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1. Motivation and Introduction

Motivation

@ Heavy-tailed models are quite useful in the most diversified
areas (insurance, economics, finance, telecommunications,
biostatistics,...) and the classical semi-parametric estimators
of extreme events' parameters usually exhibit a reasonably
high bias for low thresholds, i.e., for large values of k, the
number of top o.s. used for the estimation.

@ Recently, new classes of reduced bias’ tail index estimators
have been introduced in the literature. The estimation of the
second order parameters in the bias at a level k; larger than
k, the level at which we compute the tail index estimators,
enables keeping the asymptotic variance of the new estimators
equal to the asymptotic variance of the Hill estimator,

k
H(k) ==Y Uik, Uj=i(nXo isn—INXo i), 1<i<k.
i=1
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1. Motivation and Introduction

@ Here we deal with bias reduction techniques for heavy tails,
trying to improve the performance of the classical high
quantile estimators, strongly dependent on the tail index
estimation.

Main objectives of this presentation:

@ Introduce new classes of high quantiles’ estimators in the lines
of Gomes and Figueiredo (2003) and Matthys and Beirlant
(2003)

@ Prove their consistency and asymptotic normality under
appropriate conditions

© Compare them with alternative ones through Monte Carlo
simulations
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1. Motivation and Introduction

Introduction

Definition 1: A model F is said to have a heavy right tail
whenever the maximum, linearly normalized, of an i.i.d. sample of
size n, converges weakly, as n — oo, towards the Extreme Value
d.f.,

exp (—(L+yx)7Y7), 1+9x>0 if v#0

BV, = { exp(—exp(—x)), x € R if y=0"

with v > 0. We write F € D (EV,), with D4 denoting domain of
attraction for maxima.

@ Let RV, denote the class of regularly varying functions with index
«, i.e., positive measurable functions g such that
tlim g(tx)/g(t) = x*, for all x > 0.
— 00

@ Fory>0, U(t):=F (1—-1/t)=inf{x: F(x)>1—-1/t} and
F— the generalized inverse of the underlying model F,
’FeDM(EVV)@l—FeRV_W@Ue RVV.‘
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1. Motivation and Introduction

Main objective of this paper: Estimate a value X, such that
1 — F(xp) = p, with p small, more specifically,

’xp:U(l/p), p=p,—0, np,—K,asn—o0, 0<K<I1.

@ We shall assume to be working in Hall's class of models,
where there exist ¥ > 0, p <0, C > 0 and 3 # 0 such that

u(t) = Ct7 (1 <= ”}Ttp + o(tp)) ,as t — oo.

@ We are going to base inference on the largest k top o.s., i.e.,
we shall assume k to be intermediate,
’k:k,,—>oo, k = o(n) asn—>oo.‘

Possible semi-parametric quantile estimator:

QSP)(k) = Xn—k: LA K (Weissman, 1978).
¥ n—K:n np )
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1. Motivation and Introduction

Classical quantile estimator:

K
K\ 2 Uik K\ H(K)
Qf,p)(k) =G <np>’1 = An—k:n <np> .

@ To derive the asymptotic non-degenerate behaviour of the
semi-parametric estimators, we assume
InU(tx) —InU(t) —yInx  x* —

1
tll)rgo At) = P for all x > 0,

where A(-) is a function of constant sign near infinity, p < 0 is
the second order parameter and |A| € RV, (Geluk and de
Haan, 1987).

@ We assume p < 0, and since we are working with models in
Hall's class, the previous second order condition holds true
with A(t) =~ (3 t”, and for an adequate k, we may guarantee
the asymptotic normality of the Hill estimator.
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1. Motivation and Introduction

Proposition 1 [de Haan and Peng, 1998]: We may write the
asymptotic distributional representation

k
H(k) = %Z U £ v+ 7\/% + Al("_/f))(l + 0p(1)),
i=1

P = Vk (Zf'(:l Ei/k — 1), with {E;} standard exponential i.i.d.
r.v.'s. Consequently, if we choose a level k such that

Vk A(n/k) — X # 0, finite, as n — oo, Vk (H(k) —7) is
asymptotically normal, with a non-null bias given by A/(1 — p).

@ Most of the times, this type of estimates exhibit a strong bias
for moderate k and sample paths with very short stability
regions around the target value ~.

@ This problem has been recently addressed by several authors,
who consider the possibility of dealing with the bias term in
an appropriate way, building different new estimators, 7, (k)
say, the so-called second order reduced bias’ estimators.
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2. Second Order Reduced Bias’ Tail Index Estimators

Second Order Reduced Bias' Tail Index Estimators

Definition 2: A tail index estimator 7, (k) is said to be a second
order reduced bias’ estimator if, for k intermediate, and under the
second order framework, we may write

R

Tu(k) & 5+ 5 o Ak,

Vk

with P: an asymptotically standard normal r.v., o, > 0 and A(-)
being again the function controlling the speed of convergence of
maximum values, linearly normalized, towards a non-degenerate
r.v. with d.f. EV,.

Remark 1: vk (3,(k) — ) is asymptotically normal with a null
mean value even when vk A(n/k) — ), finite, possibly non-null,
as n — .
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2. Second Order Reduced Bias’ Tail Index Estimators

e Gomes and Figueiredo (2003) suggest the use of reduced bias’
tail index estimators in the quantile estimator functional
expression, in order to reduce also the dominant component of
the classical quantile estimator’s asymptotic bias.

@ Mathys and Beirlant (2003) try also to reduce the bias of the
classical quantile estimators, going directly into the second
order framework. With Y;.,,1 < i < n, denoting the set of
ascending o.s. associated to a standard Pareto i.i.d. sample,

Xp U(l/p)
ank:n U(Ynfk:n

ah —1

) R a7 (1 + A(n/K) ) , an=k/(n pn).

e For A(t) =~ 5 t*, (7, B, p) a suitable estimator of (v, 3, p), they

get
@0 =5 (L) o0 (57 (1) o2
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2. Second Order Reduced Bias’ Tail Index Estimators

@ It is known (Gomes and Figueiredo, 2003) that the use of a
reduced bias’ tail index estimator 7, provides better results
than the use of the classical Hill estimator H.

@ The obvious question that we shall try to answer both
theoretically and computationally, is the following:
Is it better to work with

© the estimator Q%p) and a reduced bias estimator ¥ = 7,
of 7,

@ the estimator 6%’3) and a classical estimator of ~y, like the
Hill estimator H(k),

© or the estimator 5(4’) and a reduced bias estimator 7, of
~?
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2. Second Order Reduced Bias’ Tail Index Estimators

@ We shall use the second order reduced bias’ tail index
estimator from Gomes and Martins (2002). With the notation

k L\ —
1 ] 2 o
so(k) = ¢ <k> and S,(k) = £ i1 (£) 7 U,
i=1

we may write the “maximum likelihood" estimator for the tail
index v in the form

M(k) = M5(k) := So(k) — S5(k) x ;f}(:)) 5,50((:))—_ 552/3,5((?)'

Remark 2: This estimator attains the minimal asymptotic
variance in Drees' class of functionals (Drees, 1998), given by

(v(1 = p)/p)*.
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2. Second Order Reduced Bias’ Tail Index Estimators

@ Notice that we may also write,

with

Bolk) = (k)ﬁ 55(K) So(k) = Sp(k)
P\ sp(k) Sp(k) — Sap(k)
@ In the lines of the paper by Gomes et al. (2005), we shall

consider, for a suitable consistent estimator of the second
order parameter p-estimator, p, the B-estimator, 5 = ﬂﬁ(kl),

computed at

|

ki = min(n—1,[2n/InIn n

|

@ The estimate B is then incorporated in M(k

~ |~

, and we get

M(k) = Mj (k) := So(k) — B (%)’3 Ss(k).
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2. Second Order Reduced Bias’ Tail Index Estimators

Proposition 2 [Gomes et al., 2005]: If the second order condition

holds, if k = k, is a sequence of intermediate positive integers, and

if Vk A(n/k) — A, finite and non necessarily null, as n — oo, then
Vi (Mg, (k) =) = Normal (0, ~?).

This same limiting behaviour holds true if we replace M, , by
Wﬁ 5 provided that p — p = 0p(1) for every k-value on which we

base the tail index estimation, and we choose 3 := ﬁﬁ(kl).

@ The M and M estimators have been plugged in @ and Q,

providing us with the estimators Q(P), Q%D), 65;) and 5%7),
respectively. These estimators require the estimation of the
shape second order parameter p.
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2. Second Order Reduced Bias’ Tail Index Estimators

Estimation of the Shape Second Order Parameters

@ We shall consider again particular members of the class of
estimators of p proposed in Fraga Alves et al. (2003). They
depend on the statistics:

(MO )"~ (MPwy2) "

B RO 7 it 7#0
TO(k) = 4 (MP0/2) 7= (MP05)

In(M,(,l)(k)) 4 |n(M$2)(k)/2)

l In(M,(,z)(k)/2) 1 |n(Mﬁ3>(k)/6)
which converge towards 3(1 — p)/(3 — p), for any 7, whenever
the second order condition holds, k is intermediate and
Vk A(n/k) — 00, as n — oo.

@ The p-estimators may thus be written as

= () = 5D () = min 3(TS (k) — 1)
pr(k) = pn (k) : <O’ T,ST)(k) 3 ) 5

if 7=0
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2. Second Order Reduced Bias’ Tail Index Estimators

Remark 3: Different theoretical and simulated results, together
with the use of these estimators in different reduced bias’
statistics, have led us to advise in practice the drawing of a few
sample paths of p-(k), as functions of k, electing the value of T
which provides higher stability for large k, by means of any
stability criterion, like the ones in Gomes and Figueiredo (2003)
and in Gomes and Pestana (2004).

@ The consideration of the level k; seems to be an adequate
choice for the level k. The choice between the tuning
parameters 7 = 0 and 7 = 1, leads us to advise the
consideration of 7 = 0 whenever p € [-1,0) and 7 = 1 for the
region p € (—oo, —1).

@ We shall denote generically p any of these estimators. We use
B = B5(k1). We shall use a subscript j to specify the value of

T =j,j=0or 1, writing pj, BJ M; and Wj.
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3. Asymptotic Behaviour of Reduced Bias’ High Quantile Estimators

Asymptotic Behaviour

For intermediate k, and with a, := k/(np,), which, given the
conditions, goes to infinity as n — oo, we are here dealing with
semi-parametric p-quantile estimators of the type

:(;p)(k) = Xn—k:n aﬁ(k)

and

—(p) L 5(k) ~ ~ /n\P ag—l
Qx> (k) := Xn—k-n an ex k — — ,
P (k) 1= X p(fy()ﬂ(k) - )

where 7(k) is any semi-parametric estimator of the tail index ~.

@ Directly from Theorem 3.1 in Gomes and Figueiredo (2003), we
may state:
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3. Asymptotic Behaviour of Reduced Bias’ High Quantile Estimators

Theorem 1: Under the second order framework, for intermediate
k, in Hall's class of models, and whenever In(n p,) = o <\/E) , we

may write, with Py, W and W) asymptotically standard normal
r.v.'s, and with @ denoting either Q or Q,

vk (é,g")(k)l) J VKA(n/k)
il =

” L Pt o (Vi A(n/6)),

VE (QP(K) 21— )
<_1> 2 2020y 4o, (Vi A/K)

v Wi + o, (JE A(n/k)) .

S

VR

O

Sk

=

~__—
[lo
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3. Asymptotic Behaviour of Reduced Bias’ High Quantile Estimators

@ In the proof, we get:

Remark 4: If we compare (%) and (**) we notice that the main
contribution in terms of bias is provided by a possible bias of 7(k).

@ It thus seems obvious that, for the semi-parametric estimation
of a high quantile, it is better to use a reduced bias’ tail index
estimator than a classical tail index estimator.

@ Moreover, although the main contribution comes from the
first summand, we expect to get slightly better results when

we use 6(;) instead of Q%p), due to that remaining summand
of the order of A(n/k) in ().

(p)

5000 d sy Vi 1B AWK .
" 1 = (3(k) =7)Ina, + Tt T p(A(n/K))  (¥)
5%&)(/() d o~ v By

T—l = (V(k)—’Y)“‘an"‘W‘Fop(A(”/k))- (%)
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4. Simulated Behaviour of High Quantile Estimators

Simulated Behaviour

@ For the estimation of the second order parameter p, and as
mentioned before, we have here used the value 7 =0 or 7 = 1,
according as |p| <1 or |p| > 1, together with the level k;.

@ In Figures 1 and 2, we show, for p=1/nand j =0 or 1, the
simulated patterns of mean value, E[-], and root mean

squared error, RMSEL], of QP (K)/xp. Q17 (K)/xp,
Q(T\;)(k)/va based thus on the Hill and the “maximum
J

likelihood" reduced bias’ estimators M and M. These
quotients will be denoted Qp, QMJ. and QMJ-' respectively.

@ The notations an and 6M hold for the same quotients
J JR—
associated with the estimator @, dependent on M; = I\/lﬁj and
M; = MB} 5 respectively.
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4. Simulated Behaviour of High Quantile Estimators

Figure 1: Simulated distributional behaviour of the estimators under study for an
underlying Frechet parent with v =1 (p = —1).
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4. Simulated Behaviour of High Quantile Estimators

Figure 2: Simulated distributional behaviour of the estimators under study for an
underlying Burr parent with v =1 and p = —0.5.
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5. A Case-study

Case-study: The analysis of the Euro-USA Dollar daily
exchange rates from 01/04/1999 till 12/14/2004.

Figure 3: The sample path of the p, (left), as function of k, together
with the sample paths of the B-estimators, for 7 = 0 and 7 = 1 (right),
for the n™ = 748 positive log-returns.
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5. A Case-study

@ Note that the sample paths of the p-estimates associated to
7 =20 and 7 =1 lead us to choose, on the basis of any
stability criterion for large k, the estimate associated to 7 = 0.

@ From previous experience with this type of estimates, we
conclude that the underlying p-value is larger or equal to —1,
and the consideration of 7 = 0 is then advisable.

@ The estimate of p is in this case po = —0.7, obtained at the
level k; = 748. The associated (-estimator is g = 1.05.
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5. A Case-study

Figure 4: Estimates of the tail index y provided by the estimators H, M
and M (left), and the corresponding quantile estimators X, associated to
p = 0.001 (right), for the Daily Log-Returns of the Euro-USA Dollar.
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5. A Case-study

@ Regarding the tail index estimation, note that whereas the Hill
estimator is unbiased for the estimation of the tail index
when the underlying model is a strict Pareto model, it exhibits
a relevant bias when we have only Pareto-like tails, as
happens here.

@ The other estimators, which are “asymptotically unbiased”
reveal a smaller bias, and enable us to take a decision upon
the estimate of v to be used, with the help of any stability
criterion or any heuristic procedure, like a largest run method
as the one described in the sequel.
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6. Some Overall Conclusions

Some Overall Conclusions

@ The obtained results lead us to strongly advise the use of the
quantile estimator @, with the tail index estimator M(k), for
models with p = —1.

e Anyway, the estimator @, with the tail index estimator M(k),
does also exhibit an interesting performance, particularly for
all the simulated models with p # —1.

Remark 5: Note that, similarly to what has happened before with
the tail index estimation, the computation of both second order
parameters’ estimators, at the high value ki, enables us to work
with high quantiles’ estimators, with a mean squared error smaller
than the mean squared error of the classical estimator, for all k.
Those high quantile estimators are provided by the use in Q or @
of the tail index estimator M.
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