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Abstract

The default risk of firms is driven by firm-specific factors but also
by systematic factors and the latter are responsible for default depen-
dence between different firms. Another source of default dependence
is structural links between firms. For example, a mother company
may consist of different legal entities and a default of the former may
be contagious and lead to the default of all others, i.e. strong depen-
dence is present in this case. Conversely a possible default from one of
the constituent companies may be prevented by the mother company.
In fact, such dependence or guarantee considerations are often made
when assessing the individual default probabilities, and then typically
result in assigning lower default probabilities to daughter companies.

While it is correct to consider these direct dependence relations
when assessing the single default probabilities they also need to be
considered when modelling the aggregate loss but it appears that this
is ignored by the current state-of-the-art credit risk portfolio mod-
els. In this paper we will use the CreditRisk+ model to stress-test
the direct (intra-)group dependences or contagion effects by making
these as strong as possible while leaving the other characteristics of
the portfolio unchanged. Then, we show how this model can still be
readily applied without major modifications. We also show that the
CreditRisk+ model will allow us to derive the loss distribution function
explicitly.

∗Corresponding author : Steven Vanduffel, Katholieke Universiteit Leuven, Belgium
(e-mail: Steven.Vanduffel@econ.kuleuven.be).
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1 Introduction

For the last decade the financial industry has put models in place to assess
the default risk of their various credit portfolios and Koyluogly & Hickman
(1998) have classified these as follows:

1. the “Merton-based” approach; see J.P. Morgan’s CreditMetrics (Gup-
ton et al. (1997)) orMKMV’s PortfolioManager (Zeng & Zhang (2001)),

2. the “Econometric” approach; see McKinsey & Company’s CreditPort-
folioView (Wilson (1997a,b),

3. the “Actuarial” approach; see CreditRisk+ (Credit Suisse Financial
Products (1997)).

While the mathematical properties of these different approaches are now
well understood it remains difficult to prove the accuracy of either model, es-
pecially when measuring upper tails of the portfolio loss distribution. This is
essentially because the portfolio will be most severely hit when several credit
exposures default together. Unfortunately, since a default is a rare event it
is difficult to predict default probabilities and even more so for joint default
probabilities. At best financial institutions have a good view on the single
and pairwise default probabilities, or equivalently, the default correlations
but not on the likelihood that three or more loans default together. Then,
as shown by Embrechts et al. (2003) and Frey et al. (2001) it is not difficult
to build credit risk models that are consistent with this maximum available
information while providing very different results. In this context, we believe
that for credit portfolio calculations it is advisable to stick to a transparent -
but still consistent - portfolio model which incorporates the essential features
of credit risk.

Moreover it becomes important to stress-test the chosen model under var-
ious scenarios. First, this will reveal the sensitivity of the results to changing
assumptions and parameters, and as such shed more light on the robustness
of the model as well as the extent to which the portfolio may be impacted
by adverse events. Next, the results can be used to steer discussion of the
appropriate risk appetite and the amount of capital that should be set aside
to cover the credit portfolio risk; see also Rösch and Scheule (2007) for more
information.
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In order to model credit portfolio risk we need to model the marginal
risks as well as the way they interact, i.e. the dependencies. Dependence
modelling in a credit context usually focuses on finding the economic dimen-
sions that influence the default behaviour for the different loans. Apart from
factors describing the global state of the economy such as, for example, in-
terest rates the default drivers that are typically considered are asset size,
industry sector and geographical situation; see Lopez (2002), Duellmann and
Scheule (2003) or Dietsch and Petey (2004). As a result companies of similar
size, industry activity and geographical situation will be grouped together
meaning that they behave similarly, which is akin to saying that they are
positively dependent.

However, all these dimensions together still do not fully capture all sources
of dependence and in this paper we will assess the potential impact for some
of these sources of hidden (or missed) dependence across portfolios. Indeed, a
credit risk portfolio often contains groups of individual risks that are directly
connected to each other.

As a first example let us mention the banking sector where the myriad
of credit relations that exist between the different players is creating strong
default dependence. The stand alone insolvency of a big bank will have a
negative effect on the value of outstanding interbank claims and may as such
lead to a series of other defaults. Secondly, mother companies may contain
different legal entities and a default of the former may be contagious and
lead to the default of all others, i.e. strong dependence is present in this
case. Vice versa, a possible default from one of the constituent companies
may be prevented by the mother company. In fact, such dependence or guar-
antee considerations are often made when assessing the individual default
probabilities within a group of related companies, and then typically result
in assigning lower default probabilities to the daughter companies.

While it is correct to consider these direct dependence relations when
assessing the default probabilities of the different credit risks, they also need
to be considered in the modelling of the aggregate loss distribution but it
appears that in practice this is often ignored. Indeed the three mentioned
classes of portfolio models all assume that conditional on the state of eco-
nomic variables the different risks are independent, and as such ignore direct
dependence.

In this paper we will stress-test the direct (intra-group) dependence by
making it as strong as possible while leaving the other characteristics of the
portfolio unchanged. We will use the standard version of the CreditRisk+
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model to do so. Specifically we show how the traditional CreditRisk+ model
can still be readily applied without major modifications to account for intra-
group dependence and contagious risk. We will show that the CreditRisk+

model will allow us to derive the relevant risk measures in closed form. We
will also numerically illustrate that the impact of a stressed intra-group de-
pendence is significant and should not be ignored by practitioners.

The main reasons for working with the CreditRisk+ model are that very
few assumptions are required and that its natural parameterisation involves
default statistics only. We remark that confronted with a lack of suffi-
cient directly observable default data, financial institutions and also software
providers often resort to so-called asset correlations. In fact, the Portfolio
Models that use the “Merton-based” approach such as MKMV’s Portfolio
Manager and J.P. Morgan’s CreditMetrics have all been developed in this
setting. These asset correlations can indeed be transformed into pairwise
default probabilities (default correlations) and even all joint default prob-
abilities by means of the so-called Merton Model of the firm; we refer the
interested reader to Crouhy et al. (2000) for further details. Whilst the wider
availability of asset data and the additional sophistication may provide some
feeling of comfort, this comes at the cost of more model risk. Indeed it must
be pointed out that the asset data is transformed into default values through
a model which should then be compared with available default statistics. We
agree with Frye (2008) however that many ‘naïve’ risk managers rely on asset
correlations without checking the results. Frye (2008) also nicely shows that
doing so may result in erroneous risk management practices; see also Chernih
et al. (2006). Moreover asset data itself is not observable but needs to be
derived from equity data using option models; see Crouhy (2000). To the
best of our knowledge there is no indication that this more involved portfolio
approach provides more reliable portfolio risk measures. For a study on how
credit risk models can be parameterised using observed default data we refer
to Hamerle & Rösch (2007). Note that Vandendorpe et al. (2008) have shown
how the CreditRisk+ model can be parameterised using asset correlations,
hence building a bridge between the actuarial model and the Merton-based
approach.

The structure of the paper is as follows: In Section 2, we introduce the
CreditRisk+ which in actuarial circles is known to be an example of a collec-
tive risk model. Next, in Section 3 we propose our extension to incorporate
direct (intra-) group dependence and show how this still fits from a technical
point of view into the CreditRisk+ framework. Section 4 provides numerical
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illustrations and Section 5 concludes.

2 The standard CreditRisk+ Model

2.1 Description

In CreditRisk+ the distribution of the Portfolio Credit Loss is approximated
using a so-called collective risk model. We will deal with this approximation
in its most simple and transparent form; see also Dhaene et al. (2003) or
Vandendorpe et al. (2008).

To this end let us consider a portfolio consisting of n credit risks and let
for i = 1, 2, ..., n the random variable Ii be defined as the indicator variable
which equals 1 if risk i leads to failure in the next reference period (e.g., one
year time horizon) and 0 otherwise. The default probability is stochastic and
will be denoted by Qi with mean E[Qi] = qi. We find that the probability
that risk i leads to a failure in the corresponding period, is given by qi:

Pr [Ii = 1] = E[Qi] = qi. (1)

Further for risk i, let (EAD)i denote the “Exposure-At-Default” and (LGD)i
the “Loss-Given-Default” for the risk horizon under consideration. The
“Exposure-At-Default” is the maximal amount of loss for risk i, given de-
fault occurs whereas the “Loss-Given-Default” is the percentage of the loss
on policy i, given default occurs. The “Aggregate Credit Portfolio Loss” (the
aggregate loss for short) during the reference period is then given by

S =
n∑

i=1

Ii (EAD)i (LGD)i . (2)

We will assume that the (EAD)i and (LGD)i are deterministic. The
results of these paper can be generalised to account for stochastic LGD

and EAD but we will not deal with this additional complexity here. Note
that the use (and abuse) of stochastic Loss-Given-Defaults is considered in
Dhaene et al. (2005) whereas Bürgisser (2001) provides a generalisation of the
CreditRisk+ model that deals with stochastic dependent LGD’s. Also Rösch
and Scheule (2007) have studied a framework which includes the dependence
between the different mentioned risk components.
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Note that the random variable of interest S can be recasted as a sum of
n compound Bernoulli random variables

S =
n∑

i=1

Ii bi, (3)

with
bi = (EAD)i (LGD)i . (4)

The aggregate loss S is the sum of the losses on the individual credit
risks. In order to compute the distribution function of S, exact knowledge of
the multivariate distribution function for (I1, I2, ..., In) is principally required.
However, since the dependent Bernoulli r.v’s Ii are too difficult to work with,
we will replace them by other dependent r.v’s Ni that are “close” to the Ii
but more tractable. Hence instead of considering the distribution function of
the aggregate loss in the individual model,

S =
n∑

i=1

Ii bi =
n∑

i=1

Ii∑

j=1

bi with Pr [Ii = 1] = qi, (5)

we will focus on the distribution function of the following random variable:

S∗ =
n∑

i=1

Ni∑

j=1

bi. (6)

In order to introduce the dependence caused by common factors, we will
consider a “Bayesian approach”. Therefore, let us assume that there ex-
ists a random variable Λ -representing the “global state of the economy”-
such that, conditionally given Λ = λ, the random variables Ni are mutually
independent:

(Ni | Λ = λ) are mutually independent. (7)

Furthermore, we will also assume that, conditionally given Λ = λ, the random
variables Ni are Poisson distributed with parameters qi λ:

(Ni | Λ = λ)
d
= Poisson (qi λ) . (8)

Note that the default intensities are stochastic since they depend on the
random variable Λ and are in fact given by qiΛ. Finally, we will take Λ
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as a Gamma distributed random variable with parameters α and β. It is
well-known that the moment generating function of Ni is now given by:

E
[
etNi

]
= E

[
E
[
etNi | Λ

]]

= E
[
exp

(
qi Λ

(
et − 1

))]

= mΛ

(
qi
(
et − 1

))

=

(
β

β − qi (et − 1)

)α

=




β

β+qi

1−
(
1− β

β+qi

)
et





α

, (9)

which implies that

Ni
d
= NB

(
α,

β

β + qi

)
, (10)

i.e., the random variables Ni are negative binomial distributed but not inde-
pendent. Under these assumptions, the random variable S∗ defined by

S∗ =
N1∑

j=1

b1 + · · ·+
Nn∑

j=1

bn, (11)

is a sum of Compound Negative Binomial distributed random variables.

2.2 Panjer’s recursion

At first sight, determining the distribution function of the sum S∗ is not a
trivial task, as the random variables

∑Ni
j=1 bi, (i = 1, . . . , n) are not mutu-

ally independent since they all are affected by the common mixing random
variable Λ.

However, in this particular case one can prove that the distribution func-
tion of the combined portfolio is also Compound Negative Binomial distrib-
uted. Indeed, since the random variables Ni are conditionally independent
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we have that the moment generating function of S∗ is given by

mS∗(t) = E
[
etS

∗
]
= E

[

exp

(

t

n∑

i=1

Ni∑

j=1

bi

)]

= E

[
n∏

i=1

exp

(

t

Ni∑

j=1

bi

)]

= EΛ

[

E

[
n∏

i=1

exp

(

t

Ni∑

j=1

bi

)

| Λ
]]

= EΛ

[
n∏

i=1

E

[

exp

(

t

Ni∑

j=1

bi

)

| Λ
]]

= EΛ
[∏n

i=1mNi|Λ (lnmbi(t))
]

= EΛ [
∏n

i=1 exp [qi Λ (mbi(t)− 1)]]

= mΛ

[
n∑

i=1

qi (mbi(t)− 1)
]

=

[
β

β −∑n

i=1 qi (mbi(t)− 1)

]α
. (12)

Now, let Y be a random variable with moment generating function given by

mY (t) =

∑n

i=1 qi mbi(t)∑n

i=1 qi
. (13)

Then we find

mS∗(t) =

[
β

β − ∑n

i=1 qi (mY (t)− 1)

]α

=

[
p

1− (1− p) eln[mY (t)]

]α

= mN (lnmY (t)) (14)

with p given by

p =
β

β +
∑n

i=1 qi
. (15)
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Hence, we can conclude that S∗ is Compound Negative Binomial distributed:

S∗ =
N∑

i=1

Yi (16)

where N has a negative binomial distribution:

N
d
= NB

(
α,

β

β +
∑n

i=1 qi

)
, (17)

with mean and variance given by

E[N ] =
α

β

n∑

i=1

qi, (18)

and

Var[N ] =
α

β

n∑

i=1

qi ·
β +

∑n

i=1 qi

β
, (19)

respectively, and where the Yi
d
= Y are i.i.d. and independent of N.

The distribution function of S∗ can be computed using a well-known
actuarial recursion, called “Panjer’s recursion” (1981). It follows that

Pr [S∗ = 0] = Pr [N = 0] (20)

and also

Pr [S∗ = x] =
x∑

k=1

(
a+

bk

x

)
Pr [Y = k] Pr [S∗ = x− k] , (x = 1, 2, . . .),

(21)
where

a =

∑m

i=1 qiki
β +

∑m

i=1 qiki
(22)

and
b = a (β − 1) . (23)

While Panjer’s recursion is a mathematical beauty it must be pointed out
that it sometimes suffers from numerical instability and in the literature sev-
eral remedies have been suggested to deal with this issue. For instance, Gordy
(2002) has suggested a saddle-point approximation whereas Giese (2003) and
Haaf et al. (2003) have shown how Fast Fourier Transforms can be used to
obtain the distribution function of S.
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3 Incorporating direct dependence

3.1 Extension of the CreditRisk+ model

As shown in Section 2 the standard one factor CreditRisk+ model assumes
that all the individual risks in the risky portfolio are affected by a common
economic factor. Given the “state of the economy”, the individual risks
are assumed to be conditionally independent. In fact the three common
approaches to model the credit risk of a portfolio all make this assumption of
conditional independence; see Koyluoglu & Hickman (1998) for more details.

However in real situations the assumption of conditional independence is
not always appropriate since some of the individual risks may be strongly
connected to each other for structural reasons as well. For example, in a
conglomerate the default of the strongest company may be contagious and
irrespective of general economic situation trigger the default of all constituent
companies; see also Giesecke and Weber (2006).

In order to account for this when estimating the distribution function
of S.we will assume now that in the portfolio of n credit risks there are m
(m ≤ n) groups each of which contains at least one risk. The aggregate loss
can now be written as

S =

m∑

i=1

ki∑

j=1

Iij bij (24)

with ki ≥ 1,m ≤ n and
∑m

i=1

∑ki
j=1 = n.

For convenience, we will assume that the risks are arranged in such way
that qi1 ≤ · · · ≤ qiki (i = 1, ...,m) , which means that in each group the risk
with a lower index has a lower default probability. Moreover, we will assume
that the risks within one group have the so-called “comonotonic property”
which in a credit default context means that the default of a given credit risk
will always give rise to the default of all risks with an equal or larger default
probability. Such a “domino effect” assumption is quite appropriate in case of
a group of risks where the default of the best rated company (the mother) also
leads to the default of all other risks (the daughters). For a comprehensive
overview on the concept of comonotonicity we refer to Dhaene et al. (2008).

In mathematical terms the comonotonicity assumption for the risks present
within a given group amounts to

Pr (Iij+l = 1 | Iij = 1) = 1 (j = 1, · · · , ki − 1; l = 1, · · · , ki − j) . (25)
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From this it follows that
ki∑

j=1

Iij bij = IiCi (26)

with the probability density function (pdf) of the indicator r.v. Ii determined
by:

Pr [Ii = 1] = max (qi1, · · · , qiki) = qiki (27)

and the pdf of Ci given by

Pr

[

Ci =

ki∑

j=l

bij

]

=
qil − qil−1

qiki
, l = 1, · · · , ki. (28)

in which we tacitly assume that qi0 = 0. Hence, from (26) and (24) it follows
that the aggregate loss S is again a sum of compound Bernoulli random
variables

S =
m∑

i=1

Ii Ci, (29)

and we denote E (Ci) = ci and V ar (Ci) = σ2Ci . Following the reasoning
from Section 2 we will then approximate the the distribution of S by the
distribution function of S∗ given as

S∗ =
m∑

i=1

Ni∑

j=1

Cij (30)

where the different Cij are considered to be mutually independent, Cij
d
= Ci

and

Ni
d
= NB

(
α,

β

β + qiki

)
(31)

It is important to observe that

Pr

[

Cij =
ki∑

r=l

bir | Λ = λ

]

=
qilλ− qil−1λ

qikiλ.
(32)

=
qil − qil−1

qiki
, l = 1, · · · , ki, (33)
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which effectively means that the random variables Cij do not depend on the
mixing conditioning random variable Λ so that the reasoning of Section 2
can be applied. We find that S∗ can be written as

S∗ =
N∑

i=1

Zi (34)

where

N
d
= NB

(
α,

β

β +
∑m

i=1 qiki

)
, (35)

and where the Zi
d
= Z are i.i.d and independent of N with the moment

generating function of the Zi given by

mZ(t) =

∑m

i=1 qiki mCi(t)∑m

i=1 qiki
. (36)

Hence, by applying Panjer’s recursion, we have that:

Pr [S∗ = 0] = Pr [N = 0] (37)

and also

Pr [S∗ = x] =
x∑

k=1

(
a+

bk

x

)
Pr [Z = k] Pr [S∗ = x− k] , (x = 1, 2, . . .),

(38)
where

a =

∑m

i=1 qiki
β +

∑m

i=1 qiki
(39)

and
b = a (β − 1) . (40)

3.2 Parameterisation

The parameters α and β have to be chosen such that the distribution func-
tions of S and S∗ are “as alike as possible”.
A first natural requirement for the approximations to perform well is that
the distribution functions of Ii and Ni are “as alike as possible”. Therefore,
we require that

α = β, (41)
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For such choice it follows that:

Pr [Ni = 0] =

(
β

β + qiki

)β
≈ 1− qiki = Pr [Ii = 0] , (42)

while

Pr [Ni = 1] = β

(
β

β + qiki

)β
(1− β

β + qiki
) ≈ qiki = Pr [Ii = 1] (43)

so that the distributions of Ii and Ni will be “close” to each other, provided
that

qiki
β

is small enough such that higher order terms can be neglected.

Note that choosing α = β also implies that E [Ni] = E [Ii] = qiki so that
E [S] = E [S∗] will hold as well.

It remains to determine an explicit value for the parameter β. In order to
fix this parameter we could resort to a study of the default statistics. Indeed,
default rate volatility typically exhibits a strong relationship to the uncon-
ditional default rates and the coefficient of variation v = Stdev(N)

E(N)
appears

to be a meaningful statistic in this context. For example, Carty & Lieber-
man (1995) have studied a large database covering “All Corporate” default
experience from 1970-1995 and reported a coefficient of variation v = 0.78.

Next, for large homogeneous portfolios we find from the expressions (18)
and (19) that v is approximately given by

β ≈ 1

v2
, (44)

so that β can be estimated from default statistics directly.
When the variance of S is assumed to be known we can also derive β by

requiring that V ar (S∗) = V ar (S) . First we remark that for i �= j we have
that

Cov




Ni∑

k=1

Cik ,

Nj∑

l=1

Cjl



 = E



Cov




Ni∑

k=1

Cik ,

Nj∑

l=1

Cjl



 | Ni, Nj





+Cov



E




Ni∑

k=1

Cik ,

Nj∑

l=1

Cjl



 | Ni, Nj





= 0 + cicjCov [Ni,Nj] , (45)
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where

Cov [Ni ,Nj ] = E [E [Ni Nj | Λ]]− E [Ni] E [Nj]

= E [E [Ni | Λ] E [Nj | Λ]]− qiki qjkj

= qiki qjkj
{
E
[
Λ2
]
− 1
}

= qiki qjkj V ar [Λ]

=
qiki qjkj

β
, (46)

When i = j we have that

V ar

[
Ni∑

k=1

Cik

]

= E

[

V ar

[
Ni∑

k=1

Cik ,

Ni∑

l=1

Cil

]

| Ni

]

+V ar

[

E

[
Ni∑

k=1

Cik ,

Ni∑

l=1

Cil

]

| Ni

]

= E[Ni]σ
2
Ci
+ c2iV ar[Ni].

with

E [Ni] = qiki , (47)

and

V ar [Ni] = qiki

(
1 +

qiki
β

)
, (48)

respectively, so that the variance of S∗ will be given by

V ar [S∗] =
m∑

i=1

V ar

[
Ni∑

k=1

Cik

]

+ 2
m∑

i=1

m∑

j=i+1

Cov




Ni∑

k=1

Cik ,

Nj∑

l=1

Cjl





=
1

β

m∑

i=1

(ci qiki)
2 +

(
m∑

i=1

(
σ2Ci + c2i

)
qiki

)

+
2

β

m∑

i=1

m∑

j=i+1

cicjqikiqjkj

=
(
∑m

i=1 ci qiki)
2

β
+

(
m∑

i=1

(
σ2Ci + c2i

)
qiki

)

. (49)

Hence, the condition V ar (S) = V ar (S∗) will be fulfilled if β is chosen as
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follows:

β =
(
∑m

i=1 ci qi)
2

V ar(S)−
(∑m

i=1

(
σ2Ci + c2i

)
qiki
) .

(50)

Note that in order to guarantee that β > 0 we must have

var(S) >
m∑

i=1

(
σ2Ci + c2i

)
qiki >

m∑

i=1

σ2Ci qiki +
n∑

i=1

c2i qi(1− qiki) = V ar(Sind),

(51)
where Sind is denoting the aggregate claims amount assuming that all risks
in the sum S are independent. Hence, the one factor CreditRisk+ model
only makes sense in the case that the different correlations are (on average)
positive and this condition will in practice always be fulfilled. Let us also
observe that for i �= j, the pairwise correlations in the approximated model
are given by

corr [Ni , Nj ] =

√
qiki qjkj

β

1
√
1 +

qiki
β

√
1 +

qjkj
β

≈
√
qiki qjkj

β

so that in the model we propose, in fact we replace the known correlations
corr [Ii , Ij ] by corr [Ni, Nj ] ≈

√
qi qj

β
for i �= j. Hence, the CreditRisk+

model will perform the best if the “exact” correlations corr [Ii , Ij] are ap-

proximately equal to
√
qi qj

β
.

4 Numerical examples

We consider two examples.
Firstly we consider the example on page 59 of the original CreditRisk+

documentation (Credit Suisse Financial Products (1997)). They considered
25 clients with exposures between 358,475 and 20,238,895, default rates be-
tween 1.5% and 30% and β = 4. In the base case, we assume in line with the
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original CreditRisk+ no direct (intra-)group dependence between the differ-
ent clients. In the second case, we assume the largest two companies are in
the same group. It is our experience that this may be the case with real-life
portfolios. To avoid possible numerical instabilities we have not used Pan-
jer’s original recursion but applied the techniques from Giese (2003); see also
Haaf et al. (2003). We present the different quantiles in Table 1.

no direct dependence direct dependence

0.75-quantile 20.53 18.74
0.90-quantile 31.42 33.35
0.99-quantile 55.24 64.65
0.995-quantile 61.93 74.31

Table 1: Various quantiles of the aggregate loss distribution for the first
example with and without direct (intra-)group dependence. The unit is 1
million.

This example shows the significant impact that group dependence can
have, particularly on the upper quantiles of the loss distribution. The 99.5%
quantile increases by approximately 25% when group dependence is included.
It may be surprising to see that assuming (intra-)group dependence does
not seem to imply that all quantiles increase as compared to the base case.
Indeed, assuming (intra-)group dependence does not change the expectation
of the loss variable at hand so that the distribution functions must cross at
least once; see also Dhaene et al. (2008).

The second example involves a portfolio of 10,000 clients. There are 4000
“small” clients with exposure of 1 and a default probability of 1%, 4000
“medium” clients with exposure of 2 and a default probability of 0.5% and
2000 “large” clients with exposure of 4 and a default probability of 0.25%.
In the first case we assume no structural dependence and in the second we
assume each “large” company is in a group with one “small” company and
one “medium” company. Various quantiles are presented in Table 2.

Also in this example we see that group dependence has a significant im-
pact on the tail of the loss distribution.
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no direct dependence direct dependence

0.75-quantile 105 131
0.90-quantile 138 173
0.99-quantile 208 263
0.995-quantile 228 288

Table 2: Various quantiles of the aggregate loss distribution with and without
direct (intra-)group dependence.

5 Acknowledgments

Steven Vanduffel acknowledges the financial support of Fortis (Fortis Chair
in Financial and Actuarial Risk Management). The authors thank Bruno De
Cleen from Rabobank for stimulating discussions.

References

[1] Bürgisser, P., Kurth, A., Wagner, A. (2001). Incorporating severity vari-
ations into credit risk. Journal of Risk, 3(4), 5-31.

[2] Carty, L.V., Lieberman, D. (1996). Corporate bond defaults and default
rates 1938—1995, Moody’s Investor Service, Global Credit Research, Spe-
cial Report.

[3] Chernih A, Vanduffel, S., Henrard, L. (2006). Asset Correla-
tions: A Literature Review and Analysis of the Impact of
Dependent Loss Given Defaults, working paper, available on
http://www.econ.kuleuven.be/insurance/publications

[4] Credit Suisse Financial Products (1997). “CreditRisk+, A Credit Risk
Management Framework”, Technical document, available online at
www.csfb.com/creditrisk

[5] Crouhy, M., Galei, D., Mark, R. (2000). A comparative analysis of cur-
rent credit risk models. Journal of Banking and Finance, 24, 57-117.

[6] Dhaene, J., Goovaerts, M., Vanduffel, S., Koch, R. Olieslagers, R.,
Romijn, O. (2006). Consistent assumptions for modeling credit loss cor-
relations. Journal of Actuarial Practice, vol. 13, 173-182.

17



[7] Dhaene, J., Goovaerts, M., Vanduffel, S. (2008). Comonotonicity, Wiley
Encyclopedia of Quantitative Risk Assessment, to be published.

[8] Dhaene, J., Goovaerts, M., Vanduffel, S., Olieslagers, R., Koch, R.
(2003). On the computation of the capital multiplier in the Fortis Credit
Economic Capital model. Belgian Actuarial Bulletin 3, 50-57.

[9] M. Dietsch & J. Petey (2004). Should SME exposures be treated as retail
or corporate exposures? A comparative analysis of default probabilities
and asset correlations in French and German SMEs. Journal of Banking
and Finance, 28, pp 773-788.

[10] K. Duellmann & H. Scheule (2003). Determinants of the Asset Correla-
tions of German Corporations and Implications for Regulatory Capital.
Deutsches Bundesbank.

[11] Embrechts P, McNeil AJ and Straumann D (2003). Correlation and
dependence in risk management: properties and pitfalls . Risk manage-
ment: value at risk and beyond, edited by Dempster M, published by
Cambridge University Press, Cambridge.

[12] Frey, R., McNeil, A. & Nyfeler, M.A. (2001). Modelling Dependent De-
faults: Asset Correlations Are Not Enough!, Working Paper, Depart-
ment of Mathematics, ETHZ, Zurich.

[13] Frye, J. (2008). Correlation and Asset Correlation in the Structural Port-
folio Model. The Journal of Credit Risk, 4(2), Forthcoming

[14] Giese, G. (2003). Enhancing CreditRisk+, Risk, 16(4), 73-77, 2003.

[15] Giesecke, K., Weber, S. (2006). Credit Contagion and Aggregate Losses,
Journal of Economic Dynamics and Control, 30(5), 741-767.

[16] Gordy, M. (2002). Saddlepoint approximation of CreditRisk+. Journal
of Banking and Finance, 26, 1335-1353;

[17] Gupton, G.M., Finger, C.F. & Bhatia, M. (1997). Creditmetrics - Tech-
nical Document.

[18] Haaf, H. Reiss, O., Schoenmakers, J. (2003). Numerically stable compu-
tation of CreditRisk+. Journal of Risk, 6(4), pp. 1-10.

18



[19] Hamerle, A., Rösch, D. (2007). Parameterizing Credit Risk Models, The
Journal of Credit Risk 2(4), pp. 101-122.

[20] Kaas, R.; H. U. Gerber (1994). Some alternatives for the individual
model. Insurance Mathematics and Economics 15(2), 127-132.

[21] Koyluoglu, U., Hickman, 1. (1998). Reconcilable differences. Risk
11(10), 56-62.

[22] J.A. Lopez (2002). The Empirical Relationship between Average Asset
Correlation, Firm Probability of Default and Asset Size. Federal Reserve
Bank of San Francisco Working Paper.

[23] Michel, R. (1987). An improved error bound for the compound Poisson
approximation, ASTIN Bulletin 17, 165-169.

[24] Panjer, H.H. (1981) Recursive evaluation of a family of compound dis-
tributions, ASTIN Bulletin 12, 22-26.

[25] Rösch, D., Scheule, H. (2007). A Consistent Framework for Stressing
Credit Risk Parameters, Journal of Risk Model Validation, 1 (1), pp.
55-76.

[26] Vandendorpe, A., Ho, N., Vanduffel, S., Van Dooren, P. (2008). On
the parameterization of the CreditRisk+ model for estimating credit
portfolio risk. Insurance: Mathematics and Economics, 42 (2008) 736—
745.

[27] Wilson, T. (1997a) “Porfolio credit risk: Part I”, Risk (September),
111-117.

[28] Wilson, T. (1997b) “Porfolio credit risk: Part II”, Risk (October), 56-61.

[29] Zeng, B. & Zhang, J. (2001). An Empirical Assessment of Asset Corre-
lation Models. Moody’s KMV Research Paper.

19


