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Abstract

In this paper we will discuss asymptotic properties of a kernel estimator of excess
distribution function (EDF). The excess distribution function takes an important
role in extreme value analysis, survival analysis, and so on. The excess distribution
function is a conditional distribution function Hy(z) = P(X —u < z|X > u) (z >
0). Thus it is a ratio of the functions which relate to the distribution function X.
If we can assume a parametric model, we can get an estimator of EDF. Also,
using the empirical distribution function, a nonparametric estimator of EDF is
obtained. Since the empirical distribution is not smooth, we propose a kernel type
estimator of EDF, which gives us a smooth estimate, and discuss its mean squared
errors, theoretically.

1. Introduction

Let X1, X5,..., X, be independently and identically distributed random vari-
ables with a density and distribution function f(z), F(z). From the definition
of the conditional probability, we have the excess distribution function (EDF) as
follows: for z > 0

F(x—f—u)—F(u).

Hy(z) = P(X1 —u < 2 Xou) = ——— Fu)

The above EDF is a distribution function of residual time after survive until u. If
we can assume some parametric model, it is possible to obtain a smooth estimaor
of EDF'. Using the empirical distribution function, a nonparametric estimator is

given by ( ) W
~ Fro(x+u)— F.(u
Ha(z) =
(@) 1— Fr(u)
where for the indicator function I(-)
1 n

i=1

Since F,,(-) is a discrete function, the estimator H,(x) is not smooth enough. On
the other hand, the kernel estimator of the distribution function is smooth. In this
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paper we study a kernel estimator of H,(z) and obtain mean squared errors. Let
us consider a kernel function k(-) which satisfies

oo
/ k(v)dv = 1.
— 00

Using this kernel function, we get a kernel estimator of the distribution function

Fl(z) )
Fla)= 15 K ("” ‘hX>

i=1

where K (-) is an integral of the kernel function k(-), that is

K(t) = 1 ; k(v)do.

For the sake of simplicity, we assume that the support of the kernel is [—1, 1].
Then we will discuss mean squared errors of a kernel excess distribution function
estimator

. F(z +u) — F(u)
)

Hu(w) = =5 m (z > 0). (1)

For this kernel estimator fAIu(x), we get an asymptotic bias, variance and mean
squared error.
THEOREM 1.1. Assume that f9)(z) (j = 1,...,4) exists and is bounded around

the neighborhood of .

/zjk(z)dz < oo (j=1,2,3,4).
Then we have the bias, variance and mean squared error as follows:
Bias [ﬁu(x)]
U )

Ba(z;u) | az(u
+ { 1—F) |

o (%) +o(hY),

Var [ﬁnu(m)]
_ 1 (F(z+u) — F(u)(1 — F(z +u)) +o <l> + o(h"),

n (1= F(u))?

AMSE [ﬁn,u(x)]

1 (F(z+u) = F(uw)(1 - F(z +u))
n (1= F(u))

(B S e () o




Asymptotic mean squared error of kernel estimator of excess distribution function

wehre for j =1,...,4

aju) = %f(j”)(u) / Y k(y)dy,
Bi(ew) = ag@+u)— o)

and Ay (z) = F(z +u) — F(u).

PROOF. See the appendix.

2. Simulation

In this section, we will compare the obtained asymptotic mean squared errors
and the mean squared errors by simulation. For fix zs, we draw the asymptotic
mean squared errors

B |(Aunte) - H(@)’|

(Flz +u) = F)(1 = Fe+w) . [ falaia) | Au(@)as() \® e
(i~ F{u)? +{1—F<u>+<1—F<u>>2} @

and simulated mean squared errors

. 2
(@)~ Hu(@)) 3)
Using the Epanechnikov kernel

K(w) = 30— ) (Jul < 1),

we simulate the mean squared error. The Epanechnikov kernel satisfies
/zjk(z)dz <oo (j=1,2,3,4).

In these simulations, we put the bandwidth h = n~/* and repetition number
10,000. The vertical line represents both mean squared errors and the horizon-
tal line represents x > 0. Here we consider the underlying distributions are ¢-
distribution with 3-degrees of freedom and double-exponential. The upper line is
the asymptotic mean squared errors (2) and the lower line is the estimated values
of the equation (3).It follows from the simulation results that when n goes to in-
finity the estimated values are closer to the asymptotic mean squared errors. This
supports that our derivations are correct.
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Figure 1: t-distribution with 3-degrees of freedom.
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3. Appendix

Let us obtain moment evaluations of the kernel estimator of the distribution
function. Motoyama and Maesono (2018) obtain the following evaluation.

LEMMA 3.1. Assume that (i) f'(u) exists and | f'(u)] < M for M >0 andu € R,
(ii) k(-) is a symmetric around the origin 0 and satisfies [u’k(u)du < co. Then
for p > 2 we have

E{|F(z) - F@)"} = 0(h™) + O (i) .

nP/Q

PROOF. See Motoyama and Maesono (2018).

Using the Taylor expansion of (1 —z)™', we have

1
1= F'
1 ~ ~
+W( w(w) — F(w)(Fo(z +u) — Fa(u))
;(A
(1—F(u)? "

Hp () Fulz +u) — Fu(u))

)

+ (w) = F(w)*(Fu(z + u) = Fa(u)).

In order to get approximations of the moments of

E [ﬁn(x +u) — ﬁn(u)] ,
E [(Fu(@) = F(u)(Fu(o +u) - Fa(w))]
B [(Fuw) = F(w)?(Fu(z +u) - Fa)]
we prepare the following lemma.
LEMMA 3.2. Under the same assumptions of Theorem 1.1, we have the follow-

ings:
(1) For m > 2, we have

B {K’" (“‘hX1>] :F(u)+§am,j(u)hﬂ‘ + o) (4)

where

e () = %ﬂf—“(m / K k)

(2) For ex(u) = K (*=*1) — E [K (*=21)], we have
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PROOF. (1) Using the integration by parts and the Taylor expansion, we get

e (52
/Km (“ Z) F(z)dz

= [ ()] e g [ ()R s
— [ K k) F )y

:mmjkwmwm

erzl (_E#f(jfl)(u)/_lyijfl(y)k(y)dy+O(hG)

= F(u)[K™(y ]1+Zam Yh? 4+ O(h®)

= )+ Z m,;(u)h? + O(h).

(2) It follows from the above result (1) that

E [k (u)]

b))

5

= +Za2j (u)h? + O(h®)

—{F?(u) + 2F (w)az(u)h® + (a5 (u) + 2F (u)as(u)) h'}
= F(u) +ch Yh? + O(h®)
= Fu(l—-F(u ))+0(1)

where c¢;s are coefficient of A/ and do not depend on n.

Proof of Theorem 1.1.
Using Lemma 3.2, we will obtain approximations of the following expectations:

E [ﬁ;(u)] (i=1,2,3,4),

E[RlwFi@+uv)] (=1,23),
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It is easy to show that

and

E [ﬁ;‘(u)] -

= F(u) + az(u)h® + as(u)h* + O(R®),

_ F {(ﬁn(u) —E [F“n(u)])Q] + (B [Rw])
:lm&w+@ﬁ<m2
)h?

- FQ( ) + 2F (u)a (u) + 2F (u)aa(u))h*

2(w)h? +
(w) + ( ) +o( h4
E [(ﬁn(u) _E [ﬁn( )])3] +3E [AQ(U)} E
38 [Futw] (B [Fuw)])” + (B [Fu
%E [k ()] + 38 [F2(u)] E [Fu(w)] 2 (B [An(u)])3
F?(u) 4 3F%(u)aa(u)h® + 3F (u) (a3 (u) + o
+%F2(u)(1 — F(u)+o (%) o(h?)

F' () + 4F° (u)az(u )h2+2F2( )(Ba(u )+20<4(U)1*“(u))h4
*(u

)(1— F(u ))+0<1> +o(h).

In order to get approximations of £ [ﬁ,{(u)ﬁn (z+ u)} ( =1,2,3), let us consider
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Using the integration by parts, we have
B [K (qul)K(x+qu1 }
h

[ (57 K () e
= [ R e

wp [ (F7) K () Fees

+%/K(“_ (x_'_Z_Z)F(z)dz
= [ MK (v 2) Pl may

+/_11K( - %) k(y)F(z +u — hy)dy.

Since the support of the kernel k() is [-1, 1] and h — 0, for a fix z > 0 and
y € [-1, 1] we have

xT
1< —
_y+hn7

K(y+%):1.

and then

Thus we get

/1 KWK (34 5) Flu— hy)dy

k F(u— hy)dy
1

(u) + ca(u)h® + aa(u)h* + O(R®).

3=

Similarly for the fix z > 0 and y € [—1, 1], we get
—1>y- x

and

Therefore, we have

/ 11 K (y= 3 ) k@)F (@ +u— hy)dy = 0.

Using these evaluations, we can show that

E {K (“ _hX1> K (‘” tus Xl)] = F(u) + az(wh® + as(u)h* + O(h°)

and
Elex(u)ex(z+u)] = F(u)(l — F(z +w)) + o(1).
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Then for the fix x > 0 we get

= FF(z+u)+ EF(U)(l —

+(F(u)ou(x +u) + az(u)as(x + u) + as(u)F(z +u))h* + o (%) + o(h").

Similarly, we can show that

F*(w)F(z +u) + (2F (u)F(z 4 u)az(u) + F?(u)as(x + u)) h?
+{F2 (w)as(z + u) + 2F (u) oz (u)az(x 4+ u)

T F(z + u)ad(u) + 2F(u)F(z + u)a4(u)}h4

-l-%F(u)(F(x 4 u) + 2F(u) — 3F(u) F(x + ) + o (%) +o(hY),
E [ (z+u ]

F*(u)F + BF*(w)F(x + uw)aa(u) + F3(u)a2(x+u)) h
+{F3 (u)a4(x +u) + 3F? (u)az(u)os (x + u)

2

+3F (u)F(x + u)as(u) + 3F (u) F(z 4 u)aa(u) }h4

+%F2(u)(F(x +u) + F(u) — 2F(u)Fz + u) + 0 (%) +o(h",

E [ﬁn (u)F (a + u)}

F(u)F*(x +u) + (2F (u)F(z + w)aa(z +u) + F?(x + u)az(u)) R’

H{F @+ wpas(w) + Fwad(a + u)
+2F(x 4+ u)az(z + u)az(u) + 2F (u) F(x + u)aa(z + u)}h4

+%F(U)F(x +u)(1— Fz+u)+o (%) +o(hY)

F(z+u)) + (a2(u)F(z 4+ u) + az(x + u)F(u)) h

2
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and
E [ﬁﬁ(u)ﬁﬁ(x + u)]

= F*(u)F*(z+u)+2F(w)F(z +u) (F(z + u)az(u) + F(u)os(z +u)) h?
+{2a4(m +u)F?(u)F(z + u) + 4F (u) F (z + u) oo (u)az(z + u)

TP (w)ad(z 4+ u) + F2(z + u)ad(u) + 2F2(z + u)F(u)a4(u)}h4
LR F (@ + u)(F( -+ u) + 5F(w) - 6F (u) F(z +u)
+o (%) + o(h").
Using these evaluations, we can show that
E [Fu(e +u) = Fu(u)]

— F(z+u) — F(u) + Ba(w; u)h? + Ba(w: u)h + o (%) +o(hY),

. —%F(u)Au(m) + Au(@)az(u)h?

Haaw)falasn) + sl +0 (1) + oln),

~ ~

B [(ﬁn(x )~ Fu(w) (Fulw) - F(u))Q]
— (WAl (@)h + %F(u)Au(az)(l — F(w) +o <%> +o(hY)
where

Bi(w;u) = aj(z+u)—a;(u)
Ay(z) = F(z+u)— F(u).

Combining the above evaluations, we get
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Then we have the bias of H, . (z)

-~

Bias [Hn,u(x)]
o [, A,

+

1-F(u) W (1-F(
Ba(zin) | on(w)Ba(mw) + as(w)Au(z) | 03(w)Au(@)) a4
+{1—F<u>+ (1— Flu)? +1—F<u)>3}"

+o (%) + o(RY).

Next we will study the variance of ﬁnu(a:) Using the approximation of the
ratio statistic, we have

fliu( )
~ s F()) (Futa+w) — Fuw)”
(ﬁ (@ +u) — Fu(u )Q(ﬁn(u)_p(u))
+ﬁ (Fuw+u) = Fulu ))2 (ﬁn(u)—F(u))Q,

In order to obtain an expectation of fI,Zlu (z), we need approximations of the fol-
lowing expectations:

B (ﬁn(m ) — ﬁn(u))2 (Futw) F(u))} ,

B (ﬁn(x +u)— ﬁn(u))2 (Fulw) ~ F(w) } .
Using the previous evaluations, we have
E |:(ﬁn($ +u) - ﬁn(u))2]
= AZ(z) + 20, (x)Ba(z;u)h® + (B3 (z;u) + 2Ba(x; u) Ay ()R
+%Au(x)(1 —Ay(z))+o (%) + 0(h4),

E {(A (z +u) — F, (u))2 (ﬁn(u) - F(U))]
= AL(@)az(u)h® + (aa(u)A% (@) + 202 (w) Au () B2 (z; u) )b
—gF(u)Ai(m) ( >+ o(h")

and

B {(ﬁn (@ +u) — ﬁn(u))2 (Futw) F(u)ﬂ
= %F(u)(l — F(u)A2Z(z) 4+ a3 (u)AZ(z)h* + o (%) + o(R*).
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Therefore, we have

E [0 ()]

~ o ;(u))QE {(ﬁn(x ) — ﬁn(u)>2]
Ta- }27'(u))3 E {(ﬁ”(x +u) ﬁn(u))Q (Putw) - F(u))}
e ;(u))4E {(ﬁn(:p )~ Fuw) (Falw) - F(u))2]
- st v R - Sl ()
% (F(z + u) @F_(??S)? Flo+u) G) T o(h¥)
where
o) = BB
(i) = 2@4(U)Ai(w)( ;r :1623((:)))@2 (z;u) A ()
_ 3a3()A%()

v3(z;u) = m-

Thus we have
Var [f[nu(x)}
- E [ﬁﬁ}u(x)] - (E [ﬁn,u(x)])

1 (F(z +u) — F(u))(
n (1-F(u

R

and
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