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Abstract: In this work, we focus on some conditional extreme risk mea-
sures estimation for elliptical random vectors. In a previous paper, we
proposed a methodology to approximate extreme quantiles, based on two
extremal parameters. We thus propose some estimators for these param-
eters, and study their consistency and asymptotic normality in the case
of heavy-tailed distributions. Thereafter, from these parameters, we con-
struct extreme conditional quantiles estimators, and give some conditions
that ensure consistency and asymptotic normality. Using recent results on
the asymptotic relationship between quantiles and other risk measures, we
deduce estimators for extreme conditional L, —quantiles and Haezendonck-
Goovaerts risk measures. Under similar conditions, consistency and asymp-
totic normality are provided. In order to test the effectiveness of our esti-
mators, we propose a simulation study. A financial data example is also
proposed.
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1. Introduction

In many fields such as finance or actuarial science, quantile, or Value-at-Risk
(see [43]) is a recognized tool for risk measurement. In [39], quantile is seen as
minimum of an asymmetric loss function. However, Value-at-Risk, or VaR, has
some disadvantages, such as that of not being a coherent measure in the sense
of [3]. These limits have led many authors to use alternative risk measures.

On the basis of Koenker’s approach, [48] proposed another measure called
expectile, which has since been widely studied (see for example [55] or more
recently [13]) and applied ([57] and [9]). Later, [8] introduced M-quantiles, a
family of measures minimizing an asymmetric loss function, and [11] focused on
asymmetric power functions to define L, —quantiles. The cases p =1 and p = 2
correspond respectively to the quantile and expectile. Recently, [7] provided
some results concerning L,—quantiles for Student distributions, and have shown
that closed formula are difficult to obtain in the general case.

In parallel, [3] introduced the Tail-Value-at-Risk as an alternative to Value-
at-Risk, and this risk measure subsequently had many applications (see, e.g. [4]).
Moreover, TVaR belongs to a larger family of risk measures called Haezendonck-
Goovaerts risk measures and introduced in [27], [26] and [56]. In the same way
as L,—quantiles, we do not have an explicit formula in the general case.

However, for a heavy-tailed random variable, [14] proved that L,—quantile
and L;—quantile (or quantile) are asymptotically proportional. Then, as pro-
posed in [13], an estimator of a L,—quantile may be deduced from a suitable
estimator of the quantile, for extreme levels. In the same spirit, [56] provided a
similar asymptotic relationship between a subclass of Haezendonck-Goovaerts
risk measures and quantiles. Finally, all these risk measures we introduced may
be estimated through a quantile estimation in an asymptotic setting.

Extreme quantiles estimation is a very active area of research. In recent years,
we can give many examples: [24] focused on Weibull tail distributions, [20] pro-
posed a study for heavy and light tailed distributions, [25] was interested in
functions of dependent variables, and [18] provided a methodology for high quan-
tiles estimation. The question of extreme conditional quantiles estimation has
also been explored in [58] in a regression framework. However, [45] and [46] have
shown that the regression setting may lead to a poor estimation of extreme mea-
sures in the case of elliptical distributions. Elliptical distributions, introduced
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in [37], aim to generalize the gaussian distribution, i.e. to define symmetric dis-
tributions with different properties, such as a heavy tail. This is why elliptical
distributions are more and more used in finance (see for example [50] or [59]).

For all these reasons, we consider, in this paper, an elliptical random vec-
tor Z = (X,Y) with the consistency property (in the sense of [36]), where
X € RV, Y € R, and propose to estimate some extreme quantiles (and deduce
L,—quantiles and Haezendonck-Goovaerts risk measures) of Y| X = x, i.e. of
a component conditionally to the others. In order to improve the conditional
quantile estimation, we proposed in [45] a methodology based on two extremal
parameters, and the unconditional quantile of Y. Indeed, if we denote F;l{,c(a)
the quantile of level « of Y| X = x, the latter is asymptotically equivalent to a
quantile of Y (Fy ! will be the quantile function of Y'), in the following manner:

F;\lz(a) a:I F)jl (5(%7%5)% (11)
where 0 is a known function (detailed later) depending on « and two parameters
n and ¢ called extremal parameters. One can notice that Equation (1.1) may only
holds under the consistency property of Z. [45] has also shown that extremal
parameters do not exist for some consistent elliptical distributions (see, e.g. the
Laplace distribution).

In this paper, the goal will be in a first time to give a sufficient condition on Z
that ensures the existence of 7 and ¢. This is why a regularly varying assumption
is done. After having proved their existence, estimators for the parameters n and
{ are proposed, and therefore for extreme conditional quantiles.

The paper is organized as follows. Section 2 provides some definitions and
properties of elliptical distributions, including the extremal parameters intro-
duced in [45]. A particular interest is given to consistent elliptical distributions.
Section 3 is devoted to extremal parameters 1 and . Under a regularly varying
assumption, their existence is proved, and estimators are proposed. By adding
some conditions, consistency and asymptotic normality results are given. In Sec-
tion 4, we use the results of Section 3 to introduce some estimators of extreme
quantiles, and give consistency and asymptotic normality results. The asymp-
totic relationships between L,—quantiles and quantiles recalled in Section 5
allow us to give extreme L,—quantiles estimators. The same approach is pro-
posed for extreme Haezendonck-Goovaerts risk measures. In order to analyze
the efficiency of our estimators, we propose a simulation study in Section 6, and
a real data example in Section 7.

2. Preliminaries

In this section, we first recall some classical results on elliptical distributions.
We consider a d—dimensional vector Z from an elliptical distribution with pa-
rameters g € R? and 3 € R4, a symmetric and positive definite matrix. Then
the density of Z, if it exists, is given by:

o (- = ). (2.)
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cq and gq will respectively be called normalization coefficient and generator of
Z. [10] gives another way to characterize an elliptical distribution, through the
following stochastic representation:

Z <L+ RAUW, (2.2)

where A is the Cholesky root of ¥, i.e. AAT = X, U is a d—dimensional
random vector uniformly distributed on the unit sphere of dimension d, and
R is a non-negative random variable independent of UYD. R is called radius
of Z. In the following, the radius must have a particular shape. Indeed, [33]
and [36] propose a representation for some particular elliptical distributions.
Let us consider (Zg),;cy. a family of elliptical distributions of dimension d.
Then (Zg)4cn+ possesses the consistency property if it admits the following
representation for all d € N*:

Za L+ i€ AU@, (2.3)

where yq is the square root of a x? distribution with d degrees of freedom,
£ is a non-negative random variable which does not depend on d, and xq4, &
and U are mutually independent. In [36], such elliptical distributions are said
consistent, have the advantage of being stable by linear combinations (combining
Theorem 2.16 of [21] and Theorem 1 in [36]), and allow us to define elliptical
random fields (see, e.g. [49]). In the following, we focus on consistent elliptical
distributions, and take the notation

Rq = xd§- (2.4)

For the sake of clarity, we will say that a random variable Z = (Z1, ..., Z;) with
stochastic representation (2.3) is (£, d)—elliptical with parameters g and 3. We
can notice, using Theorem 2.16 of [21] and Theorem 1 in [36], that for all subset
I c{1,...,d} such that |I| = k, Zr = (Z1,,...,2Z1,) is (£, k)—elliptical with
parameters gy and 3j. Using this terminology, the purpose of the paper is as
follows. Let Z = (X,Y) € R¥*! be a (¢, N + 1)—elliptical random vector with
parameters g and X, where X € RY and Y € R. Consistency property of Z
implies that X and Y are respectively (£, N)— and (&, 1)—elliptical distributions
with parameters px € RY, T x € RV*N and uy € R, ¥y € R. We also denote
Y xy the covariance vector between X and Y. The aim is thus to provide a
predictor for the quantile of the conditional distribution Y|X = x. According
to Theorem 7 of [23], such a distribution is still elliptical, with a radius R*
different from R in the general case. In particular, we have:

{YIX =a} £ piyx + oy xRUD, (2.5)

where py|x = py + E}sz_l(il,‘ — px) and O'%,‘X =Yy — E}YEX_lEXy.
Then, denoting ®g«(t) = P (R*U(l) < t), and using the translation equivari-
ance and positive homogeneity of quantile risk measure (see, e.g. [5] or [47]),
conditional quantiles of Y| X = x may be expressed as:

7YX =) = py|x + oy|xPp-(a), (2.6)
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where a €]0,1[. Thus, in order to give a good prediction of ¢,(Y|X = x), we
need to estimate the conditional function @1}1. Unfortunately, when we have
a data set X1,..., X, we only observe the unconditional distribution of X.
This is why, in [45], we have given a predictor for conditional quantiles, based
solely on the unconditional c.d.f. ®r(t) =P (RlU(l) < t). This approximation
is based on two parameters 7 > 0 and 0 < ¢ < 400 such that:

Pp-(t)
im = =
t—o0 (I)R(tn)

Table 1 gives some examples of coefficients 1 and ¢ for classical elliptical distri-
butions. However, we have shown in [45] that such parameters not always exist

(2.7)

TaBLE 1
Coefficients n and £ for classical distributions, where M(x) = (x — pux) " Zx 1z — px).
Distribution n ¢
Gaussian 1 1

Student, v > 0 % +1

UGM 1

T B
> TR0} exp| — 5t M(x)

71*( Netlte ) M () e

r(2Fe) (N+a)xde . (M()22 ~'r(152)

Slash, a > 0 %—f—l

for all elliptical distributions (see, e.g. Laplace distribution). In a first time,
we can wonder in which setting these parameters exist. We thus consider the
following assumption, that will ensure the existence of 1 and £.

Assumption 1 (Second order regular variation). We assume that there exists
a positive or negative function A such that A(t) — 0 as t — 400, and

(I;Ell((l—%) — WY o 1

“T(1-1 wP —

li & u = w7 2.
AT Aw A (28)

where v > 0 and p < 0.

This assumption is widespread in literature of extreme quantiles (see, e.g,
[13]). A first consequence is that ®p, or equivalently Fp, is attracted to the
maximum domain of Pareto-type distributions with tail index 7. Furthermore, it
entails ®5' (1—1/t) ~ ¢1t7, or equivalently ®p(t) ~ cot™7 ast — 400 (see [15]).
As example, Student distribution satisfies Assumption 1. The following lemma
provides some results concerning asymptotic equivalences.

Lemma 2.1 (Regular variation properties). Under Assumption 1, we get the
following regular variation properties:

(i) The random variable & satisfies

Felt) o~ A7 N> 0. (2.9)

t—+
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(i) For alld € N*, the random variable Rq = xq& is attracted to the maximum
domain of Pareto-type distribution with tail index vy, and

d+y~?t dy ™t
P~ A ) T
t—+o0 r(4) t—+o00 (%)
(2.10)
(111) For allm >0, d € N*,
T (4!
Sra(t) Mtwnwm (2.11)

Fra @) e p (1 (25

These results will be useful throughout the paper, and especially in the fol-
lowing result which proves the existence of our parameters.

Proposition 2.2 (Existence of extremal parameters). Under Assumption 1,
parameters n and £ exist, and are expressed:

n= L+N
/e N ESTESE -y . (2.12)
= ) e o

One can notice that 7 is only related to the tail index 7, and not to the
covariates vector @, while ¢ is depending on cygn (M (x)). In the next, we thus
denote rather {(x), in order to emphasize the role played by the covariates
vector x.

Equation (2.7) provides an asymptotic equivalence between the survival func-
tions ®p and @ g«. Using some results of [19], [45] proposed to inverse this equiv-
alence in order to get an asymptotic relationship between the quantile functions
(I’;zl and @1}}. Based on the latter paper, we give the following predictor for
ga VX = x):

Gat(Y[X =) = py|x +oy|x

1/n
-1 1
oL {1 — % 20 t@) H . (2.13)

From there, we have proved in Theorem 7 of [45] that ¢.+(Y|X = @) and
4o (Y| X = x) were asymptoticaly equivalent as v — 1, i.e.

Gor(YIX =) ~ u(V]X =) (2.14)

A similar equivalence has been easily deduced for o — 0, using the symmetry
properties of elliptical distributions. In this paper, we focus on the case @ — 1,
case @ — 0 being easily deduced. In Section 3, we propose some estimators
for extremal parameters n and ¢(x). Before that, we need to do a little sim-
plification. Indeed, Equation (2.13) shows that the extreme quantile estimation
requires the prior estimation of quantities uy|x and oy|x. These quantities
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may be easily estimated by the method of moments or fixed-point algorithm
(c.f. p.66 of [23]). In a spatial setting, even if the variable Y is not observed, a
stationarity assumption on the random field makes it possible to estimate these
values (see [12]). Furthermore, the speed of convergence of these methods is
higher than those of the estimators we propose in this paper, and therefore do
not interfere in the asymptotic results. This is why, in the following, we suppose
that uy|x, oy|x, and therefore px, ¥ x are known. Then, it remains to esti-
mate 7, £(x) and ®5!. Section 3 focuses on 1 and £(z), while Section 4 deals
with @ 5!

3. Extremal coefficients estimation

In this section, the aim is to estimate the extremal parameters n and #(x)
conditionaly to the covariates vector X = x. For that purpose, we consider
a random sample X1, ..., X,, independent and identically distributed from an
(&, N)—elliptical vector with the same distribution as X, and denote M (x) =
(x— px)" Sx ' (& — px). The aim is then to give two suitable estimators 7
and {(z), respectively for n and ((z).

3.1. Estimation of n

We notice that coefficient 7 is directly related to the tail index ~. Then, us-
ing a suitable estimator of =y, we easily deduce 7. There are several estimators
widespread in the literature. As examples, [52], [54] or [40] provide some esti-
mators for v. In the following, we use the Hill estimator, introduced in [30]:

e = ’fii_: <W[kn+u> 31

where Wiy > ... > Wi 411 > ... > Wy, and k,, = o(n) such that k, — +o0 as
n — 4o00. In this context, the statistic W may be:

e The first (or indifferently any) component of the reduced centered co-
variates vector Ax ! (X — pux), where Ax"Ax = Xx. This approach
works well, but we do not use all available data.

e The Mahalanobis norm \/(X —pux)T2x (X — px). This approach
has the advantage of using all available data.

Indeed, according to Theorem 2 of [29], the two last quantities both admit v as
tail index.

In the following we will use the one-component approach, since the asymptotic
results we give are valid under Assumption 1, applied to the univariate c.d.f.
® r. Moreover, numerical comparisons seem show that the second approach does
not significantly improve the estimation of the parameters. Main properties of
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Ak,, may be found in [16]. Under second order condition given in Assumption 1,
[15] proved the following asymptotic normality for 4y .

A
\/E('AW% - ’Y) n—>—-|>-ooN (ﬁa,}g) 5 (32)

where \ = Erf VEk, A (1@%) and k, = o(n) such that k, — 400 as n —

+00. Then, using Proposition 2.2 and Equation (3.1), we define the following
estimator for 7.

Definition 3.1 (Estimator of n). We define 7, as

k
R N & W[i] )
=% 41 3.3
i m;}<WWm (33)

As an affine transformation of Hill estimator, asymptotic normality of 7, is
obvious. In order to simplify the next results, we suppose A = 0 in what follows.

Proposition 3.1 (Asymptotic normality of 7 ). Under Assumption 1, and if
lim VEA(#) =A€R, then
n—-4o0o n

Vo e, =) = N(ﬁiN%ﬂ. (3.4)

n—-+oo 1 —I()7

3.2. Estimation of £(x)

The form of ¢(x), given in Proposition 2.2, leads to a more complicated es-
timation. Indeed, ¢(x) is related on both v and cygny (M(x)). Our estimator
for «y is given in Equation (3.1). Concerning cygn (M (x)), we propose a kernel
estimator. Class of kernel estimators, introduced in [51], makes it possible to
estimate probability densities. Then, the following lemma will be useful for the
construction of our estimator. This result comes from p.108 of [35].

Lemma 3.2. The Mahalanobis distance M(X) = (X —px) ' Bx (X — px)
has density:
7'('% N
fax)(t) = F—Nﬁ_lCNgN(f)- (3.5)
(%)

Using Lemma 3.2, we introduce a kernel estimator gy, (z) for cygn (M(x)).

Definition 3.2 (Generator estimator). We define gn, () as
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where the kernel K fills some conditions given in [51] and bandwith h,, verifies
h, — 0 and nh, — +0c0 as n — +oo.

[51] provided the asymptotic normality for kernel estimators. We first define
some assumptions concerning K and gy needed for the next results.

e (K1): K is a bounded probability density function, compactly supported
n [—1,1]. In addition, K(u) = K(—u) Yu € R.
e (K2): In the neighborhood of M (x), gn is bounded and twice continuously
differentiable with bounded derivatives.

The following results may be found in [42]. Under conditions (K1) — (K2), it
may be proved that:

E [y (M(@))] = fuoo (M(z) = 0(03)
Var [faro (M (2))] =0 (7

. (3.7)
)

By adding the condition nh3 — 0 as n — +o00, we also obtain the asymptotic
normality:

Vb, (Fai0 (M (@) = ) (M(@)) = N (o, Farx) (M () / K(u)Qdu) :
(38)

Using the previous results given above, the following asymptotic normality for
Jn,, () is easily deduced.

Proposition 3.3 (Asymptotic normality of generator estimator). Under con-
ditions (K1) — (K2), and taking a sequence h,, such that h, — 0, nh, — 400
and nh3 — 0 as n — 400, then the following relationship holds:

Vnhy (Gn, () —engn (M(2))) = N (0, W);—;F(?)cwgw (M (x)) / K(u)2du>
(3.9)

as n — +00.

Replacing v by 4%, and engn (M (x)) by g, () in Equation (2.12), we are
now able to provide an estimator £(x) for ¢(x), in the following definition.
Furthermore, under Assumption 1, we give the asymptotic normality of ¢(x).

Definition 3.3 (Estimator of £(x)). We define {1, 5, () as:

N+4; 141
F ( kn ) A_l N
5 _N
Tk, T2

. 3.10
e (E2) Bl (310

gknyhn (:B) =

where 4, and gn, () are respectively given in Equations (3.1) and (3.6).

Proposition 3.4. Under Assumption 1, conditions (K1) — (K2) and if in ad-
dition hIJIrl VknA (ki) = 0, then the following asymptotic relationships hold:
n—-+o00o n
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(i) If nhy/k, T and /knh? 0, then

—
n—-+oo

VEn (ékmhn (z) — E(w)) — N(0,W). (3.11)

n—-+oo

.. 5
(i) If nhy/kn e 0 and nh?, 0, then

%
n—-+oo

Vnhy, (z?kmhn(m)—f(:c)) — N(0,Va), (3.12)

n—-+oo

where (U is the digamma function (see p. 258 of [2]))

1 _1 _1 2
v N2 F(N+'y; +1)2 \I,(w 2+1)_\I}(N+'y2 +1) N
! Aav(M@)* (1) (N +1) (N4 1)
. 2
F(%)f K(u)Qdu F(N+-y2 +1) 77177_%
? ¥ T ovon (M) r() (VDo (@)

(3.13)

We have the asymptotic normality for our estimators 7, and f4, . (2).
The next proposition gives the joint distribution according to the asymptotic
relationship between k,, and h,,. The proof derives from delta method.

Proposition 3.5. Under Assumption 1, conditions (K1) — (K2) and if in ad-
dition vk, A <kl) — 0 as n — 400, then the following asymptotic relationships
hold:

(i) If nhy/ky i O 0 and nh;, i O 0, then

7 (o, () — L) 0) (V2 0
"’h"( B — 1 1N o) o o)) B9
where Va is given in Equation (3.13).
(i) If nhy,/ky it +o00 and \/k,h2 it 0, then

() o () (e 7))
! ik, =11 n—roo 0)"\=NywVi N*3* ) )"
(3.15)
where Vi is given in Equation (3.13).

Using the previous results, we propose, in Section 4, some estimators of ex-
treme conditional quantiles based on ¢y, 5, (z) and 7, .

4. Extreme quantiles estimation

In this section, we propose some estimators of extreme quantiles ¢,,, (Y |X = x),
for a sequence o, — 1 as n — +oo. For that purpose, we divide the study in
two cases:
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e Intermediate quantiles, i.e. we suppose n(1—a;,) — +oo. It entails that the
estimation of the a,, —quantile leads to an interpolation of sample results.

e High quantiles. According to [17], we suppose n(1 — a,,) — 0, i.e. we need
to extrapolate sample results to areas where no data are observed.

In both cases, the asymptotic results require some conditions we will provide
throughout the section. The first one brings together the assumptions of Propo-
sition 3.5.

e (C): Kernel conditions (K1) — (K2) hold. In addition, k, — +o0, h,, — 0,
kn = o(nhy), Vk,h2 — 0 and vk, A (k”—n> — 0 as n — +oo0.

Condition (C) will be common to both approaches, and ensures in a first time
that Hill estimator is such that v/k, (4%, — ) is asymptotically unbiased, ac-
cording to Equation (3.2). Moreover, k, = o(nh,) means that g, () converges
to engn (M (x)) faster than 4y, to . In practice, this condition seems appro-
priate, because k,, must not be too large for the Hill estimator to be unbiased,
and h,, must be large enough to provide a good estimation of ¢(x).

4.1. Intermediate quantiles

We consider the case where n(1—a,,) — +o0o0 with o, — 1 as n — +00. We recall
G, Y[X =x) = py|x + O'y‘X(I)];i (). According to Equation (2.13), we can

approximate ® 5! (a,) by @5 (1 —(2+4(x) (1 —an)t - 2))_1). The idea is

then to estimate a quantile of level 1 — v, =1 — (2+ €(z) ((1 — o)~ — 2))_1

on the unconditional radius R, easier to deal with. By noticing that nv, ~
{(x)"'n(1 — a,) — +o0 as n — +00, we introduce the following statistic order
based estimator g, (Y|X = ) for ¢,, (Y|X = x), inspired by Theorem 2.4.1
in [15].

Definition 4.1 (Intermediate quantile estimator). Let ({a, (Y|X = x)) be

such that:

neN
1

o, Y|X =) = py1x + oy x (Wins,+1)) ™ (4.1)

1
l—an,

~ -1 ~
where 0, = (2+€kmhn () ( - 2)) , Nk, and Ly, . () are respectively

given in Definitions 3.1 and 3.3, and W is the first (or indifferently any) com-
ponent of the vector Ax (X — px).

In order to prove the consistency of our estimator, we need a further condition
(Cint) concerning the sequences a, and k,, useful in the proof.

o (Con): nl1=an) > o0, In(1-ay) = o(v/En), s = o (v/n(l = an))
as n — +00.

Obviously, (C;pt) contains n(1 — a,,) — 400, as mentioned above. Furthermore,
In(1—ay,) = o(v/ky,) ensures that the rate of convergence in Theorem 4.1 goes to
infinity (see below) and the last relationship allows us to eliminate a term in the
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proof. In order to make this condition more meaningful, let us propose a simple
example: we choose our sequences in polynomial forms k, = n®, 0 < b < 1 and
an =1—n"%a > 0. It is straightforward to see that In(1 — ) = o(k,,) and
In(n(l—ay)) = o(kn) ,Va > 0,0 < b < 1. However, % =o0 ( n(l — an))
if and only if b < 1 —a, i.e. a <1 and n(1 — ay,) = 00 as n — +oo.

Firstly, we give a result concerning the asymptotic behavior of ¢,, (Y|X = x)
with respect to gq, 1 (Y'|X = x). Then, with Equation (2.14), we easily deduce
a consistency result for ¢,, (Y|X = ).

Theorem 4.1 (Consistency of §,, (Y|X =x)). Let us denote the sequences
vn = (24 0®)((1—on) ™t = 2))7F O = (24 b, () (1 — ) ™H = 2))7H
Under Assumption 1, and conditions (C), (Cint):

Vkn do, Y|X =) N2y
e (e gy 1) e (O’ Nt 1>4> B

And therefore:
o, Y| X =2) p
—— — 1. 4.3
o (VIX = 2) 43
The same asymptotic normality with ¢,, (Y|X = «) instead of go,+ (Y|X = @)
may be deduced from Proposition 4.1 under the condition

VEn In (q)Rl (1_%)77) =0.

n£r+noo In(1—ay) (I)Ei (an)

This condition, which seems quite simple, is difficult to prove in a general con-
text. Indeed, we need a second order expansion of Equation (2.14). But the
second order properties of the unconditional quantile @1}1 given by Assump-
tion 1 are not necessarily the same as those of the conditional quantile @1317
which makes the study complicated. However, in some simple cases, we are able
to solve the problem. We thus give another assumption, stronger that Assump-
tion 1. In the following, we refer to this assumption for results of asymptotic

normality.

Assumption 2. Vd € N* there exists Ay > 0, Ao € R such that:

e

caga(t) = Mt~ "2 [1 + MtF 40 (t%)] . (4.4)

It is obvious that Assumption 2 implies Assumption 1. Indeed, according
to [32], Equation (4.4) is equivalent to say that c;g;(¢?) is regularly varying of
second order with indices —1 —~v~!, p/v and an auxiliary function proportional
to t%. Then, Proposition 6 in [32] entails ®(t) is second order regularly vary-
ing with —y~%, p/v and the same kind of auxiliary function. Finally, this is
equivalent (see [15]) to Assumption 1 with indicated v and p, and an auxiliary
function A(t) proportional to t*.
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Furthermore, according to [36], the dependance on d in Equation (4.4) re-
mains coherent with the assumption of consistent elliptical distributions, the
latter having to have a function g4 depending on d. As an example, the Student
distribution fills Assumption 2. The latter allows us to provide a second order
expansion for Equation (2.14).

In order to prove the asymptotic normality of 4., (Y|X = x), we add a tech-

nical condition (C/&) that involves tail indices v and p.

o (CHSEY: (Cing) holds. In addition, vk, (1 — ay) = o (In(1 — ay,)), and:

int
A /kn min(—p,2v)

lim (I1—a,) M1 =0. (4.5)

n—+oo In (1 — )
In view of Equation (4.5), it is obvious that if N (or 7) is too large, (CI¢') is
not filled. The tail of the underlying distribution may thus not be too heavy,
and the number N of covariates not too large. Similarly, they no longer hold
if v or —p is too small, i.e. if either the underlying distribution is too lightly
varying, or t'/7® p(t) converges too slowly.
It may be interesting to compare conditions (C;,;) and (C’gtc ) by taking the
example introduced previously, i.e. k, =nb, 0 <b<landa, =1-n"% a > 0.
(Cint) entails @ < 1 and b < 1 — a, while (C’gf) requires in addition b < 2a

and b < 2amin(—p,2v)/(yN + 1). Finally, the latter adds restrictions on the
parameter b, without beeing in contradiction with (Cjpe).

Proposition 4.2 (Asymptotic normality of 4., (Y|X = x)). Assume that As-
sumption 2 and conditions (C), (CEE) hold. Then:

wnt

Vi (e, VIX =) _ N
In(1—an) <qa” YX =z) 1) e (O’ (YN + 1)4> -

We notice that asymptotic variance in Equation (4.2) tends to 0 as the num-
ber of covariates N goes to +00. Indeed, we observe a fast convergence of ¢, to
Ga,+ When N is large. However, (CZ‘ZtG ) is not filled if NV is large. Then asymp-
totic normality (4.6) no longer holds. This is explained by the fact that more NV
is large, more qq,, (Y|X = @) /qa,+ (Y|X = x) (see Equation (2.14)) tends to 1

slowly.

4.2. High quantiles

We now consider n(1 — a;,) — 0 as n — 4o0. In the following definition, we
introduce another quantile estimator o, (Y|X = @) for ¢, (Y|X = x). We
first recall that the idea is to estimate an unconditional quantile of level 1 —
Uy =1 — (2 +{(x) ((1 —ap) Tt - 2))_1. A quick calculation proves that v, is
asymptotically equivalent to ¢(z)~!(1—a,), and therefore nv,, — 0 as n — +o0.
The use of statistic order (at level nv,,) is then impossible in that case. According
to Theorem 4.3.8 in [15], a way to estimate such a quantile may be to take the
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statistic order at the intermediate level k,, (we recall k,, — +00), and apply
an extrapolation coefficient (k,,/(nv,))". This approach inspired the following
estimator.

Definition 4.2 (High quantile estimator). We define ((ﬁan Y|X = a:)) S
ne

. kn R 1 ke
da, (Y|X =) = py|x +0y|x |:W[kn+1] (7 (2 + Liyy b () (1 o 2))) ] .
(4.7)

The aim is now to study the asymptotic properties of qﬁan (Y|X =x). As
for the intermediate quantile estimator, we propose a result of asymptotic nor-
mality, under a condition (Chign) (given below) which we then refine under
Assumption 2.

o (Chign): n(1—ay) = 0, In(n(1 — ay)) = o(v/k,) and 1(1(1;5” —~0e

[0, 400 as n — +o0.
The second statement is added in order to apply Theorem 4.3.8 in [15], and the
third one is a notation used in the following. Let us propose a simple example: if
we choose our sequences in polynomial forms k, =n?, 0 <b< 1 and a, =1 —
n~% a > 0, the first condition is filled if and only if @ > 1, In(n(1—aw,)) = o(Vky)

is always true and the last assertion holds with a particular 8 given later.
The consistency result that follows immediatly is given just below.

Theorem 4.3 (Consistency of high quantile estimator). Let us denote v, =
2+0x)(1—an)™t=2)"" and 0, = (2+ Lk, p, () (1 — )™t —2)) 7L Under
Assumption 1, and conditions (C), (Chign):

VEkn do, YIX =) ( v, N )2
In (s) <q%T(Y|X:‘L’> R A s R e

(4.8)
as n — +00. And therefore:
Go, Y|X =2)
————< =1 asn — +o0. 4.9
to, (VX = 2) (49

We can emphasize that condition (Chgp) is filled in most of the common
cases. Indeed, the simple examples to find that do not satisfy (ii) are of the form
a, =1—n"tln(n)™®,k > 0 and k, = In(n). But such a choice of sequences
would lead to a poor estimation of 4%, and 7, , since k, — +oo very slowly,
and moreover a poor estimation of the quantile, the level «,, tending to 1 slowly.
These sequences are therefore not recommanded in practice. Next corollary gives
the value of 8 when sequences k,, and a,, have a polynomial form.

Corollary 4.4. Under Assumption 1, conditions (C), (Chign), and taking k, =
n®,0<b<1anda, =1—-n"%a> 1, asymptotic relationship (4.8) holds with

_ a
0= a+b—1"
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As for the intermediate quantile estimator, asymptotic normality (4.8) may
be improved under the condition

Vi (‘bf}l u _””)%> =0
(I)él(an) .

lim
" n (n(Tlc_"an))

Assumption 2 places us in a framework where it is quite simple to prove it, if
we add the following condition:

o (CH,): (Chign) holds. Tn addition,

vk, min(—p,27)

lim —a,) N =0. (4.10)

+ k (1
n——+oo n
In (n(l—an) )

As (CH), condition (Cﬂgh) means that sequence k,, must be small enough.
If we compare with the previous conditions, by taking the example introduced
above Theorem 4.1, (Chign) requires only a > 1, while (C’,’Zgh) needs in ad-
dition b < 2amin(—p,2v)/(yN + 1). Both conditions are therefore completely
compatible. However, in view of Equation (4.10), we deduce that if N or v is
too large, (Cﬁg) is not filled. The tail of the underlying distribution may thus

not be too heavy, and the number IV of covariates not too large. Similarly, they
no longer hold if v or —p is too small.
By combining Assumption 2 and (Cﬁfh), the following result is obtained.

Proposition 4.5 (Asymptotic normality of high quantile estimator). Assume
that Assumption 2 and conditions (C), (C}Zggh> hold. Then:

VEn Gy (Y|X = @) v Ny Y
1n( yeer >) <qa" ViX=2) - O’(7N+1_9(7N+1)2) '
(4.11)

We can make the same kind of remark as in the previous subsection when
N is large. In the following, we give estimators for two other classes of extreme
risk measures, based on the estimators given in Equations (4.1) and (4.7). The
first one generalizes quantiles.

5. Some extreme risk measures estimators
5.1. L,—quantiles

Let p > 0 and Z be a real random variable such that E[|Z|P] < +oco0. The
L,—quantiles of Z with level a €]0,1[, denoted g, (Z), is solution of the mini-
mization problem (see [11]):

Opo(Z) = arger]gin E[1-a)(z—2) +a(Z-2)"], (5.1)
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where Z, = Z1;z-0). Equation (5.1) requires the existence of moment of or-
der p. Equivalently, the L,—quantile of Z may also be seen as the solution of
(1-a)E [(z - Z)f’[l] = aFE [(Z - z)ﬂfl}, and thus only refers to moment of
order p — 1.

According to [39], the case p = 1 leads to the quantile ¢, »(Z) = F;*(a),
where Fz is the c.d.f. of Z. The case p = 2, formalized in [48], leads to more com-
plicated calculations, and admits, with the exception of some particular cases
(see, e.g. [38]), no general formula. The general case p > 1 has seen some recent
advances. [5] has shown that L,—quantiles get the translation equivariance and
positive homogeneity properties for p > 1. More recently, the particular case of
Student distributions has, for example, been explored in [7]. However, it seems
difficult to obtain a general formula. On the other hand, in the case of extreme
levels a, i.e. when « tends to 1, [14] proved that the following relationship holds,
for a heavy-tailed random variable with tail index v < 1/(p — 1).

Ip,o (Z) ¥ it -
qg(Z) ajl B(p,'}/*l 7p+1) T fL (va)a (52)

where p > 1 and B(.,.) is the beta function. We add that for a Pareto-type
distribution with tail index ~, the L,—quantile exists if and the only if the
moment of order p — 1 exists, i.e. if v < 1/(p — 1). The expectile case p = 2
leads to the result of [5]. Using this result, we can estimate the conditional
L,—quantiles from the quantile estimated in Section 4. For that purpose, we
need to know the tail index of the conditional radius R*, given in the following
lemma.

Lemma 5.1. The conditional distribution Y|X = x is attracted to a mazimum
domain of Pareto-type distribution with tail index (v~1 + N)71, i.e.

@R*(Wt) o _1_N
AT YT (5:3)

With Lemma 5.1 and Equation (5.2), we define the following estimators for
the L,—quantile of Y| X = &, according to whether if n(1 — «,,) tends to 0 or
+00.

Definition 5.1. Let (ap)nen be a sequence such that a,, — 1 as n — +oo. For
alll1 <p< N+1+~71, we define:

1 _
dp.om (VX =) = py|x + 0y |x Wino,+17) ™ fL <(;Yk_n1 + N) ! 710)
1

2 Vion, | Thom, o 1 :
dpsan (Y|X =) = py|x + 0y |x {W[/WH] <fT"n> } fr <('Yk"1 +N) 7P>
(5.4)
where 4y, and Uy, are respectively given in Equation (3.1) and Theorem 4.1.
According to Lemma 5.1, condition p < N + 1+ ~~! ensures the existence of
moment of order p — 1 for Y| X = x, and therefore that of L,—quantiles.
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We have proved the convergence in probability of both §,, (Y|X = x) and
Ga, (Y|X = ). Furthermore, the convergence in probability of the asymptotic
term, and consequently the empirical L,—quantile is not difficult to get, this is
why we omit the proof.

Proposition 5.2 (Consistency of L,—quantile estimators). Assume that As-
sumption 1 and condition (C) hold. Under conditions (Cint) and (Chign) re-
spectively, ¢p o, (Y|X =) and Gp.o, (Y|X = x) are consistent for all 1 < p <
N+1++71 de:
p.on (Y] X =)
‘Zp,an(Y‘X:fc)
dp.on (Y] X=2)

P
_)
B
Ip,a, (Y X=x)

' 5.5
= (5.5)

Using the second order expansion of Equation (5.2) given in [14], and doing
some stronger assumptions, we can deduce the following asymptotic normality
results. For that purpose, let us add two conditions.

(3

. (C’Ln”t) (Cint) holds. In addition, vk, (1 — o) = o (In(1 — ay,)), and:

A /k-n min(—p,7y)
m — " (1—a,) ¥ =0, .
nﬁu}rloo In(1—ay) ( on) 0 (5:6)

* (Cfl;z‘;;;h): (Chign) holds. In addition,

Vv min(—p.7)
lim Fn (1—a,) " =0. (5.7)

n—-+o0o In ( kn )

n(l—ay)

These conditions will be used below. If we compare (CL” ) and (C’ffgh> with

int

(Cﬁtg) and (C}gfh) respectively, sequence k,, must be chosen smaller. Indeed,

the classical example of sequences introduced above Theorem 4.1 leads to b <
2amin(—p,v)/(vN + 1), instead of 2a min(—p,27)/(yN + 1) for (CH%). The
(CLP) conditions are thus a bit more restrictive, by remaining compatible with
(C) and (CH G). Finally, we can draw the same conclusions than above, i.e. these
conditions are applicable for regularly varying distributions with an intermediate

level 7, and a small number of covariates N.
To sum up, among all these conditions, we can deduce the following ordering;:
(Cin) = (CHE) = (Cin)

int nt

(Cff;h) = (Cﬂfh) = (Chign)

Proposition 5.3 (Asymptotic normality of L,—quantile estimators). Assume
that Assumption 2 and condition (C') hold. Under conditions (Canpt) and (C,ffgh>
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respectively, then:

V. (dpon (Y| X=2) Nyt )
ln(l—an) (‘h),an (Y|X:m) 1) n—>_-‘,>-oo N (0’ (’YN+1)4

Ky, dpoay, (Y| X=2) Y N+® ’
iy (g ) o V(0 (s o))

foralll<p< N+1+~71

An example of Ly—quantile, or expectile, is provided in Section 6. The second
risk measure we focus on is called Haezendonck-Goovaerts risk measure.

5.2. Haezendonck-Goovaerts risk measures

Let ¢ a non-negative and convex function with ¢(0) = 0 and ¢(1) = 1, and
Z a real random variable such that E[¢ (|Z]/h)] < 400 for some h > 0. The
Haezendonck-Goovaerts risk measure of Z with level o €]0, 1] associated to ¢,
is given by the following (see [56]):

Ho(Z) = inf {2+ Ha(Z,2)}, (5.9)

where H,(Z, z) is the unique solution h to the equation:

ofo(Z524)] <10 10

p is called Young function. This family of risk measures has been firstly intro-
duced as Orlicz risk measure in [27], then Haezendonck risk measure in [26],
and finally Haezendonck-Goovaerts risk measure in [56]. According to [6], such
a risk measure is coherent, and therefore translation equivariant and positively
homogeneous. The particular case p(t) = ¢ leads to the Tail Value at Risk
with level @ TVaR,(X), introduced in [3]. In the following, we denote H), (Z)
the Haezendonck-Goovaerts risk measure of Z with a power Young function
tP.p > 1. We can notice that in this case, the definition given above requires
E[|Z|P] < +o0. In [56], the authors provided the following result.

Proposition 5.4 ([56]). If Z fills Assumption 1 with v < 1, and taking a Young
function ¢(t) = tP,1 < p <=1, then the following relationship holds:

Hu(2) v (7 =-p)"

-1 Y.
1.(Z) ajl pY(P—1) B (7 p,p) = fu (7,p). (5.11)

In particular, taking p = 1 leads to TVaRq(Z) ~ (1 —4)7! ¢o(Z) as a —
1. Using Lemma 5.1, extreme quantile estimators in Definitions 4.1, 4.2 and
Proposition 5.4, we can deduce estimators for extreme Haezendonck-Goovaerts
risk measure Hy , (Y|X = ) (with power Young function ¢(t) = t?,p > 1) of
Y|X =z



Estimation of conditional extreme risk measures 4075

Definition 5.2. Let (a,)nen be a sequence such that o, — 1 as n — +oo. If
1<p< N+~71, we define:

~ 1 _
Hy o, (Y|X =) = piy|x + 0y x (Wino,+1) 0 fu ((%;} +N)7 ,p)
1

Hp,a (Y[X =) = py|x +0vix [W[knﬂl (an)%} "t ((&k‘j +N)7 ,p)
(5.12)

The condition p < N +~~! simply ensures the existence of H, o, (Y|X = x).
Using the consistency results given in Propositions 4.1 and 4.3, the consistency
of these estimators is immediate. The proof is also omitted from the appendix.

Proposition 5.5 (Counsistency of H-G estimators). Assume that Assumption 1
and condition (C) are filled. Under conditions (Cint) and (Chign) respectively,

Hy., (Y|X =) and Hy., (Y|X =) are consistent for all1 <p < N+~71,
.e.:

Hyo, (YIX=2) B
Igp,an,(y‘x:m)
Hpoy (VI X=2) B4
Hp,ap, (Y|X=x)

(5.13)

Proposition 5.6 (Asymptotic normality of H-G estimators). Assume that As-
sumption 2 and condition (C) hold. Under conditions (CH&) and (Cﬁfh) re-

int
spectively, we have:

VEn Hyop (Y| X=2) N2y*
it (i - 1) . N (0, )
N Hyop(Y|X=2) _ v NP )2 )
() (H”’“" (¥|x=e) 1) 400 N (07 (VNH ch s

(5.14)
foralll1 <p< N +~~L

We can emphasize that conditions for asymptotic normality are less strong in
the case of Haezendonck-Goovaerts risk measures. We propose some examples
(with p =1, i.e. TVaR) in Sections 6 and 7.

6. Simulation study

In this section, we apply our estimators to 1,000 samples of n simulations of a
Student vector Z = (X,Y) € R? (X € R? and Y € R) with v = 2 degrees of
freedom, and compare with theoretical results. According to [15], the Student
distribution with v degrees of freedom fills Assumption 1 with indices v = 1/v,
p = —2/v, and an auxiliary function A(t) proportional to t=2/*. The latter
even fills Assumption 2, and is the only heavy-tailed elliptical distribution (to
our knowledge) where we can obtain closed formula for conditional quantiles.
In addition, such a degree of freedom makes the tail of the distribution suffi-
ciently heavy to easily observe the asymptotic results. We can notice that the
unconditional distribution Y has tail index 1/2, then, using Lemma 5.1, the
conditional distribution Y| X = « has tail index 2/5 < 1, and admits quantile,
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expectile (Lo —quantile) and TVaR. This section beeing uniquely devoted to the
performance of our estimators, we take for conveniance g = Ogs and ¥ = I3.
Let us now estimate the extreme quantiles of Y| X = x. For that purpose, we
have to choose an arbitrary value of . We thus suppose for example that the
observed covariates vector @ satisfies M (x) = 1.

6.1. Choice of parameters

As mentioned in Sections 3 and 4, the asymptotic results obtained are sensitive
to the choice of sequences k,,, h,, a,, and to a lesser extent to the kernel K. The
latter will be K(t) = (1/2)1¢j<1y in the following. Concerning the sequences,
we propose in this section to consider the polynomial forms o, = 1—n"% a > 0,
k, =nb b >0 and h, = n~° ¢ > 0. In order to deal with high quantiles, we
take in a first time a = 1.25. We now have to choose carefully the parameters b

and ¢, fulfilling the conditions (C'), (Chign) and (Cfg‘%) (C) imposes b < 1 —c,

b < 4dcand b < 4/(v+4) = 2/3, (Chign) is satisfied with § = a/(a +b — 1)
(see Corollary 4.4), (C’{Iifh) entails b < 2a¢ = 2.5 and b < 4a/(N + v) = 1.25.

Finally, it seems reasonable to choose b (respectively ¢) as large (respectively
small) as possible. We propose, in the following, to compare the performances
of our estimators according to b and c.

6.2. Extremal parameters estimation

The next step is to estimate the quantities  and ¢(x). For that purpose, we
use our estimators 7, and /. (x) respectively introduced in Equations (3.3)
and (3.10). These two estimators are related to the Hill estimator 4y, , and
asymptotic results of Section 3 hold only if the data is independent. This is why
we do the estimation of vy only with the n realizations of the first component
from the vector Z.

Figure 1 shows the box plots of our estimators 7, and fy, . () for b= 0.3
(A), 0.6 (B), 0.8 (C) and ¢ = 0.1 (1), 0.3 (2) and 0.5 (3). In this example, the
theoretical value of 7 is 2/2 41 = 2, and ¢() is equal to 3.375 (cf. Table 1). As
mentioned in the previous paragraph, the estimation of both 7 and ¢(x) seems
better when b is large. However, when b > 2/3 (case C), (C) is no longer filled,
and the estimators perform very poorly. Finally, the variance of ék h,, () seems
increasing with c¢. We can also notice that case (B-1) does not fill (C'), since
b > 4c. Thus the optimal choice of parameters seems to be b around 0.6 and ¢
around 0.2, which confirms the conclusions of the previous paragraph.

6.3. Extreme risk measures estimation

It remains to estimate the conditional quantiles, expectiles and TVaRs of Y| X =
a. Theoretical formulas (or algorithms) for conditional quantiles and expectiles
may be found in [45] and [46]. Furthermore, using straightforward calculations,
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FiGc 1. From left to right: box plots of 1,000 estimators 7, and ékn,hn (z), for n = 10,000.
Theoretical values are in red. The chosen sequences are kn, = n93 (A), n%¢ (B), n%8 (C),
hn=n"%1 (1), n=03 (2), n=03 (8) and ap =1 —n=125,

formulas for Tail-Value-at-Risk may be obtained.

Go (Y|X =) = L (@)
—N—v
r( Ntite \/v+M(x) ‘bljl (a)? 2 ’
TVaR, (Y|X =2) = 125 ﬁ(@)) Vr(wrN-1) <1+ VAN
(6.1)

where @, is the c.d.f. of a Student distribution with v degrees of freedom. In
order to give an idea of the performance of our estimator, we propose in Figure 2
some box plots representing 1,000 relative errors (based on sample sizes n from
100 to 10,000) of our quantile estimator (4.7) with a,, = 1 — n=1-25.

Finally, we would like to compare these results with other estimators already
used. The most common and widespread methods for estimating conditional
quantiles and expectiles are respectively quantile and expectile regression, in-
troduced in [39] and [48]. In [45] and [46], we have shown that such approaches
lead to a poor estimation in case of extreme levels. Indeed, in this example,
a quantile regression estimator will converge to ®, () = 223.6034, very far
from 20.20626, the theoretical result. Obviously, since the quantile regression es-
timator does not assume any structure on the underlying distribution, the latter
is clearly less efficient than the tailored extreme quantile estimators introduced
in this paper.

It may also be interesting to compare the empirical variance of our esti-
mator with our asymptotic result given in Proposition 4.5. Furthermore, the
latter allows us to provide confidence intervals for g, (Y|X = x). We thus

introduce ¢, as the empirical variance of i \/g ) (ZM ggig _ 1)’ while
n(l—an) on -

2
(= (71\7+1 - Q(folV) = 4.38 x 1073 in this section. In addition, we denote
m., the number of times the theoretical value g,, (Y|X = @) is in the 95% con-
fidence interval. Table 2 gives an overview of the behavior of these quantities
according to n.
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F1G 2. Box plots representing 1,000 relative errors do (V] X=2) ) g2 e (VI X=a)

% — 1 respectively (based on sample sizes n from 100 to 10,000) with o, =

1-—n"12% k, =n06 and h,, =n"02.

TABLE 2
Empirical variance fn, number of 95% confidence intervals containing the theoretical value
my for 1,000 estimations 4o, (Y|X = x) of qa, (Y\X =), withn mngmg fmm 100 to
10,000. Chosen sequences are an =1 —n"125 k, =n%6 and h, —0.2

n 1—an fn M,
100 3.16 x10~° 1.39 x10~2 478
1,000 178 x10~* 6.06 x10~3 869
10,000 1 x107° 4.55 x1073 938

Finally, based on these quantile estimates, we deduce, using Definitions 5.1
and 5.2, Lo—quantile (or expectile) and Tail-Value-at-Risk estimates. Figure 2

provides relative errors for estimators C}Q’an and H Lo -

In the previous figures, only the first component of the vector is used to
estimate the tail index. There is therefore some loss of information. We have
suggested in Section 3 another approach. Furthermore, [53] or [31] proved that
the Hill estimator may also work with dependent data. Thus it would be possible
to improve the estimation of 4;, by adding the other components of the vector
in Equation (3.1), but in that case the asymptotic results of Propositions 3.1 or
3.3 would not hold anymore.

7. Real data example

As an application, we use the daily market returns (computed from the closing
prices) of financial assets from 2006 to 2016, available at http://stanford.edu/
class/eel103 /portfolio.html. We focus on the first four assets, i.e. iShares Core
U.S. Aggregate Bond ETF, PowerShares DB Commodity Index Tracking Fund,
WisdomTree Europe SmallCap Dividend Fund and SPDR Dow Jones Industrial
Average ETF which will be our vector of covariates X . Figure 3 represents the
daily returns for each day.

The reason for focusing solely on the value of these assets could be, for exam-
ple, that they are the first available every day. The aim would be to anticipate
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ishares Core U.S. Aggregate Bond ETF PowerShares DB Commodity Index Tracking Fund  WisdomTree Europe SmallCap Dividend Fund SPDR Dow Jones Industrial Average ETF

Market return
Market return

Market return
o om om0 o oo

F1G 3. Daily market returns of 4 different assets.

the behavior of another asset on another market. We thus consider the return
of WisdomTree Japan Hedged Equity Fund as random variable Y. The size of
the sample is 2519. The first 2518 days (from January 3, 2007 to December 5,
2016) will be our learning sample, and we focus on the 2519th day, when the
covariates vector X is @ = (—0.0185%, —0.4464%, 0.9614%, 0.1405%). Pending
the opening of the second market, let us estimate the quantile of the return Y
given X = x.

After a brief study of the autocorrelation functions, we consider that the daily
returns can be considered as independent. Concerning the shape of the data,
histograms of the marginals seem symmetrical. Furthermore, the measured tail
indices are approximately the same for the 4 marginals. This is why suppose that
the data is elliptical. We can also wonder if the consistency property, defined
in Section 2 and quite difficult to verify, is reasonable in this example. We thus
refer to the literature, where consistent elliptical distributions, also called normal
scale mixtures, are widely used to model financial asset returns (see, e.g. [22] or
more recently [1]).

After having estimated g and ¥ by the method of moments, we get M (x) =
1.073. We apply our estimators 7, and Zy, 5, (z) given in Equations (3.3)
and (3.10). We take as sequences k,, = n%¢ (b =0.6) and h,, =n"%2 (¢ =0.2),
and as kernel K (t) = (1/2)1{4/<1}, hence we deduce the asymptotic confidence

bounds from Equation (3.14). We then obtain 7, = 2.62 and fy_ 1, (x) = 6.36.
Let us now estimate the high quantile ¢,,, (Y|X = «) with level o, =1 —n",
a > 1. In order to minimize the asymptotic variance of Equation (4.11), we
choose a = (1—0) (4%, + 1) = 1.05. By applying estimator (4.7), we get a quan-
tile of level 1 —2.68 x 10~ close to 3.75% for Y| X = x. In other words, before
the opening of the second market, we consider that given the returns of our first
four assets, that of WisdomTree Japan Hedged Equity Fund has a probability
1—2.68 x 10~* of beeing less than 3.75%. For information, the true return that
day was 0.714%. If we do the same experience every day of the sample, we get
the extreme quantile curve of Figure 4.

Finally, the true returns curve has exceeded that of extreme quantiles 4 times:
04/04/2013, 06/10/2013, 10/31/2014 and 04/22/2016, hence a frequency of
4/2519 ~ 1.59 x 1073, a little bit more than the 2.68 x 10~% expected. However,
some of these overruns are a direct result of the economic policy decisions of the
Bank of Japan. For instance, 04/04/2013 is the day when the latter announced
the Quantitative and Qualitative Monetary Easing (see [41]).
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WisdomTree Japan Hedged Equity Fund
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FiGc 4. Estimated quantiles of level 0.9997316 (in red) and true returns (in black) of Wis-
domTree Japan Hedged Equity Fund.

8. Conclusion

In this paper, we propose two estimators gkn,hn (z) and 7y, respectively for ex-
tremal parameters ¢(x) and 7 introduced in Equation (2.13). We have proved
their consistency and asymptotic normality according to the asymptotic re-
lationship between the sequences k, and h,. Using these estimators, we have
defined estimators for intermediate and high quantiles, proved their consistency,
given their asymptotic normality under stronger conditions, and deduced esti-
mators for extreme L,—quantiles and Haezendonck-Goovaerts risk measures.
Consistency and asymptotic normality are also provided for these estimators,
under conditions. We have also illustrated with a numerical example the per-
formance of our estimators, and applied them to real data set.

As working perspectives, we intend to propose a method of optimal choice of
the sequences k,, and h,,, which is not totally discussed in this paper. Further-
more, the shape of £(x) and 7 leaving Assumption 1 is a current research topic.
More generally, the asymptotic relationships between conditional and uncondi-
tional quantile in other maximum domains of attraction, using for example the
results of [28], may be developed. However, we need a second-order refinement,
as we need a second-order refinement of Equation (2.14) to propose asymptotic
normalities 4.2 and 4.5 under weaker assumptions than Assumption 2. Finally,
it seems that the ratio of the two terms in Equation (2.14) tends to 1 more
and more slowly when the covariates vector size N becomes large. Then, our
estimation approach may perform poorly if N is large. This is why it might be
wise to propose another method when the covariates vector size N is large.

Appendix A: Proofs
Proof of Lemma 2.1

(i) We recall Ry 4 x1&, where y; has a Lebesgue density \/ge_é. Accord-
ing to Lemma 4.3 in [34], ¢ satisfies Fg(tw)/Fe(t) — w7 as t = ~+oo.



Estimation of conditional extreme risk measures 4081

Furthermore, Lemma 4.2 in [34] entails

;71
P (¢ >t) L E {xf} P(Ry >t).

Assumption 1 provides P(Ry > t) ~ )\t_%, hence the result.
(ii) Using again Lemma 4.2 in [34] for Ry 4 Xd&, it comes immediatly

1

P(Rq>t) B {Xj] P(&>t).

1 T d+y~1
Some straightforward calculations provide E {X;} ; ( >

1 I

(iii) From (ii), we have, for alld € N, fr,(t) et 2~ ) Nt~7 71 where
—r+00

O

A > 0 is not related to d. The result is immediate with this expression. (J

Proof of Proposition 2.2
The conditional density (Proposition 3 in [45]) leads to:

im (;)R* ) _ ‘m cNp1gN4+1 (M (x) 4 12)
t=ooo®p(th)  toooengn (M(x))nth—1eygy (£27)

= lim L (Ng_l) (M () +t2)7% JRy 1 ( M (x) +t2>

ot engy (M) ! fri (1)

Using Equation (2.11) of Lemma 2.1, it comes

_ r (N+1+“/_1)
©r- (1) 1 2 (=D D +1-n-N

BR(t7) t=+00 75 engn (M(z))y T (%)

Obviously, we impose 0 < £(z) < +o0o, then 1 —n— N+ (n—1)(v" 1 +1) =0,
hence n = N~y + 1. Replacing 7 in the previous equation, ¢(x) is easily deduced:

N4144~1
1 F( 2v )

" Fexon (@) 1 ()

O

Proof of Proposition 3./

It is obvious that under conditions (K1) —(K2), vkn(gn, () —cngn (M(x))) 5
0 as n — +oo if k, = o(nh,) and vk,h2 — 0. Then we get the following
asymptotic normality:

Vi (g0 v o) 2 () (0 0))
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Since £(x) = u(y), the delta method entails

Vi (b (@) = 6@)) = N (0,0/(1)%?) .

n—-+o0o

A quick calculation of «’, using Equation (2.12), gives the first result. The second
part of the proof is similar. Indeed, if nh,, = o(ky) and nh3 — 0 as n — +oo,
then

o (th () jké}_g; (M (w))>

0 0 0
- N , YN
n— oo <0) 0 %qvg]v (M(z)) [ K (u)?*du
The delta method completes the proof. O

In order to make the proof of Theorem 4.1 easier to read, we give the follow-
ing lemma, which provides the asymptotic behavior of a statistic order under
Assumption 1.

Lemma A.1. Under Assumption 1 and condition (C),

noy, <7¢(§1/[Z+En)) — 1) — N (0,9%). (A1)

Proof of Lemma A.1

The proof is inspired by Theorem 2.4.1 in [15]. Let Y7, Y3, . .. be independant and
identically distributed random variables with c.d.f. 1 —y~!,5y > 1. We denote
in addition Y[n} <...< Y[l]‘ We thus have

/Ny, (vnY[m)n_H] - 1) —  N(0,1).

n—-+o0o

i:3

By noticing that Wiy, 1) @Igl (1 - 1/Y[mn+1]), it comes

nv 7(W[m"+1]) —1] <y LS (L= 1/ Y1) — (vnY] )’
"\ o (1= vn) " O (1—vn) n el

+ Vv (vnYine,+17)" — 1) -

The delta method entails that the second term tends to N(0,+?2). Moreover,
Assumption 1 and vk, A (kl) — 0 as n — 400 ensure the asymptotic nullity
of the first term.
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Proof of Theorem 4.1

In a first time, we can notice that @, is related to Z h, (). Then, accord-

s

ing to Proposition 3.4, (i) entails that we can deal with v, instead of o, in
Equation (4.2). Furthermore, we give the decomposition:

Vhn <q°‘" WX =) —1> - VEn ((W[nvnm)”ﬁ’“" _1)

In(1—an) \ ¢a,t Y[X =2x) n—+oo In (1 — am) @El (1 —vp)'/7

1/ Tk,
_ vkn (W[”’Un"rl]) —1 (I>*1 (171}”)1/@@"_1/"
In(1—an) \ @' (1 —vn)'/n "

Vkn -1 1/7,, —1
v (3 1— e —=1/1 _ 1) .
+ ln(l—an) ( R ( ’Un) )

Under Assumption 1, and according to Proposition 3.1 and Theorem 2.4.1 in [15]
(with (C)), we have:

Vi G =a) e (0 )

Nke, n

n—-+oo
(W['rL'un+1]) . 2
NUn, (7%1(1%) 1 N (097)

By noticing that v,, is equivalent to £(x)~!(1 — a,) as n — +oo, and using
condition vk, = o (111(1 —ap)y/n(l — an)) in (Cine), it comes

e 1/
kn WTL’U "
( [ "H]) — — 1| = 0asn— 4o0.
In(l—an) \ @' (1-v )1/nkn

R n
Furthermore, under Assumption 1, In (@gl(l — vn)) is clearly equivalent to
—7In(vy,), or —yIn(1 — a,). Then (Cjy) ensures &' (1 — )/ Ty
as n — 400, and therefore the first term of the decomposition tends to 0. It
thus remains to calculate the limit of the second term. It is not complicated to
notice that

. 24,2
_1\/ ky, ((I)]—gl (1 _ Un)l/ﬁkn—l/n _ 1) - N 0, Ni’yél .
In (@3 (1 —v,)) R0 (YN +1)

Using the equivalence In (@3 (1 — v,,)) ~ —yIn(v,) ~ —yIn(1—ay,), we get the
result (4.2). Using asymptotic relationship (2.14), the consistency 4.3 is obvious.
O

Proof of Proposition 4.2

We recall that density of ®g. is proportional to cyy1gn+1 (M(x) + t2), and,
from Assumption 2, there exist \; > 0, Ay € R such that:

_N414q71

en+19N+1 (M(x) +t2) =X (M(x) +t2) 2 [1 + Ao (M(x) +t2)§% +o (t£>] .
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The previous expression may be rewritten as follows, where A\; > 0, A2, A3 € R:
entignt1 (M(z) +1%) = Ayt N+ [1 + X2 (M(z) + %) st 240 (tf?)] .

In order to make the proof more readable, we do not specify the values of
constants \;, because they are not essential. Then, in the case, p/y < —2, we
get

entign+1 (M(z) +17) = At~ (NHLET) [T+ Xt +0(t7?)], A1 >0, €R.

In other terms, cy 419N +1 (M(:c) + t2) is regularly varying of second order with
indices —N — 1 — !, —2, and an auxiliary function proportional to t~2. Ac-
cording to Proposition 6 of [32], ®x«(t) = f:oo en19n+1 (M(z) +u?) du €
2RV_pn_,-1,_o with an auxiliary function proportional to t~2. Equivalently,
there exists A1 > 0, Ay € R such that

—1 1 0 2 2
o7t (1- 1) = a7 [1+>\2t ~N+1+o(t wN+1)}.

Since Assumption 1 and Assumption 2 provide the relationship ®3'(1—1/t) =
Ast? [1 4+ Agt? + o (t°)], it comes
1
DLt (1—wn)7
(b;%l (an)

)

17%)7# L+ Avn” + 0 (va”)

Un

= f(x) "IN <
2y 2y
14+ Xo(1l—an)¥N+T 0 <(1 — an)"rN+1>

for some constants A1, A2 € R. In that case, we considered p < —27, hence
—p > 2v/(yN 4 1). We then deduce the following expansion:

1
dL' (1 —wn)™
for a certain constant A € R. We can notice that (1 — a,,)/v, = 2(1 —(x))(1 —
ay) + £(x), and let us now focus on the limit:

lim VEn In (Ijél (1 - U”)%
n=too In (1 — on,) Dt (an)
0% . Vkn 1—{(z)
(2

= 1
N + Ln—+oo In (1-ay, x)

b otim Y )ln(1+/\(1—an)% +0((1—an)v§11)).

n—-+oco In (1 — Qp

. [(1—-apn 'yJNﬁ 2y 2y
={(x) YNFI <—) {1—&—)\(1—0(”)71\’“ +o<(1—an)7N+1>} ,

Un

(1—ay)+ 1)

The first term is easy to calculate. Indeed, since vk (1 — ay,)/In(1 — ) — 0
as n — +o00, we deduce

VEn jin (21 K(i()w) (1—an) + 1>

1-lz) Vkn

U(z) n—too In(l— an)

lim
n—-+oo In (1 — Qp

=2 (1—ay)=0.
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By a similar calculation, the second term also tends to 0, supposing in addition

VEL_ (1 T 0 Th ded ing Proposition 4.1:
ln(1_%)( —ap) — 0asn — +00. Then, we deduce, using Proposition 4.1:

o (faliX=2) ) Ver [ (W)™
In(1—an) \qa, (Y|X =) In(1—an) Dyt (om)

_ Vi [ e (RTUD) 25! (1—vn)7
(1l —an) \ o1 (1= vn)¥ Dyt (an)

-1 _ 5 2.4
L VEa (g Gow)r 4} J\/<0,7NV 4).
In(1— an) i () n—+o0 (YN +1)

Now, let us focus on the case p/v > —2. The proof is exactly the same, with

CN+19N+1 (M(CL') + t2) = Alt_(N+1+771) |:1 + )\Qt% +o (t%)} A1 >0, € R,

Using the same calculations and supposing lim /- (1-« )77Np+1 =0
n—)+ooln(1_o‘") n

leads to the result. O

Proof of Theorem 4.3

Firstly, we can notice that

1

k., Ak | Thn
fo, Y X=2) {W““"*” () ] -
oot VX =2) 0ot gl —y,)7
{W{k +1] ( oo )%n} e Tk Vo,
ST v o\ 3

n \ Tkn Uy, \ "kn
@)
Ot (1 —wy)7 U Uy,

Since k,, = o(nh,,), we deduce, as n — +oo:

\/F" [W[kn+l] ( :ﬂn” ) ’Yk"] " 1 \/H [W[kn-%—l] < nkﬂT;L ) ’Yk"] " 1
ln(rf:n) gt (1711")% 1n(nﬁﬁl> _ 7%)%

Furthermore, according to Theorem 4.3.8 in [15], (C) and (Chign) lead to

~

In ( ki ) o5t (1 —vp) noteo Iy (—

nuy, Nnup

nu,

VEn [ Wikt (fé;)m VEn N
)l () )
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From Assumption 1, it is obvious to prove that In (®3'(1 — v,)) /In (k,/(nvy,))
is asymptotically equivalent to yIn(1—ay,)/In (n(1 — a,,)/ky,). Then, if we focus
on the second term, it comes, using the limit given in (Chign):

kn ’?kn*77 2 _ N'ya
V()T ) (), e )
ln( kn ) op(1 _Un)m*; 1 n—+oo 0 _g—Nv 92 N

YT, (YN+1)2 (yN+1)%
Finally,
S
kn Ven | Ty
VEn |:W[kn+1] (nvn> } VEn 1 1 1
k 1 1 -1 :7’%((1)}_2 (1—'Un)nk" 1 —1)
n (o) Ot (1= )7 In ()
S
Tk Nk
Wi ()]
NS { (kn+1] (nvn> et #,%
kn . B r (L—vn)n 7
() | epta-uo™

When n — oo, this expression is the sum of the following bivariate normal
distribution:

. 1
k Tk Nk
[W[kn+1] ( e ) "] n

72 ) N’Ys
LTI e S I ) I O cat S 5e
- 7 I 9
1n<k—”) PR (I-vn) lk" L 0 _gN 92 Ny

5
1 _1 (YN+1)3 (N+D)T
Bp(1—vp) 0 " —1

To conclude, In ( iy ) ~ In ( k_"a n)> as n — +oo, hence the result. The con-

nuy, n(1
sistency is immediate. O

Proof of Proposition 4.5

The proof is similar to that of Proposition 4.2. Indeed, we have given, in the
case p/v < —2:

3=

(I)I_%l (1—wp)

T oy @) QO @)1~ ) + (@) T

X [14-/\(1 —an)% +o ((1 - an)%)] ,

for a certain constant A € R. It thus remains to calculate

1
i VB (#E0 =)
n—+oo 1 (n(lkjozn)> @E}(an)

) Vkn —l(x
:vN7+1n£T°° In ( ]Z )m(zlf(i())(lo‘”)“)

n(l-an)
+nli>r4r-1<>o - (;(/;_:an)) In (1—1—)\(1 —an)% —I-o((l —an)%)).
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The first term is easy to calculate. Indeed, since n(1 — o) — 0 and k,, = o(n)
as n — +oo, we deduce

lim VEe <21 — =) —ozn)—|—1>
n—-+oo In kn E(:L')
(n(l—a"))

1 — =) lim Vn

= 2Wn—>+°° m(l

—ap) =0.

By a similar calculation, the second term also tends to 0, supposing in addition

2y
% (1 —ap)"™™FT — 0 as n — +oo. Then, we deduce, using Proposi-

w—amn)

tion 4.3:

o1
kn TYkn | Mky,
W {W[knﬂl (nv) ] o = (¢,R1 (1—vp)7 1)
b -1 T T kn -1 -
I () Pre (on) () | ®aelen)
o1
kn TYkn | Mky, 1
L VR {WW” () } N Ok
kn - 1 —1
I () Oyt (1—vn)? ® g+ (an)
2 3 2.4
— < j— _op NV + 62 Ny ) )
n—rtoo (YN +1)? (YN +1)3 (YN + 1)

Now, let us focus on the case p/v > —2. The proof is exactly the same, with

1 (1 —vy,)7 ) o
n U Z00) g (31— (@)1 - an) + (@) T
Pp-(an)
x [1 FAL— a,) 7 4o ((1 - an)ﬁl)} A ER.
Using the same calculations and supposing lim # (1—an)” TRTT — ()

n—>+ooln(r"an>
leads to the result.

Proof of Lemma 5.1

The density of Y|X = « is given by

enagn (M(@)+ (t =y x)*o77x ) (engn (M(@))

where M(z) = (x — px) ' (x — px). In order to simplify, we consider the
case reduced and centered, i.e. uy|x = 0 and oy|x = 1. A quick calculation
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gives

Pp-(wit) N1 (M(z) + w?t?)

li —_— =
1ot Bpe(t) | totee gy (M(x) +12)

t=too (M(x) +t2) 2 fRN+1< M(m)thZ)

Equation (2.10) leads to

O g (wt
im (wt) :ww_Nw_%_l :w_%_N. O
t——+o00 (I)R*(t)

Proof of Proposition 5.3

nt wnt

We recall in a first time that condition (CLP) entails (CHG). We have the

following decomposition:

VEr  (pay (VI X =)
ln(l - o‘n) (qp,an (Y|X =x) 1)

- -1
(Winon 1)/ T fr < i TN ’p)
Vo ( (uien) r) )

n—toc In (1 — an) Up,an (R*UM)

. —1
Vkn fr <(Wk: + N) ,P> 1 (W[n'ﬁnJrll) Yk 1 <(’Y_1 + N) B ,p) @Ei (an)
In(l—an) | fo((y='+N)"",p) Pt (o) Ip,an (R*UW)

\/k—n < (W["f’n‘i'l])l/ﬁkn - 1> T ((’771 + N)_l 717) (I);i (Ozn)

- In(1—an) (b;?i (an) 9dp,an (R* U(l))
Vi ({07 M T ) eptan)
* In(l-ap) dp,an (R*U(l)) - ’

We know that fr, ((%_nl + N)_1 ,p), as a function of 4, ,

normal with rate \/k, (see Equation (3.2)). Then, the first term in the sum
clearly tends to 0 as n — +o0. Using Proposition 4.2, the second term tends to
the normal distribution given in (4.6). Finally, we have to check that the third
terfn ]tends to 0. For that purpose, we use the second order expansion given
in [14]:

is asymptotically

q;),an (R*U<1))
o (4N p) ga, (REUD)

=1— (" 4+ N)""r(an,p) + (A +o(1)) A* (1 —1a > '

(E[R*UM] 4 o(1)) + Ao A* ( L ) (1 + o(1)),

where r(ap,,p) = M a

1
dan (R7UD)
A A1, A2 € R are not related to n and A*(t) is the auxiliary function of
@E} (1 - %) It seems important to precise that the conditional distribution
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R*UW is regularly varying with tail index y~* + N > 1, then E [R*U )] exists
and, R*UM) being symmetric, equals 0. Then, a sufficient condition for asymp-
totic normality may be

1 \/kn —
nEI-&r-loo In(1—an)ga, (RFUD) 0

: Vkn * < 1 _
nll}lloo ln(l—an)A l—an, 0

We know, using Assumption 2 and the proof of Proposition 4.5, that the quan-
tile ga,, (R*UW) = ®3!(a,) is asymptotically proportional to (1 — ay,)” 7871,

while A* ( L ) is asymptotically proportional to (1 — ozn)wap+1 if p > —2v

11—«

and (1 — ay,) TNET otherwise. Finally, it is not difficult to check that <C-L”) leads

int
to the nullity of the two limits, and therefore to the third term of the decompo-
sition, hence the result. The proof is exactly the same for the second normality,

replacing G o, (Y|X = ) by q:pmvn (Y|X =x),In(1 — a,) by In (%) and

using Proposition 4.5 instead of 4.2.

Proof of Proposition 5.6

We have the following decomposition:

VEn Hp,nzn, (Y|X = =) 1
In(1—an) \ Hpap (Y|X =)

. —1
(Winon+1) " fu ( Yiew N ’p)
= | ) )

n—too In (1 — an) Hyp on (R*UD)

_ —1
v (507 ) Y (g S (7 ) ot
m(l—an) | fu (1 +N)"' . p) &1 (an) Hyp oy (RFUM)

. S ( (Wingp i) /Ton 1) fa ((“/_1 +N)! ,p) B (an)

In(1— ayp) @};i(an) He,, (R*U(l))

N Vi (fH ((7’1 +N)7! ,p) I ) - 1) .
In(1— ay) Hp o (RFUM)

We know that fg (('Ayk’nl + N)_l ’ p)’ as a function of 4y, , is asymptotically

normal with rate \/k, (see Equation (3.2)). Then, the first term in the sum
clearly tends to 0 as n — 4o00. Using Proposition 4.2, the second term tends to
the normal distribution given in (4.6). Finally, we have to check that the third
term tends to 0. For that purpose, we use the result of Theorem 4.5 in [44],
which ensures that there exists A € R such that:

Hp.a, (RFUW)
fu (1 +N) 7 p) @R an)

1
1—a,

:1+)\A*( )(1+o(1)),
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where A* is the auxiliary function of @E} (1 - %) In the proof of Proposition 4.2,
2
we have seen that A*(t) was proportional either to ¢~ 78T if p < —2v or t78 71

otherwise. Then condition (C/I¢) ensures

*77(1)
lim Vhn In Ha, (R v )

=0.
n—=+oo In (1 — ) fu ((7—1 +N)! ,p) Dyt (an)

Hence the third term in the sum tends to 0, and the first result of (5.14) is
proved. The proof is exactly the same for the second one, with rate %

n(l—an)

instead of ln(‘l/f_"& 5 Then condition (Cﬁfh) gives the expected result. O
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