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SUMMARY

New results for ratios of extremes from distributions with a regularly varying tail at
infinity are presented. If the appropriately normalized order statistic X.j+1) from
distribution with tail exponent 9, (8 > 0) converges weakly to X (;, then:
(i) For p = 1/5, the ratio X (/X is distributed like {U(j,k)}® where U(j,k) has
density _

B(u:j,k) = B, ku (1-0)*", 0<usl
where B(a,b) =T'(a)['(b)/T'(a+b),a>0,b >0, I'(-) denoting the gamma function,

(ii) Consecutive ratios of extremes X (1y/X 2, X /X 3y - X @/X (me1y - - - are
independently distributed.

(i11)) The maximum likelihood estimator (mle) based on the first k ratios is

k
p =k S mlog {X /X (men)}

m=1

(iv) The mle p is unbiased, has variance pz/k (the Cramer-Rao minimum variance
bound) and is asymptotically normally distributed.

(v) It has moments of all orders and moment generating function

M,(0) = (1-pb/k)™, 6>0.
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Asymptotically normal
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1. INTRODUCTION AND MOTIVATION

Considerable research effort has been devoted over the last thirty years to estimation of
the exponent of regular variation, alternatively described depending on context, as the
tail-index or the extreme value index.

Popular estimators based on independent random samples such as those due to Hill
(1975), Pickands (1975) and maximum likelihood estimators of Smith (1987) and Drees
et al (2004) are consistent, asymptotically normal (i.e. biased) estimators. They are beset
by an inherent dilemma; large variability when the number of extremes is too low, large
bias when it is too high. A survey of bias problems is contained in Beirlant ez al. (1999).
Bias reduction of tail-index estimators, including maximum likelihood estimators has
generally been approached by applying second order properties of regularly varying
functions to the tail-quantile function of the distribution. Invariably the bias depends on
the unknown exponent, and is distribution-specific (e.g. Drees et al. (2004), Teugels and
Vanroelen (2004)). Another approach focuses on optimal threshold selection, trading off
bias reduction against variability (e.g. Matthys, (2001)).

‘Nowadays, . . . applications of extreme value theory can be seen in a large variety of
fields such as hydrology, engineering, economics, astronomy and finance. The estimation
of the extreme value index is the first and main statistical challenge’ (Teugels and
Vanroelen, (2004).

2. MAIN RESULTS

The class F of distributions F(-) have a regularly varying tail with index & (equivalently
belong to the maximum domain of attraction of the Frechet distribution, (e.g. Embrechts
etal. (1997), p.131)) if 1-F(x) = L(x)x®, x>0, 5> 0.

The function L(x) is slowly varying at infinity (see for instance Feller, (1971), p.276).

Theorem 1 (distribution of a ratio of extremes)

Denote by X1y, X(2), * * + Xmn) ascending order statistics of common parent F ¢ F.

The variables X (1), X (), - - - are descending Frechet extremes, i.e X (j is the weak limit
of normalized order statistic X.j+1)/va from the parent F ¢ F, the normalizing sequence
{vn}obtained from the parent fail-quantile function, satisfying n[1-F(v,)]=1,

(see for instance, David and Nagaraja, (1993), Chapter 10).

Then for any F ¢ F,
%
X0
*
X(j+k)

= {U'G.k)}™

where U’(j,k) has beta density B(u:j,k) =B (j.k)u"'(1-u)*", (0 <u <1) and
where B(a,b) =I'(a)['(b)/T'(a+b), (a >0, b>0), I'(-) representing the gamma function.



Proof (see Appendix, Note 1)
Theorem 2 (independence of ‘consecutive’ ratios of extremes)

Using the same notation as in Theorem 1

Forany F ¢ F,
% * * *
Yo || Xo | o |, . | O

X Ekl+j) Xy | X6 X(j+1)

where the right side is a product of independent {U(m,1)} ™ variables, the U(m,1) having
beta density B(u:m,1) = mu™",(0 <u <l).

Proof (see Appendix, Note 1)

Theorem 3 (minimum variance maximum likelihood estimation based on ratios of
extremes)

(i) The maximum likelihood estimator p based on the k observed ratios

Yo =X @yX @miy m=12, - - - k is given by

p=k" Y mlog {X /X e}

1

T M=

(ii) It is unbiased and with variance p*/k and is asymptotically normally distributed.
The variance p*/k is the Cramer-Rao minimum variance bound for p.

ii1) It has moment generating function M,(0) = (1-p0/k 'k, 0>0.
(iii) g g p p

Proof

k
(i) Notethat L= T[] f,,(»,,) while £=InL

m=1

m
= const. +kInd — > (md +1) Inyy,
m=1
since X*(m)/X*(m) has distribution of {U(m,1)}” where U(m,1) has density
B(Ym:m, 1); i.e. fn(Ym) = m&(ym) ™"

Thus



ov UL
— =kp - mInyy,
55 Kpo Zminy
. N 1 k * *
ie. p =k YmIn {X /X 1)}
m=1

2
Note that E[-a—f 1= kp2
00

(ii) Since Ym= X (myX e+ is distributed like {U(m,1)}® where U(m,1) has density
B(u:m,1) = mu™", (integer m > 1),

E[{mIn(X /X @)1 =T(+1)p’, (integer j = 1)

Note that I;= E[ {mln(X /X ms1)}]
= (-pYE[{mInU(m,1)}'] since X' my/X (m+1) is distributed like {U(m,1)}™®
= (-pY (DE[{mInU(m,1)}""]
=jp(-py"! E[{mInU(m,1)}""]
=jpli.1 whileIp=1

leading to E[{mIn(X /X m+1)}'] =T (+1)p’, (integer j = 1)

In particular, E[{mIn(X my/X m:1n)}]=p
E[{mIn(X /X )} ’] = 2p” (s0 that Varmin(X /X )] = p°
E[{mln(X*(m)/X*(m+l))}3] = 693

From these results,

k * *
E[p]1=K'E[ Xmln {X /X @m}]=p

m=1

k
Var[ p]=k? Var[ Y mIn {X @my/X @)} = pk

m=1



Since E[{mln(X*(m)/X*(m+1))}3] = 6p” < oo, asymptotic normality follows for example
from Liapunov’s Central Limit Theorem, (Rao, (1973), p.127).

2
Since E[-% =kp?, the Cramer-Rao minimum variance bound for g(8) = &' is given by

A ’ 2
Var[ 512 {g'(3)}/ E[-;—ﬁ] = p*/kp? = pZk,

(iii) Recalling the independence of the ratios {X*(m)/X*(mﬂ)}, m=12, ---k, the
moment generating function of p is

- L + m8/k
E[exp(0 0)] = E[ [T{X () / X(m+1)} ]
m=1

= (1-po/k)™

Since E[{ {X*(m)/X*(mH)}mM‘] = E[{U(m,1)}*™**] where U(m,1) has density
B(u:m,1) = mu™", (0 <u < 1), its expectation is (1-p8/k)™".

This completes the proof.
3. SUMMARY AND CONCLUSIONS

Fundamental new results for heavy-tailed extremes are formulated in terms of ratios of
extremes. Such ratios are non-distribution specific, being independent of normalizing
constants.

Individual ratios in the form {X (/X o} are distributed like powers of beta variates.
‘Consecutive’ ratios X*(l)/X*(z), X*(z)/X*@), - - - are independently distributed.

These results affect considerable simplification in dealing with samples of extremes.
One consequence is that unbiased estimators of the tail-index are available.

k * *
The maximum likelihood estimator p = k! > mIn {X myX @m+1)}based on k observed

m=1
ratios is itself unbiased. It achieves minimum variance p2/k among unbiased estimators,
and is asymptotically normal. Moreover o has moments of all orders, with moment

generating function M(0) = (l-pe/k)'k.

APPENDIX
Note 1: Theorem 1 (The distribution of a ratio of extremes)

Denote by X1y, X(2), * * - Xn) ascending order statistics of common parent F ¢ F.



The variables X (1), X (), - - - are descending Frechet extremes, i.e X (j is the weak limit
of normalized order statistic Xnj+1)/vn from the parent F ¢ F, the normalizing sequence
{vn}obtained from the parent tail-quantile function, satisfying n[1-F(vy)]=1,

(see for instance, David and Nagaraja, (1993), Chapter 10).

Then for any F ¢ F,
%
X K
- ={UG.k)}"
X(j+k)

where U’(j,k) has beta density B(u:j.k) = B (k)" (1-u)*", (0 <u<1) and
where B(a,b) =T'(a)[(b)/T'(a+b), (a >0, b>0), I'(-) representing the gamma function.

Proof:

For the order statistics from common distribution F € F and corresponding density f(-) the
joint density of (X i1y X)), (j < k) denoted by '(X(njke1)pX(me1y) i8

B(u:j.k) x B(vijtk,n-j-k+1) = B, ku"" (1-u)*" xB (j+k,n-j-k+1) v/ (1-v)"7*

i.e. that of independent random variables U and V deriving from transformations
(see for instance, Arnold et al. (1993), Chapter 2).

(1) U(X(njkr1)s Xn+1) = {1-FX@jr) }/{1-FX @)} u € [0,1]
(ii) V(X1 X@ej+1) - = Xnjoker1)
o(u,
Note that | L = (g ) 1F K ten) )

O(X(n— j—k+1)sX(n—j+1)
where ‘|'|” represents absolute value.
The implication of the transformation:
(X @kt X)) = {1-F(Xnjrn) }/{ 1-F(Xnjaer) §
for F ¢ F, i.e. 1-F(x) = L(x)x™° when n is large, can be determined as follows:
Put: (i) Xjet) = VoX )
(i) X(aer) = VX 19
Note that for 1-F(x) = L(x)x®>, vy’ =nL(vy)

and u = {1-F(X@+1) }/{1-F(Xmjxr1) }



ie. U= L(vax §)Vn (")) L(vaX (1110)Vn (X (510) ™
= (X)) (K o)
using for example L(an*(j))/ L(vy) > 1l asn — oo,
Thus the u-transformation implies for large n that
X*
(A1) UGy = |
X(j+h)

where U’(j,k) has density B(u:j, k), independent of X*(j+k).

Check: The independence can be checked by showing equivalence of the moments of

{X*G)}d’ and those of {X*G)/X*0+k)}¢>< {X*(]-+k)}¢ on any dense ¢-set interior to (0, j-pd), j-
p$>0.

Note that E[{X*(j)}¢] =T(-pp)/T()
This is the same as E{X /X +1} XE{X (410} * = B[{UG,K)} P E{X 10} ]
= {B(-p.k)/B(,k)} *T'(j+k-pp)/T'(G+))

=T(-po)T()

This completes the proof of Theorem 1
Note 2: Theorem 2 (independence of consecutive ratios of extremes)

Using the same notation as in Theorem 1

Forany F ¢ F,

X* X* X* X*.
(A2) O _ |20 | | 2@ | 2D

Xa+p | [X@ | [ X3 X(j+1)



where the right side is a product of mdependent {U"(m,1)}® variables, the U"(m,1) being
beta (m,1) random variables, form=1,2,- - - j.

Proof

We re-write product (A.2) as

i T2 [xnT° T ° o T°
(A.3) *;1) _ %1) y %2) . *(j)
X(1+)) X2 X@3) X(1+))

Each of the ratios on the right side is a B(m,1) variable, m=1, 2, - - - j, using Theorem 1.
Their independence then follows using Kendall and Stuart (1969), Exercise 11.8, and
noting that the left side cannot be beta if the betas on the right side are not independent
An alternative proof by equivalence of moments on a dense set (as outlined in the proof
of Theorem 1) is also available using the uniqueness of moments for distributions (like
beta) confined to closed intervals (see for instance Feller (1971) p.227).

In fact Theorem 2 also succumbs to a proof based on extending the proof of Theorem 1
as follows:

Consider the joint distribution of Xniijk+1), Xn-i-j+1) and Xeni+1) Jomtly distributed order
statistics with common parent F(-) ¢ F with density denoted by f", i.c.
(Xt 1), X(aoii 1> X(nei1))
— D+ 1)/{T (0-i-j-k+ DEOT DL DX Kt 1) i) %
{F (X ici1)-F Koo)X fX i)
(PG 1)-F(Reigen) Y fxion) X

{1-Fpirn)}

This can be re-written as
f#(x(n-i-j-k+1), X(n-i-j+1)» X(n-i+l)) =
D(n+1)/ATHHOT (ke 1) I XF (i)™ T XA T-F (X i) 5 i) %

(k)T () <[ 1-{(1- F(X(nuﬂ))/(l F(Xuigaern)} %
{(1-F X))/ (1-F Kot 1) ) 75 X et 1)/ (1-F X et 1))



CAHATGrAE) -1 ‘F(X(niiﬂ))/ (1-F(Xqu-ijrny) ' 1
{(1-F(X@-i+n)/(1-FXnaigr1) ) X f X i)/ (1-F(Xneicj 1))

Now make the substitutions:

(D) uXpeigkt1), Xmeit1)s X-i+1) = (1-FX o))/ (1-F X (n-icj+1)

(i) VX @-igern), X@eigrs Xei+n) = (I-FX@eigen)/ (1-F(Xeigace)

(111) V(X(n-icj-k+1), X(n-isit1)s X(neit1)) = X(neicjk+1)
Note that

o(u,v,w) _
OX(n—i— jm k1) s X(n—i—j+1)sX(n—i+1))

(X @1/ (1-F(X@ei) } X X @eice1y/(1-F X ik 1) §

So f#(x(n-i-j-k+l), X(n-i-j+1)» X(n-i+]))
= B (n-i-j-k,itj H)w™ T (1-w) T
B-l (1+_] ’k)ViJrj-l ( 1 _V)k-l x

o(u,v,w)

B (i,)u" (1-uy"x
OX(n—i— j—k+1)>X(n—i—j+1)sX(n—i+1))

showing U,V, and W to be independently distributed.

As in the proof of Theorem 1, consider the implications as n — co when
1-F(x) = L(x)x™®, and

(1) X(nuisj-kt1) = VoX (i+j+k)
(11")  X(-ir1) = VaX (i+j)
(iil") X@-ijen) = VoX ()

As outlined in the proof of Theorem 1, under these changes the transformation



U(X(n-isjoker1), X(neig)s Xit1)) = (1-FX o)/ (1-F(Xn-ij+1))

becomes

X (g5 X s X @) = X /X )

while the transformation

V(X@-igker1), Xneig+1)s X@eir1) = (L-F(X o) (1-F(X@igke1))

becomes

UK a0 X (a4 X () = X /X oo}

These transformations imply that

{X*(i)/X*(i+j)} has the distribution of {U(i,j)}® where U(i,j) has beta density B(u:i,j)
and is distributed independently of

{X*(i+j)/X*(i+j+k)} which has the distribution of {V(i+j,k)}™ where V(i+j,k) has beta
density B(v:i+j,k).

Thus the dependent set of extremes {X (i) X (i), X' (1+J+k)} 1S transformed to the
independent random variables {(X /X i), (X iy/X (+j+109) ° X (i1} the first two
random variables having densities B(u:i,j) and B(v:i+j,k) respectlvely

A special case of Theorem 2 then follows on puttingi=j=k=1;

ie. (X 1/X ), (X /X 3) are independently distributed with distributions like
{U1,1)}®, {U2,1)}® where U(m,1) has beta density B(u:m,1), m= 1, 2.

Evidently the mechanism extends to k ratios and Theorem 2 follows.
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