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1 Extreme value statistics

In extreme value statistics, the Extreme Value Index (EVI), denoted by , is used to characterize the
tail behavior of a distribution. This real-valued parameter helps to indicate the size and frequency
of certain extreme events under a given probability distribution: the larger ~ is, the heavier the
tail of the distribution.

Consider Xi,...,X, independent and identically distributed (i.i.d.) random variables with
common distribution function F' and quantile function Q. Denote the corresponding order statistics
by X1, <--- <X, , and suppose there exist sequences of constants (a, > 0) and (b, € R) such

Xn‘n_

that the properly centered and normed sample maxima - bn converge in distribution to a non-
degenerate limit H. It can be shown that the limit distribution H is always of the extreme value

type:

(1)

g - Jep(=(1 + )~V for 14~z > 0,7 #0
7 | exp(—exp(—x)) for z € R,y =0,

and F' is said to belong to the maximum domain of attraction of H,, denoted as F' € D(H,).
Most common distributions satisfy this weak condition quite naturally. Distribution for which the
Extreme Value Index v > 0 are called Pareto-type (or heavy tailed) distributions, as the tail
typically decays polynomially, i.e. F(z) = 2~ "7l(z) with Ir a slowly varying function. This talk
will concentrate on Pareto-type distributions. Examples of this class are Pareto, Fréchet and Burr
distributions.

The most prominent classical extreme value estimators are constructed based on efficient max-
imum likelihood estimators, resulting in the Hill estimator
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with k& a well-chosen tuning parameter, and its second order refinement (Beirlant et al., 2004),
which reduces the bias in the estimation. The fact that Z; := j(log X;,—j41,n — log X,,—j ) are
independent and exponentially distributed:
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with (E4, Ea,...) being standard exponentially distributed leads to a ML-estimator for « that
will be denoted as 4asr,. Note that one also can derive ML-estimators for 8 and b, ;. Maximum
likelihood estimators, however, are not very robust, which makes them sensitive to few particular
observations. Even in extreme value statistics, where the most extreme data usually receive the
most attention, this can constitute a serious problem.



2 Robust Estimator for EVI

2 Robust extreme value estimator

In order to obtain robust estimates for the extreme value index, we approximate the distributions

denoted in (2) by
: B
d b
Zj ~ exp (log('}/) + (kj—l) :;k> E;. (3)
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we can derive a Generalized Linear Model (GLM):

log(E(Z;)) = x;" . (4)

If we then define

Robust estimators for 8 (and hence for v) can now be obtained by the robust GLM estimators,
as introduced by Cantoni and Ronchetti (2001, 2006). The robust weights resulting from this
procedure can now be appropriately transformed into weights for the Z;. These weights are plugged
into Hill-estimator and the 95,7, estimator to obtain robust estimators for ~.

The robustness towards contamination of the proposed estimator will be illustrated on both
simulated and real data.
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