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Abstract

In this paper, we use the modern setting of functional empirical processes and recent techniques on uniform estimation
for non parametric objects to derive consistency bands for the mean excess function in the i.i.d. case. We apply our results
for modelling Dow Jones data to see how good the Generalized hyperbolic distribution fits monthly data.
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1. Introduction

Because of its growing importance, the mean excess function, also known as the mean residual life function, has been
extensively studied in the literature. It is one of the most useful tools in survival analysis, actuarial science, economics,
engineering, and environnemental science. For example, the mean excess function plot can serve for fitting Generalized
Pareto distributions if it is linear. It is defined as follows.

Let X be a random variable defined on a probability space (€2, A, P), and let F be its distribution function with right-
endpoint
xp =sup{x e R, F(x) < 1}.

We shall suppose that the expectation of X is finite ; i.e., [E|X| < co. Then, for any threshold u, the mean excess function
e(u) associated with X is defined (see, e.g., Kotz and Shanbhag, 1980, Hall and Wellner, 1981, Guess and Proschan, 1988)
by
1 < _
_— f F(dt if F(u)>0
o) = EX —u/X >uy={ F Ju (1)
0 whenever F(u) =0,

where F = 1 — F represents the survival function of X. A natural way of estimating the mean excess function e(u) is
achieved by using the plug-in method ; that is, replacing the survival function in (1) by its empirical counterpart, as did
Yang (1978).

Let X1, ..., X, be a sequence of n independent copies of X. Then, the plug-in estimator of e(x) is defined as

Z?:I(Xf B M)H[XPM] _ Z?:l Xi]I[Xpu] —u
i1 LX) 2ot Iixsu ’

2)

e(u) =

where Ix.,) = 1 if X > u and O otherwise.

The asymptotic behavior of the estimator e,(#) has been investigated by some authors. Yang (1978) established the
uniform strong consistency of e,(u) and the weak convergence of the process Z,(u) = +nle,(u) — e(u)] to a Gaussian
process over fixed intervals of the form [0, xo], xp < xr. Under some regularity conditions, Hall and Wellner (1981)
extended these results to [0, c0). They also provided simultaneous confidence bands for the mean excess function e(u)
by transforming the limiting process to Brownian motion. Later on, Csorg6 and Zitikis (1996) showed that these results
does not hold, in general, on the half line [0, c0), and proposed to use weight functions to overcome the difficulties. Their
approach also allows to obtain confidence bands for the mean excess function e(u).
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In this paper, we propose another approach based on the modern theory of empirical processes indexed by functions which
enables us to study, with very mild conditions on the distribution function F, the asymptotic behavior of the estimator
e,(u), uniformly in u € I = [ug, u;], with uy < u; < xp.

The paper makes three contributions. First, by using the Vapnik-Chervonenkis (VC) classes and the entropy number
techniques, we establish the uniform strong consistency of the empirical mean excess function e, (#) over any fixed interval
1. Precisely, we show that for any u; less than xg (the righ-endpoint of the distribution F),

sup e, (1) — e(u)) = 0 a.s as n — oo.
usu

Second, making use of the modern theory of weak convergence of empirical processes indexed by functions mainly
exposed in (Van Der Vaart, 1996), we prove that, for any fixed interval I of the above type, the empirical mean excess
process

vnle,(u) — e(u)] indexed by a class F3, weakly converges to a Gaussian process ; that is,

{ Vale, ) - e, u € I} 5 {Glh),ue I,

where G is a Gaussian centered functional process with a well defined covariance function and 3 = {h,,u € I} is a class
of functions to be precised later.

Third, combining Talagrand’s inequality (see Talagrand, 1994) and the Einmahl and Mason moment bound (see Einmahl,
2000), we arrive at our best achievement which consists of finding almost sure consistency bands for the mean excess
function e(u). Precisely, we establish that for any € > 0, for all large n,

IP’(e,,(u) - 3% <e(u) < e,(u)+ ﬂ,u € I) >1-g,

\n

where (E,)=1 1s a non-random sequence of real numbers precised in Theorem 3.
To develop our methodology, we need some notations.

For all u < xp, consider the real functions f,(x) = x[jxsu), gu(X) = [jx>uy, x € R and, define

Px(fu)=fRfu(X)dF(X)=f xdF (x)

and

Px(gu)=ngu(X)dF(X)=f dF(x) = F(u),

where Py denotes the probability law of X.

Let P, be the empirical measure associated with the sample X, - - - , X,,. Then, for all u, we have

l n 1 n
Pu(f) =~ > Xillgour and Pu(g) = ~ 3 Tixou,
i=1 i=1

and formulae (1) and (2) become

Py (fi) .
—u if u<x
e(w) =1 Py(g.) !
0 if u> xp.
and B,
Iy if u< X,
en(u) =1 Pu(gu) ’
0 if u>X,,,
where X,,, = 1 ax X;.

<i<n
Note that our consistency bands are asymptotically optimal in the sense that the coverage probability tends to 1, asn — oo
(see, Theorem 3). These results allow us to set graphical goodness-of-fitting test based on the empirical mean excess
function, and to apply this test to Dow Jones data. We find that the Generalized hyperbolic family distribution reveals,
itself, to be very adequate to generally fit financial data.

43



www.ccsenet.org/jmr Journal of Mathematics Research Vol. 8, No. 1; 2016

The remainder of the paper is organized as follows. We state uniform almost sure (a.s) convergence results in SEcTION
2 and finite-distribution and functional normality theorems in Section 3. StcTion 4 is devoted to setting a.s consistency
bands for the mean excess function e(u). In Section 5, simulation studies and data driven applications using Dow Jones
databases are provided. We finish the paper by a concluding section.

Before we go any further, it is worth mentioning that, in the sequel, all the suprema, taken over u < u;, are measurable
since the functions of u that we consider below, are left or right continuous. This means that we are in the pointwise-
measurability scheme. Thus, even when we use the results and concepts in (Van Der Vaart, 1996), we do not need neither
exterior and interior integrals, nor convergence in outer probability.

2. Almost Sure Convergence

In this section we are going to prove the uniform almost sure convergence of the empirical mean excess function by using
Vapnik-Chervonenkis (VC) classes and bracketing numbers.

Theorem 1. Suppose that E|g,(X;)| < co and E|f,(X)| < oo, then

sup [P, (g,) — Px(g,)l = 0 a.s as n— oo

U<Xfp

and
sup [P, (fu) = Px(f)l = 0 a.s as n — oo.

U<Xfp

; 2
Moreover, if EX] < 400, we have for any fixed uy < xr,

sup le,(u) —e(w) —» 0 a.s as n — oo.
usuy

Proof. We notice that ¥ = {g,,u < xr} is a class of monotone real functions with values in [0, 1]. By Theorem 2.7.5
in (Van Der Vaart, 1996), the bracketing number Nj(e, 1, L,(Q)) is finite (bounded by exp(K/¢g), for every probability
measure Q, any real r > 1, and a constant K that only depends on r). Since E|g,(X;)| < oo for u < xg, ¥ is functional
Glivenko-Cantelli class in the sense of Theorem 2.4.1 in (Van Der Vaart, 1996), meaning that

sup [Pn(g4) — Px(g)l = 0 as as n — oo. (3)

U<Xfp

The class F> = {f,,u € [ug, u1]}, with u; < xp, is a Vapnik-Chervonenkis class with index V(,) = 3 and its envelop is
G = max(|f,, (@I, |fu, (). Then it satisfies the uniform entropy condition 2.4.1 in (Van Der Vaart, 1996). Then ¥ is a
Donsker class and hence it is a Glivenko Cantelli class, that is

sup [P, (f,) —Px(fi)l > 0 a.s as n — oo. 4)

u<xp
To finish, fix #; < xp. Then for u < u; and n large enough, we have

Pu(f)  Px(fu)

Pu(gw)  Px(gu)
(Pa(g)) ™ Bu(fi) = Px(f)) = Px(f) X

e,(u) — e(u)

Pn(gu) - IP)X(gu)

]P)n(gu)]P)X(gu) ’
then [P, (80) — Pa(g.)]
1 n\8u) — Tx(8u
len(u) — e(u)| < [Pu(g)l™ X [Pu(fu) = Px(fu)l + IPx(fu)l X P2 Pr (el 5)
Let
€, = sup ”P)n(fu) - ]P)X(fu)| and 511 = Sup |Pn(gu) - ]P)X(gu)| (6)

U<Xp U<Xp

From (3) and (4) above, we have
€ — 0 as and 6, >0 as, as n — oo.

Now for u < u; , we have Px(g,) > Px(g,,) and from (6) ,

_6n < IP)n(gu) - IEDX(gu) < 6n
_5n + ]P)X(gu) < HDn(gu) < 6n + PX(gu)’
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since P,(g,) = Px(g.) — 6, > 0 for n large enough, then (P,(g,)~! < (Px(g.,) —6,)".

fxdF(x) fxdF(x)
u R

suple, (1) — e()] < &[Px(gu) = 6] + o Pr(gu)Bx(gu) ~ 6] 6,

usu

We also have

IPx(fu)l =

<

< f IdF(x) = EIX| = @ < oo. 7)
R

Thus

and then

sup |e,(u) —e(uw)] > 0 a.s as n — oo. O
u<u

3. Asymptotic normality of e, ()

In this section, we are concerned with weak laws of the empirical mean excess process { vnle,(u) — e(w),u € I } where
I is a given interval. Hereafter {G(g),g € G} denotes a Gaussian centered functional stochastic process with variance-
covariance function

I'(g1,82) = f(gl(x) - Eg1(X1))(g2(x) — Ega(X1))dF(x).

Theorem 2. Let X1, Xy, - -+ be iid rv’s with common finite second moments. Put I = [ug, u;], with ug < u; < xp and define
the functions of t € R,
hu(t) = Px(8) ™" fu) = Px(f)Px (8)8u(D), for uel.

Suppose that F is continuous and satisfies

i (F(v) — F(v—-20) )2 0

imsup sup [————=| =0.

6—0  (v,v-o6)el? \/5

Then, the functional empirical processes {G,(g,), u € I} and {G, (f,), u € I} weakly converge respectively to {G(g,),u € I}

and {G(f,),u € I} in £°(I). And consequently, the empirical mean excess process {\/ﬁ[en(u) —e(w)],uel } weakly con-

ﬁt IP)X(fu)
verges to {G(h,),u € I}, where h, = - "
¢ Frg)  Plien)®

uel.

Before we give the proof of this theorem, we need the following lemma.

Lemma 1. Let g be a finite measurable function defined on R such that Eg(X,)* < oo . Let ug < u; < xp. Define for any
fixedveRandd >0

2(,8) = f ()~ B0 dF ),

Let for a fixedn > 1,u € R

n

Sa(u) = % Z [g(Xj)]I(X,->u) - Eg(Xj)H(X/>u)] :

J=1

4
,0
If sup o (v.9) —0as 6—>0 and sup |g(x) — Eg(X)| < oo,

up<v<uy Up<x<uy
then |
lim sup sup—P( sup |S,(w)—-S,(v)|=n) =0.
“Yup<vzuy n=l 6 Vv—0<u<y
Proof of Lemma 1. We fix v € R and consider @ = sup [S,(u) — S,(v)|. Observe that for u < v,
V—0<u<y

n

1
S =S, = —= D {8 (X)) = Eg(X )T (X))
j=1

Given that for all (&, v) € R?, we have

1 n
1) = Sa0] < —= [lsxp)| + [Egx)] < oo,
j=1
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it comes that « is finite. So for any € > 0, we can find u € [v — 6, v[ such that,

ISn() =S,V 2 @ - €. ®)

Now, let § > 0. Define for any p > 1, and consider uj(p) =u; =v—-96+ jé/p, j=0, ..., p.

Let us prove that for & > 0,
lim max |S,(u;) — $,()| > @ - &.
po0sjsp
For each p > 1, let j such that
ui-1(p) < u < uji(p).

We have,
|Sa(up) = S, = [Su@) = S.)| - % 2(8(Xi)ﬂ]ﬁ,u,»(p)] (X;) = Eg(Xi) 1, (X:)
> [S,a) - S, - R,-(p)f
by denoting
Ri(p) = ‘% Z(g(&-)ﬂ]u,u,(m (X;) — Eg(X (X))
We get from (8)

max |Sn(uj) - S,,(v)| >a—e-R(p).
0<j<p

For a fixedn > 1, Rj(p) — 0 as p — oo, since the sequence of intervals (i, u;j(p)]),>1 decreases to the empty set as
p — oo.

Next, consider the collection of the points {u (0),0<j<p1<L< p} and denote the set of its distinct values between
them as {itj, 1<j< m(p)} . We still have |1ij - itj,1| < 6/p, and we surely have for any £ > 0

lim max |S,1(12j) - S,,(V)| >a-¢
p— 0<j<m(p)

and then

Iim max |[S,(u)—-S,v)|>a
p—>oo0sj3m(p>| @) |

and finally
sup max |S,(u;)-S,(v|=a.
pZII) OS.iSm(p)| ( j) ( )|
By construction, o ma)z )|S,l(12 =S ,,(v)| is non decreasing in p. So, by the Monotone Convergence Theorem, for any
<j<m(p

fixed v > 0 and for ény n >0,

IF’( sup |S,(m)—S,v)| > 77) = limIE”( max |S,,(i¢j) - Sn(v)| >n|. 9
V—0<usv pleo 1<j<m(p)
Put Z, = Z (g(Xi)H]uh,l,ﬁ,,](Xi) - Eg(Xi)]I]z}h,lﬁ,,](Xi)), h>1.
i=1

We have

m(p)

VIS i) = SuO) = Y Zi = Ty

h=j

with

m(p)

VIS (v = 8) = $4(0)) = Y Zi = Ty = T(n,,6).
i=1
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‘We observe that {Tl, T, ..., Tm(,,)} are partial sums of i.i.d. centered random variables so that the T;.‘ form a submartingale.
By the maximal inequality form submartingales, for any fixed p

A

] (R
L) — > = | > s
P(l;ﬁgnx(p)lSn%) Sn<v>|—n) P(lgps%lﬂl—n%) < B

IA

1
WET(n, u, 6)*.

Since the right hand side does not depend on p, we get by (9)

1 1
_P( sup [S,(w) =S, = 77) < 7 Z]ET(H, u, 5)4.
on'n

6 v—0<u<y

Notice that T'(n, u, 6) is a sum of n i.i.d centered random variables with variance

ki(v,6) = (v, 6) = f (g(x) — E(g(x))* dF(x)
v—=4

and fourth moment )
a0 = [ (e - Bleto* dF )
V=0
Simple computations give (see the apPENDIX 7.1 for a simple proof of that)
E (T (n,u,6))* = nka(v,8) + 3n(n — D3 (v, 6).

By putting these facts together, we arrive at

1 ,0) + 3n(n - 1ot (v,6
p( sup 1S, - S,z ) < g (HeOEIN0Z D 0)
6 v—0<u<v 61’12
_ o 1 (v, 6) 1
— I 1,300 )
-’7(5 SRS .
Remark that
K2 (v,08) 4 v
=2 < (sup Ig(x)—IEg(X)I) x &' x sup f dF(x)
up<v=uy 6 uo<x<uj up<vup Jv-9
4
F(v)y—F(v—-9)
< ( sup |g<x>—IEg<X)|) X sup
up<x<u up<v=u
We finally get
1
lim sup sup—P( sup |Sn(u)—5n(v)|277)=0
=0 yo<v<uy n>1 6 Vv—0<usv
4
, 0
whenever lim sup T )=Oand sup |g(x) — Eg(X)| < +oo.
-0 up<v<u; up<x<uy

This achieves the proof of the lemma. [
Proof of Theorem 2.

By Theorem 2.7.5 in (Van Der Vaart, 1996) applied to 7 and by the fact that 7, is a Vapnik-Chervonenkis class, condition
(2.5.1) is satisfied for both ¥, and 7, thus 7 and ¥, are Donsker classes. This may be used in a simple manner to get

A, = max(sup |G,(gu)l . sup |G, (f)]) = Op(1,1) as n — oo. (10)
uel uel

Denote the functional empirical process for any real function g by

l n
Gu(g) = 7 Z] {g(X)) - Eg(X))} .
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Remind that for any Donsker class G, the functional stochastic process {G,(g), g € G} converges in law to a Gaussian and
centered stochastic process {G(g), g € G} whose variance-covariance function is

I'(g1,82) = f(gl(x) - Eg(X1)(g2(x) — Eg2(X1))dF (x).

We have, as n — oo

_ Gn(gu)
P,(g.) = Px(g,) + -
_ Gau(fo)
IP)"(fu)_]P}X(fu)‘{‘ \/ﬁ .
Thus
P.(f)  Px(fu
ow=ew) = LS -
! VA(Pa(8.) - Px(g(w)
= ]P)n u —]P) u _IED »
B o) Va(Pu(f) = Px(£) = Px(f) ST
1 Px(f.)
= Gn u ——Gn "
H”n(gu)[ (fu) Py(g.) (8]
1 Px(f,)
= Gn - .
B O Byl
‘We find
G(gu)1-
Pu(e)™ = [Px(g) + \js’;]l

Py (g)[1 + Py (@) x 172 x Go(g)]
Py (8|1 = Px' () X 172 X Gin(gu) + Py () X 6(n 7' X Gin(g))|

Since F7 is a Donsker class, then sup |G, (g,)| = |G, |l = Op(1,1). So
uel

Pu(ga)™ =Py (0|1 = Px'(g0) x 72 x 0p(1, D)]
Let us remind that /, = Px(g.)™" fu = Px(f,)Py*(g4)gu- Then, for u € I, we get

Py (fu)
Px(gu)

Vi(en(u) = ew) = Gl f, - 2u)| X [y (80) = P37 (8) x ™% x Op(1, D)
= Gu(hy) + Gy(h) X Py () x 012 x Op(1, D).

We finally have
\/Iz(en(u) —e(u)) = Gn(hu) + Gn(hu) x op(1,1). O (11)

fu _ IP)X(fu)g
Px(gu)  Pi(g4)

Lemma 2. The class 73 = {hu = wu €1 } is a Donsker Class.

Proof. At this step, we want to prove that F3= {h,,uy < u < u;} is a Donsker Class. Since we obviously have, by the
Central Limit Theorem, finite distribution convergence of {G,,(h,), u € I} to the stochastic process {G(h,), u € I} in £°(F3),
we only need to prove the asymptotic tightness of {G,(h,), u € I}.

In view of Theorem in 1.5.7 in (Van Der Vaart, 1996), it is enough to prove that

1
limsuplim sup -P( sup |G,(h,) — G,(h,)| =7n) =0.

=0 yer n—co §  v—0<u<v
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Here, we apply Lemma 1 for the nondecreasing mesurable function g(x) = x and g(x) = 1. In both cases, we inspect the
assumptions of this lemma and see that if g(x) = x, we get g(x) < g(u;) = u; for any ug < x < u; and thus

o*(v,0) 1 v 2
sup = sup f (8(x) - Eg(x))’dF (x))
Up<v=u| 6 uo<v<u| 0 V=3
F(v)—F(v—0)\2
< u —EXOP x sup M) — 0 asd— 0,

up<v=uy \/3

and
SU? lg(x) — Eg(X)| < |uq] + [E(X)| < o0.
XE

If g(x) = 1, the result is obvious.

We can apply Lemma 1 and we will get,

(lsim sup lim sup l]P’( sup |G, (f) - G,(f)I=n) =0
s

Y uel  n—ooo v—6<u<v

and 1
lim sup lim sup —P( sup |G,(g,) — G,(g,)| =1n) =0.
620 yef nooo §  v-6<u<vy
But by Theorem 8.3 of Billingsley (1968), p.56, and by Theorem 2.2 in Lo (2014), these two previous equalities entail,
that
limsuplimsupP(  sup |G.(f) - G.(f)l=n) =0
020 yel oo u—v|<6,(u,v)El?
and
limsuplimsupP(  sup  |G,(g.) — Gu(g) = n) = 0.

=0 el  nooo Ju=v|<6,(u,v)el?

Next, we use the following development for (u,v) € [ 2

_ Px(f.) _ Px(f,)
hu_hv = ]P)l ul\Ju — X u_Pl vI\Jv — y
X (@) f: PR ) - Py (g)(f: Px(gv)g)
_ _ Py(fu) Px(f)
=]P)]uu_P1vv_ X u = v
Y (8, x@v(%®) %®))
= a(u,v) - b(u,v).
We get
a(u,v) = P)_(l(gu)fu - P)_(l(gu)ﬁ/ + P}_(l(gu)ﬁ) - P)_(l(gv)fv
— fu _fv _ IP)X(gu) - IP)X(gV) Xf
IP)X(gu) IP)X(gu) X IP)X(gv) "
fhen Px(g) - Py(g)l
(Gn s < (Gn =y M Gn ).
1Gala(u, v)) < Pr(z.) X|Gp(fu = S + Pr(2.) X Px(zy) X Gu(fy)
Next
by = BUD o B B B
Py(gw) Py (gu) Py (gw) P5(gv)
_ 3 Px(f)  Px(fu)  Px(f)
= @os xSt o TR
Next,

Peh)_Bx(h) | B B | Pa(f) _ Px(h)
IP)gg(gu) ]ng(gv) IP)gg(gu) ]Pjgg(gv) I[Dg((gv) ]P)?((gv)
((Px(gv) + Px(gu)) X (Px(gv) — Px(g4))

P3(8.) X P(gy)

+ (Px(f) = Px(f) %

) X Px(f.)

PY(g)
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Also,

Px(f)l
P%(gu)
Px(gy) + Px(g.)l X [Px(g,) — Px(g.))l

IP% (g) X P5(g0)l

1
+ Px(fu) = Px(S)I X 1Ga(g)l X Pl(g)’

IGu(b(u, ) <

X |Gp(gu — &)l

X Px(fi)l X |Gn(gy)l

For (u,v) € I, let us use the bounds for Py (g,), P;'(g,), and for Px(f,).
Precisely, we have Py'(g,) < (F(u1))™", P3'(g,) < (F(u1))™', and finally, from (7), we get [Px(f,) < E[X].
Thus, by using these bounds and (10), it comes that

Sup |Gn(hu - hv)| < Bl X Sup |Gn(fu - .ﬁf)l + B2 X Sup |Gn(gu - gv)|
Ju=v|<6,(u,v)el? |u=v|<6,(u,v)el? |u=v|<6,(u,v)el?
+ (Bs X sup  |Px(g,) —Px(g)l+Bsx  sup  [Px(fu)— IP’x(fv)l] Ap,
|u—v|<6,(u,v)el? |u—v|<6,(u,v)el?
where
By = (F(u)™;
By = EIX| x (F(u1))™%;
By = F(u))((F(u1))™ + 2F (uo)):
By = (F(uy)™;
A, = max(sup |G,(g,)| , sup |G, (f)D).
uel uel
Now we observe that
sup  [Px(g) —Px(g)l=  sup  |F(u)—F()|
|u—v|<6,(u,v)el? |u=v|<6,(u,v)el?
and
sup  [Px(fi) —Px(f)l < sup f tdF (1) - f ldF(f)l
|u—v|<6,(u,v)el? lu—v|<o,(uv)el? 1 Ju v
< max(juol, lui)  sup  [F(u) - F(v)I.

|u=v|<6,(u,v)el?

These quantities go to zero whenever F is continuous and hence uniformly continuous in /. Putting all these facts together
and using (10) yield
sup sup |G, (h, —h,) >0 as 6 — 0.

n=1 |u—v|<6,(u,v)el?

Finally ¥3 is a Donsker class, thus sup |G, (h,)| = Op(1, I) and we get from (11) that

uel

V(e (u) = e(u)) = Gu(hy) + op(1, D).
This completes the proof. [
Now we are going to concentrate on consistency bands for the mean excess function.
4. Consistency Bands

In this section we use uniform bounds of functional empirical processes based on Talagrand’s inequality (see Talagrand,
1994) and the Einmahl and Mason (2000) moment bound to construct almost surely consistency bands for the mean excess
function e(u) as follows.

Theorem 3. Let X1, X5, - -, be i.i.d random variables with finite second moments. Put I = [ug, uy], with —c0 < ug < u; <
xr and suppose that F is continuous and satisfies

limsup sup (12)

0—0  (v,v-0)el?

(F(v) ~ F(v— 5))2 o
— ) "
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Then for any & > 0, there exists ng such that for n > n,

Ple,(u) — 3% <e(u) < e,(u) + %,uel) >1-g

with
E, =

1 (D2+D1XE|X|) (13)

F(u1) = Dy/ \n F(ur)
and where

D, = 2AA, VlogZ +A;

D, =AA M, \/long + A,

My = max(2, max(|uol, [u1]))

A and A, are universal constants.

The proof of this theorem is rather technical, so we postpone it to the APPENDIX SUBSECTION 7.2, where we also state the
fundamental Talagrand’s inequality.

Remark : Condition (12) is quite very mild and is satisfied by most of the continuous usual distribution functions. Indeed,
if F' is absolutely continuous with respect to the Lebesgue measure, then F admits a density, say, f. By applying the mean
value theorem, we get

sup f 2()c).

xe[v—6,v]

2
(F(v) —jg(v—é)) <5

But sup f?(x) < oo because of the local continuity of the density £ ; that is condition (12) holds. Thus, our proposed
x€[v—6,v]
consistency bands can be constructed for a large number of continuous distribution functions. All the examples in SEcTiON

5, that are devoted to simulation studies, satisfy (12) through this argument.
Now, we are going to focus on the applications of our results.
5. Simulations and Applications

In this section, we are coming back on the empirical mean excess function (emef for short) to construct graphical tools
for goodness-of-fit test.

In SussectioN 5.1, we present a simulation study. For this we consider some parametric distributions, for which we plot
the emef and the consistency bands. For each distribution model, we generate B = 6000 samples of size n = 4000, and
we compute the average mean excess function of these B samples. The graphs of these averages of these empirical mean
excess functions would serve as stallions in the following sense : each other sample having an alike emef will suggest such
an underlying distribution. We will also simulate our results with a special guest distribution : the generalized hyperbolic
(Gh for short) family of distributions. Nowadays, this family is very important in financial modeling.

In SussecTion 5.2, we will use the emef graphs as stallions for real data. We shall focus on monthly returns and log-returns
of Dow Jones data (03/01/2000 to 02/12/2011), and will find that these data strongly suggest Gh model.

This section, beyong financial data, shows how to use the emef for goodness-of-fit testing purposes. It opens a great
variety of applications for differents types of data.

5.1 Simulations

To assess the performance of our consistency bands, we present a simulation study. We draw simulated emefs for standard
distributions and next for Gh family of distribution functions

5.1.1 Emef for Standard Distributions

We consider some simple distribution models listed in the Table 1 below, where the parameters are specified and the emef
figures corresponding to each model are displayed.
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Table 1. The emef for standard distributions with their specified parameters

Distributions Parameters Figures
£=025,8=1 .

GPD £=-0758=1 Figure 1

Pareto a=7,1=3 Ficure 2

Exponential =2 &

Gamma a=2,8=0.001 .

Beta 1=7.p5=2  lgure3

Figure 1. The emef for a generalized Pareto distributions ¢ = 0.25, § = 1 and the right panel concerns the one with the
parameters & = —0.75, B = 1.

5.1.2 Generalized Hyperbolic Models

Here, we consider the emefs of the Gh models. We need some definitions. The Lebesgue density function of the one
dimensional Gh is given by

-1/2 _
Frapou® = Auapop X (07 + @ —p?)" 7 X P XK (@6 + (x = p)?)
(@ -pY:
V2ra DK (5 a2 - B7)

1 [ 1
Ki) = 5 f Y exp( - 30+ y")dy, (x> 0) s the modified Bessel function of the third kind with index .
0

where agop6) = K05, 1S a norming constant to make the curve area equal to 1 and

The dependence of the parameters A, @, 3,6, and y is as follows : @ > 0 determines the shape, 0 < |8] < a the skewness,
1 € Ris a location parameter and 6 > 0 serves for scaling. The parameter 1 € R specifies the order K, function Bessel
that appears in the Gh density function and may be used to obtain different subclasses of Gk distribution. We summarize
the different possible domains for the parameters :

If 1 < 0 then (5 > 0, 8] < ),
Ifﬁ:Othen(é>0,W| <a/)
If 1> 0, then (6 > 0, 18] < ).

An important characteristic of the Gh family is that, it embraces many special cases such as : Hyperbolic (1 = 1),
Student-z (1 < 0), Variance Gamma (1 > 0), and the Normal Inverse Gaussian (NIG) (4 = —0.5) distributions. It nests
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Figure 2. The left panel is the emef for a Pareto distribution with the parameters @ = 7 and 1 = 3 and The emef for an
Exponential distribution with the parameter A = 2.

the Generalized Inverse Gamma (GIG) distribution defined only by the three parameters 4, @, and 8. An Inverse Gaussian
(IG) distribution is a GIG distribution with 4 = —0.5 and a Gamma (') distribution is also a GIG distribution with 8 = 0.

The Gh family contains also some limiting distributions such as Cauchy distributions with parameters ¢ and ¢ (obtained
for A = —0.5 and @ = B8 = 0). The Gaussian distribution with mean y and variance o is obtained for A = —0.5, for
a,6 — oo and g — o2. The Skew-Student ¢ with v degrees of freedom is obtained if @ = ||, then v = —21 > 0. The
Student ¢ distribution is obtained for & = B=0,u=0andd = . In the special case of hyperbolic distributions (1 = 1),
we obtain the skewed Laplace distribution for § = 0.

All of these distributions have been used to model financial returns and log-returns data. In Table 2, we consider two
specific Gh distributions with specified parameters. The corresponding emef plots are displayed in the colum Figures.

Table 2. Specific and limiting G distributions with their specified parameters.

Specified parameters

Distributions 1 p B 5 Figures
t-stud. 57 -1.278 0.01186 0.01186 0.0766  1.005 Fioure 4
' -1.247 0.0148 -0.0147 0.076  1.005 &

-0.5 8.03 -1.37 0.051 0.0105 .
NIG -0.5 7.6 124 0052 00103 eured

5.2 Applications

We are now in a position to use the emef graphs already drawn to fit graphically the Dow Jones data. Emefs for Normal
Inverse Gaussian (NIG) and #-student distributions are not monotonic functions. They decrease and increase like for the
emef of returns and log-returns data. For this reason, we fit them to both monthly returns and log-returns from Dow Jones
data base (see FIGURE 7, FIGURE 9, FIGURE 11, and FIGURE 13).

Dow Jones data base consists of several companies like AXP(American Express company), CSCO(Cisco Systems), DAX,
CAT, IBM and so one. Each one having 5 values : from opening (op) values to closing (cl) values , also minimum (min),
maximum (max), and volume (vol) values.

We select AXP and CSCO companies and we consider returns and log-returns for their values as shown in the Table 3.
Then we construct their emef plots and their fitted counterparts. Estimated parameters and the emef plots are given in
Table 4.
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Figure 3. The emef for the Gamma distribution with the parameters @ = 2, 5 = 0.001 and the right one is the emef for the
Beta distribution with the parameters A = 7,8 = 2.

Table 3. Real and Fitted Emef for AXP and CSCO companies.

Emef plots
Real emef  Fitted emef

Companies  Nature  Values

AXP Returns ——P Figure 6 Figure 7
min

max
cl

CSCO Returns % Figure 10  Figure 11

op
max

Log-ret. Figure 8 Figure 9

Log-ret Figure 12 Figure 13

Table 4. Emef for fitted Gh distributions to AXP and CSCO companies.

Gh estimated parameters

C Nat Val . . it Di ;
omp ature alues 1 & I 5 7 Fit.Dist  Figures
op. —1.278 001186 00118 00766 1.005  r-stud )
AXP Returns — 0 ——— 5700148 00148 0.0768 1.005  rswd &
Loarer, __Max.___05 8.03 137 005100105 NIG .~
gt /T, 05 76 124 0052 00103 NIG &
min. _-124 _ 0.0148 -0.0148 00768 1 rstd,
CSCO  Returns —27———¢5 4722 422 0613 0753  rswd el
] op. -126 083  -083 007 0 rstud,
Logret. — 132 035 085 0076 0 swd, e 13

Commentaries.

In view of FIGURE 4 and FIGURE 7 we can say that ¢-student distribution fits well opening and minimum values return for
the American Express company AXP, whereas NIG distribution fits well maximum and closing log-returns values for the
Cysco System company CSCO in view of FIGURE 5 and FIGURE 9.
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Figure 4. The emef for two ¢-Student distribution. The left panel concerns the one with the parameters
A=-1.278, @ = 0.01186, 8 = 0.01186, 6 = 0.0766, u = 1.005 and the right panel concerns the one with the parameters
A=-1.247, a = 0.0148, g = -0.0148, 6 = 0.07683, u = 1.005.

6. Conclusion

In this paper we have established almost sure consistency bands for the mean residual life function by using a functional
empirical processes approach. Then, we applied these bands for fitting Gh distributions to Dow Jones financial data. It
is a known fact that these kinds of distributions fit well financial data since they generalize a major part of the classical
distribution functions.

We found that Student and NIG distributions are good candidates for fitting returns and log-returns data showing their
semi-heavy tails.
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7. Appendix

7.1 Moment computations

Let Zy, ...,Z,, ni.i.d centered random variables defined on the same probability space with common variance ]E(Ziz) =K
and common fourth moment E(Z}) = k, > 0. We have

E(Zy + 2, + ...Z,,)4 = E(iz,‘j +6 > 77}
k=1

I<i<j<n

E[T(n, u, 6)]4

ZE(Z,;‘) + 6 Z E(ZZ2) (14)
k=1

1<i<j<n

since, for distinct 7, j, k and [,
R(ZZ}) = B(ZZ;Z) = B(ZZ;ZZ) = 0,

by using independence plus the fact that E(Z;) = 0. Using independence again,

R(Z}73) = E(ZDEZ2) = & for i # j.

-1
We obtain Z IE(Z?Z]?) = n(n2 )K% since the number of possible couples (i, j) of integers such that 1 <i < j < n,is
1<i<j<n
-1
(;) = n(nz ) . Hence from (14), we deduce that E[T(n, u, 6)]4 = m<2+3n(n—1)/<%.

7.2 Proofs of the uniform asymptotic consistency bounds .

We begin to recall the Talagrand bounds and a device of Einmahl and Mason and in SusecTion 7.2.2, we give an applica-
tion of these results.

7.2.1 Talagrand bounds

Before going any further, we recall that a class of measurable real valued functions ¥ is said to be a pointwise measurable
class if there exists a countable subclass 7y of ¥ such as, for any function f in ¥, we can find a sequence of functions
{fin}mso in Fo for which f,,(x) — f(x) as m — co, x € R. (See Example 2.3.4 in Van Der Vaart, 1996).

Further, let £1,&, ... be a sequence of independent Rademacher random variables independent of X;, X5,..., and G,,
be the functional empirical process indexed by the class of functions 7. The following inequality is essentially due to
Talagrand (1994)(see Deheuvels and Mason, 2004 page 269)

Inequality. Let ¥ be a pointwise measurable class of functions satisfying for some
O<M<oo |flle<M, feF,.
Then for all ¢ > 0 we have,

P mas Il 2 (8] 300, )
T i=1

< 2(exp(-A; £ [noy) + exp(—Ax t/M)), (15)

where o-?r = SUP jer Var(f(X)) and A;, A, are universal constants.

And the lemma below of Einmahl and Mason (2000) is very helpful for obtaining bounds on this quantity, when the class
¥ has a polynomial covering number.

Assume that there exists a finite valued measurable function G, called an envelope function, which satisfies for all x €

R, G(x) > sup|f(x)|. We define for 0 < € < 1
feF

N(e,F) := sup N(e VO(G?), F . do)
(Y]

where the supremum is taken over all probability measures Q on R for which 0 < Q(G?) := f G%(y)Q(dy) < oo and dgis
the L,(Q)—metric. As usual, N(e, ¥, dp) is the minimal number of balls {g : dy(g, f) < €} of dp—radius € needed to cover
¥ . Here is the device of Einmahl and Mason (2000).
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Lemma 3. (Einmahl - Mason 2000) Let ¥ be a pointwise measurable class of bounded functions such that for some
constants B> 0, v >0, C > 1, o < 1/(8C) and function G as above, the following four conditions hold:

(A.1) |G| < B

(A2) N(e,F)<Ce™, 0<e<]l;

(A.3) op == supE[ 20| < o
feF

(A4) sup|lflle <
feF 2

- \/naz/log(ﬂ vV 1/o).

Then we have for some absolute constant A,

E“ Z & f(X,-)H(f < Ao logBV 1/0). (16)
i=1

7.2.2 APPLICATION

Put £,(x) = €(0)[(x>), with £(x) = 1 or £(x) = x, and let ¥ = {{,,u € I}. ¥ is pointwise measurable since it suffices to
take Fo = {€,,u € I N Q}, where Q is the set of irrationnal numbers.
Next G = max([€(up)|, |€(u1)]) = M > 0 is an envelope of F since we have

sup |£u ()] < [€(x)] < max([f(uo)l, [Eui)),  Yuo < x <uy.
uel

Remark that if £(x) = 1 then M = 1 and if £(x) = x then M = max(|ug|, |u1|). We have 0'2¢ = sup Var(f(X)) < M?. So
feF

we may use Talagrand’s inequality. It remains to check points of Lemma 3. Points (A.1) and (A.3) are obvious with

B = M = 0. To check (A.2), consider any probability Q on R. We get for (u,v) € I, u < v,

dgy (L ) = f (bu = 6, (0)dQ(x) < M*Q([u, V). (17)
By a classical result in probability in R, for any given 0 < & < 1, we may cover [ugp,u;] by at most m = [M]
e
sub-intervals [s;_;, ;] such that Q([si—1, s;]) < €%, i =1,...,m. ([x] stands for the smallest positive integer greater than
or equal to x). Let C = (m + 1)e, we have m < Cg™!. For any u € [ug, u;], there exists i € {1,...,m} such as s;_; <u < s
with Q([u, s;]) < €2, so the corresponding ¢, € F is such that
do(ly, L) < eM = e O(G?) from (17).
To finish m = N(e /O(G?), ', dp) < C&™" and
N(e,F) = supN(e VO(G?). F.dg) < C&™".
0
Now we take 82 = 02 = max(2, max(|€(uo)|, |£(u1)]) = M. Finally for
3 M? log M,
> Mf
we have .
. . <
E| 2 &e X< cr Vi, (18)

where C# = A M| /log My, since all the points of the Lemma 3 are checked.
Now we are going to apply the inequality (15) first for the class of functions

F1 = {lu(x) = gu(x),u € I}.

58



www.ccsenet.org/jmr Journal of Mathematics Research Vol. 8, No. 1; 2016

In this case, M| = 2 since £(x) = 1, for any uy < x < uy, and

IE” if,-gu(X,-)”ﬂ = D, < Cy, Vi, where Cy. = 24 +/log2.
i=1

Lete > 0, n; > 2log?2 and ¢y such that

exp ( _1:]2% ) <

, and exp(—Azto)s and 1ty < ni.

i
8

oo | M

(Remind that o7 = 1.)
Then

1<m<n

P{ max [ VmGllr; > AI(JEH ig,-gu(x,-)“ﬂ + 1)) < /2.
i=1

So for n > ny, we arrive at

P(IPu(gu) — Px(gu)l <
As 1/ Yn < fni/ /n < 1, we obtain

A(Dy,1 + 1) < AiCr\n+Ai\n  ACs +A; D
ST N

Ai1(D,q + 1
M,u61)>1—8/2.
n

thus D
P(IP(gu) — Px(gu)l < 7% uel)>1-g/2 (19)

where D = 2A A; y/log2 + A;.
Let us use the same method, for the class of functions
Fao = {€u(x) = fu(x),u € 1}.

In this case, M| = max(2, max(|ug|, |u])) since £(x) = x, for any ug < x < uy, and
E“ > fu(X,-)”T = D,» < Cy, Vi, where Co, = AM; \/log M.
i=1 ?

8M?log M,
2

Letn, > and ty such that

1

and 7y < vn,.

Then

1<ms<n

B max NGl > 4i(E] Y 600 +0)) < 572
i=1

So for n > n,, we deduce that

A1(Dpp +19)
n b

P(IPA(f) = Px(f)l < uel)>1-g/2.

As 1o/ Vn < ~fni/ /n < 1, we obtain

A1(Dy2 + 1o) <A1C¢2\/ﬁ+A1\/ﬁ_A1C¢2 +A D
ST i
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thus D
2
P(IP(f) — Px(fu)l < e )>1-g/2, (20)

where D, = AA| M, \llOng +A.
Now we use again (5) :

P (gu) — Px(gu)l

-1
len(u) — e(u)] < [Pu(fu) — Px(f)l X [Pa(g)l™ + [Px(fu)l X Py2Prnl

For up < u < u;, we get

— D D D
0 < F(u) - 7% < Px(g,) - 711 < Po(g) < Px(g,) + 7‘5

with a probability greater than (w.p.g.t) 1 — £/2 and thus
— Dy \-1
-1 1
|Pn(gu)| < (F(Ml) - %) w.p.g.t 1- 8/2
so we obtain

_ D, = Dy \-1
P(Wn(fu) = Px(f)l X IPu(g)l ™" < % X (F(Ml) - W) JUE I)

D
2 P(IPn(fu) = Px(fu)l < 7’27“ € I) >1-¢/2,

thus

_ Dz — Dl -1
P(|Pn<fu> = Px(full X Pu(gu)l ™" < e (Fun - %) e 1) >1-¢/2. @1)

From the following inequalities :

_ — Dl -1
IP.(g)™" < (F(ul)— %) , wp.gt 1—¢g/2,

IPx(g)I™" < Fuy)™,
IPx(f)l < EIX],

and by the same manner, we obtain

|Pn(gu) _PX(gu)l Dl - - Dl -1
P(lPX(fu)| X P (2)Px(z0) < W x E|X]| x (F(Ml)(F(Ml) - W)) N7AS 1)

D
= IP’(IJP’n(gu) - Px(gu)l < 7}%14 € 1) >1-¢g/2,

thus

|Pn(gu) - IP>X(gu)| Dl
P(Py(f)) x 8w — Tx (8l 21
(' XX p e Pr@l ~ vn

By combining (21) and (22), we obtain

— _ D -
x EIX] x (F(un)(Flur) - 712)) ') S1-g/2 22)

_ D — Dy \-1
P(um(gm ' IPLCf) - Px(f)l 2 7% x (F(uy) - 7}‘7) ue 1)

IIPn(gu) _PX(gu)| Dl 7 T Dl -1
+ P(”P)X(fun X m > W X E|X| x (F(ul)(F(ul) - ﬁ)) )
& &
< - + 5 =< e
2 2

This gives

(D2 + D IE|X|).

E
P - — here E, =
(Ien(u) e(u)| > \/ﬁ) <& where E, T

F(u))— D1/ \n
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Finally we conclude by :

IED(e,,(u)—ﬂ <e(u)<en(u)+ﬂ,uel)>l—s

Vn Vn

for any € > 0, any n > ny with

e 1 ooy [P
F(u) - D/ n F(uy)

M, = max(2, max(|ugl, |u1]))

T T T T T T T T T T T
08 10 12 14
u

Figure 6. Emef for AXP company (monthly data returns). The left panel concerns the opening values and the right one
concerns the minimum values.

o ;MM
04 05 08 10 12 14 18 18
f

Figure 7. A t-Student distribution is fitted to monthly data returns for AXP company (see figure 6). The left panel concerns
a t distribution with the parameters 4 = —1.278, @ = 0.01186,8 = 0.01186,6 = 0.0766, and u = 1.005 fitted to opening
values. The right one concerns a ¢ distribution with the parameters 4 = —1.247, @ = 0.0148,

B =-0.0148,6 = 0.07683, u = 1.005 fitted to minimum values.
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Figure 8. Emef for AXP company (monthly data log-returns). The left panel concerns the maximum values and the right
panel concerns the closing values.

Figure 9. A NIG distribution is fitted to monthly data log-returns for AXP company (see Figure 8).

The left panel concerns the one with the parameters 1 = —-0.5,«@ = 8.03, 8 = -1.37,6 = 0.051,u = 0.0105 fitted to
maximum values. The right panel concerns the one with the parameters A = —0.5,a@ = 7.6,8 = —1.24,

0 = 0.052, u = 0.0103 fitted to closing values.

025

020

010

005

Figure 10. Emef for CSCO company (data returns). The left panel concerns monthly minimum values and the right panel
concerns monthly volume values.
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Figure 11. A ¢-student distribution is fitted to monthly data returns for CSCO company (see Figure 10).

The left panel concerns the one with the parameters 4 = —1.24, @ = 0.014,8 = -0.014, 6 = 0.076, u = 1 fitted to
minimum values. The right panel concerns the one with the parameters A = —3.82, @ = 4.22,8 = 4.22,

0 =0.613, u = 0.753 fitted to volume values.
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Figure 12. Emef for CSCO company (data log-returns). The left panel concerns monthly opening values and the right
panel concerns monthly maximum values.
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Figure 13. A #-student distribution is fitted to monthly data log-returns for CSCO company (see Figure 12).

The left panel concerns the one with the parameters 1 = —1.26,@ = 0.83, 8 = -0.83, § = 0.07, u = O fitted to opening
values. The right panel concerns the one with the parameters 4 = —1.32, @ = 0.85,58 = -0.85,

0 = 0.076, u = 0 fitted to maximum values.
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