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Abstract A model for the pricing of CDO tranches is discussed in which
the dependence between the default times of the portfolio con-
stituents is induced by a latent market factor with heavy-tailed α-
stable distribution. Being primarily intended for a quick access to
CDO pricing and the daily tracking of market prices in front office
systems, the model relies on the simplifying large homogeneous
portfolio assumption and arises as a special case of the so-called
Lévy-frailty default model developed in Mai, Scherer (2009). It is
parameterized conveniently by only a single correlation parame-
ter so that it can be compared directly to the well-known Gaussi-
an one-factor copula model that is widely applied in the industry.
In fact, it is our purpose to propose the presented model as a de-
cent alternative to the one-factor Gaussian copula model, and to
highlight that fat-tailed distributions, such as the stable law, are
nothing to dismay. We review the numerical techniques that ren-
der the implementation of the α-stable model as straightforward
and efficient as for the Gaussian model, although the fitting ca-
pacity to observed CDO data is a lot better. In particular, for the
presented α-stable model we develop a concept which is equi-
valent to the concept of base correlations in the Gaussian model
– and therefore allows for a quick access by traders. In a (more
technical) follow-up article, we discuss an extension of the pre-
sented model to non-homogeneous pools whose implementation
relies on efficient Monte Carlo techniques. Such a more realistic
model might be desirable for dedicated szenario analyses and
risk management purposes.

1 Introduction Before the default of the investment bank Lehman Brothers in the
year 2008, the market for so-called collateralized debt obligations
(CDOs) experienced a period of steady growth and was one of
the paramount topics in the banking industry. Even though new
issuance of CDOs has fallen roughly to a minimum after Leh-
man, there is still a huge amount of these “toxic assets”, as they
have been called frequently in the newspapers, outstanding in
the balance sheets of many banks worldwide. CDOs are credit
derivatives whose market value depends on the creditworthiness
of an underlying basket of credit-risky assets. They work like an
insurance contract between two parties. The first party (the ins-
urance buyer) pays a periodic premium to the second party (the
protection seller). In return, the protection seller compensates
the protection buyer for losses from which the underlying pool of
assets suffers. In a CDO deal compensation payments are only
due in case the losses affect a certain tanche of the portfolio. Mo-
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re precisely, the contract specifies a lower attachment point l and
an upper attachment point u. These serve as entrance and exit
barriers for the relative portfolio loss, i.e. when the overall loss in
the portfolio due to realized credit events exceeds l, the insuran-
ce seller must make compensation payments to the insurance
buyer. These payments, however, are capped at the value u− l,
i.e. the protection only covers losses in the portfolio up to a loss
of u. As long as the portfolio loss remains below l no payments
must be made by the protection seller. For precise mathematical
formulas describing the payment streams, the interested reader
is referred to the CDO literature, they might be looked up for in-
stance in Mai, Scherer (2009). A CDO tranche contract allows in-
vestors (i.e. protection sellers) to trade very attractive risk-return
profiles. However, to assess the actual credit risk one is entering
into with such a contract is a non-trivial task, because the depen-
dence structure between the assets of the underlying pool plays
a dominant role. Moreover, one has to be aware of the spread
risk (i.e. mark-to-market risk) associated with CDOs. The latter
has caused many troubles to big investors in the past, a promi-
nent example being AIG.
From a mathematical modeling viewpoint, there are two funda-
mental challenges: (i) the dependence structure between the
default times of the underlying assets has a strong effect on the
market value of CDOs, and (ii) the number d of underlying assets
is quite large, e.g. d = 125 is a standard assumption in many
baskets. Therefore, one has to build a high-dimensional mathe-
matical model with an intuitive dependence structure that is still
simple enough to guarantee a high level of practical viability – a
Herculean task. Now what is required for such a model to be via-
ble? In particular for the pricing of CDOs, required is a stochastic
model for the random vector (X1, . . . , Xd) of default times of the
d underlying assets such that the probability distribution of the
stochastic loss process {L(d)

t }t≥0, defined by

L
(d)
t :=

d∑
k=1

ωk (1−Rk) 1{Xk≤t}

= relative portfolio loss until time t,

is given in convenient form, where Rk ∈ [0, 1] denotes the reco-
very rate and ωk the portfolio weight of asset k. In particular, it
holds that ω1 + . . . + ωd = 1, implying that the relative portfolio
loss L(d)

t is always a number between zero and one. Since the
default times X1, . . . , Xd have to be modeled dependently in a
reasonable approach, the required probability distribution of L(d)

t

is far from trivial in general. To be precise, required for the pricing
of CDO tranches are the computational resources to efficiently
compute expectation values of the form

TEl,u(t) := E
[

min
{
u− l, max

{
0, L

(d)
t − l

}}]
, (1)

for lower and upper tranche attachment points l, u with 0 ≤ l <
u ≤ 1.
In order to provide the reader with the necessary mathematical
background for the remaining sections, a few basic facts on co-
pulas are recalled briefly. Assume the random vector of default
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times (X1, . . . , Xd) is formally defined on the probability space
(Ω,F ,P). Its probability distribution is fully determined by the (d-
dimensional) distribution function

F (t1, . . . , td) := P(X1 ≤ t1, . . . , Xd ≤ td), t1, . . . , td ≥ 0.

Similarly, the marginal distribution of component Xk is fully de-
termined by the (one-dimensional) distribution function Fk(t) :=
P(Xk ≤ t), t ≥ 0, for all k = 1, . . . , d. We assume throug-
hout that the marginal distribution functions F1, . . . , Fd are con-
tinuous, which implies that there exists a unique function C :
[0, 1]d → [0, 1] such that

F (t1, . . . , td) = C
(
F1(t1), . . . , Fd(td)

)
, t1, . . . , td ≥ 0,

a result called “Sklar’s Theorem”, due to Sklar (1959). Splitting
the distribution of (X1, . . . , Xd) into its margins F1, . . . , Fd and
a copula C is a powerful tool in the context of CDO pricing. The
marginal distributions can be determined in a first step, which is
a standard exercise that is very well understood in the market. In
a subsequent second step a dependence model, in the form of a
parametric copula family, is imposed on the pre-determined mar-
ginals. Such dependence/ copula models are highly non-trivial
in general, both in terms of understanding and implementing.
For thorough background on the mathematical concept of copu-
las the interested reader is referred to the textbook Mai, Scherer
(2012).
In the present article, we discuss models for the vector of default
times (X1, . . . , Xd) in which the distribution of L(d)

t can be appro-
ximated by a density fLt on [0, 1], so that the expectation value
(1) approximately equals the one-dimensional integral

TEl,u(t) ≈
∫ 1

0
min

{
u− l, max

{
0, x− l

}}
fLt(x) dx, (2)

which can be evaluated within fractions of a second on a stan-
dard PC. Such an approximation relies on a battery of simplifying
assumptions which are summarized in the sequel and subsumed
under the terminology “large homogeneous portfolio assumption
(LHP)” :

(i) The portfolio is very large and all portfolio weights are the
same, i.e. d� 2 and ω1 = . . . = ωd = 1/d.

(ii) All recovery rates are identical and deterministic, i.e. R1 =
. . . = Rd =: R ∈ [0, 1].

(iii) All Xk have the same marginal distribution function, which
we denote by p(t), i.e. F1(t) = . . . = Fd(t) =: p(t) for all
t ≥ 0.

(iv) The components of (X1, . . . , Xd) are conditionally indepen-
dent given a latent market factor.

In a follow-up article we show how to get rid of all these assump-
tions. However, the cost for such generalizations are more invol-
ved computational resources when evaluating the required inte-
grals TEl,u(t), so that in practice one has to decide for a trade-off
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between realism and analytical viability. The LHP-models, such
as presented in the present note, are typically used by traders
in order to conveniently track the market prices in their front of-
fice systems, as well as for the efficient computation of hedge
ratios. Both tasks require a huge amount of mathematical viabi-
lity, which is typically only available for models relying on (LHP).
More fancy models with non-homogeneous pools and hierarchi-
cal dependence structures must typically rely on time-consuming
Monte Carlo techniques. Therefore, these more realistic approa-
ches are rather used in selected front office analyses or for risk
management purposes.

Example 1.1 (The Gaussian one-factor copula model)
The standard one-factor Gaussian copula model, also notorious
for being “the formula that killed Wall street”, see Salmon (2009),
has become the industry standard for the pricing of CDOs, and
dates back to the influencing publications Vasicek (1987); Li (2000).
With pre-determined marginal distribution function p(t), the vec-
tor of default times (X1, . . . , Xd) is formally defined as

Xk := p−1 ◦ Φ
(√
ρ ε0 +

√
1− ρ εk

)
, k = 1, . . . , d,

where the random variables ε0, . . . , εd are independent and iden-
tically distributed (iid) random variables with standard normal dis-
tribution function Φ. Assuming (i) and (ii) to hold, this model sa-
tisfies (LHP). Indeed, the validity of assumption (iii) is readily ve-
rified, since for arbitrary k = 1, . . . , d we observe

P(Xk ≤ t) = P
(

Φ
(√
ρ ε0 +

√
1− ρ εk

)
≤ p(t)

)
= p(t),

where the second equality follows from the fact that
√
ρ ε0 +√

1− ρ εk has distribution function Φ (due to the stability of the
normal distribution under independent addition), and hence the
random variable Φ

(√
ρ ε0 +

√
1− ρ εk

)
is uniformly distributed

on [0, 1]. Assumption (iv) is satisfied since conditioned on the the
random variable ε0, the random variablesX1, . . . , Xd are iid. The
copula behind the default times is a one-factor Gaussian copula
with pairwise correlation coefficient given by the model parame-
ter ρ ∈ [0, 1]. This means that the dependence structure between
the default times equals the dependence structure of the multiva-
riate normal distribution whose correlation matrix has ρ as each
off-diagonal entry. In the case ρ = 0 all default times are inde-
pendent, and in the case ρ = 1 we have X1 = . . . = Xd, i.e. we
observe a global joint default almost surely.

In general, under assumptions (i)-(iv) one can show that the sto-
chastic process {L(d)

t }t≥0 tends almost surely and uniformly in
t ≥ 0 to a stochastic process {L(∞)

t }t≥0, as the basket size d
tends to infinity. Typically, the probability distribution of the limi-
ting process is much more convenient to work with than the re-
quired probability law of {L(d)

t }t≥0. For instance, in the Gaussian
one-factor copula model, the limiting process is given by

L
(∞)
t = (1−R) Φ

(
Φ−1

(
p(t)

)
−√ρ ε0√

1− ρ

)
, t ≥ 0.
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Important to notice is that L(∞)
t , for fixed t > 0, is a random

variable with closed-form density fLt on [0, 1], as opposed to
the numerically more burdensome discrete probability distributi-
on of the random variable L(d)

t . Consequently, the approximation
L
(d)
t ≈ L

(∞)
t , which is justified under the assumptions (i)-(iv), al-

lows one to compute TEl,u(t) via the approximation formula (2)
within the Gaussian one-factor copula model.
The Gaussian one-factor copula model suffers from theoretical
and practical weaknesses. These can roughly be explained by
the fact that the Gaussian copula does not assign enough pro-
bability mass to the tails of the distribution of L(d)

t , respectively
L
(∞)
t . From a practical point of view, this model cannot explain

observed market prices good enough and tends to underesti-
mate hedge ratios when CDO tranches are hedged with an in-
dex CDS position. From a theoretical point of view, combining
a Gaussian copula with marginal laws on the positive half axis
(since default times are positive) is unnatural, as the multivaria-
te normal distribution originally has components which may also
take negative values. It is the present author’s conviction that a
dependence concept which extends the univariate idea of an ex-
ponential distribution to the multivariate case is more natural, be-
cause “the exponential [distribution] occupies as commanding a
position in life testing as does the normal [distribution] elsewhe-
re in parametric theory”, see (David, Nagaraja, 1970, p. 121).
The goal of the present article is to present an alternative model
which is as simple as the Gaussian copula model and overcomes
these weaknesses. One of the core ideas is to replace the under-
lying normal distribution by a (hevy-tailed) α-stable distribution.
The dependence structure will be inherited from a multivariate
exponential distribution. The model is formally defined in Section
3, but in order to prepare the required mathematical background
we need a detour on α-stable distributions.

2 The positive stable law Every probability distribution on the positive half-axis is uniquely
determined by its Laplace transform, i.e. for a positive random
variable X the function u 7→ E[exp(−uX)] determines its distri-
bution. Many readers might be familiar with probability densities
rather than with Laplace transforms. In contrast to many other
popular distributions, however, the density of the positive stable
distribution is complicated but its Laplace transform has a nice
expression. Therefore, this distribution is more easily defined in
terms of its Laplace transform.

Definition 2.1 (Positive stable law)
A positive random variable X is said to have a stable distribution
with stability index α ∈ [0, 1] and time parameter t > 0, denoted
S(t, α), if its Laplace transform is given by

E
[
e−uX

]
= e−t u

α
, u ≥ 0.

A simulation of X ∼ S(t, α) can be accomplished according to
the following algorithm due to Chambers et al. (1976): let U be
uniformly distributed on [0, 1] andE be an independent exponen-
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tial random variable with unit mean. Then the random variable

X := t1/α sin(απ U)

((
cos
(
(1− α)π U − π/2

)
/E
)1−α

cos(π (U − 1/2))

)1/α

is distributed according to S(t, α).

The distribution S(t, α) is known to be absolutely continuous,
i.e. to have a density. However, this density cannot be written
down in terms of simple algebraic functions. Nevertheless, there
exist numerical algorithms which evaluate the density efficiently,
which is totally sufficient for our purpose. As the nomenclature
suggests, the stable distribution has a very nice stability pro-
perty, which it shares with the normal distribution. More preci-
sely, if X ∼ S(t, α), then for each n ∈ N the distribution of X
equals the distribution of the sum of the iid random variables
X1, . . . , Xn with distribution S(t/n, α). For a given equidistant
grid 0 < T/n < 2T/n < . . . < (n − 1)T/n < T this allows to
construct a stochastic process S(n) = {S(n)

k T/n}k=0,...,n from n iid
S(T/n, α)-distributed random variables X1, . . . , Xn as follows:

S
(n)
0 = 0, S

(n)
k T/n = X1 + . . .+Xk, k = 1, . . . , n.

As n→∞ this construction converges to a time-continuous sto-
chastic process S = {St}t∈[0,T ], which is called an α-stable Lévy
subordinator. Such a stochastic process constitutes a fundamen-
tal building block of the CDO pricing model presented in the fol-
lowing subsection.

3 Formal definition of the model The pre-determined marginal distribution function p(t) is trans-
formed to the function h(t) := − log(1−p(t)), t ≥ 0, which starts
at h(0) = 0 and increases to infinity as t → ∞. Therefore, the
function t 7→ h(t) can be thought of as a clock, i.e. an increasing
function which serves as a replacement of the time argument t.
The vector of default times (X1, . . . , Xd) is formally defined by

Xk := inf{t > 0 : Sh(t) > εk}, k = 1, . . . , d,

where ε1, . . . , εd are iid unit exponential random variables and
S = {St}t≥0 is an independent, (1 − α)-stable Lévy subordina-
tor1. It can be shown that (LHP) is satisfied for this model defini-
tion, provided we assume (i) and (ii). Assumption (iii) is observed
from

P(Xk ≤ t) = P(εk ≤ Sh(t)) = 1− E
[
e−Sh(t)

]
= 1− e−h(t) 11−α = p(t),

where the second equality follows from the independence of εk
and S, and the third equality uses the definition of the stable dis-
tribution. Moreover, Assumption (iv) is satisfied, since the default
times X1, . . . , Xd are iid conditioned on the whole path of the

1The so-called Lévy-frailty model, developed in Mai, Scherer (2009), allows
for an arbitrary Lévy subordinator. The restriction to an (1−α)-stable Lévy
subordinator constitutes a special case of this model.
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process S, which serves as the market factor inducing depen-
dence. The implied copula behind the default times is known
in closed form and of so-called Marshall-Olkin kind. Unlike the
Gaussian copula, the Marshall-Olkin copula must be thought of
as a reasonable multivariate analogue of the univariate exponen-
tial distribution, and therefore constitutes a much more natural
model for lifetimes (of credit-risky assets). Similar to the Gaus-
sian one-factor copula model, for α = 0 the default times are
independent and for α = 1 we have X1 = . . . = Xd almost sure-
ly. Hence, like the correlation parameter ρ in the Gaussian model,
the dependence parameter α ∈ [0, 1] interpolates between the
extreme cases of independence and maximal dependence. Ho-
wever, for the interesting cases α ∈ (0, 1) the dependence struc-
ture differs significantly from the respective Gaussian models for
ρ ∈ (0, 1). For more information on the dependence structure,
i.e. the Marshall-Olkin copula, the interested reader is referred to
(Mai, Scherer, 2012, Chapter 3).
Like in the Gaussian one-factor copula model, it can be shown
that as d → ∞ the stochastic process {L(d)

t }t≥0 converges uni-
formly in t ≥ 0 to a limiting stochastic process, which is given
by

L
(∞)
t := (1−R)

(
1− e−Sh(t)

)
, t ≥ 0.

This is a striking fact, because the distribution of the random va-
riable L(∞)

t is just a transformation of S(h(t), 1− α), and hence
numerically tractable. Even better, the following algorithm shows
that the computational effort for approximately evaluating the re-
quired expectations TEl,u(t) is comparable to the effort in the
one-factor Gaussian copula model. It is an application of a result
formally derived in Bernhart et al. (2013). The appearing inte-
grals in Algorithm 1 can be evaluated by standard quadrature
routines, e.g. a simple trapezoidal rule, and are numerically ro-
bust. The required quadrature algorithms, as well as the appea-
ring imaginary part operator Im(.), are pre-implemented in most
statistical software packages, such as, e.g., MATLAB.

Algorithm 1 (Computation of TEl,u(t))
(0) Input: The tranche attachment points 0 ≤ l < u ≤ 1, the

recovery rate R ∈ [0, 1], the dependence parameter2 α ∈
(0, 1), the time parameter t (respectively the number h(t)).

(1) Initialize certain numerical constants in dependence on the
parameter α via the following code:

Kl := 1− l/(1−R); Ku := 1− u/(1−R)

al := −1/ log(Kl); au := −1/ log(Ku)

IF α ≥ 0.5

bl := 2 al; bu := 2 au

ELSE

bl := tan
(
π/(1− α) (0.5− α)

)
; bu := bl

END

2For the two boundary cases α ∈ {0, 1}, the tranche expectation TEl,u(t) is
known in closed form.
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(2) Compute the so-called lower call Cl and upper call Cu via
the following code for x ∈ {l, u}: If Kx < 1, then Cx = 0,
otherwise set

Cx :=
3K1−ax

x

π

∫ 1

0
Im

(
e3 log(Kx) log(v) (bx i−ax)−h(t) (ax−3 log(v) (bx i−ax))1−α (bx i− ax)

(ax − 3 log(v) (bx i− ax)) (ax − 1− 3 log(v) (bx i− ax))

)
dv

v

(3) Finally, compute the required tranche expectation as follows:

IF u < (1−R)

TEl,u(t) := u− l + (1−R) (Cl − Cu)

ELSE

TEl,u(t) := (1−R)
(
1− e−h(t)

)
− l + (1−R)Cl

END

We’d like to end the present paragraph by highlighting an import-
ant word of warning.

Remark 3.1 (CDO prices 6= dependence structure!)
It is one of the classical tasks of a financial analyst to re-engineer
(risk-neutral) probability distributions from observed market pri-
ces of financial products. For instance, under mild assumptions
the probability density of a future stock price can be extracted
from an observed implied volatility (or price) curve – at least theo-
retically. CDOs are financial products which depend critically on
the dependence structure between the default times of the un-
derlying assets of the referenced basket. Therefore, it has be-
come market standard to convert these prices into dependence
measures, e.g. into so-called base correlation curves, see be-
low. However, it must be pointed out that the copula behind a
vector of default times is a very complex object. In particular, it
cannot be re-engineered from observed CDO tranche prices –
not even theoretically. Let us illustrate this statement with a tiny
example. It is possible to write down a completely different model
than we did in the present section, based on a so-called Gum-
bel copula, as formally described in Schönbucher (2002). In this
model, one obtains again a limiting process {L(∞)

t }t≥0 which is
used for efficient tranche pricing. This limiting process is different
from the one derived in the α-stable model above. However, for
each fixed time point t > 0 the distribution of the random variable
L
(∞)
t is identical to the one in the α-stable model, hence so are

all CDO tranche prices. This means that there exist complete-
ly different dependence models (copulas) implying precisely the
same CDO prices. In other words, CDO prices cannot determine
the underlying copula – not even close! Put more dramatically,
there is always a huge amount of model risk when dealing with
(high-dimensional) dependence structures.

4 Empirical comparison Gaussian

one-factor vs. α-stable model

In the present paragraph, the two presented models (Gaussi-
an one-factor copula model, Lévy-frailty model based on the α-
stable distribution) are fitted to historical market data. The availa-
ble market data comprises the index CDS spread as well as
the CDO tranche spreads (respectively upfronts) for all standard
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tranches [0, 3%], [3%, 6%], [6%, 9%], [9%, 12%], [12%, 22%] of
the iTraxx Europe index (Series 9 with maturity 10 years), ran-
ging from April 2010 to January 2013. The index CDS spread,
as well as the upfronts for Equity, Junior and Senior Mezzanine
tranches are visualized in Figure 1.
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Fig. 1: Time series of CDO tranche data, and visualization of the
four selected dates, for which base correlations, respec-
tively base α’s, are visualized in Figure 3.

The marginal distribution function is defined to be exponential
with a parameter λ > 0, i.e. p(t) = 1 − exp(−λ t). At each day
of the time series, the following steps are carried out.

(a) Marginal laws: The parameter λ is chosen such that the ob-
served index CDS spread, which depends solely on p(t), is
matched perfectly.

(b1) Base correlations: For each of the principal tranches [0, 3%],
[0, 6%], [0, 9%], [0, 12%], [0, 22%], the dependence parame-
ter ρ in the Gaussian one-factor model is calibrated to the
observed tranche quote, so that it is explained perfectly. In
total, this yields a sequence of five dependence parameters
which is called base correlation curve.

(b2) Base α’s: For each of the principal tranches [0, 3%], [0, 6%],
[0, 9%], [0, 12%], [0, 22%], the dependence parameter α in
the model based on the (1 − α)-stable Lévy subordinator is
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calibrated to the observed tranche quote, so that it is explai-
ned perfectly. In total, this yields a sequence of five depen-
dence parameters which we call base α curve.
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Fig. 2: Daily time series of base correlation curves (left), respec-
tively base α curves (right).

The obtained time series of base correlation curves, respectively
base α curves, are visualized in Figure 2, and in Figure 3 for the
four selected days that are depicted in Figure 1.
The crucial observation here is that the base correlation curve is
much more skewed than the base α curve. This means that the
model based on the α-stable distribution can explain the obser-
ved market prices for CDO tranches better. In particular, depen-
dence parameters within the range of α ∈ [30%, 45%] seem to
explain all observed CDO tranches across the whole considered
time period. In contrast, for the Gaussian one-factor model the
dependence parameter ρ varies in [40%, 75%]. This statement
alone, of course, is only of little help, because it is not so easy to
compare the underlying dependence models in terms of a single
parameter. However, for both underlying copulas, the Gaussian
one-factor copula and the Marshall-Olkin copula derived from the
(1−α)-stable subordinator, we can convert the parameters ρ and
α into the rank correlation measures Kendall’s Tau and Spear-
man’s Rho, and then compare those. This is illustrated in the top
row of Figure 4. In particular, for both models the dependence
measure Spearman’s Rho is almost linear in the respective de-
pendence parameters, which implies that the parameters ρ and
α can be compared pretty well.
For September 9, 2011, the bottom row of Figure 4 depicts the
density of L(∞)

t for the final maturity time point t. We chose this
specific date, because both models exhibit the biggest skew in
their respective base correlation/α curve on that date, i.e. the
model fit is worst on that date of the time series. For both models,
we chose the smallest and the largest dependence parameter of
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Fig. 3: Selected dates of the time series of base correlations, re-
spectively base α’s.

the respective curve, and plotted the aforementioned density of
L
(∞)
t . There are two interesting aspects which should be obser-

ved in this picture: (a) the general shape of the densities is such
that the model based on the α-stable distribution has a heavier
tail, compared with the Gaussian model, and (b) the difference
between the density corresponding to the smallest dependence
parameter and the one with the largest dependence parameter,
for instance measured in terms of area between the two densi-
ties, is much more significant in the Gaussian one-factor model.
In particular the second observation strengthens the empirical
evidence that the Gaussian model cannot explain all tranches si-
multaneously very well, because in order to explain the Senior
tranches, a completely different density shape is required com-
pared with the Equity tranche. In contrast, the densities for the
model based on the α-stable distribution appear to be quite simi-
lar.

5 Conclusion A special case of the so-called Lévy-frailty default model of Mai,
Scherer (2009), based on the heavy-tailed α-stable distribution,
was discussed in quite some detail. Special effort has been put
on a parameterization that allows to compare the model one-to-
one with the market standard Gaussian one-factor copula model.
Moreover, the numerical techniques in order to efficiently imple-
ment the involved stable distribution have been reviewed from
Bernhart et al. (2013). Finally, an empirical comparison with the
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Fig. 4: Top row: dependence measures Kendall’s Tau and Spe-
arman’s Rho for the Gaussian copula and the Marshall-
Olkin copula induced by the (1− α)-stable law, in depen-
dence on the parameter. Bottom row: visualization of the
density for the approximated portfolio loss L(∞)

t for one
specific date of the time series. For both the Gaussian
and the α-stable model the two densities with highest, re-
spectively lowest, dependence (measured in terms of ba-
se correlation/ base α) are plotted.

Gaussian one-factor copula model has been carried out.
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