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The generator ϕ(t) = (t−θ − 1)/θ, θ > 0 yields the Clayton copula CCl
θ .

Alternatively also ϕ̃(t) = t−θ − 1 is a generator of the Clayton copula.

For X ∼ Gamma(1/θ, 1) with d.f. fX (x) =
(
x1/θ−1e−x

)
/Γ(1/θ) we have:

E (e−sX ) =
∫∞

0 e−sx 1
Γ(1/θ)x

1/θ−1e−xdx = (s + 1)−1/θ = ϕ̃−1(s).
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The simulation of Z ∼ ST (α, β, 1, 0) is not straightforward (see Nolan
2001, Borak et al. 2005, Dassios et al. 2020).

Simulation in R: package stabledist, 2016

For α 6= 1 we get: X = δ + γZ ∼ St(α, β, γ, δ).
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Question 2: What are the parameters of the prespecified family of
copulas used for the modelling?
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j ))).

where X ′ is an i.i.d. copy of X .

Standard empirical estimator of Kendalls Tau:

ρ̂τ ij =
(
n
2

)−1 ∑
1≤k<l≤n sign((Xk,i − Xl,i )(Xk,j − Xl,j)).
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and Γ is an orthogonal matrix with the eigenvectors of R̂ in its
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to obtain Λ̃.

◮ Compute R̃ = ΓΛ̃ΓT . R̃ is symmetric and positive definite but not
necessarily a correlation matrix; the diagonal elements R̃ii might be
unequal 1.

◮ Set R∗ := DR̃D where D is a diagonal matrix with

Dk,k = 1/
√
R̃k,k .
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1. Let F̂1, . . ., F̂d be the estimated marginal distributions.

2. Generate a pseudo-sample of the copula

Ûk = (Ûk,1, Ûk,2, . . . , Ûk,d ) :=
(
F̂1(Xk,1), . . . , F̂d(Xk,d )

)
,

for k = 1, 2, . . . , n (see Genest und Rivest 1993).

F̂k can be generated by :

◮ a parametric estimation method;
F̂k is assumed to be a certain parametric distribution and the
parameter is estimated by a maximum likelihood (ML) approach

◮ a non-parametric estimation method;
F̂i is the empirical distribution function F̂i (x) =

1
n+1

∑n

t=1 I{Xt,i≤x},
1 ≤ i ≤ d .
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L(ξ; Û1, Û2, . . . , Ûn) = Πn
k=1c

t
ξ,R(Ûk )

and c tξ,R is the density of the t-copula C t
ξ,R .

This implies
lnL(ξ; Û1, Û2, . . . , Ûn) =

n∑

k=1

ln gξ,R(t
−1
ξ (Ûk,1), . . . , t

−1
ξ (Ûk,d))−

n∑

k=1

d∑

j=1

ln gξ(t
−1
ξ (Ûk,j)),

where
gξ,R is the joint distribution function of a d-dimensional t-distribution
with expectation 0, ξ degrees of freedom and correlation matrix R ,

tξ is the distribution function of a univariate standard t-distribution with
ξ degrees of freedom and gξ is its density.


