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Abstract

This paper presents an analytical and empirical analysis of a parsimonious model
framework that accounts for a dependence of bond and bank loan recoveries on sys-
tematic risk. We extend the single risk factor model by assuming that the recovery
rates also depend on this risk factor and follow a logit—-normal distribution. The re-
sults are compared with those of two related models, suggesteyé{2000 and
Pykhtin (2003, which pose the assumption of a normal and a log—normal distribu-
tion of recovery rates.

We provide estimators of the parameters of the asset value process and their
standard errors in closed form. For the parameters of the recovery rate distribution
we also provide closed—form solutions of a feasible maximum-likelihood estimator
for the three models.

The model parameters are estimated from default frequencies and recovery rates
that were extracted from a bond and loan database of Standard&Poor’s. We estimate
the correlation between recovery rates and the systematic risk factor and determine
the impact on economic capital.

Furthermore, the impact of measuring recovery rates from market prices at de-
fault and from prices at emergence from default is analysed. As a robustness check
for the empirical results of the maximum-likelihood estimation method we also em-
ploy a method—of-moments.

Our empirical results indicate that systematic risk is a major factor influencing
recovery rates. The calculation of a default—-weighted recovery rate without further
consideration of this factor may lead to downward—biased estimates of economic
capital.

Recovery rates measured from market prices at default are generally lower and
more sensitive to changes of the systematic risk factor than are recovery rates de-
termined at emergence from default. The choice between these two measurement
methods has a stronger impact on the expected recovery rates and the economic cap-
ital than introducing a dependency of recovery rates on systematic risk in the single
risk factor model.

Keywords: asset correlation, New Basel Accord, recovery rate, LGD, recovery correla-
tion, single risk factor model

JEL Classification: G 21, G 33, C 13



Non-technical Summary

This paper analyses three credit risk models that account for systematic risk in
recovery rates of bonds or loans. The systematic risk is driven by a single unobserv-
able factor, similar to the single risk factor model that was used to derive the risk
weight function of the internal ratings based approach in Basel Il. The three models
differ in the distributional assumption for the recovery rates. The model parameters
are estimated from default rates and recovery rates that were extracted from a bond
and loan database of Standard&Poor’s.

The following main conclusions can be drawn.

e The empirical analyses indicate that systematic risk is a major factor influenc-
ing recovery rates of bonds and loans. Ignoring it may lead to downward—
biased estimates of economic capital.

e Measuring recovery rates just after default or at emergence from default seems
to have a stronger impact on recovery rates and the economic capital than does
extending the single risk factor model to capture systematic risk in recovery
rates. Recovery rates measured at default are generally lower and more sen-
sitive to changes of the systematic risk factor than are recovery rates at emer-
gence from default.



Nichttechnische Zusammenfassung

Diese Arbeit untersucht drei Kreditrisikomodelle, die ein systematisches Risiko
in den Erbsquoten von Anleihen oder Buchkreditenidsichtigen. Das systemati-
sche Risiko wird von einem einzelnen, unbeobachtbaren Faktor getrieben. Die
drei Modelle stellen Erweiterungen des Ein—Faktor-Modelles dar, weldnes f
die Risikogewichtsfunktionen des auf internen Ratings basierenden Ansatzes von
Basel Il verwendet wurde. Sie unterscheiden sich in ihren Verteilungsannahmen
fur die Erbsquoten. Die Modellparameter werden aus Ausfallraten urigs&bten
gesclatzt, die einer Buchkredit- und Anleihedatenbank von Standard&Poor’s ent-

nommen wurden.

Die Untersuchungen liefern die folgenden wesentlichen Ergebnisse:

e Die empirischen Analysen geben Hinweise, dass das systematische Risiko ein
wichtiger Einflussfaktoriir die Erbsquoten ist. Die Vernacisigung dieser
Risikokomponente kann zu einer Unteratiung des bditigten Eigenkapitals
fuhren.

e Die Berechnungsmethodérfdie Erbsquoten, d.h. Marktpreise bei Ausfall
oder Erbsquoten am Ende der Abwicklungsphase mittels Diskontierung der
erhaltenen Zahlungen, hat einerd@eren Einfluss auf die Satzergebnisse
als die Erweiterung des Ein—Faktor—Modelles durchiBksichtigung des sys-
tematischen Risikos. Hisquoten, die unmittelbar nach dem Ausfallereignis
bestimmt werden, sind im Allgemeinen niedriger und reagieren sensitiver auf
Anderungen des systematischen Faktors alssfrloten, die am Ende der Ab-
wicklungsphase bestimmt werden.
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1. Introduction

The purpose of this paper is to analyse analytically and empirically the dependence of
bank loan recoveries on systematic risk that is driven by the business cycle. Furthermore,
it explores the impact on the economic capital calculation if systematic risk is ignored.

The new model that is put forward in this paper and two other models which serve as
benchmarks build on the assumption of a single systematic risk factor. This assumption
has already been widely applied in earlier studids.also forms the foundation of the

risk weight function in the internal ratings based (IRB) approach of the revised Frame-
work (Basel 11) that sets out the future minimum capital requirements for Karkse

model for the IRB risk weights focuses only on systematic risk in the default rate. It im-
plicitly assumes that default rate and recovery rate are independent. We refer to it as the
classicone—factor model. The thresxtendedmodels which are analysed in this paper
incorporate a non—zero correlation between default rates and recovery rates that is driven
by systematic risk. Note that the loss given defaulif: D) can be directly transformed

into a recovery raté by the relation? = 1 — LG D. For convenience, we prefer the term
‘recovery rate’ and we uséG D instead only for the calculation of economic capital,
following common terminology.

An infinitely granular loan portfolio is a critical assumption for applying the one—factor
model to determine economic capital. This assumption will, in principle, be fulfilled
for large, internationally well-diversified banks for which the single risk factor can be
interpreted as a proxy for the “world business cydeThis justifies the use of Stan-
dard&Poor’s Credit Pro database, which is geared towards large international firms.

This paper makes the following four contributions: first, it considers different extensions
of the classic one—factor model which account additionally for systematic risk in recovery
rates.

Second, closed form solutions are provided for the maximum-likelihood estimators of the
asset correlation and the probability of default and their standard errors as well as for the
parameters of the recovery rate distribution.

1See, for exampleSchinbucher(2000 andBelkin and Suchowef1998.

2SeeBasel Committee on Banking Supervisi2004).

3New empirical evidence of the existence of an international business cycle is providedearet al.
(2003.



Third, as an empirical contribution, the correlations of default rates and recovery rates
with the systematic risk factor are estimated based on Standard&Poor’s Credit Pro database.

Fourth, we explore the consequences for economic capital if the classic one—factor model
is applied instead of the extended models that also incorporate systematic risk in recovery
rates.

The results in this paper are submitted to several robustness checks. We explore the effect
of replacing the assumption of logit—normally distributed recovery rates by a normal and

a log—normal distribution. In addition to maximum likelihood, a method—of-moments
estimation is also carried out. The estimation results are compared for recovery rates
based on market prices shortly after default and recovery rates that are determined at
emergence from default or bankruptcy.

This paper builds on the work yrye (2000 andPykhtin (2003 who have applied mod-

els with systematic risk in recovery rates which are also based on the one—factor assump-
tion. We extend their work by proposing a new model that additionally incorporates the
restriction that recovery rates are bounded between 0% and 100%.

The assumption of the extended models that default rates and recovery rates are influ-
enced by the same systematic risk factor has been questionatinbgn et al.(2003.

The authors argue that GDP is not significant as a regressor in a multivariate model for
recovery rates. In addition to this empirical argument, other factors like collateralisation
and seniority are also expected to have an impact on recovery rates, although not nec-
essarily on their correlation with the systematic risk factor. However, our assumption of
a single systematic risk factor that drives default rates and recovery rates is motivated
primarily by the desire to have a tractable model that incorporates systematic risk in re-
covery rates. Even this parsimonious model represents an important extension of credit
risk models used in practice, for example, CreditMetrics and Creditifigkat do not
account for this source of risk.

This paper is structured as follows. Sectreviews a selection of related literature. In
section3 we set up the model framework and describe the estimation methods. Skction

is devoted to a description of the database and a descriptive analysis of the data. The em-
pirical results are presented in sect®rThis includes estimates of the model parameters,

a comparison of different measurement methods for the recovery rates and an analysis of

4SeeCredit Suisse Financial Produg¢ts997 andGupton et al(1997).



the expected recovery rates and the sensitivity of the recovery rate to the systematic risk
factor. In sectiorb, implications of considering systematic risk in the determination of
economic capital are analysed. Sectfgprovides a summary and conclusions.

2. Empirical literature on systematic risk in recovery rates

Recovery rates and their dependence on business cycle effects have been the object of var-
ious empirical studies. A selection of recent studies is provided in the following section.

Asarnow and Edwardgl995 carried out a long—term empirical study on recovery rates
which covers a time period of 24 years from 1970 to 1993. They analysed 830 com-
mercial and industrial loans and 89 structured loans from Citibank’s US borrowers that
were classified as doubtful or non—accrual. Loss in the event of default is measured as
the shortfall of the contractual cash—flow and subsequently discounted at the contractual
lending rate. Asarnow and Edwards find a time—stable non—linear uptrend of this variable
that seems to be independent of macroeconomic factors with average val#ego6§

for commercial and industrial loans ah®l 75% for structured loans. The relatively small

loss for the latter is explained by a closer monitoring of this loan type.

Altman and Brady(2002 andAltman et al.(2003 explore the impact of supply and de-
mand for securities of defaulted companies on recovery rates. Their studies cover the
years from 1982 to 2001 with recoveries measured as the first market price after default
has occurred. The analysis is performed with an aggregate annual recovery rate as the de-
pendent variable, which is defined as the market-value weighted average recovery of all
corporate bond defaults, computed from approximately 1,000 bonds. The authors claim
that the performance of the macroeconomy is of secondary importance if another mea-
sure of supply such as the aggregate bond default rate is used. For the univariate model
incorporating bond default rates as explanatory variables, they find that they can explain
about 60% of the variation in average annual recovery rates. However, the inclusion of
supply—side indicators, such as the total amount of high yield bonds outstanding for a par-
ticular year or the Altman—NYU Salomon Center Index of Defaulted Bonds, increases the
explanatory power to nearly 90% of the variation. An open issue is why macroeconomic
variables such as GDP growth which have been found to influence aggregate default rates
seem to have a much lower explanatory power for recovery rates than the supply—side
variables.



A study byGupton et al(2000 explores the recovery rates of 181 bank loans to 121 large
US borrowers which defaulted in the time interval between 1989 and 2000. Secondary
market price quotes of bank loans one month after default are used as a proxy for actual
recoveries on defaulted loans. The authors find evidence of a positive correlation between
LG D for defaulted senior secured bank loans and senior secured public debt which exists
even for different market instruments and non—overlapping sets of defaulters. They infer
that economic factors that might influence recoveries have an impact on both kinds of
securities. Compared with the resultsAgyarnow and Edwardd 995, they find that the

mean LGD is higher, betwee.5% and47.9%, depending on the type of debt. They also
observe thal.G D is determined by several factors other than systematic risk, such as the
availability of collateral, the length of the workout period, and the number of outstanding
loans to a defaulted borrower.

In Frye (2003, 960 securities are analysed that defaulted between 1983 and 2001. They
are separated into 49 debt types according to seniority and other contract characteristics
and theLG D is a contemporaneous estimate of the loss to the lender. Frye finds that the
LGD is generally higher in high—default years, which indicates the presence of a system-
atic effect. Separating the time interval into the subsets “bad years” and “good years”, he
claims thatL.GG D, both on a granular and on an aggregate level, reacts sensitively to the
state of the economy. The effect, however, is stronger on the granular level. In addition,
bad years seem to have a stronger impact on instruments with Ia@&rthan on those

with higher LG D.

Hu and Perraudii2002 present evidence for a negative correlation between recovery
rates and default rates. Their regression analysis of 958 defaulted bonds between 1971 and
2000 reveals a negative correlation between quarterly recovery rates and default rates over
the entire sample period. This negative correlation increases after 1982. After their initial
regression analysis, Hu and Perraudin standardise the observed recovery rates, measured
as the ratio of the market value of the bonds and the unpaid principal one month after
default, to account for the time—variation in the sample of recoveries and olfihared

set of recoveries. The comparison of the unfiltered and the filtered recovery rates indicates
that the actual correlation on the granular level is downward—biased by the additional
volatility that results from the fact that the sample evolves over time.

Acharya et al(2003 study the empirical determinants of the variability of recovery rates.
Their analyses are based on Standard&Poor’s Credit Pro databadawitimeasured in
two ways, from prices at default and from prices at emergence. The authors identify the

4



condition of the industry sector of the defaulted firm as an important driver of the recovery
rate. Poor industry liquidity affects the recovery at emergence but not the recovery rates
measured at default.

Summarising the results of previous studies, there is broad agreement that default rates
and the business cycle are correlated. The results for a potential correlation between
business cycle indicators and recovery rates are mixed. Whaszeimow and Edwards
(1995 andAltman and Brady2002 observe only a weak dependence of recovery rates

on macroeconomic variables, the work Gypton et al(2000 andFrye (2003 suggests

that recovery rates are more closely linked to the business cycle. Apart from a potential
influence by the macroeconomy, several contract—specific factors, for example, seniority
and collateral, also seem to affect recovery rates. However, the explanatory power of
some of the analysed factors, for example, the business sector, is highly controversial.

3. Model and estimation procedure

3.1. Model setup

Two different sets of assumptions have been posed in the literature in order to justify the
use of a one—factor model to capture systematic risk in default rates and recovery rates.
One framework is based on the assumption bbmogenoukan portfolio. A loan port-

folio is usually considered as homogenous if the distribution of its loss vector that collects
losses of the individual facilities isxchangeablehat is invariant under permutations of

its components. A more general framework has been suggesteGbydy (2001). He

has shown that an economic capital charge for a loan portfolio can still be determined as
the sum of the capital charges for single loans if there is only one systematic risk factor
andif the portfolio is “infinitely granular”.

Following Frye (2000 and for ease of presentation, we assume in the following homo-
geneity of the portfolios under consideration. However, the results can be extended to the
more general framework of an infinitely granular portfolio which allows a more general
interpretation of our results.

5See, for examplesrey and McNei(2003.



The classic one—factor model that is the basis of the following analyses is well described
in the literatureé®. The innovation of this paper is the extension of the model by additionally
accounting for systematic risk in recovery rates. We analyse three possible extensions of
which two build on the work byrye (2000 andPykhtin (2003.

For completeness we summarise the key characteristics of the classic one—factor model.
Let A, denote the innovation in the asset value index of firrAccording to () it depends

on changes of a systematic risk factor, denotedbynd a firm—specific (idiosyncratic)

risk factor Z;:

A= VpX+V1-pZ; (1)

As X and Zj are assumed to be independently standard normally distribdted, also
standard normally distributed. By assumption, fbeare pairwise uncorrelated.

The parametep measures thasset correlatiorbetween the innovations in the asset val-
ues of any pair of firms which equals the square of the correlation with the single system-
atic risk factor. It is restricted to the intervl 1] and assumed to be constant for all firms
and across all time periods. Conditional &n the innovations in the asset values of two
firms are uncorrelated. The higheis, the stronger is the firm’s asset value exposed to
fluctuations in the business cycle.

Firm j defaults if and only if its asset valué; falls below an exogenous threshold. Let
PD denote the unconditional probability of default in a certain time horizon of usually
one year. Then the default threshold is given ldy~! (PD), where®~! denotes the
inverse of the cumulative distribution function of the standard normal distribution.

The classic one—factor model is extended below by accounting for systematic risk in re-
covery rates under three different assumptions for the distribution of default rates. All
three models have a parsimonious structure which facilitates their implementation. Only
the reference model meets the requirement that recovery rates are usually bounded be-
tween 0% and 100%.

Following a proposal byschonbuchet, the recovery rate is modelled in the first (refer-
ence) model as a logit transformation of a normally distributed random vaiablehe

6See, for exampleGordy (2001), Schnbucher(2000 or Belkin and Suchowef1999.

"We can drop the firm—specific indexfor the probability of default?D because of the homogeneity
assumption for the portfolio.

8In practice these bounds can be violated to some extent, for example, if recoveries exceed the outstand-
ing exposure.

9SeeSchinbucher(2003, pp 147-150.



recovery rateR? (Y; (X)) follows a logit-normal distribution defined as follows

Vi X)=p+ovwX+oVl—wZ;

 exp(Y(X))
R(Y;(X)) = 1+ exp (V;(X))’

(@)

where X andZ; are independent standard normally distributed. The parametere-
stricted to the intervg, 1]. We demand thaP D, p, o andw, like p, are constant for all
firms and across all time periods. We further assume that tlage pairwise uncorrelated
cross—sectionally.

The second and the third extended model are taken from the literature and used for bench-
marking purposes. The second model folldwge (2000 who suggests a normal distri-
bution of the unconditional recovery rates. The recovery RteX) of obligor j, condi-

tional on X, is given by

R (X)=p+e6vVoX+aVl-wZ, (3)
whereZ; denotes the idiosyncratic risk that follows a standard normal distribution. We
pose the same assumptionsﬂ;randw as forZ; andw in (2). A presentational advantage

of the normal distribution assumption is that the parameteasdw have a straightfor-

ward interpretation asiean recoverandrecovery correlation A drawback is that in this
model, recovery rates are neither bounded from below nor from above.

In the third model the recovery rate is log—normally distributed. FollowAyightin (2003
the recovery raté; (X) is defined as follows

Rj(X):exp(ﬂnL&\/cTanL&mz), (4)

We pose the same assumptions f&)rand&} as forZ; andw in (2). The log—normal
distribution may be more realistic than the normal distribution because recovery rates are
strictly non—negative and because it has a thicker{ail.

105ee, for examplev/an de Castle and Keismgh999.



3.2. Estimation procedure

In all three extended models parameter estimation is carried out in two steps: in the first

step, we estimate the parameters of the asset value prpcasspP D, and in the second

step the three parameters of the recovery rate distribution. The model parameters are
estimated by maximum likelihood and also by a method—-of-moments as a robustness
check.

In the first step we estimate the parameters andp. From () follows for the conditional
default probabilityp(z), given X =z

()

The parameter estimation is based on observed default rates in periods?’, in our
case on a yearly basis. We assume that there is neither autocorrelation in the systematic
risk factor X, nor in the idiosyncratic risk factors;, Z,,, Z,, andZ; ,.**

The default rate of a loan portfolio containidg borrowers in time period converges for
N; — oo to the conditional default probability (z;), given X; = z,.*2 The probability
density of the default frequendy F; is given by

1— 24 (1=2p)62 —2/T—=p~d
f<DFt;PD,p)=\/7”exp[—”( p>;p e B C)

wherey = &~ (PD) andj; = @~ (DF,).

The maximum of the log—likelihood function
T
LL(PD,p;DF,,...,DFr) =Y In(f(PD,p; DF})) (7)
t=1

can be determined analyticalfy

1The assumption of no autocorrelationf is justified if the PD is a point—in—time estimate and,
pure random noise. However, assuming tRd? is constant over time, we expect thif will be subject
to autocorrelation in the real world. Nevertheless, we demand a corfdfand ensure that the parameter
estimation is feasible.

12Assuming that the portfolio is large and well diversified, this is implied by the law of large numbers,
see for exampleBluhm et al.(2003, pp 70-71.

13We thank Dirk Tasche for suggesting this closed form solution.



ot Var[d]
14+ Vard)’

D" = @ (L) , )
1+ Var|[d]

(8)

_ T
whered = 1 >~ 6, andVar[0] = 7 > 67 — (9) .
t=1

A closed—form solution of the asymptotic CrarrRao lower bound for the standard de-
viation of the estimators is derived in the appendix.

To compare our estimates witfrye (2000, the PD is alternatively estimated in the
first step by the mean default frequenby” andp is estimated separately by maximum
likelihood conditional onD F.

In the second step, the parameters of the recovery rate distribution are estimated. We
exploit the fact that the inferred systematic risk facter. .., 2 for the time intervals
1,...,T can be inferred from the estimaté/’sl\Dml andp™, and the observed default fre-
quenciesDF, ..., DFr. Three different models are analysed, in which the distribution

of the recovery rates is defined B)((3), and @).

In the first model that serves as reference, recovery rates follow a logit—-normal distri-
bution as in ). Let D, denote the number of defaults in periadGiven observations
r,...,rp of the recovery rates, the maximum-likelihogd L—)estimation of the model
parameters, o andw involves maximising the log—likelihood function

LL(p,o,w;ry,...,rp, Dy, .., D) = (10)
2
S Dy D1 (In (125) = = Vi)
n exp | —
- 2o (L—w)r2 (L—r)? " 20? (1 —w)

An analytical solution for the maximum o1.Q) cannot be determined because the poly-
nomials resulting from the first—order—conditions are of fifth and higher order. Searching
numerically for the maximum may provide spurious results because the underlying model

Y (2) = p+ ovwiy +o0vV1—wZ



is poorly identified*

The problem is solved by feasible)M L—estimation that involves two steps. In the first
stepo is estimated by the historical volatility,,s; of the transformed default raté$ =

ln<

The first—order conditions ofLQ) with regard tox andw can be solved analytically

L > . The parameters andw are estimated in the second step conditionatgp.t®

r
I—T’j

i Et Dt <h’1 <1it7‘t> — O'hist\/c_d.@t>
S Zt Dy
™ can be interpreted as the default-weighted average difference between the standard-

ized observed recoveries and the share of these recoveries that is explained by systematic
risk.

. (11)

w™ is given as the second power of the solution to the following third-order polynomial
and can be computed using Cardano’s formula

23— Su - 22— (1-— si —8) 2= Su7, (12)

1 Tt _,,ml
wheres,, > = %Zt D,y (w

Ohist

IH(L>7}Lml 2
52 _ 1 Z D 1—ry 16
T T Lt ™t Ohist ’

The second model assumes that unconditional recovery rates are normally distributed
according to 8). Maximum likelihood estimateg™, ¢ andw™ for i, & andw are
determined from observed recovery rates and conditionahon ., Zr.

YA model is defined as “poorly identified” if its Hessian matrix is nearly singular for certain com-
binations of parameter values (sBavidson and MacKinnor{1993, pp 181-185). In such a case
M L—estimates foy:, o andw are highly unstable, which is confirmed by Monte—Carlo simulations.

Even thougho ;s is an estimate of the standard deviation of recovegigena certain value ofX
for each time period, one can easily show that for the true parametarslw, the equatiors?,,, =
0% [l —w(1—0%,,,)] holds. Considering that the true value wflies in the interval[0, 1], we can
determine a confidence interval fer The parameter estimatesofindw in section5 are not affected by
letting o vary within this confidence interval.

165ybstitutingu™ in (12) by (11), we obtain a third—order polynomial that only dependsvan™ but
which we do not show here for ease of presentation.

10



From @) follows for the distribution of the conditional recovery rate in period
R(i) ~N (,1 + 6@, 6 (1— @)) .

BecauseR (i) is normally distributed, the log—likelihood function is given by

LL(,[L V(I) T’T,Dl,...,DT):
. . — .\ 2
XT: L Y A el ek A (13)
— 2152 (1 — W) P 252 (1 —w) ’
wherery, ..., r7 denote the observed recovery rates. Because the model is poorly identi-

fied, we determin&y;,; as a proxy for the actual volatility and then determine the max-
imum of (13). The analytical solutions for. andw are given by 11) and @2) with
T ) substituted by;.

In

In the third model, the assumption of normally distributed recoveries is replaced by the
assumption oPykhtin (2003 that the recovery rat& (2;) is log—normally distributed

R(@n) ~ A+ 550, 5° (1)),
whereA denotes the cumulative distribution function of the log—normal distribution.
The joint log—likelihood function equals

LL(/],&,(:};Tl,...,TT,Dl,...,DT) =
2
\/ D, Dy (1 (re) — i — 7V )

D 252 (1 — &) - (14

Because the model is poorly identified, the two—step approachowitlas a proxy foie
is used again to determine the maximumbf)( The analytical solution is given byL{)
and (12) with In ( ) substituted byn (7).

As a robustness check, the parameters of the analysed models are also determined by a
method—of-moments\{ M —) estimator. For the parameters of the asset value process,
the default probability?D is estimated by the average default frequendy. The pa-
rameterp can be determined numerically from the following equation for the variance of

the default rates in whicfp, denotes the cumulative distribution function of the bivariate

11



normal distribution
Var [DF] = &, (0~ (DF) , &~ (DF) , p) . (15)

The parameters of the distribution of the recovery rates are also estimated by a method—
of-moments. For the normal distribution,and &,;,,v/@ are estimated by the average
recovery rate and the sample correlation between the recovery rates and the systematic
risk factor. For the logit—-normal and the log—normal distribution, we employ the same
methodology after transforming recoveries to normally distributed values.

4. Data

4.1. Database

The data source for default frequencies and recovery rates is Standard&Poor’s Credit Pro
database. Information on recovery rates is quoted fAaiarya et al(2003 who use

the same data source. Our study considers recovery rate and default rate observations for
18 years, from January 1982 to December 1999. The original data set contains recovery
information up to 2001 but the last two years typically constitute the workout period.
Therefore, including them in our sample would yield biased results for the recovery rates
at emergence.

The data source consists of two parts, the S&P bond database and the Portfolio Manage-
ment Data (PMD) database, which are described briefly b&low.

The extract from the S&P bond database contains information on 379 defaulted compa-
nies. At the issuer level, the database provides company names and industry codes; at
the issue level, bond names, coupons, seniority rankings, issue sizes in dollars, prices at
default and default dates. The price at default is defined as the last recorded trading price
at the end of the month in which the default event occurred. The S&P database contains
only information about bonds and no collateral information. Recoveries are measured in
two ways: first, by market prices at the end of the month in which the default occurred
and, second, by prices at emergence. The total number of 645 default instances exceeds

"This description is based gkcharya et al(2003 andStandard&Poor'§2003.
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the number of firm defaults because firms generally have more than one type of bond
outstanding at the time of defadft.

The PMD database includes aggregate recovery information about 1,540 bank loans, high
yield bonds and other debt instruments with a total of over US$ 100 billion from 300 non-
financial, public and private US companies that have defaulted since 1987. The overlap of
the S&P and the PMD database consists of approximately 400 facilities. In addition to the
information from the S&P database, the PMD database specifically identifies collateral
for each secured instrument, including all assets, inventory and/or receivables, real estate,
equipment, non—current assets and other. The data was obtained by S&P from bankruptcy
documents, reorganisation and disclosure statements, Securities and Exchange Commis-
sion filings, press articles, press releases and their internal rating studies on the issuers.
Recoveries are measured as the price at emergence from default discounted by the high
yield index for the period between default and emergence.

To explore the impact of the measurement method of the recovery rate, we perform the
estimation procedure based on market prices shortly after default and also based on recov-
ery rates at emergence. To this purpose we exclude from the merged PMD loan and S&P
bond data set those instruments for which no prices at emergence could be observed, the
total of borrower defaults equals 465 and the total of defaulted instruments equals 1511.
This sample, in which bank loans constitute approximatety of all defaults, is the ba-

sis for all analyses with recovery rates based on prices at emergence. For the S&P bond
database only market prices are available .

We emphasise that two conceptual problems occur in practice for recovery rates measured
from prices at emergence from default. First, prices at emergence sometimeskxeed
which should be the upper limit for recovery ratédt is not clear how these recoveries
should be treated in practice. In our case, however, we observe only average annual
recoveries which are always betwe@r and100%. Second, the rate at which prices at
emergence should be discounted is not unique. While discounting at the initial coupon
rate will clearly offer arbitrage opportunitié$the appropriate selection of the discount

rate also depends on the question of the extent to which recovery rates are subject to

¥The standard default definition automatically classifies all outstanding bonds as defaulted if default
occurs for one bond.

19The main reason for this inconsistency is that legal settlements involve price and valuation uncertainties
for both parties.

20Take two bonds A and B with equal price at emergeRand time between default and emergence but
different coupon rateg sayis > ig. Then the discounted price of bond A is lower than that of bond B.
Short-selling one bond B and buying one bond A will yield a risk—less profit.
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systematic risk during the workout period. In the presence of systematic risk in this
period, discounting at a risk—free interest rate is not justified. A solution could be to
use instead a high—yield bond index as discount rate, folloActtarya et al(2003.

Default rate information, including annual default frequencies and the total number of
defaults, was taken frorBtandard&Poor'§2003. They report this information from

1981 to 2002 for corporate defaults both across industry sectors and across countries,
only excluding public—sector and sovereign issuers.

Because of the structure of the available data set it is not possible to test for effects within
different industry sectors or rating classes. The resulicimarya et al(2003 indicate

that this would be a promising extension of our work. They find that industry sector,
pre—default rating and capital structure have a significant impact on recovery rates.

4.2. Descriptive analysis

Figurel presents the time series of default rates and recovery rates. The latter are mea-
sured from market prices shortly after default and at emergence. The graphs indicate a
possible negative correlation between default rate and recovery rate. Also apparent are
notable differences that arise from the two measurement methods of recovery rates.

We find that in the entire time interval from 1982 to 1999, default rates were more volatile
than recovery rates in terms of a higher relative standard deviation, determined as the ratio
of the standard deviation of the time series and its mean. This ratio is 75% for default
rates, and 16% or 20% for recovery rates, dependent on their measurement method.

A descriptive analysis of the default and recovery rates yields that from 1982 to 1999,
the mean default rate equals 1.24% with a standard deviation of 0.7% while the mean
recovery rate, measured from market prices, amounts to 45.6% with a standard deviation
of 8.5%.

A stylised fact from previous empirical studféss a negative correlation between de-
fault rates and recovery rates. In Taftlave show the test results for three different tests
regarding the correlation between default rates and recovery rates, measured from mar-
ket prices at default and at emergence from default. Our results imply that for recovery

21See, for exampleAltman et al.(2003, Frye (2003 or Acharya et al(2003.
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Figure 1. Recovery and Default Rates
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determined at defaultf,;) and at emergencei(,.). The fourth column shows

results for a one—period lag of default rates. All values are given as a percent-

age.

Test Ryq Rpe Rpe,. o
Pearson | correlation| -61.36| -25.73| -41.25
p-value | 0.68 | 30.26 | 9.99
Spearman p-value | 0.41 | 11.77 | 1.97

Kendall p—-value | 0.39 | 13.11| 4.22

15

rates determined from market prices at default, correlation with default rates is negative
and significant at thé9% level. If, however, we measure recovery rates from prices at
emergence from default, the correlation is less significant and its absolute value is smaller.

Altman and Brady(2002 observe that recovery rates are influenced by the supply and
demand for defaulted securities. Following this argument we would expect a negative




correlation between current default rates and recovery rates in later periods. This agrees
with the lower p—values in the t—tests of the correlation, that are based on default rates
with a one—period time lag and observed recovery rates. We will explore this issue further

in section5.1

According to Tabléel, we find a statistically significant negative correlation between ag-
gregate annual default rates and recovery rates measured from prices at default. These
results are in line with most empirical studies includi@gpton et al.(2000, Hu and
Perraudin(2002, Altman et al.(2003 andAcharya et al(2003.

Next, two tests of model specification are carried out to determine which distributional
assumptions are adequate for recovery rates. The test results are presented i Table
The first is the Shapiro—Wilk test for normalit§. This test is carried out for recovery
rates defined as price at defauR,() and as price at emergenc&,(). For prices at
default, p—values of 20.5% and 27.2% compared with 5.5% indicate that the logit—normal
and the normal distribution may be more adequate assumptions than the log—normal. For
prices at emergence, the p—values are more fhahlower, but still the normal and the
logit—normal distribution seem to be more adequate than the log—normal.

The second test regarding the distribution of recoveries is a Jarque—Bera test for normal-
ity.2® As expected, the p—values for all three distributional assumptions are higher than

for the Shapiro—Wilk test. For log recoveries, the p—values are much smaller than in the

other two cases which confirms the results of the Shapiro—Wilk test.

The results of these specification tests slightly favour the normal distribution assump-
tion over the logit—normal distribution. However, the logit—-normal model may still be
preferable on the grounds that it has the desirable property to restrict recovery rates to the
interval between 0% and 100%. This additional structural element may make parameter
estimation more efficient. Nevertheless, in sectowe estimate and analyse expected
recoveries and recovery correlations under all three distributional assumptions.

22Shapiro—-Wilk tests give highly precise results for small data samples. High p—values imply that the
hypothesis of an underlying normal distribution cannot be rejected, see for exdapldson and MackK-
innon (1993, pp 80-81.

23Jarque—Bera type tests use skewness and kurtosis coefficients, see for e€aompieell et al (1994).
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Table 2
Tests of a Normal Distribution of Recovery Rates
Normality tests are performed on recovery rates measured as market prices at default
and as prices at emergence. For the logit—-normal distribution, recovenf¥aredrans-
formed byln (%). For the log—normal distribution, recovery rates are transformed

by In (R).

measurement method| recoveries from market pricesrecoveries from emergence prices
distribution logit— | normal log— logit— | normal log—
normal normal | normal normal
Shapiro-test p—value | 0.2046| 0.2719| 0.0549 | 0.0531| 0.0980 0.0026
Jarque-Bera-test p—value0.4092| 0.4861| 0.1897 | 0.2364| 0.3493 0.0289

5. Empirical results

5.1. Maximum likelihood estimation of asset correlation and PD

In the first step, the parameters of the asset value propessd PD, are estimated.

For the entire time period between 1982 and 1999, we estimate an asset corpetation
approximately 4% and a (probability of defau)D of 1%. The estimate of the asset
correlation is broadly in line with findings bietsch and Peteg2004) and Duellmann

and Scheul€2003 for small and medium-sized corporate borrowers. Whereas the es-
timates of PD are very similar for both estimation methods, thel/ —estimate ofp is

10% higher than thé/ L—estimate. The parameters of the recovery rate distribution are
estimated conditional on the L —estimates op and P D. The conclusions from the later
analyses are robust against this decision.

Next, we infer the changes of the systematic risk factpifrom the estimates gf and

PD and the observed default rates. FigRrelates the inferred changes of the systematic
risk factor, i;, to the annual changes in the US gross domestic product (&RmR)ch

we use as a proxy for the world business cy@déman et al.(2003 andAcharya et al.

(2003 find that the GDP is a superior proxy for systematic risk compared with, for ex-
ample, changes in the S&®0 stock index or other market—based indicators. Figure
shows a co-movement between the inferred changes of the systematic risk factor and the

24The data comes from the International Monetary Fund’s World Economic Outlook Database.
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Table 3
M L—Estimates of Asset Correlation and Default Probability

The estimates are determined by maximum likelihood and using an average
default frequency as an estimate of PD. Estimates by a method of moments are

also given. All estimates are given as a percentage.

parameter | M L—estimate| for PD = DF | M M—estimate
P 4.06 4.07 4.47
(standard error (2.30) (2.30) (0.2)
PD 1.23 1.24 1.24
(standard error (0.16) (|-1<107% | (]-]<107)

annual changes in the US GDP. Changes in the systematic risk factor reflect the 1990/1991
recession and the less volatile movements of the business cycle sinc& 1993.

Figure 2. Changes in US GDP and in the Systematic Risk Factor between 1982 and
1999
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In order to investigate systematic risk in recovery rates, we test for correlation between
the inferred changes of the systematic risk factor and the observed recovery rates. The test

25For an extensive description of the business cycle mechanisnfilaego (1997 andChristiano and
Fitzgerald(1998.
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Table 4
Tests of Correlation between Recovery Rates and the Systematic Risk Factor

The table gives the p—values for the correlation tests given as a percentage.
Small p—values imply that we can reject the hypothesis that correlation equals

zero. The fourth column shows results for a one—period time lag of the system-

atic risk factor.

Test Ryq | Bpe | Rpepoy
Pearson| 0.38| 17.42| 6.96
Kendall | 0.39| 13.11 4.2

Spearman 0.4 | 11.8 1.9

results are presented in TaldleWe can reject the hypothesis that the recovery rates based
on prices at default are uncorrelated with the systematic risk factopdi3@ confidence

level. The results are less clear—cut for recovery rates measured from prices at emergence.
If we test for correlation between recovery rates and the systematic risk factor of the same
time period, the p—values are much higher than for prices at default. If, however, we
use lead values of the systematic risk factor, the p—values decrease significantly. This
could be explained by the fact that prices at emergence are usually determined between
12 and 18 months after default. Recovery rates will therefore be influenced by the level
of systematic risk over the whole workout period.

The next section focuses on the estimation of the recovery rate distribution under different
distributional assumptions. These estimations are carried out conditional on the estimates
of p and PD in Table3 and the inferred changés of the systematic risk factor.

5.2. Estimation results for recovery rates for a logit—normal, a normal
and a log—normal distribution

The following section compare&/ L—parameter estimates under three different distri-
butional assumptions. It also includes results fromlan/ —estimation as a robustness
check. Whereas the model parameterannot be directly compared across the three ex-
tended models, the expected recovery rate is a variable that allows such a comparison
for the recovery level. The parametelis also not directly comparable across the mod-
els. In order to analyse differences in recovery correlation, we focus on the sensitivity of
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recovery rates to systematic risk that is analysed in detail in ses#bn

For logit—normally distributed recovery rates, thel.—estimates of. andw are given in

the second column of TabEe The expected recovery rate equéldss7% which is 0.05
percentage points lower than the average recovery rate for the entire time interval. The
M L—estimate ofv equalsl3.48%.

Table 5
Parameter Estimates Under Logit—normally Distributed Recovery Rates

The estimates are determined for logit—-normally distributed recovery rates by
maximum likelihood (/L) and a method of moment3/{M). Volatility is

fixed atop;s: = 35.37%. Recovery rates are measured by market prices at
default. All estimates are given as a percentage.

parameter | M L—estimate| M M —estimate
0 -18.32 -18.32
(standard error) (|-| < 107Y) (1.97)
w 13.48 n.a.
(standard error) (|-| < 107Y) n.a.
oW 13.03 22.25
E|R] 4557 4557

One of the most intuitive estimation procedures (and therefore most widely used in prac-
tice) is the method of moments. We compare i, —estimates ofx and o to those
implied by matching the first and second moment of the default rate to their sample val-
ues?® While the M M —estimate ofu is close to thel/ L—estimate, we find that/w is

71% higher.

For normally distributed recovery rates in the spiritofe (2000 the M L—estimates of
expected recovery and recovery correlation are given in the second column of6Table
The expected recovery rafg equals43.81% while the M L—estimate ofo™ equals
9.98%. Frye (2000 finds similar levels of asset correlation and expected recovery rate
for the time period from 1983 to 1997, but his estimates%f for o™ differs from our
estimate ofil0%. There are two potential explanations for this difference.

First, owing to the use of different data sets the recovery rates are more volatile than ours.
A higher value ofs will imply a lower @ for a fixed total recovery correlation which has
a similar value as ifrrye (2000.

26See, for exampleBluhm et al.(2003.
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Table 6

Parameter Estimates Under Normally Distributed Recovery Rates

The estimates are determined for normally distributed recovery rates by max-
imum likelihood (M L), a method of moments\{ M) and also byM L but
conditional on the average default frequerdgy’ as a proxy for PD. Volatility

is fixed atgp;s¢ = 8.45%. Recovery rates are measured by market prices at
default. All estimates are given as a percentage.

parameter | M L—estimate| M L—estimate withPD = DF | M M —estimate
fi (= E[R]) 43.81 43.78 45.62
(standard error (0.34) (0.34) (0.47)
W 9.98 9.99 n.a.
(standard error (1.66) (1.66) n.a.
sV 2.67 2.67 5.31

The second potential explanation is that Frye proposes a long—term average of default
rates,DF, as a proxy for the true probability of default while we compufef &—estimate

for PD. Replicating his approach yields nearly the same results as the origihalesti-

mation. This can be seen by comparing the second and the third column of6Talbke
conclude that the observed differences in the correlation estimates cannot be explained by
this methodological difference.

Although the preliminary tests that we performed with the recovery data in seton

do not support the hypothesis of an underlying log—normal distribution, we compare the
associated estimates as a robustness check to those obtained from a logit—-normal and a
normal distribution assumption. Thé L—estimates for log—normally distributed recov-

ery rates are given in Table

Comparing the expected recovery rates in Tablésand7, we find that for logit—normal
recovery rates, the expected recovery ratel®57% is higher than for the other two
distributional assumptions which lead to similar estimate3s8( % and 43.68%). The
estimates ofv are close to each other in Tablésand7 but differ from the case of the
logit—-normal distribution in Tabl&. Because we cannot compare the estimates of
directly for the different distributions, we focus instead in sectiofion the recovery
sensitivity as a measure of recovery correlation for all three extended models.
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Table 7
Parameter Estimates under Log—normally Distributed Recovery Rates
The estimates are determined by maximum likelihadfl() and a method of

moments {/ M). Volatility is fixed atéy,;,; = 20.45%. Recovery rates are
measured by market prices at default. All estimates are given as a percentage.

parameter | M L—estimate| M M—estimate
il -84.90 -80.33
(standard error (0.82) (1.14)
w 9.51 n.a.
(standard error (1.59) n.a.
sV 6.31 12.82
E [zﬂ 43.68 45.73

5.3. Impact of the recovery definition

In the following section estimates from recovery rates based on market prices at default
are compared with those from recovery rates determined at emergence. With these new
recovery rates the analyses from sectto? are repeated. The estimatespoénd PD

are taken from sectiob.1because they are independent of the measurement of recovery.
Therefore, we only report changes;ine andw.

The parameter estimates for the three extended models are given ir8Tsidecompare

first the estimates for the logit-normal model. The expected recovery rate increases from
45.57% 10 49.72%, which is a relative increase 6f11%, compared with the case of re-
covery rates inferred from market prices at default in Tablé\n intuitive explanation

for this result is that bank loans, which are only included in this second set of recov-
ery rates, generally yield higher recoveries than bonds, which has also been observed
by Van de Castle and Keismdt999. Historical volatility of the transformed recovery
ratesin (12%) is higher at58.49%, which signifies a relative increase 3%, andw
consecutively falls t@.75%.

Assuming a normal distribution, we find that the expected recovery rate increases to
53.05% which is a relative increase @fl% compared with Tabl&. The volatility of

the recovery rates increaseslith50%, a relative increase @f0%, and the recovery cor-
relation falls by abous9% to 6.04%. These two effects roughly cancel each other out in
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Table 8
Parameter Estimates for Recovery Rates Based on Prices at Emergence

The estimates are determined by maximum likelihood for logit—normally, nor-
mally and log—normally distributed recovery rates using the sample estimates
Ohisty Ohist aNday;s; as proxies for the volatility parameters. The recovery
rate is measured at emergence from defaull.—estimates are given as a per-

centage.
parameter logit-normal | normal | log—normal
0,6,0 58.49 13.50 33.45
1, i fi 1.21 53.05 | -65.58
(standard error) | (|-] < 10710 | (0.37) (0.92)
w, W, w 2.75 6.04 3.75
(standard error) | (|- | < 107!1) | (0.89) 0.72
E(R).E[R].E |R| 49.72 | 53.05 | 54.89

their impact on the square root of ttatal recovery correlations ;. v/@. The square root
of the total recovery correlatioB,32%, is close to the value &f.67% in Table®6.

For completeness we also analyse the parameter estimates of a log—normal distribution
of recoverieg’ In this case, the expected recovery rate in T&dkeslightly higher than

for the normal distribution. The higher total recovery correlation, however, can quickly
neutralise this effect on the default loss when systematic risk increases.

Overall, the estimates of the expected recovery rate9%re 26% higher for prices at
emergence than for market prices at default. This finding is broadly consistent with
Acharya et al(2003 who observe that recovery rates at emergence are 20 percentage
points higher than at default. This result could be explained by a risk premium in market
prices at default that accounts for systematic risk in recovery payments during the work-
out period. This effect would decrease market prices at default relative to recoveries at
emergence that build on observed cash flows. However, the prices at emergence have been
derived by discounting at a high—yield bond rate that may already incorporate a risk pre-
mium. The increase in the expected recovery rate is smallest for the logit-normal model,
which appears not to be as sensitive to the choice of the measurement method as the other

27pfter taking logarithms, a Shapiro-Wilk test yields a p—valu® @6% and a Jarque-Bera test results in
a p—value 02.89%. The hypothesis of a log—normal distribution can thus be rejected arfheonfidence
level.
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two models.

Nevertheless, drawing inference from results for two different measurement methods
of recovery rates is a delicate issue because the estimates are based on two different
databases. The overlap between both databases is rather small because only 399 out of
1,540 facilities from the PMD database are also included in the S&P database. As a con-
sequence, the observed differences may partly derive from differences in samples. The
observation of lower recovery rates based on market prices at default is consistent with
the argument irAltman et al.(2003 that investors in distressed assets cannot absorb an
increased supply of defaulted bonds in high—default years. Therefore, liquidity dries up
and market prices can be too low compared with actual recoveries in later periods.

In summary, we observe quite similar estimates for the mean recovery rate under all three
distributional assumptions for recovery rates at emergence. They differ, however, between
9% and 26% from the expected recovery rates that are estimated from market prices at
default. How far differences in the recovery correlation transfer to differences in economic
capital is explored in sectiof In the next section, the sensitivity of the recovery rates to
the systematic risk factor is analysed for the three models define?) big), and @).

5.4. Sensitivity of recovery rates to systematic risk

From a risk management perspective it is interesting to compare the three extended mod-
els in terms of the sensitivity of the recovery rate to changes in the systematic risk factor.
This sensitivity is defined here as the first derivative of the recovery rate with regard to
the single risk factor. Tabl@ lists the sensitivities for the three models, which are derived
from (2), (3), and @).

In the reference model that assumes a logit—normal distribution of recovery rates, the
sensitivity depends not only on the product/w but also in a non—linear way on the
recovery rate. For normally distributed recovery rates, the sensitivity is fully described
by the total recovery correlation/@. Only in this model, the sensitivity is independent

of the level of systematic risk, and relative changes in recovery rates are a linear function
of changes inX. For log—normally distributed recovery rates, the sensitivity linearly
depends on the level of the recovery rate.

The sensitivities in Tabl@ depend on the level of the systematic risk factorTherefore,
we compare the sensitivities of the three models for a range of realistic valbgsaked
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Table 9
Sensitivity of the Recovery Rate to the Systematic Risk Factor
This table lists the sensitivity, defined as the first derivative of the recovery rate

with regard to the single risk factor, for the logit—-normal, the normal and the
log—normal model.

distribution of recovery rates sensitivityg—ﬁ?
logit-normal o \w H%g()m
normal agVvw
log—normal & V@ R(X)

on the parameter estimates from sectibrisand5.3. Given the estimates in Tabl&s6,

and7, the sensitivity is plotted in Figurg as a function of the systematic risk factar.
Especially relevant from a risk management perspective are high absolute vakies of

the negative domain. For reference we have marked the 99.9% percentile that is also used
in the risk weight functions of the IRB approach of Basel II.

Figure 3. Sensitivity of Recovery Rates to the Systematic Risk Factor, Estimated
from Market Prices at Default

This figure shows the sensitivity to the systematic risk factor for logit—

normally, normally, and log—normally distributed recovery rates.
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In the case of normally distributed recovery rates, sensitivity is always eqUa)267.
For the logit—normal distribution, the sensitivity is larger for valuesobetween—5.6
and 8.4 which covers th#9.9% percentile ofX . Therefore, the logit—normal distribution
is more risk—sensitive in terms of systematic risk for the rang¥ difiat is relevant from
a risk management perspective.

The log—normal distribution yields the least systematic risk—sensitive estimate of the
three models ifX is smaller than-0.8 which is the most relevant range from a risk—
management perspective. Betweefl.8 and2.3, it produces sensitivity values between
the other two models, and for valuesXfgreater than.3, it yields the most risk—sensitive
estimates.

Figure4 shows the sensitivity to the systematic risk factor if the parameters are estimated
from prices at emergence, instead of market prices at default as in Bgure

Figure 4. Sensitivity of Recovery Rates to the Systematic Risk Factor, Estimated
from Prices at Emergence

This figure shows the sensitivity to the systematic risk factor for logit—
normally, normally, and log—normally distributed recovery rates.
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In this case the ordering between the three models in terms of their risk sensitivity changes
from the case in Figur8. For the adverse percentile of 99.9% the logit—-normal model has
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a lower risk sensitivity than the other two models. The value of the sensitMi337, is

closer to the previous one in Figud¢han for the other two models. In the neighbourhood

of the 99.9% percentile the logit—normal model appears to be more stable than the other
two models if recovery rates are measured from prices at emergence instead of market
prices at default.

6. Implications for economic capital

Bank loans are subject to two different sources of credit risk: borrower—specific risk that
can be controlled or even neutralised by diversification and systematic risk. As in the
model underlying the IRB risk weights of Basel Il, economic capital is determined below
assuming that the bank loan portfolio is fully diversified and that economic capital is only
held for systematic credit ris. Whereas the effect of systematic risk on default rates
has been widely explored, literature on the effects of systematic risk on recovery rates
is scarce? The presence of systematic risk increases losses from two directions: firstly,
through a higher default frequency and, secondly, through a higher loss rate in default.
Both effects have to be taken into account when computing economic capital.

Below, we use the variableGD (=1 — R) instead of the recovery ratR, following
common terminology in the literature on economic capital. Figsleows the probability
density function of thd.G'D for a logit—normal, a normal, and a log—normal distribution
of the recovery rates and given the parameter estimates in Tabbesnd 7 for market
prices at default.

For the logit—-normal distribution, the maximum likelihood is reached dt@m of 54.5%
which agrees with thé/ L—estimate foy: in Table5. The maximum likelihood for nor-
mally distributed LG D is reached at aGD of 56.2% which is consistent with our
estimate for™ in Table6. Based on the assumption of log—normally distributed recov-
ery rates, the.GG D—density function is slightly skewed towards the right and shows the
typical fat—tailed behaviour; the maximum likelihood is reached aL&D of 56.5%,
which is approximately what we found for normally distributed D.

28An explicit treatment of idiosyncratic risk has been removed from the minimum capital requirements of
Basel Il when the granularity adjustment, put forward in the second Consultative Paper of the Basel Com-
mittee, was abandoned. Nevertheless, this second source of risk also warrants attention from supervisors.
29See section.
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Figure 5. Density of LGD for Average Systematic Risk
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Figure6 shows the.GGD densities conditional on@.9% percentile of the systematic risk
factor. The differences between the three models emerge more clearly than in ¥igure
in which X was close to zero. In the adverse tail of the distribution, that means for
percentiles of 80% and beyond, the values of the density function of the log—nhormal model
are closer to those of the logit-normal model than to those of the normal model. This is
due to the fact that the logit—normal and the log—normal have fatter tails than the normal
distribution. However, the values of the density function for extreme percentiles like
99.9% are close to zero in all three models, so in these cases the differences may have
only a negligible impact on the economic capital. This issue is explored in the following
analysis.

After having determined théG D—density function, we can compute economic capital
(EC), which is defined here as th8.9% percentile of the portfolio loss distribution. For
the entire section, we assume that the loan exposure at default €guatsthat all results
for the economic capital can be interpreted in percentage terms.

Since the conditional.G D distribution of the portfolio is known and, conditional on a
realization of X, the probability of default and the loss given default are independent,
we can infer the economic capital at th@9% level for the normal and the log—normal
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Figure 6. Density of LGD for the 99.9% Percentile of the Systematic Risk factor
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E [PD|X = @' (0.001)] = p(—3.09)

E[LGD|X = &' (0.001)] =

§
(1—pa+6vw-3.09)
if normal distribution
(1 — exp (,& — V@ -3.09+ w>>

if log—normal distribution.

If, however, economic capital is calculated as in the classic model, we neglect the sys-
tematic risk term in® [LGD|X = —3.09] and economic capital is simply the product of
the conditional default probability and the unconditional expedtéd). The estimates

for the logit—normal, the normal and the log—normal distribution are given in Tdl@les
and1l. The conditional default probability is determined from equatiBnwith the

M L—estimates o’ D andp taken from Table.

30The expected value of a logit-normally distributed variable with paramgtanglo? generally has no
closed—form solution and we apply instead numerical integration.
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In order to compare estimates of economic capital with and without systematic risk in
LG D, expected.G'D in the classic model is calculated by maximum likelihood with the
recovery correlation set to zero. The results f@¥ D based on the price at default are
given in Table1l0. Another procedure that can be found in applications of the classic
model is the use of an equally weighted or a default-weighted average. In both
casesLGD is treated as a parameter in the calculation of economic capital. The IRB ap-
proach of Basel Il requires that banks(z D—estimates cannot be less than the long—run
default-weighted average loss rates given defaubefault-weighted.G D—estimates

are provided in the last column of Tall®. Here, they are calculated as averdgeDs
weighted by the ratio of the number of defaults in each period and the total number of
defaults over all period¥.

Table 10
Economic Capital without Systematic Risk in LGD, Based on Market Prices at
Default
Expected values af G D are inferred from\/ L —estimates LG D is measured
asl—R,q whereR,  equals the market price at default. All estimates are given
as a percentage.

parameter | logit-normal| normal | log—normal| default-weighted
conditional PD 4.76

mean LGD 54.43 56.19 56.32 57.65
economic capital 2.59 2.67 2.68 2.74

Tablel1 provides estimates of economic capital that incorporate systematic rigk in

The differences in economic capital that arise from different distributional assumptions
of the LG D are small (close to 1%). Allowing for correlation between @D and the
systematic risk factor in the extended model, however, leads to estimates of economic
capital which are betweent% and17% higher than in Tabld.0.

In the classic model, the calculation of default—-weighi€dD s yields an expected loss
of 57.65% and an economic capital @f74%, given in Tablel0. As a consequence, the
economic capital increases betwe®r and 6% compared with the use of an equally
weighted mean.GD. Even though this calculation produces a more conservative esti-

31See paragraph 468 of the revised FramewBdsel Committee on Banking Supervisi(@904).
32We employ this weighting method instead of pooling obserkétDs over time and calculating the
averagel. G D because single—obligdrG Ds are not available to us.
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Table 11
Economic Capital with Systematic Risk in LGD, Based on Market Prices at Default

All quantiles are computed at the 99.9% level7 D is measured as — R4
where R,; equals the market price at default. All estimates are given as a

percentage.
parameter | logit-normal| normal | log—normal|
conditional PD 4.76
stress LGD 63.87 64.44 64.12
economic capita 3.04 3.07 3.05

mate, we see that the extended models still result ity higher estimates of economic
capital than in the case of a default—-weighfg@D.

For our second data set where recoveries are measured at emergence, the results are pre-
sented in Tabled2 and13. Otherwise the structure of the two tables follows Talllés

andl1l. The estimates gf and P D are necessarily the same because they are unaffected

by the LG D—modelling.

Table12shows that in the absence of systematic riskD, the mean.G D and the eco-

nomic capital vary approximately by)% between the three extended models. However,

in Table13, which incorporates an adverse systematic risk scenario, the three approaches
lead to estimates of economic capital that differ by less tyanTherefore, for 9.9%

level of the systematic risk factor, the differences between the models are smaller than for
unstressed LGDs.

Table 12
Economic Capital without Systematic Risk in LGD, Based on Recoveries at
Emergence
Expected values df G D are inferred from\/ L—estimatesLG D is measured

asl — R.,, whereR,,, denotes the recovery rate at emergence. All estimates
are given as a percentage.

parameter | logit-normal| normal | log—normal| default-weighted
conditional PD 4.76

mean LGD 50.28 46.95 45.11 48.89
economic capita 2.39 2.23 2.15 2.33
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Table 13
Economic Capital with Systematic Risk in LGD, Based on Recoveries at Emergence
All quantiles are computed at the 99.9% levElZ D is measured at — R,

whereR,.,, denotes the recovery rate at emergence. All estimates are given as
a percentage.

parameter | logit-normal| normal | log—normal|
conditional PD 4.76

stress LGD 57.19 57.21 55.16
economic capita 2.72 2.72 2.63

Comparing the results in Tablé® and13reveals that under the assumptions of a logit—
normal, a normal and a log—normal distribution of the recovery rates, economic capital
is betweenl4% and22% higher in the extended models, in whiéldz D depends on the
systematic risk factor.

Finally, we compare the results for economic capital based on recovery rates inferred
from market prices at default (Tabl&8and11) and from prices at emergence (Tables
and13). In all three models, economic capital is lower for recovery rates measured at
emergence than for market prices at default. The differences are betieand 25%
without systematic risk il.G D and betweeri2% and 16% for an advers&9.9% per-
centile of the systematic risk factor. In both casesik&D estimates at emergence from
default are used as the reference basis.

7. Summary and conclusions

This paper extends the classic one—factor credit risk modbofly (2001) by also con-
sidering systematic risk in recovery rates. We put forward an extended, but still parsimo-
nious model and compare it with the two models-ofe (2000 andPykhtin(2003. The

three extended models have the same structure but differ in the distributional assumption
for the recovery rate: a logit—-normal, a normal and a log—normal distribution.

As a theoretical contribution we provide closed form solutions\ak —estimators of the
parameters default probabilifyD and asset correlatignin the classic one—factor model,
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their standard errors, and also for the parameters of the recovery rate distribution in the
three extended models.

Our empirical contribution comprises a comparison of the three extended models, based
on time series of default rates and recovery rates from Standard&Poor’s Credit Pro database.
The data set includes bond and loan default information of US corporate obligors in the
time period between 1982 and 1999.

The estimate of the asset correlation between two borrowers is 4% and in line with pre-
vious results in the literature where this parameter was also estimated from default rates.
The inferred changes of the systematic risk factor show a high degree of co-movement
with US GDP changes.

Three distributional assumptions are tested for the recovery rates: a logit—normal distribu-
tion, a normal distribution and a log—normal distribution. In standard specification tests,
the logit—normal distribution and the normal distribution are found to explain the observed
recovery rates better.

Estimates of the expected recovery rate, based on market prices at default, are between
44% and 46%, independent of the distributional assumption for the recovery rate and
independent of the estimation method. However, if estimated from recovery rates at
emergence, the expected recovery rate increases betWeemd 26%, depending on

the distributional assumption.

We analyse the correlation effect in the three extended models by comparing the sensitiv-
ity of the recovery rate to the systematic risk factor. This sensitivity is defined as the first
derivative. Its level and also the ranking of the three models depend on the systematic risk
factor3® However, depending on the measurement of recovery rates from market prices or
at emergence, the ordering of the three models in terms of their sensitivity to the system-
atic risk factor changes. For an adverse 99.9% percentile of the systematic risk factor, the
logit-normal model is more stable in the sense that the sensitivity to the systematic risk
factor depends less on the question of whether market prices at default or at emergence are
used. This result together with the implicit bounding of the recovery rates to the interval
from 0% to 100% advocates, in our view, the application of the logit—normal model.

From the perspective of a credit risk manager, the following three results are considered

33|t is only in the special case of normally distributed recovery rates that the sensitivity is independent of
the systematic risk factor.

33



to be most important.

1. Incorporating systematic risk in recovery rates leads to a significantly higher eco-
nomic capital charge. For an adverse 99.9% percentile of the systematic risk factor,
economic capital would increase between 11% and 12% relative to an unstressed,
default-weighted averade D, based on market prices at default. This result could
be interpreted that the treatmentlaf' D in the Third Consultative Documetiimay
not fully capture systematic risk ihGD. However, for several reasons this result
should be treated more as an indicative finding than as a conclusion based on em-
pirical evidence. One reason is that it was derived for a particular corporate bond
and loan data set that may substantially differ from an actual credit portfolio of
an investor or a bank. Another reason is that the dependence on systematic risk
of mortgages and other retail loans may be quite different from that of corporate
exposures.

2. We observe notable differences betweenld@nD that is based on market prices
after default and a.GD that is determined at emergence. In our example, these
differences lead to deviations in economic capital in the range of 12%-16%, de-
pending on the distributional assumption for recovery rates in the extended model.
This may have implications for the level playing field if competing institutes mea-
sureL.G D differently. Furthermore, it complicates the validation/@f D estimates
because a comparison across institutes may provide distorted results. At this point
it is important to emphasise that this result should be taken only as an initial indica-
tion because the datasets that are used for comparing the two measurement methods
of LG D only partially overlap. This may explain the observed differences to an
unknown extent.

3. The estimates of economic capital when systematic risk is accounted for are rela-
tively stable with respect to the distributional assumptiong.6fD because they
vary by less than%. This result is reassuring if systematic risk has to be modelled
and the most appropriate distribution cannot be identified from empirical data.

The following two aspects call for further research and can provide useful extensions
of our analyses. In our model, systematic risk in recovery rates is captured by a single
unobservable stochastic variable. A step forward would be a breakdown of this factor
by identifying individual economic factors that influence recovery rates. For this purpose
borrowers with similar characteristics, for example, contract specNeso(de Carvalho

34SeeBasel Committee on Banking Supervisi@003.
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and Derming2003), firm specifics Acharya et al(2003), and industry specifics, should
be separated and the recovery correlations could then be estimated independently.

Analysing what causes recovery rates derived from market prices at default to be so dif-
ferent from recovery rates derived from prices at emergence from default is a second
interesting aspect requiring further research, especially as these differences have a strong
impact on the economic capital.
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Appendix

Asymptotic standard errors of the ML—estimates of asset correlation
pand PD

Below, we derive the Craar-Rao lower bounds for the standard deviation of the ML—
estimators op and PD.

For this purpose, the Hessian matrix of the log—likelihood function of the default rates,
T
LL = Y In(f(PD,p;DF,))
t=1

T 1—0p Ty V1—0p d 2p—1 d
= —ln( >— + vy E 0+ E 62,
2 p 2p p oty
~—— ~——

=51 =892

has to be determined.

From the closed—form solutions fg*! and4™ in (8) and @) follows for the second
derivatives ofL L with regard top and PD
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The inverse of the negative Hessian matrix of the log—likelihood fundtibm (ﬁm’, &m’)
produces the Fisher matr#, which is defined as the inverse of the information matrix

at this point®
02LL  0%LL
902 Opo Jin o S
Hpp =1\ 27 50 |:Foe = :
v op 00° Jor a2

The entries ofF; ;, are as follows

hu = " h2, F hihay

2Var 0]
T (14 Var[o))*

_

f12 = f21

519 (v™) Var 0]
T2 (1 + Var[5])"

_ hll
_h%z + h]_]_h22

for =

S3 ¢ (7””)2 Var [0]
275 (1 + Var[6])*

The asymptotic CraBr-Rao lower bound for the standard deviation of the estimates can
be determined as the square root of the diagonal elemeiitg; of

_ /2 Var|d]
ot = \/;(1 + Var[8])?

" _ /s Var [4] ) (le)
ppmt 2I° 1+ Var [(5])3/2.

35Because the estimates are asymptotically consistent, theéG#ao theorem ensures that the asymp-
totic covariance matrix will always exceed the inversd ofVe use the estimatdy ;.. ;) as an approxi-
mation for1.

40



The following Discussion Paper s have been published since 2003:

January

January

January

February

February

March

March

March

2003

2003

2003

2003

2003

2003

2003

2003

Series 1: Studies of the Economic Research Centre

Testing mean-variance efficiency in CAPM
with possibly non-gaussian errors: an

exact simulation-based approach

Finite-sample distributions of

self-normalized sums

The stock return-inflation puzzle and
the asymmetric causality in stock returns,

inflation and real activity

Multiple equilibrium overnight rates

in a dynamic interbank market game

A comparison of dynamic panel data
estimators: Monte Carlo evidence and

an application to the investment function

A Vectorautoregressive Investment
Model (VIM) And Monetary Policy
Transmission: Panel Evidence From

German Firms

The international integration of money

markets in the central and east European

accession countries: deviations from covered

interest parity, capital controls and inefficien-

Cies in the financial sector

The international integration of

foreign exchange markets in the central
and east European accession countries:

speculative efficiency, transaction costs

and exchange rate premiums

41

Marie-Claude Beaul
Jean-Marie Dufour
Lynda Khalaf

Jeong-Ryeol Kim

Jeong-Ryeol Kim

Jens Tapking

Andreas Behr

Joerg Breitung
Robert S. Chirinko
UIf von Kalckreuth

Sabine Herrmann

Axel Jochem

Sabine Herrmann

Axel Jochem



March 2003

March 2003
April 2003
June 2003
June 2003
June 2003
15 2003
16 2003
17 2003
18 2003

Determinants of German FDI:
New Evidence from
Micro-Data

On the Stability of

Different Financial Systems

Determinants of German Foreign
Direct Investment in Latin American and

Asian Emerging Markets in the 1990s

Active monetary policy, passive fiscal
policy and the value of public debt:
some further monetarist arithmetic

Bidder Behavior in Repo Auctions
without Minimum Bid Rate:

Evidence from the Bundesbank

Did the Bundesbank React to

Stock Price Movements?

Money in a New-Keynesian model

estimated with German data

Exact tests and confidence sets for the

tail coefficient of a-stable distributions

The Forecasting Performance of

German Stock Option Densities

How wacky is the DAX? The changing

structure of German stock market volatility

42

Claudia Buch
Jorn Kleinert
Farid Toubal

Falko Fecht

Torsten Wezel

Leopold von Thadden

Tobias Linzert
Dieter Nautz
Jorg Breitung

Martin T. Bohl
Pierre L. Siklos

Thomas Werner

Jana Kremer
Giovanni Lombardo

Thomas Werner

Jean-Marie Dufour

Jeong-Ryeol Kurz-Kim

B R Craig, E Glatzer,
J Keller, M Scheicher

Jelena Stapf
Thomas Werner



10

11

12

2004

2004

2004

2004

2004

2004

2004

2004

2004

2004

2004

2004

Foreign Bank Entry into Emerging Economies:
An Empirical Assessment of the Determinants
and Risks Predicated on German FDI Data Torsten Wezel

Does Co-Financing by Multilateral Development
Banks Increase “Risky” Direct Investment in
Emerging Markets? —

Evidence for German Banking FDI Torsten Wezel

Policy Instrument Choice and Non-Coordinated Giovanni Lombardo

Monetary Policy in Interdependent Economies Alan Sutherland

Inflation Targeting Rules and Welfare

in an Asymmetric Currency Area Giovanni Lombardo
FDI versus cross-border financial services: Claudia M. Buch
The globalisation of German banks Alexander Lipponer
Clustering or competition? The foreign Claudia M. Buch
investment behaviour of German banks Alexander Lipponer
PPP: a Disaggregated View Christoph Fischer

A rental-equivalence index for owner-occupied Claudia Kurz

housing in West Germany 1985 to 1998 Johannes Hoffmann

The Inventory Cycle of the German Economy Thomas A. Knetsch

Evaluating the German Inventory Cycle

Using Data from the Ifo Business Survey Thomas A. Knetsch

Real-time data and business cycle analysis

in Germany Jorg Dopke

Business Cycle Transmission from the US

to Germany — a Structural Factor Approach Sandra Eickmeier

43



13

2004

2003

2003

2004

2004

Consumption Smoothing Across States and Time: George M.

International Insurance vs. Foreign Loans

von Furstenberg

Series 2: Banking and Financial Supervision

Measuring the Discriminative Power

of Rating Systems

Credit Risk Factor Modeling and
the Basel II IRB Approach

Forecasting Credit Portfolio Risk

Systematic Risk in Recovery Rates —
An Empirical Analysis of US Corporate

Credit Exposures

44

B. Engelmann,
E. Hayden, D. Tasche

A. Hamerle,
T. Liebig, D. Rosch

A. Hamerle,
T. Liebig, H. Scheule

Klaus Dillmann

Monika Trapp



	Introduction
	Empirical literature on systematic risk in recovery rates
	Model and estimation procedure
	Model setup
	Estimation procedure

	Data
	Database
	Descriptive analysis

	Empirical results
	Maximum likelihood estimation of asset correlation and PD
	Estimation results for recovery rates for a logit--normal, a normal and a log--normal distribution
	Impact of the recovery definition
	Sensitivity of recovery rates to systematic risk

	Implications for economic capital
	Summary and conclusions

