced
by Frye [2000]. Modifications of the approach
can be found in Pykhtin [2003] and Diillmann
and Trapp [2004]. Our contribution is orig-
inal with regard to the following three aspects.
First, we develop a theoretical model for the
default probabilities and recovery rates and
show how to combine observable informa-
tion with random risk factors. In comparison
with these models, our approach explains the
default and the recovery rate by risk factors
that can be observed at the time of the risk
assessment. According to the current Basel
proposal, banks can opt to provide their own

recavery rate forecasts for the regulatory cap-
ital calculation. Thus, there is an immediate
industry need for modeling.

Second, we show a framework for esti-
mating the joint processes of all variables in
the model. In particular, the simultaneous
model allows the measurement of the corre-
lation between the defaults and recoveries
given the information. In this model statistical
tests for the variables and correlations can be
conducted easily. An empirical study reveals
additional evidence on the correlations
between risk drivers of default and recovery.
Note that Cantor and Varma [2005] essentially
analyze the same data set and identify seniority
and security as the main risk factors explaining
recovery rates. The present article extends their
approach by developing a framework for mod-
eling correlations between factor-based models
for default and recovery rates.

Third, the implications of our results on
economic and regulatory capital are shown.
Note that according to the current proposals
of the Basel Committee only the forecast
default probabilities and recovery rates but no
correlation estimates enter the calculation of
the latter. We demonstrate the effects of spu-
riously neglecting correlations in practical
applications.

The rest of the article is organized as fol-
lows. The theoretical framework is introduced
in the second section (“Model and Estima-
tion”) for a model using historical averages as
forecasts and a model taking time-varying risk
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factors into account. The third section (“Data and
Results”) includes an empirical analysis based on default
and recovery rates published by Moody’s rating agency
and macroeconomic indices from the Conference Board.
The fourth section (“Implications for Economic and Reg-
ulatory Capital”) shows the implications of the different
models for the economic capital derived from the loss
distribution and the regulatory capital proposed by the
Basel Committee. The fifth section (“Discussion™) con-
cludes with a summary and discussion of the findings.

MODEL AND ESTIMATION
The Model for the Default Process

Our basic framework follows the approach taken by
Frye [2000]. We assume that n_firms of one risk segment
are observed during the time periods ¢ (r = 1,...,T). For
simplicity these firms are assumed to be homogeneous
with regard to the relevant parameters and a latent vari-
able describes each obligor i's (i = 1,...,n) credit quality:

S, =w-E +J1-w" U, (1)

(we[0,1]). F,~ N(0,1) and U, ~ N(0,1) are independent
systematic and idiosyncratic standard normally distrib-
uted risk factors. The Gaussian random variable S, may
be interpreted as the return on a firm’s assets and there-
fore u” is often called “asset correlation.”

A default event occurs if the latent variable crosses

a threshold ¢

S, <c )
which happens with probability © = ®(c), where ®(.) is
the standard normal cumulative density function. If an
obligor is in default, the indicator variable D, equals one
and zero otherwise:

D =

il

{I obligor i defaults in period 3)

0 otherwise

Conditional on the realization f, of the systematic risk
factor, default events are assumed to be independent
between obligors; that is, each firm defaults with the con-
ditional default probability

rr(.f;)=P(D,-,=1lF.—.ﬁ):m[H) *
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The Model for the Recovery

In modeling the recovery rate R, of a defaulted
obligor we follow Schonbucher [2003] and Dillmann
and Trapp [2004] and use a logistic normal process:

__ew(n) ®)
N 1+exp()’")

ir

with the transformed recovery rate

})ﬂ:u+h.xf+zﬂ (6)

where X ~ N(0,1), Z_~ N(0,6) are independent sys-
tematic and idiosyncratic factors and  and b are para-
meters. These idiosyncratic factors are independent from
the idiosyncratic factors that drive the latent default vari-
able. Compared with the normal distribution assumption
for recovery rates used in Frye [2000] the chosen trans-
formation has the advantage that recovery rates are
bounded between 0 and 100%. Note that any other cumu-
lative density function could be used. As a matter of fact,
we estimated models using a standard normal transfor-
mation and received similar results.

[f we observe a homogeneous segment of borrowers,
the transformed recovery rate is given by

1 ll‘ 1 n,
V== Y, =pu+h-X,+—Y 7, )
n, o 1 st

yy D= ST L o .
with ™~ 5 2 “, which is normally distributed with mean

. 2 a9 . -
zero and variance &/n;. The variance converges for large
1, to zero:

g
lim Var[—ZZ,, ] =) ®
= iy

Therefore, we approximate the average transformed
recovery rate by

Y=Y =u+b-X, (9)

which is driven only by a systematic risk factor and nor-
mally distributed Y, ~ N(u,b%). The link between the
recovery and default process is introduced by modeling
the dependence of the two systematic risk factors. Since
both F, and X are marginally normally distributed we
model their dependence by assuming that they are bivari-
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ately normally distributed with correlation parameter p.
Alternatively, a copula that is different from the Gaussian
could have been assumed. It then follows that the average
transformed recovery rate and latent default triggering
variable have a correlation

Corr(S,.Y,)=w-p (10)

The correlation equals one in the special case that
a single systematic factor drives both the default events and
the recoveries given these events.

A Multifactor Model Extension

So far, we have presented a model for systematic
risk in defaults and recoveries where systematic risk is
driven by common factors that are not directly observ-
able. These unobservable factors induce uncertainties in
the forecasts of loss distributions. The higher their impact
is, the more skewed, ceteris paribus, the resulting distribu-
tions are, and the higher key risk measures such as the
value-at-risk or the conditional value-at-risk will be. Since
the true parameters of the models are unknown, the
severity of the impact must be estimated from observable
data.

As an alternative to these models, we analyze a model
that has already been used in the context of default mod-
eling. Examples are Rosch and Scheule [2004] and
Hamerle et al. [2003]. These models show that a portion
of the cyclical fluctuations in default rates can be attrib-
uted to observable systematic risk factors. Once these fac-
tors are identified and incorporated into the model, a
large part of the uncertainty from unobservable factors
can be explained. These types of models are also exhib-
ited in Heitfield [2005] and are related to a concept broadly
known as a point-in-time approach because losses are
forecast based on information on the prevailing point of
the business cycle.

In our extension, it 1s assumed that the default
threshold for the factor model of the default process fluc-
tuates through time. Alternatively, we could introduce a
factor model with time-varying mean. This variation with
time is introduced by K observable macroeconomic risk
factors, such as GDP growth and interest rates. We assume
that these state variables are observed in prior time periods
and denote them by 2, =(22, Z'1x). As a result,
the conditional default probability for each borrower
within the risk segment is modified (cf. Rosch [2003]
and Heitfield [2005], who additionally condition default
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probabilities on firm-specific factors):

D
Yot 720~ wh,

\/l—w"‘:

n*(20. 1) = P(D, =120 . 1) =
(1)

where Y= (¥,.....Y,) denotes a vector of exposures to the
common observable factors and ¥, a constant. The mean
ot this conditional default probability with respect to the
unobservable standard normally distributed factor f, is
given by

oo

n*(z2,)= [m*(2. 1) d(f) = ®(c*+ y22,) (12)

In a similar way, we assume that the mean of the
log-transformed systematic recovery rate depends on
3rR—I‘L)-
This vector may or may not contain factors that also
describe the default process:

2 i f A
common macroeconomic factors z, | = (Z,,”

Y, =B+ Bz 4+b* X, (13)

where = (B,....B,) denotes a vector of exposures and
B, the constant.

If models (12) and (13) hold—that is, defaults and
recoveries are driven by observable lagged systematic risk
factors—it can be shown that their means are fluctuating
with the change of the economy. Moreover, if these
models hold, then models (4) and (9) with constant mean
are misspecifications. As a consequence, fitting models
(4) and (9) to observable data will have the eftect that all
time variation is captured in the estimates of the expo-
sures to the unobservable random factors F, and X. On
the other hand, attributing time variation to observable
factors will lead to lower parameter estimates for the influ-
ences of the unobservable factors, thereby reducing uncer-
tainty with regard to the forecasts of the loss distributions.
We will demonstrate these effects on economic and reg-
ulatory capital later.

Model Estimation

Once the models are specified, an algorithm for esti-
mating the parameters from observable data is needed.
Following work by Frye [2000], we choose the max-
imum-likelihood (ML) method. In an extension to these
studies, we suggest an ML-procedure that allows the joint

THE JOURNAL OF Fixep INcOME 65



estimation of all coefticients, including those of models
(11) and (13), with observable factors.

Let us consider a realization f, of the unobservable
random factor F. Given this realization the default events
are independent and the number of defaults

D=3,
i=1

1s conditionally binomially distributed with probability
distribution

(d']n(f;]"‘-[1—::(;;)]”""’ d =0.1,..n 4

n,

P(D,=d,| f)=

0 else

with 7t(f) as in model (4). Note that the transformed
recovery rate can also be modeled given a realization f .
It holds that the random vector (F.Y)" is normally dis-
tributed with

)G ¥

From the law of conditional expectation it follows
that Y, has conditional mean

H(E)=EY| f)=pn+b-p-f (15)

and conditional standard deviation

o(f)=+JVar(v,| £)=b-{1-p’ (16)

Hence, the joint density g(.) of d, defaults and a
transformed recovery rate y given f is simply the product
of the density of y, and the probability of d; that s,

eld.x | 1) = a7
—l;'ex 7.[& d, N R 4
U(f,)ﬂ p{ 2_[0(1,;)]: } {”r] (£) [l {_l,)]

Note, g(.) depends on the unknown parameters of
the default and the recovery process. Since the common

66 A MULTIFACTOR APPROACH FOR SYSTEMATIC DEFAULT AND RECOVERY RISK

factor is not observable, we establish the unconditional

density

gld.yv )= (18)

' 1 ) I[J'ﬁy(f,]f d, . ‘
Lo 2ot “ ) Lr-la)]

"

) J‘D(f;]

Observing a time series with T periods leads to the
final unconditional log-likelihood function

1 pbocow.p) = (19)

| Loy = 2 (1) s st

This function is optimized with respect to the
unknown parameters. In the appendix we demonstrate
the performance of the approach using Monte Carlo sim-
ulations.

For the second type of models that include macro-
economic risk factors, we replace 71(f) from model (4) by
n#(2V_,, f) from model (11) and u(f) from model (15) by
B, + ﬁ':fﬁl + b+ p- f and obtain the analogous log-like-

lihOOd ](ﬂl)‘ﬂ' b }’u' }’- W, p) '
DATA AND RESULTS
The Data

The empirical analysis is based on the global cor-
porate issuer default rates and 1ssue recovery rates published
by Moody’ [2005]. In this data set, default rates are cal-
culated as the ratio of defaulted and total number of rated
issuers for a given period. According to Moody’s [2004],
a default is in essence recorded if

* interest and/or principal payments are missed or
delayed,

* Chapter 11 or Chapter 7 bankruptcy is filed, or

* distressed exchange, such as a reduction of the finan-
cial obligation, occurs.

Most defaults are related to publicly traded debt
issues. Therefore, Moody’s defines a recovery rate as the
ratio of the price of defaulted debt obligations after 30 days
of the occurrence of a default event to the par value. The
recovery rates are published for different levels of seniority
such as total (Total), senior secured (S_Sec), senior unse-
cured (S_Un), senior subordinated (S_Sub), subordinated
(Sub), and junior subordinated debt. We excluded the
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ExHiBIT 1
Descriptive Statistics of Variables

Variable Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis
Default Rate 0.0176 0.0144 0.0382 0.0052 0.0103 0.6849 2.2971
Recovery Rate (Total) 0.4208 0.4300 0.6170 0.2570 0.0902 0.2883 3.0464
Recovery Rate (S_Sec) 0.5794 0.5725 0.8360 0.3570 0.1379 0.2631 2.0440
Recovery Rate (S_Un)  0.4481 0.4450 0.6280 0.2310 0.1158 -0.1816 2.2725
Recovery Rate (S_Sub) 0.3703 0.3695 0.5190 0.2030 0.0984 -0.1868 1.7668
Recovery Rate (Sub) 0.2987 0.3245 0.4620 0.1230 D117 -0.2227 1.7387
COINC 0.0215 0.0245 0.0409 -0.0165 0.0160 -0.9365 3.0335
LEAD 0.0130 0.0154 0.0336 -0.0126 0.0151 -0.4568 1.9154
EXHIBIT 2
Bravais-Pearson Correlations of Variables
Variable Default Rate Total S Sec S Un S Sub Sub COINC LEAD
Default Rate 1.00 -067 -0.72 -0.72 -053 -034 -0.75 -0.47
Recovery Rate (Total) 1.00 0.78 0.68 0.72 029 0.32 0.54

Recovery Rate (S_Sec)
Recovery Rate (S_Un)
Recovery Rate (S_Sub)
Recovery Rate (Sub)
COINC

LEAD

1.00 066 048 037 033 0.55

1.00 056 042 0.49 0.48
1.00 0.24 0.20 0.40

1.00 0.41 0.17

1.00 0.28

1.00

debt category junior subordinated from the analysis
because of a high number of missing values.

In addition, the composite indices published by The
Conference Board (www.tcb-indicators.org) were chosen
as macroeconomic systematic risk drivers, namely,

* the index of 4 coincident indicators (COINC),
which measures the current health of the U.S.
economy. The index includes the number of
employees on nonagricultural payrolls, personal
income less transfer payments, an index of industrial
production and manufacturing, and trade sales.

* the index of 10 leading indicators (LEAD), which
measures the future health of the U.S. economy. The
index includes average weekly hours in manufacturing,
average weekly mnitial claims for unemployment insur-
ance, manufacturers’ new orders of consumer goods
and materials, vendor performance, manufacturers’
new orders of nondefense capital goods, building per-
mits for new private housing units, stock price index,

SEPTEMBER 2005

money supply, interest rate spread of 10-year treasury
bonds less federal funds, and consumer expectations.

The indices are recognized as indicators for the U.S.
business cycle. Note that for the analysis, the growth rates
of the indices were calculated and lagged by three months.

Owing to the limited number of defaults in pre-
vious years, the compiled data set was restricted to a time
period from 1985 to 2004 and split into an estimation
sample (1985-2003) and a forecast sample (2004). Exhibits
1 and 2 include descriptive statistics and Bravais-Pearson
correlations for default rates, recovery rates, and time-
lagged macroeconomic indicators of the data set. Note that
default rates are negatively correlated with the recovery
rates of different seniority classes and macroeconomic
variables.

Exhibit 3 shows visually that both the default and
recovery rates fluctuate over time in opposite directions.
This signals that default and recovery rates show a con-
siderable share of systematic risk that can be explained by
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EXHIBIT 3
Moody’s Default Rate Versus Recovery Rate

0.05 ; —
0.04
0.04
0.03
0.03

0.02

Frequency default rate

0.02

0.01

0.01

0.00 -~

1995
Year

2000

—+—Default Rate = Recovery Rate (Total)

plausible to assume that recovery rates
depend on the industry, the collat-
eral type, the legal environment,
default criteria, and the credit quality
associated with an obligor. Exhibits 5
and 6 show the recovery rates for dif-
ferent industries and issuer credit rat-
ings as published by Moody’s [2004,
2005]. Refer to these documents for
a more detailed analysis of the prop-
erties of recovery rates.

0.70

| 0.50

0.40

Frequency recovery rate

R ESTIMATION RESULTS

} Based on the described data set,
two models were estimated:
- 0.00
* 2 model without macroeco-
nomic risk factors [Equations

EXHIBIT 4
Moody’s Recovery Rates by Seniority Class

(4) and (9)]: throughout the fol-
lowing text we call this model
a “through-the-cycle” model
because the forecast default and

080 recovery rates equal the historic

B average from 1985 to 2003;
* a model with macroeconomic
- risk factors [Equations (11) and
0.60 (13)]; we call this model a
% 050 | “point-in-time” model because
% . the forecast default and
£ 040 | recovery rates fluctuate over

- time.
o 4 . Note that within the credit risk
0.10 T community, a discussion on the cor-
. ) - . rect definition of through-the-cycle
1985 1990 1995 2000 and point-in-time models exists in
Year

—+— Recovery Rate (S_Sec) -~ #-- Recovery Rate (S_Un)

-+ Recovery Rate (S_Sub)

which the present article does not

= Ry o intend to participate.

time-varying variables.

Exhibit 4 contains similar graphs for the recovery
rates of the different seniority classes. Note that the
recovery rates increase with the seniority of a debt issue
and show similar patterns over time. This indicates that
they may be driven by the same or similar systematic risk
factors.

Next to the business cycle and the seniority, it is
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We use these expression as styl-
ized denominations, being aware
that other interpretations of these rating philosophies
may exist (see Heitfield [2005] for a discussion).

Owing to the limitations of publicly available data
we use Moody’s global default rates, total recoveries, and
recoveries by seniority class. Exhibit 7 shows the estima-
tion results for the through-the-cycle model (4) and (9)
and Exhibit 8 for the point-in-time model (11) and (13)
using the variables COINC and LEAD as explanatory
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EXHIBIT 5
Recovery Rates for Selected Industries

Industy Recovery Rate (1982-2003)
Utility-Gas 0.515
Qil 0.445
Hospitality 0.425
Utility-Electric 0.414
Transport-Ocean 0.388
Media, Broadcasting and Cable 0.382
Transport-Surface 0.366
Finance and Banking 0.363
Industrial 0.354
Retail 0.344
Transport-Air 0.343
Automotive 0.334
Healthcare 0.327
Consumer Goods 0.325
Construction 0.319
Technology 0.295
Real Estate 0.288
Steel 0.274
Telecommunications 0.232
Miscellaneous 0.395

Source: Moody's [2004].

variables. In the latter model we choose both variables
because of their statistical significance.

First, consider the through-the-cycle model. Since
we use the same default rates in each model, the estimates
for the default process are similar across models and con-
sistent with the ones found in other studies (cf. Gordy
[2000] to R6sch [2005]). The parameter estimates for the
(transtormed) recovery process reflect estimates for the
mean (transformed) recoveries and their fluctuations over
time. Most important are the estimates for the correlation
of the two processes, which are positive and similar in
size to the correlations between default rates and recovery
rates found in previous studies. Note that this 1s the cor-
relation between the systematic factor driving the latent
default triggering variable “asset return™ S, and the sys-
tematic factor driving the recovery process. Therefore,
higher “asset returns™ (lower conditional default proba-
bilities) tend to go along with higher recovery. A positive
value of the correlation indicates negative association
between defaults and recoveries. The default rate decreases
while the recovery rate increases in boom years, and vice
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EXHIBIT 6

Recovery Rates for Selected Issuer Credit Rating
Categories

Issuer Credit Rating Recovery Rate (1982-2004)

Aa 0.954
A 0.498
Baa 0.433
Ba 0.407
B 0.384
Caa-Ca 0.364

Source: Moody's [2005].

versa in depression years.

Next, consider the point-in-time model. The default
and the recovery processes are driven by one macroeco-
nomic variable in each model. The parameters of all
macroeconomic variables show a plausible sign. The neg-
ative sign of the COINC index in the default process sig-
nals that a positive change of the index goes along with
a subsequent lower number of defaults. The positive signs
of the variables in the recovery process indicate that higher
recoveries follow a positive change in the variable. In
addition, most variables are significant at the 10% level.
The only exception is the parameter of the macroeco-
nomic index LEAD for the senior subordinated recovery
rate, which indicates only a limited exposure to system-
atic risk drivers. Note that the influence of the system-
atic random factor is reduced in each process by the
inclusion of the macroeconomic variable. Although we
do not mean to interpret these indices as risk drivers them-
selves, but rather as proxies for the (future) state of the
economy, these variables are able to explain part of the pre-
viously unobservable systematic risk. The remaining sys-
tematic risk is reflected by the size of w and b and is still
correlated with, but not explainable by, our proxies.

Once the point estimates for the parameters are
given, we forecast separately defaults and recoveries for year
2004. Exhibit 9 shows that the point-in-time model leads
to forecasts for the default and recovery rates that are closer
to the realized values than the ones derived from the
through-the-cycle model.

IMPLICATIONS FOR ECONOMIC AND
REGULATORY CAPITAL

Since the main contribution of our approach lies in
the joint modeling of defaults and recoveries, we now
apply the forecast default rates and recovery rates for the
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EXHIBIT 7
Parameter Estimation Results for the Through-the-Cycle Model

Parameter Total S_Sec S _Un S_Sub Sub

& -2.0942*** -2.0961* -2.0966"* -2.0942*** -2.0940**
(0.0545) (0.0550) (0.0546) (0.0544) (0.0549)

w 0.2194*** 022120 0.2197%* 0.2191 %+ 0.2210***
(0.0366) (0.0369) (0.0367) (0.0366) (0.0369)

u -0.3650*** 0.2976* -0.2347* -0.5739** -0.8679™
(0.0794) (0.1284) (0.1123) (0.0998) (0.1235)

b 0.3462** 0.5508™* 0.4898*** 04351 > 0.5384***
(0.0562) (0.0908) (0.0795) (0.0706) (0.0873)

P 0.6539*** 0.7049™* 0.7520*** 0.5081* 0.3979*
(0.1413) (0.1286) (0.1091) (0.1799) (0.2013)

Annual default and recovery data from 1985 to 2003 is used for estimation; standard errors are in parentheses; ***
significant at 1% level, ** significant at 5% level, * significant at 10% level.

EXHIBIT 8
Parameter Estimation Results for the Point-in-Time Model

Parameter Total S Sec S Un S Sub Sub
70 -1.9403"** -1.9484** -1.9089*** <4 Qg -1.9040***
(0.0524) (0.05210) (0.0603) (0.05660) (0.0609)
7 -8.5211** -8.1786""*  -10.0782***  -9.2828***  -10.1399***
(1.8571) (1.7964) (2.2618) (2.0736) (2.2884)
COING COINC COING COING COINC
id 0.1473"** 0.1522*** 0.1485*** 0.1483*** 0.1508"**
(0.0278) (0.0286) (0.0278) (0.0277) (0.0279)
Bo 0.4557** 0.1607 -0.5576*** -0.6621** -1.1883***
(0.0867) (0.1382) (0.1635) (0.1194) (0.1845)
B 7.4191* 11.1867* 15.0807** 7.2136 14.9625**
(4.1423) (6.4208) (6.1142) (6.0595) (6.8940)
LEAD LEAD COINC LEAD COINC
b 0.3063*** 0.4960*** 0.4260*** 0.4071** 0.4820***
(0.0513) (0.0838) (0.0691) (0.0673) (0.0279)
P 0.6642*** 0.7346*** 0.6675*** 0.4903** 0.1033
(0.1715) (0.1520) (0.1481) (0.2088) (0.2454)

Annual default and recovery data from 1985 to 2003 is used for estimation; standard errors are in parentheses; ***
significant at 1% level, #* significant at 5% level, * significant at 10% level.
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EXHIBIT 9

Forecasts and Realizations for Year 2004 (Through-the-Cycle versus Point-in-Time)

Parameter Total S Sec S Un S_Sub Sub
Default Rate
Forecast TTC 0.0181 0.0181 0.0180 0.0181 0.0181
Forecast PIT 0.0162 0.0162 0.0160 0.0162 0.0162
Realization 0.0072 0.0072 0.0072 0.0072 0.0072
Recovery Rate
Forecast TTC 0.4097 0.5739 0.4416 0.3603 0.2957
Forecast PIT 0.4381 0.6159 0.4484 0.3867 0.3014
Realization 0.5850 0.8080 0.5010 0.4440 0.1230

year 2004 and their estimated correlation to a portfolio
of 1,000 obligors. To keep things simple, we take the
senior secured class as an example and assume a credic
exposure of one monetary unit for each obligor.

Exhibits 10 and 11 compare two forecast loss distri-
butions of the through-the-cycle model. To demonstrate
the influence of correlation between the processes, we
compare the distribution that assumes independence to the
distribution that is based on the estimated correlation
between the default and recovery rate transformations of
0.7049. Economic capital or the credit portfolio risk is usu-
ally measured by higher percentiles of the simulated loss
variable such as the 95th, 99th, 99.5th, or 99.9th percendle
(95, 99, 99.5, or 99.9% value-at-risk). It can be seen that
these percentiles are considerably higher if correlations
between default and recovery rates are taken into account.
If we take the 99.9% value-at-risk as an example, the per-
centile under dependence exceeds the percentile under
independence by approximately 50%. In other words, if
dependencies are not taken into account, which is a
common feature in many of today’s credit risk models, the
credit portfolio risk 1s likely to be sertously underestimated.

The forecast default and recovery rates can be used
to calculate the regulatory capital for the hypothetical
portfolio. In the context of corporate credit exposures, the
Basel Committee on Banking Supervision [2004] allows
banks to choose one of the following options:

* standardized approach: the regulatory capital is cal-
culated based on the corporate issuer credit rating
and results in a regulatory capital between 1.6 and
12% of the credit exposure. The regulatory capital
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equals 8% of the credit exposure if firms are unrated;

* foundation Internal Ratings Based (IRB) approach:
the regulatory capital is calculated based on the fore-
cast default probabilities and a proposed loss given
default for senior secured claims of 45% (i.e., a
recovery rate of 55%) and for subordinated claims
of 75% (1.e., a recovery rate of 25%).

* advanced IRB approach: the regulatory capital is
calculated based on the forecast default probabili-
ties and forecast recovery rates.

For the through-the-cycle model the standardized
approach and the foundation IRB approach result in a rel-
atively close regulatory capital requirement (80.00 versus
74.01). The reason for this is that the forecast default rate
(0.0181) is close to the historical average that was used by
the Basel Committee for the calibration of the regulatory
capital to the current prevailing 8%. The advanced IRB
approach leads to a lower regulatory capital (70.08 versus
74.01) as a result of a forecast recovery rate that is higher
than the assumption in the foundation IRB approach
(57.39% versus 55%). Note that the foundauon IRDB
approach’ recovery rate of 55% is comparable to the average
recovery rate of the senior secured seniority class but is pro-
posed to be applied to both the senior secured (unless
admutted collateral 1s available) and the senior unsecured
claims. This could indicate an incentive for banks to favor
the foundation approach over the advanced IR B approach,
especially for sentor unsecured credit exposures. Similar
conclusions can be drawn for the foundation IR B approach’s
recovery rate of 25%, which will be applied for both senior
subordinated and subordinated claims.
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ExHIBIT 10

Loss Distributions for the Through-the-Cycle
Model (S_Sec)

Loss Distributions
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Exhibits 12 and 13 compare the respective loss dis-
tributions with and without correlations using the point-
in-time model. It can be observed that the economic
capital—expressed as value-at-risk—is considerably lower
for the point-in-time model than for the through-the-
cycle model. There are two reasons for this. First, the
inclusion of macroeconomic variables leads to a lower
forecast of the default rate (1.62%), a higher forecast of
the recovery rate (61.59%) for 2004, and therefore to
lower expected losses. Second, the exposure to unknown
random systematic risk sources is reduced by the inclu-
sion of the observable factors. This leads to less uncertainty
in the loss forecasts and therefore to lower variability (mea-
sured, for example, by the standard deviation) of the fore-
cast distribution. Moreover, the regulatory capital is the
lowest for the advanced IRB approach, which takes both
the forecast default and recovery rate into account.

We also notice another important effect. Again, the
economic capital, measured by the higher percentiles of
the credit portfolio loss increases if the estimated corre-
lation between the default and recovery rates is taken into
account; however, the increase is not as dramatic as in the
through-the-cycle model, although the correlation
between risk factors of defaults and recoveries has slightly
increased. The inclusion of macroeconomic factors ren-
ders the systematic unobservable factors less important
and diminishes the impact of correlations between the
two factors. To the extent that recoveries and defaults are
not exposed at all to unobservable random factors, the
correlations between these factors are negligible for loss
distribution modeling. Exhibit 14 shows this effect. We
assumed constant exposure of b = 0.5 to the recovery
factor and varied the exposure to the systematic factor
for the defaults (asset correlation) for given correlation
between the systematic factors. The benchmark case is a
correlation of zero between the factors. Here we notice
a reduction of economic capital from 44 (i.e., 4.4% of
total exposure) for an asset correlation of 0.1 to 13 (1.3%)
when the asset correlation is zero. In the case of a corre-
lation between the factors of 0.8, the value-at-risk is
reduced from 61 (6.1%) to 13 (1.3%). Thus, the higher
the correlation of the risk factors, the higher the eco-
nomic capital gains are from lowering the implied asset
correlation by the explanation with observable factors.

DISCUSSION

The empirical analysis results in the following
msights.

1. Default events and recovery rates are correlated.
Based on an empirical data set, we found

ExHIBIT 11

Descriptive Statistics of Loss Distributions for the Through-the-Cycle Model

Percentile Basel Il Capital Basel Il Capital  Basel Il Capital
Mean Std.dev. Med 95 99 995 999 (Standardized) (Foundation IRB) (Advanced IRB)
Independent
559 6.53 1855 27.35 31.92 39.02 80.00 74.01 70.08
Factors
Correlated
8.73 759 6.62 23.81 36.04 4243 58.75 80.00 74.01 70.08
Factors

Portfolios contain 1,000 obligors with an exposure of one monetary unit each. 10,000 random samples were drawn
for each distribution with and without correlation between systematic factors.
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ExXHIBIT 12
Loss Distributions for the Point-in-Time Model (S_Sec)
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a. a positive correlation between the default events;
b. a negative correlation between the default events
and recovery.

9]

. The incorporation of the correlation between the
default events and recovery rates increases the econo-
mic capital. As a result most banks underestimate
their economic capital when they do not account
for this correlation.

3. Correlations between defaults decrease when sys-
tematic risk drivers, such as macroeconomic indices,
are taken into account. In addition, the impact of
correlation between defaults and recoveries decreases.

4. As aresult, the uncertainty of forecast losses and the

economic capital measured by the percentiles

decreases when systematic risk drivers are taken into
account,

Note that most empirical studies on recovery rates
(including this article) are based on publicly available data
provided by the rating agencies Moody’s or Standard and
Poor’s and naturally lead to similar results. The data sets
of the rating agencies are biased in the sense that only
certain exposures are taken into account. Typically, large
U.S. corporate obligors in capital-intensive industries with
one or more public debt issues and high credit quality are
included. Thus, the findings cannot automatically be trans-
ferred to other exposure classes (e.g., residential mort-
gage or credit card exposures), countries, industries, or
products.

Moreover, the data are limited with respect to the
number of exposures and periods observed. Note that
our assumption in Equation (8) of a large number of firms
is crucial since it leads to the focus on the mean recovery.
If idiosyncratic risk cannot be fully diversified, the impact
of systematic risk in our estimation may be overstated.
Owing to the data limitations we cannot draw any con-
clusions about the cross-sectional distribution of recov-
eries, which 1s often stated to be U-shaped (see, e.g.,
Schuermann [2003]. In this sense, our results call for more
detailed analyses, particularly with borrower-specific data
that possibly include financial ratios or other obligor char-
acteristics, and for our methodology to be extended to a
panel of individual data. As a result, we would like to call
upon the industry—companies, banks, and regulators—
for feedback and a sharing of their experience.

Despite these limitations, the present article pro-
vides a robust framework that allows creditors to model
default probabilities and recovery rates based on certain
risk drivers and simultaneously to estimate interdepen-
dences between defaults and recoveries. It can be applied
to different exposure types and associated information
levels. Contrary to competing models, the presence of

ExHIBIT 13

Descriptive Statistics of Loss Distributions for the Point-in-Time Model

Percentile

Mean Std.dev. Med 95 99

Basel Il Capital Basel Il Capital  Basel Il Capital

99.5 999 (Standardized) (Foundation IRB) (Advanced IRB)

FaCtOrS : = . A . . . 80. 1.1 '

Portfolios contain 1,000 obligors with an exposure of one monetary unit each. 10,000 random samples were drawn
for each distribution with and without correlation between systematic factors.
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ExHIBIT 14
Economic Capital Gains from Decrease in Implied Asset Correlation for Correlated Risk Factors
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Exhibit shows 99.9-percentiles of loss distributions for the senior secured seniority class depending on asset correla-
tion and correlation of systematic risk factors. Portfolio contains 1,000 obligors each with default probability of 1%,
exposure of one monetary unit, and expected recovery of 50%.

ExHIBIT 15
Results from Monte Carlo Simulations

' Grade P

0.1

-0.5

0.1

0.5

01

0.5

-2.5778
(0.0495)
[0.0468]

-2.5789
(0.0484)
[0.0475]

25764
(0.0492)
[0.0472)
-2.3287
(0.0480)
[0.0460]

-2.3291
(0.0472)
[0.0456]

-2.3305
(0.0479)
(0.0453]

-2.0536
(0.0489)
[0.0448]

-2.0542
(0.0580)
[0.0448]

-2,0554
(0.0510)
[0.0443]

w u b P
0.1909 0.4991 0.47B4 0.7896
(0.0338) (0.1112) (0.0776) (0.1085)
[0.0317) [0.1070] [0.0756] [0.0912)
0.1936 0.4970 D.4824 0.1138
(0.0336) (0.1154) (0.0788) (0.2269)
[0.0322) [0.1079] [0.0763] [0.2185]
0.1927 0.5048 D.4826 -0.4956
(0.0318) (0.1116) (0.0798) (0.1923)
[0.0320] [0.1078] [0.0763] [0.1697]
0.1927 0.4999 0.4852 0.7951
(0.0327) (0.1104) (0.0774) (0.0920)
[0.0306] [0.1084] [0.0765] [0.0856]
0.1906 0.4927 0.4831 0.0861
(0.0306) (0.1105) (0.0778) (0.2330)
[0.0305] [0.1080] [0.0764] [0.2152)]
0.1900 0.4988 0.4805 -0.4764
(0.0324) (0.1115) (0.0806) (0.1891)
[0.0303] {0.1074] [0.0758] [0.1703]
0.1935 0.4972 0.4855 0.7915
(0.0315) (0.1104) (0.0804) (0.0856)
0.0297) {0.1080) [0.0763] [0.0843]
0.1943 0.5030 0.4851 0.1067
(0.0382) (0.1168) (0.0782) (0.2374)
[0.0298] [0.1085] [0.0770] [0.2128]
0.1923 0.4998 0.4833 -0.4898
(0.0359) (0.1085) (0.0852) (0.1815)
[0.0295] [0.1076) [0.07686] [0.16586]
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market prices such as bond or stock prices is not
required.

APPENDIX: RESULTS OF MONTE CARLO
SIMULATIONS

In order to prove the reliability of our estimation
method a Monte Carlo simulation was set up that com-
prises four steps:

Step 1: Specity model (1) and model (9) with a given
set of population parameters w, ¢, b, i, and p.

Step 2: Draw a random time series of length T for
the defaults and the recoveries of a portfolio with size
N from the true model.

Step 3: Estimate the model parameters given the
drawn data using the ML method.

Step 4: Repeat Steps 2 and 3 for several iterations.

We use 1,000 iterations for different parameter con-
stellations and obtain 1,000 parameter estimates, which
are compared with the true parameters. The portfolio
consists of 10,000 obligors. The length of the time series
Tis set to T = 20 years. We fix the parameters at w =
0.2, 4= 0.5, and b = (1.5 and set the correlations between
the systematic factors to (1.8, 0.1, and -0.5. In addition,
we analyze three rating grades, A, B, and C, where the
default probabilities and thresholds ¢ in the grades are
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B: z# =001, 1.&;, c =-2.3263.
C: r =0.02, i.e, c= -2.0637

Exhibit 15 contains the results from the simulations. The
numbers without brackets contain the average of the parameter
estimates from 1,000 simulations. The numbers in parentheses
represent the sample standard deviation of the estimates (which
serves as an approximation for the unknown standard devia-
tion). The numbers in square brackets give the average of the
estimated standard deviations for each estmate derived by ML
theory. It can be seen in each constellation that our ML approach
for the joint estimation of the default and recovery process
works very well: the averages of the estimates are close to the
originally specified parameters. Moreover, the estimated stan-
dard deviations reflect the limited deviation for individual iter-
ations. The small downward bias results from the asymptotic
nature of the ML estimates and should be tolerable for prac-
tical applications.
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