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» EVT useful toolkit for describing non-standar d
price uctuations

» Solution to the “heavy-tailed” reality in pricing,
hedging, Insurance regulation

» Aim to combine the EVTpoint process
approach to exceedances with smoothing
methods to give a exible exploratory
approach to modelling changes in extremes
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Zi,...,%qthe ground up losses

u (typically high) threshold
n number of exceedances by Z;,...,Z,of u

Wi, ..., W, excesses (lossexceeding w« minus u)




» u attachment point, lower level of an
excess-of-loss reinsurance treaty,...

» Wi,..., W, larger oper ational lossesabove a
threshold u




» Inhomogeneous Poisson process with intensity \
for the number of exceedances combined
with independent excesses W over the

threshold

» Given u, the excesses are treated as a random
sample from the GPD with scale parameter o
and shape parameter «




Since each exceedance is associated with a specific
event, it is possible to let the scale and shape
parameters depend on covariates. For instfance,
insurance losses can be of different types, Operational
losses will typically belong to various subclasses (fraud,

system failures, backoffice errors, ...) and their
occurrence no doubt shows a non—constant (offen
sfochastic) intensity, possibly depending on such factors
as business cycles, transaction intensity etc. Large losses
may become more or less frequent over time, or indeed
they may become more or less severe. It is also
well-known that in general, insurance and financial
losses show cyclic behaviour.




» The natur al variablility of the exceedances
tends to mask any trends or other dependence
on time

» Variation due to the different co variates such
as type of claims, of lossescould be
summarized par ametr ically

» Changes intime need not have a specic
par ametr ic form




Our approach combines the point process for
exceedances with smoothing methods to give

a exible explor atory frame work to model changes
In large values for insurance or nancial data.
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Threshold method

» Ireat occurr ences of events over (or under)
threshold « as Poisson process

» Number of exceedances N over u follows
homogeneous Poisson process, rate A

» Exceedance sizesW; = Z; —u are random
sample from GPD

1—(1—/4:10/(7)1/”’ if k#0
1 —exp(—w/o) if k=0




» Useorthogonal parametr ization &, v = o(1 + k)
(to avoid undesirable con vergence problems)

» Log likelihood for data splitsinto two par ts:

[\ k,v) =InN) + lw(k, V)




Semiparametric model
Gener alize previous appr oach

Take X\ to be time-v arying, where
A=exp{z'a+ f(t)}

Take exceedances to be GPD with

k=a'B+g(t), v=exp{z'n+st)}

f, gand s are smooth functions of time ¢

Penalize roughness of f, g and s through
second derivatives




Penalized log likelihoods

» Forrate of exceedances )\, maximize

IN(A) — %%\/f”(t)%lt,

equiv alent to tting standar d gener alized
additiv e model




» Forsizesof exceedances , maximize

v {1 (B, g),u(n,s)}—%% / g”(t)zdt—%% / S (1) 2dt

If g, s are cubic splines, equiv alent to
maximizing

1 1

lw {k(B,9),v(n,s)} — §%gTK9 —~ §%STKS

over 3, n, g, s and leads to gener alized ridge
regr ession

» Parameter s~,, 7. and ~, contr ol smoothness of
f,gand s




Vector of covariate x can depend on time also,
taking into account possible discontinuities in A,
and v: model factor swith different levels (due for

example to a worldwide crisis announcement of
economic polic y decisions)




Seasonal effects can be explored by
nonpar ametr ic part of the model, by increasing

the degr ees of freedom




Methodology
Choose forms for \, k and v

Choose smoothing parameter s+, etc. using
AIC

Use likelihood ratio statistics/ AIC for model
compar isons

When model correct, residuals

R; = —&; log {1 — &;W;(1 — &;)i}

are approximately independent unit
exponential variables




Bootstrap uncertainty assessment

» Need model-r obust assessment of uncer tainty

» Use bootstr ap, either resampling the R;

computed from under smoothed curves

added to oversmoothed curves

» Either yields percentile con dence
Inter vals/pointwise bands




Simulated data

» How the methodology can be turned into a
real analysis

» 1/pyear return level: y,_, =u— Z{(\/p)~" -1}
changing In time?
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Simulated datasets of excesses against time




» Could be oper ational risklossesof k = 4 types
over 50 year s

» Each recor ded as an excess above some
threshold value u;,1=1,....k

» Isy;_, constant or changing intime? If so how
does y;_, change with time?
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Number s of exceedances simulated from the Poisson process of intensity shown by the solid line




f(t) nonpar ametr ic form

» given these number sof exceedances |, their
sizesare simulated from a GPD with

k(t) = 21 S where z isany explanator y var.
which differsfor each dataset (heavy-tailed
lossesas k < 0)

o(t) = exp {z'n + s(t)} semi-par ametr ic form
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» Different models for A\, x and v are compar ed
using tests based on the likelihood ratio

statistics

» Estimation of the 20-year return level y1_g.05




exesses & 20-year return level
exesses & 20-year return level
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exesses & 20-year return level
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» Keep In mind that thisisa simulated example

» Acrossthe four rating classes there isa clear
difference in quantile curves

» Estimated curves catch some of the main
featur es of this nonstationar ity




Discussion

» Exceedances over/under thresholds

widely-used approach with natur al
Inter pretation

exceedance times modelled using existing
code (GAM)

tting for exceedance sizesmore involved
but quite feasible




» Smoothing extremes by penalized log
likelihood

con venient and rapid explor ation technigue

highlights featur es of under lying distribution

» Also applies to maximum and r-largest
appr oaches
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