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information on the dependence structure, such as the value of a measure of association, is available. The
same problem for the Tail-Value-at-Risk is also briefly discussed.
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1. Introduction

This paper studies generalized versions of the following prob-
lem, which was attributed to A.N. Kolmogorov byMakarov (1981):
Let X and Y be two random variables with given distribution func-
tions F1 and F2, respectively. Let Gψ denote the distribution func-
tion of a function ψ : R2 → R (e.g., the sum) of X and Y .
Find Gψ(x) = inf{Gψ(x)}, where the infimum is taken over the
Fréchet–Hoeffding class F(F1, F2) consisting of all joint distribution
functions with marginals F1 and F2. In this paper, we will be con-
cerned with generalized versions allowing for partial information
on the dependence structure between X and Y , in which case the
infimum is taken over well-defined subclasses of F(F1, F2).

Besides being theoretically challenging, the problem described
above is highly relevant in risk management: it is equivalent to

∗ Corresponding author. Tel.: +31 13 466 2430; fax: +31 13 466 3280.
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finding worst case scenarios for the Value-at-Risk for a function
of two risks (random variables) when the marginal distributions
of the risks are known but the dependence structure between the
risks is unknown, or, as in this paper, only partially known.

In the complete absence of partial information on the de-
pendence structure, the problem of Kolmogorov was solved by
Makarov (1981) for the case that G is the distribution function of
the sum of X and Y with given marginals F1 and F2. Using different
routes, the same problem was solved by Rüschendorf (1982, dual
approach) and by Frank et al. (1987, copula-based approach).

The presence of partial information on the dependence
structure may conceivably allow obtaining tighter bounds. For
instance, if a lower bound on the copula of X and Y – sharper
than the Fréchet–Hoeffding lower bound – is available,Williamson
and Downs (1990) provide a general method to produce tighter
bounds; see Section 2 for details. Such a lower bound need not be
described parametrically or even have a closed-form expression. It
could, for example, be represented in a lookup table. It motivates
the search for lower bounds on the copula. However, in many
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Fig. 1. The Fréchet–Hoeffding bounds and the product copula.

cases, partial information on the dependence structure does not
trivially translate into a lower bound on the copula. In this paper
wewill carry out someof such non-trivial translations, establishing
some new copula bounds in the presence of partial nonparametric
dependence information.

One of our aims is to investigate and illustrate the effectiveness
(or in some cases rather, lack thereof) of different types of
information on the dependence structure in bounding the Value-
at-Risk. To some extent the paper ismeant as an educativewarning
that, contrary to what is quite often thought in the insurance
and financial industry, the Value-at-Risk may vary widely even
when the marginals and a nonparametric dependence measure,
such as the value of a measure of association, are fixed. Readers
should thus be careful of adopting in this context the commonly
used multivariate inference techniques that implicitly assume
otherwise. The same problem for the Tail-Value-at-Risk is also
briefly discussed.

Other work related to the problem of Kolmogorov includes,
without being exhaustive, Denuit et al. (1999), Nelsen et al. (2001,
2004), Dhaene et al. (2002), Nelsen andÚbeda Flores (2004), Denuit
et al. (2005), Embrechts et al. (2005), Embrechts and Puccetti
(2006) and Laeven (2009).

The outline of this paper is as follows: In Section 2 we
briefly review some probabilistic theory of copulas in view of
the problem under study. In Sections 3–5 we derive new copula
bounds in the presence of nonparametric information on the
dependence structure. In Section 6 we use these copula bounds
to obtain bounds on the Value-at-Risk and study the effectiveness
of different types of nonparametric dependence information in
bounding the Value-at-Risk. Section 7 briefly studies worst Tail-
Value-at-Risk scenarios. We finish with an open problem in
Section 8 and some concluding remarks in Section 9.

2. Preliminaries

We fix a probability space (Ω, F , P) and consider two
continuous random variables (r.v.’s) X and Y defined on it. We
denote by F(x, y) = P[X ≤ x, Y ≤ y] the joint distribution
function (d.f.) of (X, Y ) and denote by F1(x) = P[X ≤ x] and
F2(y) = P[Y ≤ y] the marginal d.f.’s. We assume throughout that
the marginal d.f.’s are given while the joint d.f. is unknown.

A bivariate copula is a functionC : [0, 1]2 → [0, 1] that satisfies
the boundary conditions

C(u, 0) = C(0, v) = 0,
C(u, 1) = u, C(1, v) = v,

for every u, v ∈ [0, 1], and is 2-increasing on [0, 1]2, i.e.,
C(u2, v2) − C(u2, v1) − C(u1, v2) + C(u1, v1) ≥ 0, (1)

for all u1, u2, v1, v2 ∈ [0, 1] with u1 ≤ u2 and v1 ≤ v2.
Equivalently, a bivariate copula is a bivariate d.f. with domain
[0, 1]2 and uniform (0, 1) marginals. Every bivariate copula C
satisfies the Fréchet–Hoeffding inequality

W (u, v) = max{0; u + v − 1}
≤ C(u, v) ≤ min{u; v} = M(u, v),

for every (u, v) ∈ [0, 1]2. Here, the Fréchet–Hoeffding bounds W
and M are themselves bivariate copulas. A third copula that plays
an important role is the product copula Π(u, v) = uv. Fig. 1 plots
the copulasW ,M and Π .

It is straightforward to verify that for a given bivariate copula C
and given marginals F1 and F2, the function F defined by

F(x, y) = C(F1(x), F2(y)), (x, y) ∈ R2, (2)

is a bivariate d.f. with marginals F1 and F2. Sklar (1959) proved
that also the converse is true: for a given bivariate d.f. F with



148 R. Kaas et al. / Insurance: Mathematics and Economics 44 (2009) 146–158

marginals F1 and F2 there exists a bivariate copula C satisfying
(2). Whenever F1 and F2 are continuous, C is unique. Because only
bivariate problems are studied in this paper we will henceforth
refer to a bivariate copula as a copula.

For later reference, we also define the dual of a copula: the dual
of a copula C is the function C̃ defined by C̃(u, v) = u+v−C(u, v).
We note that C̃ is not a copula. However, when C is the copula of a
pair of r.v.’s X and Y (in the sense of Sklar),

P[X ≤ x or Y ≤ y] = C̃(F1(x), F2(y)).

In what follows, we consider three measures of association:
Kendall’s tau, Spearman’s rho andBlomqvist’s beta. Let (X1, Y1) and
(X2, Y2) be two independent and identically distributed random
vectors, with joint d.f. F . Then the population version of Kendall’s
tau is defined by

τ = τX,Y = P[(X1 − X2)(Y1 − Y2) > 0]
− P[(X1 − X2)(Y1 − Y2) < 0];

it is the probability of concordance minus the probability of
discordance. The population version of Spearman’s rho is simply
the linear (or Pearson’s product-moment) correlation coefficient of
F1(X) and F2(Y ). Denote by (X3, Y3) another random vector with
joint d.f. F that is independent of (X1, Y1) and (X2, Y2), then an
elegant formulation of Spearman’s rho in terms of concordance and
discordance probabilities is

ρ = ρX,Y = 3 (P[(X1 − X2)(Y1 − Y3) > 0]
− P[(X1 − X2)(Y1 − Y3) < 0]) ;

the pair (X3, Y2) could be used equally as well. Finally, Blomqvist’s
beta is defined by

β = βX,Y = P[(X − x̃)(Y − ỹ) > 0]
− P[(X − x̃)(Y − ỹ) < 0],

where x̃ and ỹ denote medians of X and Y , respectively.
When X and Y are continuous r.v.’s with copula C , Kendall’s tau,

Spearman’s rho and Blomqvist’s beta for X and Y are functions of
C , and are given by

τX,Y = τ(C) = 4
∫ ∫

[0,1]2
C(u, v)dC(u, v) − 1; (3)

ρX,Y = ρ(C) = 12
∫ ∫

[0,1]2
C(u, v)dudv − 3; (4)

βX,Y = β(C) = 4C(1/2, 1/2) − 1. (5)

Knowing the value of a measure of association may allow one
to improve the Fréchet–Hoeffding bounds. Nelsen et al. (2001) and
Nelsen and Úbeda Flores (2004) derive pointwise best-possible
lower bounds on the bivariate copula for given values of Kendall’s
tau, Spearman’s rho or Blomqvist’s beta. In particular, they show
that if Cα(u, v) = inf{C(u, v) | C is a copula, α(C) = α},
Cτ (u, v)

= max
{
0; u + v − 1; 1

2

(
u + v −

√
(u − v)2 + 1 − τ

)}
; (6)

Cρ(u, v)

= max
{
0; u + v − 1; 1

2
(u + v − φ(u, v, ρ))

}
; (7)

Cβ(u, v)

= max
{
0; u + v − 1; β + 1

4
−

(
1
2

− u
)

+
−

(
1
2

− v

)

+

}
;

(8)

with

φ(u, v, ρ) = 1
3

((
9(1 − ρ) + 3

√
9(1 − ρ)2 − 3(u − v)6

) 1
3

+
(
9(1 − ρ) − 3

√
9(1 − ρ)2 − 3(u − v)6

) 1
3
)

,

and x+ = max{0; x}. Notice that whenever the value of Kendall’s
tau is positive, Cτ is an improvement over W . Furthermore,
whenever Spearman’s rho is larger than− 1

2 , Cρ is an improvement
over W . Finally, for any β > −1, Cβ is an improvement over W .

The copula lower bounds Cα , α ∈ {τ , ρ,β }, are pointwise best-
possible (or sharp) meaning that they are attained and therefore
cannot be made narrower: for any given (u, v) ∈ [0, 1]2 and any
given value α for the measure of association under consideration,
there exists a copula Cu,v,α satisfying α(Cu,v,α) = α such that
Cu,v,α(u, v) = Cα(u, v) and Cu,v,α(u′, v′) ≥ Cα(u′, v′) for all
(u′, v′) ∈ [0, 1]2.

Remark 2.1 (On Cρ and Complex Values). If one lets a = u − v and
b = 1 − ρ, then φ has the form

3φ(a, b) =
(
9b + 3

√
9b2 − 3a6

) 1
3 +

(
9b − 3

√
9b2 − 3a6

) 1
3
.

When 9b2 − 3a6 ≥ 0, φ is clearly real-valued. When 9b2 − 3a6 =
−d2 < 0 (with d > 0), then 3φ can be written as 3φ(a, b) =
z1/3 + z1/3, where z = 9b+ 3id. Because arg z and arg z both lie in
(−π, π) and arg z = − arg z, using the principal value of the cube
root, z1/3 and z1/3 are themselves complex conjugates. Hence 3φ is
real-valued. Therefore, with (·)1/3 denoting the principal value of
the cube root when the argument is not real-valued, Cρ is always
real-valued.

It will be useful (in the proof of Theorem 3.2) to know that φ
is non-negative. When 9b2 − 3a6 ≥ 0, 9b2 − 3a6 lies between 0
and 3b, so that φ(a, b) ≥ 0. In the complex case, the real parts
of z and z are both positive since arg z1/3 and arg z1/3 both lie in
(−π/3, π/3).

Wenote thatCτ andCρ are copulas, but τ(Cτ ) < τ andρ(Cρ) <
ρ for all τ ,ρ ∈ (−1, 1). On the contrary, the copula Cβ satisfies
β(Cβ) = β . Figs. 2 and 3 plot the copulas Cτ , Cρ and Cβ for given
values of τ ,ρ and β .

When a lower bound on the copula is available, following
Williamson and Downs (1990), pointwise best-possible upper and
lower bounds on a function of the r.v.’s X and Y can be derived.
Let ψ : R2 → R be a measurable function that is non-decreasing
in both coordinates and left-continuous in the second coordinate.
Furthermore, let the copula C be such that

F(x, y) ≥ C(F1(x), F2(y)), (9)

for all (x, y) ∈ R2. We denote by F−
i the left-continuous version of

the d.f. Fi, i = 1, 2. From Embrechts et al. (2003, Theorems 3.1 and
3.2) and Embrechts and Puccetti (2006, Theorem 3.1), we have that
for any given number s ∈ R

sup
x∈R

{
C(F1(x), F−

2 (ψ̂x(s)))
}

≤ P[ψ(X, Y ) < s] (10)

≤ P[ψ(X, Y ) ≤ s] ≤ inf
x∈R

{̃
C(F1(x), F2(ψ̃x(s)))

}
. (11)

Here

ψ̂x(s) = sup {y ∈ R | ψ(x, y) < s} , and
ψ̃x(s) = sup {y ∈ R | ψ(x, y) ≤ s} ,

for fixed x ∈ R. Moreover, there always exist copulas Ct and Ct
(dependent only on t and t , respectively) such that if the joint d.f.
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Fig. 2. Lower bounds on the copula for a given τ ,ρ or β .

Fig. 3. Lower bounds on the copula for a given τ ,ρ or β .
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of X and Y is Ct(F1(x), F2(y)) then

sup
x∈R

{
C(F1(x), F−

2 (ψ̂x(s)))
}

= P[ψ(X, Y ) < s] = t,

while if the joint d.f. is Ct(F1(x), F2(y)) then

inf
x∈R

{
C(F1(x), F2(ψ̃x(s)))

}
= P[ψ(X, Y ) ≤ s] = t.

Example 2.1. Letψ(x, y) = x+y and let F1 and F2 be uniform (0, 1)
laws. Furthermore, let C be as in (6) for a given number τ . In this
case, ψ̂x(s) = s − x and the LHS of (10) becomes

sup
u∈(0,1)

{
max

{
0; s − 1; 1

2

(
s −

√
(2u − s)2 + 1 − τ

)}}
.

Hence, we find that

inf
{
P[U + V < s] | τU,V

}

= max
{
0; s − 1; 1

2

(
s −

√
1 − τU,V

)}
,

withU and V two uniform (0, 1) r.v.’s having a Kendall’s tau of τU,V .

We state the following definition:

Definition 2.1. The Value-at-Risk (VaR) at probability level p ∈
[0, 1] for a r.v. Z with d.f. G is defined as

VaRp[Z] = inf {x ∈ R | G(x) ≥ p} , (12)

where, as usual, inf{∅} = +∞ by convention. Notice that VaRp
is a left-continuous function of p. It is the generalized inverse
of G, meaning that upon inversion bounds on G transform into
equivalent bounds on VaRp.

Remark 2.2. Notice that the lower bound C determines both the
lower and (via its dual C̃) the upper bound on the probabilities in
(10) and (11). Consequently, upper and lower bounds on the VaR
are both determined by a lower bound on the copula.

Remark 2.3. Whenever C satisfies (9) but is not a copula, the
bounds in (10) and (11), hence the equivalent bounds on
VaRp [ψ(X, Y )], are bounds but may fail to be sharp.

3. When the risks are PQD and τ or ρ is given

The r.v.’s X and Y are said to be positively quadrant dependent
(PQD) if for all (x, y) ∈ R2

P[X ≤ x, Y ≤ y] ≥ P[X ≤ x]P[Y ≤ y],
or equivalently,

P[Y ≤ y | X ≤ x] ≥ P[Y ≤ y].
When X and Y are continuous r.v.’s with copula C they are PQD if
and only if

C(u, v) ≥ Π(u, v),

for all (u, v) ∈ [0, 1]2. As is well known, C ≥ Π implies that
τ(C), ρ(C) ≥ 0. However, the converse is not true.

Some remarks:

Remark 3.1. Wewarn the reader that C ≥ Π is a rather strong as-
sumption and assuming it while ‘‘not fully’’ appropriate may lead
to a significant undervaluation of the worst VaR scenario. This is a
consequence of the fact that the notion of PQD establishes a partial
rather than complete order in the class of bivariate copulas. Assum-
ing C ≥ Π excludes all copulas that are not comparable to Π .

Remark 3.2. The notion of PQD is implied by many other positive
dependence notions such as tail monotonicity, stochastic mono-
tonicity, corner set monotonicity and likelihood ratio dependence;
see Section 5.2 of Nelsen (1999) for details.

Remark 3.3. The interested reader is referred to Denuit and
Scaillet (2004) for nonparametric tests for PQD.

Remark 3.4. As is well known (see e.g., Proposition 5.3.9 of Denuit
et al. (2005) or Dhaene and Goovaerts (1996); and Proposition
3.4.29 of Denuit et al. (2005) or Wang and Dhaene (1998)), when
the r.v.’s X and Y are PQD,

E[(X⊥ + Y⊥ − d)+] ≤ E[(X + Y − d)+]
≤ E[(Xc + Y c − d)+],

for all d ∈ R provided that the expectations exist. Here, the random
vectors (X⊥, Y⊥) and (Xc, Y c) have the same marginal d.f.’s as the
randomvector (X, Y ),X⊥ and Y⊥ are independent r.v.’s, andXc and
Y c are comonotonic r.v.’s. In actuarialmathematics,E[(X+Y−d)+]
is known as the stop-loss premium of X + Y at a retention level d.

We state the following theorem:

Theorem 3.1. Let C be a copula and suppose that τ(C) = τ ≥ 0 and
that C ≥ Π . Then C(u, v) ≥ CPQD,τ (u, v), for all (u, v) ∈ [0, 1]2,
with

CPQD,τ (u, v)

= max
{
uv; 1

2

(
u + v −

√
(u − v)2 + 1 − τ

)}
. (13)

The bound CPQD,τ is pointwise best-possible and is itself a copula.

Proof. Fix τ ∈ [0, 1]. Theorem 3.2.2 of Nelsen (1999) states that
any copula C satisfying C(a, b) = θ for given values (a, b) ∈ [0, 1]2
and θ ∈ [0, 1] must satisfy C(u, v) ≤ C (a,b),θ (u, v), for all (u, v) ∈
[0, 1]2, with

C (a,b),θ (u, v) =






min {u; v; θ} , [0, a] ×[ 0, b];
min {u; v − b + θ} , [0, a] ×[ b, 1];
min {v; u − a + θ} , [a, 1] ×[ 0, b];
min {u; v; u − a + v − b + θ} , [a, 1] ×[ b, 1].

One easily verifies that C (a,b),θ ≥ Π (assuming θ ≥ ab) and
therefore the additional information that C ≥ Π would not
improve this upper bound.

Following the proof of Theorem 2 of Nelsen et al. (2001), we
calculate Kendall’s tau for C (a,b),θ : τ(C (a,b),θ ) = 1 − 4(a −
θ)(b − θ). Notice that C ≤ C (a,b),θ implies that τ(C) ≤
τ(C (a,b),θ ) or equivalently τ(C) ≤ 1 − 4(a − θ)(b − θ). Solving
for the feasible root of 1 − 4(a − λ)(b − λ) = τ yields
λ = 1

2

(
a + b −

√
(a − b)2 + 1 − τ

)
. It follows that θ ≥ λ and

consequently that C(a, b) ≥ max{ab; λ}.
To prove that (13) is pointwise best-possible we need to prove

that for any (a, b) ∈ [0, 1]2 there exists a copula C satisfying
τ(C) = τ and C ≥ Π such that C(a, b) = max{ab; λ}. We
distinguish between two cases. Case 1: λ ≥ ab. For this case C (a,b),λ

satisfies τ(C (a,b),λ) = τ , C (a,b),λ ≥ Π and C (a,b),λ(a, b) = λ. Case
2: λ < ab. For this case, Cα = αC (a,b),ab + (1 − α)Π , α ∈ [0, 1],
is a family of copulas of which each member satisfies Cα ≥ Π and
Cα(a, b) = ab. Furthermore, τ(Cα) is a continuous function of α
satisfying 0 = τ(Π) ≤ τ(Cα) ≤ τ(C (a,b),ab). It now follows from
the intermediate value theorem that there exists anα ∈ [0, 1] such
that τ(Cα) = τ .

We finally prove that CPQD,τ is a copula. We will show directly
that the 2-increasing condition is satisfied, i.e., the CPQD,τ -volume
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V of every rectangle [a, b] ×[ c, d] is non-negative. Let us write
CPQD,τ (u, v) = max{uv; f (u, v)} where

f (u, v) = 1
2

(
u + v −

√
(u − v)2 + 1 − τ

)
.

The boundary between the subset of [0, 1]2 where CPQD,τ (u, v) =
uv and where CPQD,τ (u, v) = f (u, v) is the curve uv = f (u, v), or
4uv(1− u)(1− v) = 1− τ , with CPQD,τ (u, v) = f (u, v) inside the
curve and CPQD,τ (u, v) = uv outside. If [a, b] ×[ c, d] lies entirely
outside the curve, then clearlyV ([a, b]×[c, d]) ≥ 0. If [a, b]×[c, d]
lies entirely inside the curve, then V ([a, b] ×[ c, d]) ≥ 0 since
∂2f /∂u∂v = 1

2

(
(1 − τ)/ [(u − v)2 + 1 − τ ]3/2

)
≥ 0. The only

other rectangles that need to be considered are those where the
boundary curve enters the rectangle at one corner and exits the
rectangle at the diagonally opposite corner. For example, if the
curve enters the rectangle [a, b]×[ c, d] at (a, d) and exits at (b, c)
and CPQD,τ (u, v) = uv below the curve and CPQD,τ (u, v) = f (u, v)
above the curve, then

V ([a, b] ×[ c, d]) = f (b, d) − ad − bc + ac
≥ bd − ad − ab + ac
= (b − a)(d − c) ≥ 0.

Other cases are similar. This completes the proof. !
We note that CPQD,τ is an improvement over Π only for large

values of τ (τ > 3
4 ).

Theorem 3.2. Let C be a copula and suppose that ρ(C) = ρ ≥ 0 and
that C ≥ Π . Then C(u, v) ≥ CPQD,ρ(u, v), for all (u, v) ∈ [0, 1]2,
with

CPQD,ρ(u, v) = max
{
uv; 1

2
(u + v − φ(u, v, ρ))

}
. (14)

The bound CPQD,ρ is pointwise best-possible and is itself a copula.
Proof. The first part of the proof of this theorem mimics the
proof of Theorem 3.1. To prove that CPQD,ρ is a copula let us
write CPQD,ρ(u, v) = max{uv; g(u, v)} where g(u, v) =
1
2 (u + v − φ(u, v)). Here the boundary curve uv = g(u, v) is
6uv(1 − u)(1 − v)(u + v − 2uv) = 1 − ρ. To complete the
proof we need to show that (see also the proof of Theorem 3.1)
∂2g/∂u∂v ≥ 0 (or equivalently, ∂2φ/∂u∂v ≤ 0) inside the curve.
But since φ satisfies the equation φ3 − (u − v)2φ = 2(1 − ρ)/3,
we have
∂2φ

∂u∂v
= −6φ[3φ2 + (u − v)2][φ2 − (u − v)2]

[3φ2 − (u − v)2] .

When φ = 0, ∂2φ/∂u∂v = 0. When φ > 0, φ2 − (u − v)2 =
2(1 − ρ)/3φ > 0, so that 3φ2 − (u − v)2 > 0 as well. Thus
∂2φ/∂u∂v ≤ 0. !

We note that CPQD,ρ is an improvement over Π only for large
values of ρ (ρ > 13

16 ). Fig. 4 plots the copulas CPQD,τ and CPQD,ρ for
given values of τ and ρ.

4. When both τ or ρ and β are given

We state the following theorem:

Theorem 4.1. Let C be a copula and suppose that τ(C) = τ and
that C( 1

2 ,
1
2 ) = β+1

4 = ξ . Then C(u, v) ≥ Cτ,β (u, v), for all
(u, v) ∈ [ 12 , 1]2, where

Cτ,β (u, v)

= max
{
u + v − 1; ξ ; 1

2

(
u + v −

√
(u − v)2 − τ + 4

(
ξ − ξ 2

))}
.

(15)

The bound Cτ,β is pointwise best-possible whenever Cτ,β (u, v) + ξ
≥ 1.
Proof. Suppose that a copula C satisfies C( 1

2 ,
1
2 ) = β+1

4 = ξ and
C(a, b) = θ for given values β ∈ [0, 1], (a, b) ∈ [0, 1]2 and
θ ∈ [0, 1]. We will first derive an upper bound on C , extending
Theorem 3.2.2 of Nelsen (1999). We assume a, b > 1

2 ; the other
three possible domains are similar. We distinguish between the
following cases:
1. (u, v) ∈ [0, 1

2 ]×[0, 1
2 ]: Then C(u, v) ≤ C( 1

2 ,
1
2 ) = ξ , and hence

C(u, v) ≤ min {u; v; ξ}.
2. (u, v) ∈ [ 12 , 1]×[0, 1

2 ]: ThenC(u, v) ≤ C(u, 1
2 ) ≤ ξ+u− 1

2 ≤ u,
and hence C(u, v) ≤ min

{
v; ξ + u − 1

2

}
.

3. (u, v) ∈ [0, 1
2 ]×[ 1

2 , 1]: Then C(u, v) ≤ C( 1
2 , v) ≤ ξ +v − 1

2 ≤
v, and hence C(u, v) ≤ min

{
u; ξ + v − 1

2

}
.

4. (u, v) ∈ [ 12 , a] ×[ 1
2 , b]: Then C(u, v) ≤ θ . Furthermore, since

[u, 1] ×[ v, 1] is a subset of [ 12 , 1] ×[ 1
2 , 1] it follows from the

2-increasing property of a copula that 1 − u − v + C(u, v) ≤
1 − 1

2 − 1
2 + ξ , or equivalently, C(u, v) ≤ u − 1

2 + v − 1
2 + ξ .

Hence, C(u, v) ≤ min
{
u; v; θ; u − 1

2 + v − 1
2 + ξ

}
.

5. (u, v) ∈ [a, 1] ×[ 1
2 , b]: Then C(u, v) ≤ C(u, b) ≤ θ +

u − a ≤ u. Furthermore, since [u, 1] ×[ v, 1] is a subset of
[u, 1] ×[ 1

2 , 1] it follows from the 2-increasing property of a
copula that 1 − u − v + C(u, v) ≤ 1 − u − 1

2 + ξ + u − 1
2 ,

or equivalently, C(u, v) ≤ u− 1
2 + v − 1

2 + ξ . Hence, C(u, v) ≤
min

{
v; θ + u − a; u − 1

2 + v − 1
2 + ξ

}
.

6. (u, v) ∈ [ 12 , a] ×[ b, 1]: Then C(u, v) ≤ C(a, v) ≤ θ +
v − b ≤ v. Furthermore, since [u, 1] ×[ v, 1] is a subset of
[ 12 , 1] ×[ v, 1] it follows from the 2-increasing property of a
copula that 1 − u − v + C(u, v) ≤ 1 − 1

2 − v + ξ + v − 1
2 ,

or equivalently, C(u, v) ≤ u− 1
2 + v − 1

2 + ξ . Hence, C(u, v) ≤
min

{
u; θ + v − b; u − 1

2 + v − 1
2 + ξ

}
.

7. (u, v) ∈ [a, 1] ×[ b, 1]: Then since [u, 1] ×[ v, 1] is a subset
of [a, 1] ×[ b, 1] it follows from the 2-increasing property of
a copula that 1 − u − v + C(u, v) ≤ 1 − a − b + θ , or
equivalently, C(u, v) ≤ u − a + v − b + θ . Hence, C(u, v) ≤
min {u; v; u − a + v − b + θ}.
In sum,

C(u, v) ≤ Cβ,(a,b),θ (u, v)

=






min {u; v; ξ} ,

[
0,

1
2

]
×

[
0,

1
2

]
;

min
{
u − 1

2
+ ξ ; v

}
,

[
1
2
, 1

]
×

[
0,

1
2

]
;

min
{
u; v − 1

2
+ ξ

}
,

[
0,

1
2

]
×

[
1
2
, 1

]
;

min
{
u; v; θ; u − 1

2
+ v − 1

2
+ ξ

}
,

[
1
2
, a

]
×

[
1
2
, b

]
;

min
{
u − a + θ; v; u − 1

2
+ v − 1

2
+ ξ

}
, [a, 1] ×

[
1
2
, b

]
;

min
{
u; v − b + θ; u − 1

2
+ v − 1

2
+ ξ

}
,

[
1
2
, a

]
× [b, 1];

min {u; v; u − a + v − b + θ} , [a, 1] ×[ b, 1].

We note that Cβ,(a,b),θ is a copula (in particular, a shuffle of the
copula M; see Nelsen (1999), pp. 59–64) if and only if ξ + θ ≥ 1.
In this case, using the same notation as Nelsen (1999),

Cβ,(a,b),θ = M
(
7,

{
[0, ξ ],

[
ξ,

1
2

]
,

[
1
2
, 1 − ξ

]
, [1 − ξ,θ ],

[θ, a], [a, a + b − θ ], [a + b − θ, 1]
}

, (1, 3, 2, 4, 6, 5, 7), 1

)

.
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Fig. 4. Lower bounds on the copula for a given τ ,ρ or β under PQD.

Notice that Cβ,(a,b),θ (
1
2 ,

1
2 ) = ξ and Cβ,(a,b),θ (a, b) = θ . Hence,

whenever ξ + θ ≥ 1, it is pointwise best-possible.
Following the proof of Theorem 2 of Nelsen et al. (2001),

we calculate Kendall’s tau for Cβ,(a,b),θ by using the following
expression, equivalent to (3) (we will not assume that ξ + θ ≥ 1,
calculating τ(Cβ,(a,b),θ ) also when Cβ,(a,b),θ is not a true copula):

τX,Y = τ(C)

= 1 − 4
∫ 1

0

∫ 1

0

∂

∂u
C(u, v)

∂

∂v
C(u, v)dudv.

To compute the double integral, we distinguish between the
following cases of relevance:
1. (u, v) ∈ [a, 1] ×[ b, 1]: Then the integrand is different from 0

in case both u− a+ b− v + θ ≤ u and u− a+ b− v + θ ≤ v.
Hence, we compute
∫ a+b−θ

a

∫ a+b−θ

b
dudv = (b − θ)(a − θ).

2. (u, v) ∈ [ 12 , a] ×[ 1
2 , b]: Then the integrand is different from 0

in case u − 1
2 + v − 1

2 + ξ ≤ u, u − 1
2 + v − 1

2 + ξ ≤ v and
u − 1

2 + v − 1
2 + ξ ≤ θ . Hence, we compute

∫ min{a; 1−ξ}

1
2

∫ max{ 1
2 ; min{b; 1−ξ ; 1−ξ+θ−u}}

1
2

dudv

=
(
1 − ξ − 1

2

)2

.

Hence,

τ(Cβ,(a,b),θ ) = 1 − 4

(

(a − θ)(b − θ) +
(
1 − ξ − 1

2

)2
)

.

Notice that C ≤ Cβ,(a,b),θ implies that τ(C) ≤ τ(Cβ,(a,b),θ ),
irrelevant of whether Cβ,(a,b),θ is a true copula. Solving (with
respect to λ) for the feasible root of

1 − 4
(
(a − λ)(b − λ) +

(
1 − ξ − 1

2

)2) = τ

yields

λ = 1
2

(
a + b −

√
(a − b)2 − τ + 4

(
ξ − ξ 2

))
.

It follows that θ ≥ λ and consequently that C(a, b) ≥ max{a + b
− 1; ξ ; λ} whenever (a, b) ∈ [ 12 , 1]2.

To prove that (15) is pointwise best-possible whenever
Cτ,β (u, v) + ξ ≥ 1, we need to prove that for any (a, b) ∈ [ 12 , 1]2
with Cτ,β (a, b)+ξ ≥ 1 there exists a copula C satisfying τ(C) = τ

and β(C) = β such that C(a, b) = max{a + b − 1; ξ ; λ}. We
distinguish between two cases. Case 1: λ ≥ max{a + b − 1; ξ}.
For this case Cβ,(a,b),λ satisfies τ(Cβ,(a,b),λ) = τ , β(Cβ,(a,b),λ) = β

and Cβ,(a,b),λ(a, b) = λ. Case 2: λ < max{a + b − 1; ξ}. For
this case Cα = αCβ,(a,b),max{a+b−1; ξ} + (1 − α)Cβ , α ∈ [0, 1], is
a family of copulas of which each member satisfies β(Cα) = β and
Cα(a, b) = max{a+ b− 1; ξ}. Furthermore, τ(Cα) is a continuous
function of α satisfying τ(Cβ) ≤ τ ≤ τ(Cβ,(a,b),max{a+b−1; ξ}). It
now follows from the intermediate value theorem that there exists
an α ∈ [0, 1] such that τ(Cα) = τ . This completes the proof. !

The expressions for Cτ,β (u, v) on the domains (u, v) ∈ [0, 1
2 ]2,

(u, v) ∈ [0, 1
2 ]×[ 1

2 , 1] and (u, v) ∈ [ 12 , 1]×[0, 1
2 ] can be derived in

a similar way. Also, using the samemethod of proof, a lower bound
on the copula can be derived when both ρ (rather than τ ) and β
are given. The expressions and their derivations are not displayed
in this paper to save space. The effectiveness of knowing both ρ
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Fig. 5. Lower bounds on the copula for a given τ and β .

and β in bounding the VaR, is comparable to the situation in which
both τ and β are given.

Remark 4.1 (On Cτ,β and Complex Values). Notice that Cτ (
1
2 ,

1
2 ) ≤

ξ (= β+1
4 ) should hold for any (feasible) τ −β combination and that

equality is attained whenever 4(ξ − ξ 2) = τ holds. It means that
for any (feasible) τ − β combination Cτ,β is always real-valued.

Fig. 5 plots the lower bound Cτ,β for given values of τ and β .

5. When the risks are PQD and β is given

From Theorem 3.2.2 of Nelsen (1999), one easily derives that
any copula C with C(a, b) = θ for given values a, b and θ , and
C ≥ Π must satisfy

C(u, v) ≥






max {uv; u − a + v − b + θ} , [0, a] ×[ 0, b];
max {uv; u − a + θ} , [0, a] ×[ b, 1];
max {uv; v − b + θ} , [a, 1] ×[ 0, b];
max {uv; θ} , [a, 1] ×[ b, 1].

(16)

We note that the function on the RHS of (16) is not in general a
copula as it is not 2-increasing, i.e., it does not satisfy condition (1)
(consider for example a = 0.5, b = 0.5, θ = 0.36, u1 = 0.36, u2 =
0.4, v1 = 0.6 and v2 = 0.65). Also, min{v; max{uv; u + a − θ}}
and min{u; max{uv; v + b− θ}}, though satisfying the boundary
conditions, are not copulas as they are not 2-increasing.

The question arises whether the lower bound in (16) is point-
wise best-possible.We state the following theorem, answering this
question for the case that a = 1

2 and b = 1
2 :

Theorem 5.1. Let C be a copula and suppose that β(C) = β ≥ 0 and
that C ≥ Π . Then C(u, v) ≥ CPQD,β(u, v), for all (u, v) ∈ [0, 1]2,
with

CPQD,β(u, v)

= max
{
uv; β + 1

4
−

(
1
2

− u
)

+
−

(
1
2

− v

)

+

}
. (17)

The bound CPQD,β is pointwise best-possible whenever CPQD,β(u, v)+
β+1
4 ≥ 1, (u, v) ∈ [ 12 , 1]2.

Proof. Substituting a = 1
2 , b = 1

2 and θ = β+1
4 in the RHS of (16)

readily yields the lower bound (17).
To prove that (17) is pointwise best-possible whenever

CPQD,β(u, v) + β+1
4 ≥ 1, (u, v) ∈ [ 12 , 1]2, we need to prove

that for any (a, b) ∈ [ 12 , 1]2 there exists a copula C satisfying
β(C) = β ≥ 0 and C ≥ Π such that C(a, b) =

max
{
ab; β+1

4 −
( 1
2 − a

)
+ −

( 1
2 − b

)
+

}
. Recall that CPQD,β is not

in general a copula and therefore, though satisfying β(CPQD,β) =
β and CPQD,β ≥ Π , should not be used to prove sharpness of
the bound. However, one easily verifies that the copula Cβ,(a,b),θ
defined in the proof of Theorem 4.1 satisfies these conditions
whenever

θ = max
{
ab; β + 1

4
−

(
1
2

− a
)

+
−

(
1
2

− b
)

+

}
.

This proves the stated result. !

We note that CPQD,β is an improvement over Π for any β > 0.
Fig. 4 plots the lower bound CPQD,β for a given value of β .

6. Worst VaR scenarios

In this section, we derive explicit upper and lower bounds
on the VaR under various sets of assumptions on the marginals,
the measures of association and other dependence properties.
We then assess the effectiveness in bounding the VaR for the
different sources of dependence information.We restrict attention
to ψ(x, y) = x + y.

6.1. Uniform marginals

6.1.1. When τ , ρ or β is given
Let F1 and F2 be uniform (0, 1) laws. Substitution of Cτ , Cρ and

Cβ ((6)–(8)) in (10) and (11) yields the following inequalities:

max
{
0; s − 1; 1

2

(
s −

√
1 − τU,V

)}
≤ P [U + V < s]

≤ P [U + V ≤ s] ≤ min
{
1; s; 1

2

(
s +

√
1 − τU,V

)}
;

max

{

0; s − 1; 1
2
s − 3

√
1 − ρU,V

12

}

≤ P [U + V < s]

≤ P [U + V ≤ s] ≤ min

{

1; s; 1
2
s + 3

√
1 − ρU,V

12

}

;

max
{
0; s − 1; βU,V + 1

4
− (1 − s)+

}
≤ P [U + V < s]

≤ P [U + V ≤ s] ≤ min
{
1; s; 1 − βU,V + 1

4
+ (s − 1)+

}
.

Here U and V are two uniform (0, 1) r.v.’s having a measure of
association of τU,V , ρU,V and βU,V , respectively. Hence, we find that

p, p ∈ (0,
√
1 − τU,V ];

2p −
√
1 − τU,V , p ∈ (

√
1 − τU,V , 1].

}
≤ VaRp[U + V ]

≤
{
2p +

√
1 − τU,V , p ∈ (0, 1 −

√
1 − τU,V ];

1 + p, p ∈ (1 −
√
1 − τU,V , 1].

p, p ∈
(

0, 2 3

√
1 − ρU,V

12

]

;

2p − 2 3

√
1 − ρU,V

12
, p ∈

(

2 3

√
1 − ρU,V

12
, 1

]

.






≤ VaRp[U + V ]

≤






2p + 2 3

√
1 − ρU,V

12
, p ∈

(

0, 1 − 2 3

√
1 − ρU,V

12

]

;

1 + p, p ∈
(

1 − 2 3

√
1 − ρU,V

12
, 1

]

.
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p, p ∈
(
0, 1 − βU,V + 1

4

]
;

p + βU,V + 1
4

, p ∈
(
1 − βU,V + 1

4
, 1

]
.





≤ VaRp[U + V ]

≤






1 + p − βU,V + 1
4

, p ∈
(
0,

βU,V + 1
4

]
;

1 + p, p ∈
(

βU,V + 1
4

, 1
]

.

6.1.2. When the risks are PQD and τ , ρ or β is given
Substitution of CPQD,τ , CPQD,ρ and CPQD,β ((13), (14) and (17)) in

(10) and (11) yields the following inequalities:

max
{
1
4
s2; 1

2

(
s −

√
1 − τU,V

)}
≤ P [U + V < s]

≤ P [U + V ≤ s]

≤ min
{
s − 1

4
s2; 1

2

(
s +

√
1 − τU,V

)}
;

max

{
1
4
s2; 1

2
s − 3

√
1 − ρU,V

12

}

≤ P [U + V < s]

≤ P [U + V ≤ s]

≤ min

{

s − 1
4
s2; 1

2
s + 3

√
1 − ρU,V

12

}

;

max
{
1
4
s2; β + 1

4
− (1 − s)+

}
≤ P [U + V < s]

≤ P [U + V ≤ s]

≤ min
{
s − 1

4
s2; 1 − β + 1

4
+ (s − 1)+

}
.

Here U and V are two uniform (0, 1) and PQD r.v.’s having a
measure of association of τU,V ≥ 3/4, ρU,V ≥ 13/16 and βU,V ≥ 0,
respectively. Hence, we find that

max
{
2(1 −

√
1 − p); 2p −

√
1 − τU,V

}
≤ VaRp[U + V ]

≤ min
{
2p +

√
1 − τU,V ; 2

√
p
}

;

max

{

2(1 −
√
1 − p); 2p − 2 3

√
1 − ρU,V

12

}

≤ VaRp[U + V ]

≤ min

{

2p + 2 3

√
1 − ρU,V

12
; 2

√
p

}

;

max
{
2(1 −

√
1 − p);

(
p + βU,V + 1

4

)
I{p∈(1− βU,V +1

4 ,1]}

}

≤ VaRp[U + V ]

≤ min
{(

1 + p − βU,V + 1
4

)
J{p∈(0,

βU,V +1
4 ]}; 2

√
p
}

.

Here IA denotes the indicator function of event A, taking the value
1 if A is true and 0 otherwise; and JA takes the value 1 if A is true
and +∞ otherwise.

6.1.3. When both τ and β are given
Let s ≥ 3

2 . Substitution of Cτ,β (15) in (10) and (11) yields the
following inequalities:

max
{
s − 1; 1

2

(
s −

√
4(ξU,V − ξ 2

U,V ) − τU,V

)}

Fig. 6. Bounds on the VaR for a given τ and uniform (0, 1) marginals.

≤ P [U + V < s]
≤ P [U + V ≤ s]

≤ min
{
1; 1

2

(
s +

√
4(ξU,V − ξ 2

U,V ) − τU,V

)}
.

Here U and V are two uniform (0, 1) r.v.’s having a measure of
association of τU,V and βU,V = 4ξU,V − 1. Hence, we find that

2p −
√
4(ξU,V − ξ 2

U,V ) − τU,V , p ∈ (p∗, 1];
}

≤ VaRp[U + V ]

≤






2p +
√
4(ξU,V − ξ 2

U,V ) − τU,V ,

p ∈ (p∗∗, 1 −
√
4(ξU,V − ξ 2

U,V ) − τU,V ];
1 + p,

p ∈ (p∗∗ ∨ (1 −
√
4(ξU,V − ξ 2

U,V ) − τU,V ), 1].

Here, p∗ = min
{
1; 1

2

(
3
2 +

√
4(ξU,V − ξ 2

U,V ) − τU,V

)}
and

p∗∗ = max
{

1
2 ; 1

2

(
3
2 −

√
4(ξU,V − ξ 2

U,V ) − τU,V

)}
.

6.2. Lognormal marginals

We now replace the uniform (0, 1) marginals by lognormal
(0, 1) marginals and repeat the substitution and inversion
operations of Sections 6.1.1 and 6.1.2. To save space we do not
display the obtained expressions for the bounds, but only include
the corresponding graphs.

6.3. Effectiveness

The effectiveness of different types of nonparametric informa-
tion on the dependence structure in bounding the VaR is easiest
studied on the basis of graphical illustrations; see Figs. 6–14. In the
graphs, darker colored areas are piled on top of lighter colored ar-
eas so that lighter colored areas are effectively included in darker
colored areas.

6.3.1. When τ , ρ or β is given
Notice that for probability levels relevant in risk pricing and

risk management (p ≥ 0.75, say) the upper bound on the VaR is
improved only for large values of τ or ρ. Furthermore, notice that
information on β appears to be useless for this purpose. On the
contrary, the lower bound on the VaR when the probability level
tends to 1 is improved for all τ > 0, ρ > −0.5 and β > −1.
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Fig. 7. Bounds on the VaR for a given ρ and uniform (0, 1) marginals.

Fig. 8. Bounds on the VaR for a given β and uniform (0, 1) marginals.

Fig. 9. Bounds on the VaR for a given τ and lognormal (0, 1) marginals.

It is perhaps slightly counterintuitive that the upper bound on
the VaR decreases when τ ,ρ or β increases. This can be explained
by the fact that the larger the τ ,ρ or β the larger the ‘‘distance’’
between the (unimproved) lower bound W and Cτ , Cρ and Cβ ,
respectively.

6.3.2. When the risks are PQD and τ , ρ or β is given
From a comparison between Figs. 6–8 and 12–14, it becomes

apparent that the information that the risks are PQD is rather

Fig. 10. Bounds on the VaR for a given ρ and lognormal (0, 1) marginals.

Fig. 11. Bounds on the VaR for a given β and lognormal (0, 1) marginals.

Fig. 12. Bounds on the VaR for a given τ and uniform (0, 1) and PQD marginals;
τ = 0.75, 0.8, 0.9, 1 (from light to dark).

effective in bounding the VaR, both from above and from below.
For probability levels relevant in risk pricing and riskmanagement,
additional information on τ or ρ leads to improved upper bounds
only when τ or ρ are large. Information on β seems to be useless
for this purpose (but recall that because CPQD,β is not in general a
copula, the corresponding VaR bounds may fail to be sharp). The
lower bound on the VaR when the probability level tends to 1 is
improved for most values of τ > 3/4, ρ > 13/16 and β > 0. We
find again that the upper bound on the VaR decreases when τ ,ρ
or β increases.
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Fig. 13. Bounds on the VaR for a given ρ and uniform (0, 1) and PQD marginals;
ρ = 13/16, 14/16, 15/16, 1 (from light to dark).

Fig. 14. Bounds on the VaR for a given β and uniform (0, 1) and PQD marginals
β = 0, 0.5, 0.75, 1 (from light to dark).

6.3.3. When both τ and β are given
Depending on the particular values of the measures of

association τ andβ , the upper and lower bounds on theVaRmaybe
well improved for probability levels relevant in risk pricing and risk
management, with optimal effectiveness whenever 4(ξ − ξ 2) = τ
holds. This means that knowing both τ and β could conceivably be
significantly more informative in this context than knowing only τ
or β .

7. Worst TVaR scenarios

We state the following definition:

Definition 7.1. The Tail-Value-at-Risk (TVaR) at probability level
p ∈ [0, 1) for a r.v. Z with d.f. G is defined as

TVaRp[Z] = 1
1 − p

∫ 1

p
VaRq[Z]dq. (18)

Equivalently,

TVaRp[Z] = VaRp[Z] + 1
1 − p

E[(Z − VaRp[Z])+]

= inf
d∈R

{
d + 1

1 − p
E[(Z − d)+]

}
, (19)

where, as usual, inf{∅} = +∞ by convention. Notice that TVaRp is
a continuous function of p. It is the arithmetic average of VaRq[Z],
q ∈ (p, 1].

A proof of the second equality in (19) is contained in Laeven
and Goovaerts (2004); see also the geometric proof of Dhaene et al.
(2008). Finding best-possible upper and lower bounds on the TVaR
is easier than finding best-possible upper and lower bounds on
the VaR. To show why this is so, we first introduce the notion of
supermodularity:

Definition 7.2. A function ϕ : R2 → R is supermodular if for any
(x1, y1), (x2, y2) ∈ R2,

ϕ(x1, y1) + ϕ(x2, y2) ≤ ϕ(x1 ∧ x2, y1 ∧ y2)
+ ϕ(x1 ∨ x2, y1 ∨ y2).

Then we state the following result:

Lemma 7.1. Suppose that there exist copulas C and C such that

C(F1(x), F2(y)) ≤ F(x, y) ≤ C(F1(x), F2(y)), (20)

for all (x, y) ∈ R2. Let ϕ : R2 → R be a measurable function
that is supermodular. Furthermore, let (XC , YC ) and (XC , YC ) denote
two random vectors with bivariate d.f. C(F1, F2) and C(F1, F2),
respectively. Then

TVaRp[ϕ(XC , YC )] ≤ TVaRp[ϕ(X, Y )]
≤ TVaRp[ϕ(XC , YC )], p ∈ [0, 1), (21)

provided that the TVaR’s exist.

Proof. By Proposition 6.2.5 of Denuit et al. (2005), (20) is
equivalent to

E[ϕ(XC , YC )] ≤ E[ϕ(X, Y )] ≤ E[ϕ(XC , YC )],
for all measurable functions ϕ : R2 → R that are supermodular,
provided that the expectations exist.

Let the function f : R → R be non-decreasing and convex.
Then (see e.g., Proposition 3.4.67 of Denuit et al. (2005)) f ◦ ϕ is
supermodular too. It follows that,

E[(ϕ(XC , YC ) − d)+] ≤ E[(ϕ(X, Y ) − d)+]
≤ E[(ϕ(XC , YC ) − d)+], d ∈ R,

provided that the expectations exist. This means that ϕ(XC , YC ),
ϕ(X, Y ) and ϕ(XC , YC ) satisfy a stop-loss order relation (i.e., they
have ordered stop-loss premiums). Stop-loss order induces
ordered TVaR’s; see e.g., Proposition 3.4.7 (ii) of Denuit et al. (2005).
This completes the proof. !

Remark 7.1. In contrast to the VaR, for which upper and lower
bounds are both determined by a lower bound on the copula, upper
and lower bounds for the TVaR are determined by an upper and a
lower bound on the copula, respectively.

7.1. Uniform marginals

7.1.1. When τ is given
Upper and lower bounds on the TVaR will be determined using

simulation. To simulate from Cτ (see (11) of Nelsen et al. (2001))
and Cτ the following algorithm is adopted:

1. Simulate U and Z from a uniform (0, 1) distribution (with U and
Z independent).

2. Calculate C(v|u) = ∂C(u,v)
∂u and its generalized inverse.

3. Set V = C−1(Z |U). Then (U, V ) is a drawing from C .

To calculate the corresponding TVaRp[U + V ] we proceed as
follows:
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Fig. 15. Bounds on the TVaR for a given τ and uniform (0, 1) marginals; τ = 0,
−0.5, −0.8, −0.95 (from light to dark).

Fig. 16. Bounds on the TVaR for a given τ and uniform (0, 1) marginals; τ = 0,
0.5, 0.8, 0.95 (from light to dark).

1. Set S = U + V .
2. Calculate the empirical d.f. of S and its generalized inverse

(i.e., the VaR of S).
3. Finally, calculate the TVaRby approximating the integral in (18).

The number of simulations carried out is 100,000. The results are
displayed in Figs. 15 and 16.

7.2. Effectiveness

The upper bound on the TVaR is improved whenever τ < 0 (or
ρ < 1/2). On the contrary, the lower bound is improvedwhenever
τ > 0 (or ρ > −1/2). In contrast to the VaR, both the lower and
the upper bound on the TVaR increase when τ ,ρ or β increases.

The effectiveness of other types of nonparametric dependence
information in bounding the TVaR can be analyzed in a similarway.

7.3. Comparison between VaR and TVaR

We summarize below in a few statements the aggregation
properties of the VaR and the TVaR. We recall that both the VaR
and the TVaR are additive for sums of comonotonic r.v.’s. As the
reader may verify from the conducted analysis (and its graphical
illustrations):
• The comonotonic dependence structure (implying τ = ρ =

β = 1) does not give rise to the worst VaR scenario.
• TheVaR is neither always subadditive nor always superadditive.
• The worst TVaR scenario is when the risks are comonotonic.
• The TVaR is always subadditive.
• The lower bound on the VaR is monotonically increasing in

the value of τ ,ρ or β while the upper bound on the VaR is
monotonically decreasing in the value of τ ,ρ or β .

Fig. 17. τ–ρ region.

Fig. 18. Lower bound on the copula when both τ and ρ are given.

• The bounds on the TVaR are both monotonically increasing in
the value of τ ,ρ or β .

• For probability levels relevant in risk pricing and risk manage-
ment, the upper bound on the VaR is improved only for large
values of τ or ρ.

• The upper bound on the TVaR is improved whenever τ < 0 or
ρ < 1

2 .

8. An open problem: When both τ and ρ are given

Let X and Y be continuous r.v.’s. Then

3τX,Y − 1
2

≤ ρX,Y ≤ 1 + 2τX,Y − τ 2
X,Y

2
, τX,Y ≥ 0;

τ 2
X,Y + 2τX,Y − 1

2
≤ ρX,Y ≤ 1 + 3τX,Y

2
, τX,Y ≤ 0. (22)

Fig. 17 plots the τ–ρ region. The linear portion of the boundary of
the τ–ρ region cannot be improved. It may be possible however to
improve the parabolic portion of the boundary of the τ–ρ region;
see Nelsen (1999), pp. 144–146).

From (6) and (7) one easily verifies that for a given (feasible)
τ–ρ combination a copula C with τ(C) = τ and ρ(C) = ρ must
satisfy

C(u, v) ≥ max
{
0; u + v − 1; 1

2

(
u + v −

√
(u − v)2 + 1 − τ

)
;

1
2

(u + v − φ(u, v, ρ))

}
,

for all (u, v) ∈ [0, 1]2. Fig. 18 plots the lower bound Cτ,ρ for given
values of τ and ρ.

The question ariseswhether this lower bound is pointwise best-
possible, i.e., canwe find for arbitrarily given values (a, b) ∈ [0, 1]2
and a (feasible) τ–ρ combination a copula C with τ(C) = τ and
ρ(C) = ρ such that
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C(a, b)

= max
{
0; a + b − 1; 1

2

(
a + b −

√
(a − b)2 + 1 − τ

)
;

1
2

(a + b − φ(a, b, ρ))

}
.

Let us write 1
2

(
a + b −

√
(a − b)2 + 1 − τ

)
= λ1 and

1
2 (a + b − φ(a, b, ρ)) = λ2. Assuming that λ1, λ2 ≥ max{0; a +
b − 1}, we consider the following three cases:

1. λ1 = λ2: in this case the problem is trivial;
2. λ1 > λ2: in this case the authors can find a copula C with

τ(C) = τ and C(a, b) = λ1 but with ρ(C) > ρ;
3. λ1 < λ2: in this case the authors can find a copula C with

ρ(C) = ρ and C(a, b) = λ2 but with τ(C) > τ .

9. Concluding remarks

Our analysis has demonstrated that even when the marginal
distributions are given and the values of some commonly used
nonparametric dependence measures are known, the Value-at-
Risk for a function of two random variablesmay still vary widely. It
warns the reader against using multivariate inference techniques
that implicitly suppose that this is not so.

From our analysis it becomes explicit that the dependence
measures Kendall’s tau, Spearman’s rho and Blomqvist’s beta,
which effectively measure dependence in the central part of the
bivariate distribution, contain little probabilistic information for
the purpose of bounding the Value-at-Risk for probability levels
relevant in risk pricing and risk management. It motivates the
analysis and use of appropriate tail dependence measures.

The information that the risks are positively quadrant depen-
dent is rather effective in bounding the Value-at-Risk, both from
above and from below. Joint information on both Kendall’s tau and
Blomqvist’s betamaywell improve the upper and lower bounds on
the Value-at-Risk when comparedwith the situation inwhich only
one of the two measures of association is given.

We have assumed throughout that the marginal distributions
are fully specified. In the case where only partial information
(e.g., several moments) on the marginal distributions is available,
best-possible lower bounds on P[ψ(X, Y ) < t] can be obtained
similarly, by using pointwise best-possible lower bounds on the
marginal distributions; see Section 8.4.8 of Denuit et al. (2005) for
related results.
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