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Abstract

The main goal of this paper is to study the asymptotic normality of the estimate of the conditional
distribution function of a scalar response variable Y given a hilbertian random variable X when
the observations are quasi-associated. Our approach is based on the Doob’s technique. It is shown
that, under the concentration property on small balls of the probability measure of the functional
estimator and some regularity conditions, the kernel estimate of the conditional distribution function
is asymptotically normally distributed. We performed out simulation experiments to examine the
behavior of this asymptotic property over finite sample data.

Keywords: Conditional distribution function; probabilities of small balls; asymp-
totic normality; nonparametric kernel estimation; quasi-associated data.

1. Introduction

In recent years, the functional estimate has attracted a lot of attention in the sta-
tistical literature. Functional data arise in a variety of fields including econometrics,
epidemiology, environmental science and many others.

For nonparametric functional estimation, the book of Ferraty and Vieu (2006) gives an
excellent synthesis of kernel method for conditional models, where many asymptotic
properties of regression, conditional quantile and conditional density estimator have
been obtained. The estimation of the conditional distribution function in a functional
framework was introduced by Ferraty et al. (2006). They constructed a dual kernel
estimator for the conditional distribution function and specified the almost complete
convergence rate of this estimator when the observations are independent and iden-
tically distributed. The case of a-mixing observations was studied by Ferraty et al.
(2007). An example of an application on conditional median prediction, as well as the
determination of prediction intervals, was considered in this article. Several authors
have treated the estimation of the conditional distribution function as a preliminary
study of the estimation of conditional quantile. For example, Ezzahrioui and Ould-
Said (2008) have studied the asymptotic normality of this estimator in both cases
(ii.d. and mixing).

Pak.j.stat.oper.res. Vol.XV No.IV 2019 pp999-1015



Daoudi, Mechab

The associated random variables play an important role in a wide variety of areas, in-
cluding reliability theory, mathematical physics, multivariate statistical analysis, life
sciences and in percolation theory. Many works were treated data under positive and
negative dependant random variables, one can quote, Newman (1984) and Matula
(1992). The concept of quasi-association is a special case of weak dependence intro-
duced by Doukhan and Louhichi (1999) for real-valued stochastic processes. To the
best of our knowledge, there is few papers dealing with the nonparametric estimation
for quasi-associated random variables. We quote, Douge (2010) studied a limit theo-
rem for quasi-associated hilbertian random variables, Attaoui and Ling (2016) studied
asymptotic results of a nonparametric conditional cumulative distribution estimator
in the single functional index modeling of time series data, Tabti and Ait Saidi (2018)
studied the estimation and simulation of the conditional hazard function in the quasi-
associated framework when the observations are linked via a functional single index
structure, the asymptotic normality of this last estimator was studied by Daoudi et
al. (2018). Mechab and Laksaci (2016) studied Nonparametric relative regression for
associated random variables. Daoudi et al. (2019) studied the asymptotic normality
of the nonparametric conditional density function estimate with functional variables
for quasi-associated data

The main contribution of this work is the study of the asymptotic normality of the
estimator of the conditional distribution function of Ferraty et al. (2006) in case of
quasi-associated data. Note that, like all asymptotic statistics nonfunctional para-
metric, our result is related to the phenomenon of concentration of the probability
measure of the explanatory variable and regularity of the functional space of the
model. we recall the definition of quasi-association:

Definition 1.1. A sequence (X, )nen of real random wvectors variables is said to be
Quasi-Association (QA), if for any disjoint subsets I and J of N and all bounded
Lipschitz functions f: R4 - R and g : RVIY - R satisfying

d d
Cov(f(X;,i€1),9(X;,j€J)) < Lip(f)Lip(g) Z Z Z Z |Cov(XF, X1

icl jeJ k=1 I=1

where X¥ denotes the k'™ component of X;,

wp e itk @l =l o ol
TFY

The paper is organized as follows: in the next section, we present our model. Section 3
is dedicated to fixing notations and hypotheses. We state our main results in Section
4. An application on simulated data is given to validate our theoretical result in
Section 5. The auxiliary results and proofs are given in Section 6. We finalize the
paper with a conclusion in Section 7.

2. The model

Consider Z; = (X;, Y;)1<i<n be a n quasi-associated random identically distributed as
the random Z = (X,Y), with values in ‘H x R, where # is a separable real Hilbert
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space with the norm || . || generated by an inner product < .,. >.

We consider the semi-metric d defined by Va, 2" € H, d(z,2") =|< x — 2’, a >| where
a € H. In the following x will be a fixed point in H.

We intend to estimate the conditional distribution function F*(y) using n dependent
observations (Xj,Y;);eny draw from a random variables with the same distribution
with Z := (X,Y). To this aim, we introduce the kernel type estimator F* of F*
defined by:

~ K (hitd(x, X)) H(hi (y - s
F:z:(y) — Zz:l ( 711{ (xﬂ _1)) ( H (y ))7 VyER (1)
Zi:l K (hy d(z, X;))
where K is the kernel, H is a given distribution function and hx = hg, (resp.

hy = hg,) is a sequence of positive real numbers.

3. Notations and hypotheses

All along the paper, when no confusion will be possible, we will denote by C' or/and
C" some strictly positive generic constants whose values are allowed to change. We
assume that the random pair Z; = {(X;,Y;),i € N} is stationary quasi-associated
processes.

Let A the covariance coefficient defined as:

M= supsk Y Aij

li—j|>s
where:
:ZZ | cov(XF, Xl | —I—Z | cov(XF,Y;) | +Z | cou( YZ,Xl) | +cov(Y;,Y;) | .
k=1 I=1 I=1

XP¥ denotes the k™ component of X; defined as XF :=< X; e* >.
For h > 0, let B(x,h) := {2’ € H/d(2',x) < h} be the ball of center x and radius h.

To establish the asymptotic normality of the estimator F**, we need to include the
following assumptions:

(H1) P(d(2',z) < hk) = ¢.(hgx) > 0 and Moreover, there exists a function f(z,.)

such that: ol shic)
. X, SNk
v 0,1], lim ———= = :
(H2) For [ € {0,2}, the functions ®;(s) = E[alFX(y) 8le L | d(z, X) = 5] are

differentiable at s = 0. w

(H3) H is a cumulative distribution has derivative H such that: [ H 2/"(t)dt < oo
and [ | t[® H?dt < oc.
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(H4) K is a kernel function and bounded continuous Lipschitz function such that:
Clpy() < K(.) < C'1p()
where 1] is the indicator function on [0,1], and its derivative K is such that:

—c0<C<K({t)<C <0for0<t<1.

(H5) The bandwidths (hg, hy) satisfied:
(i) lim hye =0, lim hy =0 and (i) lim (A% + %)\ /ng@, hi) = 0.

(H6) The sequence of random pairs (X;, X;), ¢ € N is quasi-associated with covariance
coefficient \;, k € N satisfying:

Ja > 0,3C > 0,such that \, < Ce~°*,

supIP’[(Xi,Xj) € B(l’,h}() X B(l‘, hK)] = \Iji,j >0
i#j

Uiy = mazig {P(d(z, X;)) < hi, P(d(z, X;)) < hie)} = O (hic)).

Comments on the hypotheses

Assumption (H1) is the concentration property of the explanatory variable in small
balls. The function §(z,.) plays a fundamental role in all asymptotic, in particular
for the variance term. The condition (H2) is used to control the regularity of the
functional space of our model and these are needed to evaluate the bias term of
the convergence rates. The hypotheses (H3) and (H4) are technical conditions on
the cumulative function H and the kernels K, H and K. Assumption (H5) is
also classical in the functional estimation in finite or infinite dimension spaces, in
particular, is used to eliminate the term bias in the result of asymptotic normality.
The hypothesis (H6) is a structural condition used for the quasi-associated data. To
establish the asymptotic normality of our model under quasi-association, we need the
assumption (HT), which describes the asymptotic behavior of the joint distribution
of the couple (X;, Xj;).

4. Main Results: Asymptotic Normality
Theorem 4.1. Under hypotheses (H1)-(H7), as n goes to infinity, we have:

o*()

(ﬁx(y) - Fz(y)> BN N(0,1) n—

where

0'2(1') _ CQFx<y)(Cl?_ Fx<y)) /H/Z(t)dt
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with )
C; = K(1) —/ (K7)(s)B(x,s)ds, forj=1,2.
0

Proof of Theorem 4.1. The proof of this theorem is based on the following decom-
position and the lemmas bellow:

F(y) — F*(y) =

Fi(y)
where
~ 1 n
Fy = K;(x)H;
N(y) n]E(K1 (iL‘)) p ((L’) (y)
and
~ 1 n
FE = Kz x),
b= a1 &
with

Ki(z) = K (hid'd(z, X)) and Hi(y) = H (hy'(y - Y;)) .

Finally, to state the asymptotic normality of F*(y), we show that the numerator
suitably normalized is asymptotically normally distributed (with law A(0,02(x)))
and that the denominator converges in probability to 1.

Then, the proof of Theorem 4.1 can be deduced from the following lemmas:

Lemma 4.1. Under the hypotheses of Theorem 4.1, as n goes to infinity, we have:
nolw, i) (Fily) = E(Fi(y))) = N(0,0%(2)),

Lemma 4.2. (See, (Laksaci and Mechab, 2014)). Under the hypotheses (H1)-(H5),

we have:

~

E(Fy(y) — Fx(y) = Biy(z,y)hiy + By (2, y)hic + o(hgy) + o(hx)

where L2 F )
F "y
BH(xvy) = 5 ayg

/ t2H'(t)dt

and o
Bi(x,y) = hie®(0) -
1
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Lemma 4.3. Under the hypothesis (H1)-(H7), as n goes to infinity, we have:

no(x, hi) (Fx(y)(ﬁg(y) — 1)) — 0 in probability.

Lemma 4.4. Under hypotheses of Theorem 4.1, we have

ZIP’ (F\B(y) < 1/2) < 00.

neN

5. Application on simulated data

We aim to evaluate, on a finite sample, performances of the asymptotic normality of
the conditional distribution on simulated data. In particular, our main purpose is to
show how we can implement easily and quickly this estimator in practice. Of course,
the applicability of our asymptotic normality result requires a practical estimation of
the asymptotic bias and variance.

The main purpose of this section is to test the effectiveness of the two asymptotic
normality results. For this purpose, we consider the functional nonparametric model
as follows:

Y =r(z)+e where €~ N(0,1)

We are interested in functional data derived from a mixture of two Gaussian stochastic
processes Z;(t) and Z(t) over an interval [-1,1] defined by:

Z1(t) =/ —2log(U)cos(2m(1 — W)t),  Za(t) = \/—2log(1 — U)sin(2nWt)

where U and W are random variables distributed uniformly over the interval [0,1].
The explanatory functional variables are quasi-associated are constructed by:

X(t) = Zu(t) + Zo(1)

We generate a sample of size 200 {X;(t)}i=1,.. 200 of X(¢), and we observe each vari-
able Xz on (tj)jzl,‘..,l[)o c [—1, 1])
The curves obtained are plotted in Figure 1: On the other hand, forz =1, ...,n = 200,

Figure 1: A sample of 200 curves
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the scalar response Y; is computed by considering the following operator:

1 dt
’”(3“"):/0 20|

Recall that, the conditional distribution of Y given X = z corresponding to this
model is explicitly given by the law of ¢; shifted by r(x). Then, the corresponding
conditional density f*(y) is:

F5) = 5= expl—5 (y — ()’
m 2
Elsewhere, as it is well-known in FDA, the choice of the metric and the smoothing
parameters have crucial roles in the computational issues. To optimize these choices
in this illustration, we use firstly the cross-validation procedure method for choosing
smoothing parameters, secondly regarding the shape of the curves X; , it is clear that
the PCA-type semi-metric (see Benhenni et al. 2007), is well-adapted to this kind of
data. Then, we point out that, we opted for a quadratic kernel which is supported
within (0,1) and taken K = H'.

Conditional distribution

-
—

o |
=

e |
—

—

j— —_ ——= —
—

(o] 200 L aele)]

Figure 2: The asymptotic distribution of the conditional distribution function

The obtained results are shown in figure 2. It appears clearly that, asymptotic distri-
butions have good behaviors with respect to the standard normal distribution. This
conclusion is confirmed by the Kolmogorov-Smirnov test which, for n = m = 200 ,
gives 0.80 as a P value for the first model and 0.69 for the second one.

6. Auxiliary results and proofs
First of all, we state the following lemmas.

Lemma 6.1. (See, Douge (2010)). Let (X,)nen be a quasi-associated sequence of
random variables with values in H. Let f € BL(H!)N1L> and g € BL(H) n1L*>,
for some finite disjoint subsets I,J C N. Then

Cov(f(X;i€1),9(X;,5 € ) < Lip(f)Lip(g) > > D> |Cov(X], X})|

i€l jeJ k=1 I=1

where (BL(H";u > 0) is the set of bounded Lipschitz functions f : H* — R and L>

Pak.j.stat.oper.res. Vol.XV No.IV 2019 pp999-1015 1005



Daoudi, Mechab

is the set of bounded functions.

Lemma 6.2. (See, Kallabis and Nemann (2006)). Let X, ..., X, the real random
variables such that E(X;) = 0 and P(| X; |[< M) =1 for allj = 1,...,n and some
M < oo, Let o2 = Var(Y i, A;).

Assume, furthermore, that there exist K < oo and [ > 0 such that, for all u-uplets
(S1y0y8u) EN (11, ,t,) ENV with1 <5<+ <5, <t; <---<t, <.

The following inequality is fulfilled:

| cov(X,,.. Xy, X, . X)) |[< K2MUH—2peBllmsy),

Then,
a t2/2
. < =
P Yo% 1> 1) < expl— o)
J=1 n
for some
A, < c7721
and
By = 16nkK? )Q(K\/M)
" 9An(1—e B) V1 1—e B
6.1 Proof of lemma 4.1
We denote
Qb(!lf, h’K)
Zm Z, = Fz Z, —EFZ Z,
(z,y) \/ﬁE(Kl)( (,y) (z,9))
where
Ti(z,y) = K(hy'd(z, X;))Hi(y) — E[K1Hy|, 1 <i<n
and .
i=1
Therefore,

~ ~

Sn: n¢(x’hK>(FN(xay)_E(FN<x)y))

Thus, our claimed result is, now:
S, — N(0,0%(x)).

To do that, we use the basic technique of Doob (1959). Indeed, we consider p = p,
and ¢ = ¢, two sequences of natural numbers tending to infinity, such that

p=0(/ng(z, hk)),  q=o(p)

and we split 5, into

S =Ty + Tp+ & with T, = 35 m; and T, = 325 n;
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where
n; = Zan(x7y)7 é-j :ZZnZ(xay)v Ck = Z an(l’,y>
i€l i€ly i=k(p+q)+1
with
Li=0-Dp+q+1...(0 =1)(+q) +p,
Jy =G =1)(p+a)+p+1nilp+0)
Observe that, for k = _—, (where [.| stands for the integral part), we havet? — 0

and L —1,1=0 Wthh imply that 2 — 0 as n — oo.
Now, our asymptotlc result is based on

E(T;,)* + E(G)* — 0 (3)
and
T, — N(0,1). (4)
Proof of (3).
By stationarity, we get
E(T,)* =kVar(¢)+2 > | Cov(G,¢) | (5)
1<i<j<k

and

EVar(¢) < ¢kVar(Za(z,y)) + 2k Z Cov(Zyi(x,y), Znj(z,y)) (6)

1<i<j<k

by the fact that % — 0. We obtain

qum’(an(ﬂc,y)) = ¢($7hK)qk

On the other hand, we have

b S 1 CorlZuon). Zusa) 1= it S CoulZulann), Zose.)

1<i<j<k 1<z<]<k

we obtain,

Z | Cov(Zni(,y), Znj(x,y)) |= o(qd(z, hi)).

1<i<j<k
Then
k Z | Cov(Zyi(x,y), Znj(x,y)) |=

1<i<j<k

9
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From (5)-(7), we obtain
kVar(&) — 0, as n — oo. (8)

We use the stationarity, to evaluate the second term in the right-hand side of (4)

Y 1 CowG &) | = D (k=) | Cov(&nir&nj) |

1<i<j<k 1<i<j<k

E Y | Covninény) |
1<i<j<k
k—1
S Z Z COU(Zm‘(fE,y),an(xvy))

=1 (i,j)eJX Jl+1

IN

It is clear that, for all (i, 7) € J; x J;, we have |i — j| > p+ 1 > p, then

L R e T R DD D

1<i<j<k i=1 j=2p+q+1,|i—j|>p
Clp@(, hic) (hi Lip(K) + by Lip(H)) |
- n(E[K:)? 3
Chkp(hy' Lip(K) + hy' Lip(H))* _,,
- no(x, hi)
Chp e’ — 0.

- nh%¢3(x, hy)
Finally, by combining this last result and (7). We can write
E(T})* = 0 as n — o0. (9)
Moreover

E(Ck>2 < (n - k(p + q))V&T(an(w, y)) +2 Z ’ COU(Zni($7 y)? Zm(%, y)) |

1<i<j<k

S pVar(an(x,y)) + 2 Z ‘ Cov(Zm-(:c,y), Zn](SC,’y)) |

1<i<j<k

ZMVCLT(ZM (z,y)) +

nE(K,)? Lol > | Cov(Zui(w,y), Zuj(w,y)) |

2
(k) 1<i<j<k

(. S

o(1)

IN

Cp
7 + 0(1).

IN

Then,
E((,)? — 0 as n — co.

Which combining with (3) completes the proof of (4).
Proof of (6).
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The proof of convergence in (6) is based in the following two results

k
| (e Xi=1m) ) = ] EE"™) |- 0 (10)
7j=1
and
kVar(n) — o (), kE(n%lmxg(x)) — 0. (11)
Proof of (10).
k k k—1
|E ZtZJ 17 HE ztng < | E(eith:1 Y — E(eitzj;l m)E(eitnj) |
7j=1
k—1
+ | E( th 1773) _ HE(eitnj) |
j=1

= | Cov(eitz?;ll M ek) | 4 | ]E(e“zf;ll )

- TIEE™)| (12)

and successively, we have
k
‘ thj 177] HE ztnj ’<‘ COU( ztzj 1n; eztnk) ’ + ‘ COU( thJ Zne—1 eztn]) ’
7j=1
4o | Cov(e™™ etm) | (13)
Once again we apply Lemma 6.2, to write
: . h
| Cov(e™™, ™) |< C(hji Lip(K) + hy' Lip(H))? ¢ v k) Z > i
i€l jela

Applying this inequality to each term on the right-hand side of (13). We obtain

2¢(I7hK)

k
@5 imiy _ w5 | < “1rs “1r.
e~ TR |< OO LanK) + i L)

SN Y Y+ Y Y

i€l jels i€l1Uly jel3 i€liU---Ul,_1 jEIi

Observe that for every 2 <[ < k—1,(i,j) € I; x I;11, we have |i — j| > ¢+ 1 > g,

then
Z Z )\i,j S p)‘q

i€l U---Ul_q j€ly
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Therefore, inequality (12) becomes

th] L7 () | = 20717 —17. 2 9(x, hi)
|E ) J:ll]E U = Ct°(hy Lip(K)+ hy Lip(H)) n(E[Kl]Pkp)\q
_ 21,171, —17, 2(25(‘:1:7 hK) —aq
= Ct°(hy Lip(K) + hyy Lip(H)) —(E[Kl])2l{:pe
1
_ 21 —17 . g 2
= Ct*(hy Lip(K) + hy Lip(H)) —n¢(x, ) kpA,

kp
- P — .
¢ 2w ) Y

Proof of (11).

By the same arguments used in 5, we have
lim kVar(n) = Ulm kpVar(Z,(z,y))

x, hg

So, by using the same arguments as those used by (Ferraty and Vieu, 2007), we get

1 . ) 1 .
Wﬁ)ﬁg)) -k /(K)( )B(, s)ds + o(1)
W — F*(y)(1 -
which imply that

(R, Var(Dy(z,y)) — o*(x).

Hence
EVar(m) — o®(z).

For the second part of (11), we use the fact that:
Cp

|m < Cp | Zn(z,y) |< —/——ex=

and by Tchebychev’s inequality we get:

COp*k
mp(m > eo(r))

Cp*k  Var(n)
S oo k) o)

= 0 (o)

1010 Pak.j.stat.oper.res. Vol.XV No.IV 2019 pp999-1015
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6.2 Proof of lemma 4.3

We have

~ ~ 1
FZ —EF} = A;
where

clearly we have E(4A;) = 0 and Moreover, we can write:
A floo ' <2C | K [lo

and

Lip(A;) < Chi! Lip(K).

Now, to apply lemma 6.2, we have to evaluate the variance term Var(d> ;| A;) and
the covariance term cov(Ag, ... Ay, Ay, ...Ay), for all (sq,...,8,) € N* (t1,...,t,) € N
withl1 <s <<, <t <2<ty <,

Firstly, for the covariance term, we consider the following cases: If t; = s,. By using

the fact that E[| K || = O(¢(x, hi)) we have:

C u+v
VAW < ; [t
| COU(Asl A M;Atl Atv) ‘ >~ (nE[Kl]) E ’ A |

< oz, hi) (m) -

If t; > s,, we use the quasi-association, under (HT7), we get :
Lip(K) \*
Cov(Dg, Dy, Ay )| < ()
| CouBurei i) | < ()

(n]E[CKl] ) o i Z Asit

i=1 j=1

X

. 9 C u+v
< 1.
= (hK LZP(K)) (nE[Kl]) VAt s,

. 9 C u+v . )
< _ . —Q 1—Su'
< (hy'Lip(K)) (—gb(x’ hK)> ve

On the other hand, by (H7) we have:

IFor any function f we denote by || f || the supremun norm.
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| Cov(Ay, ... A, Ay, Ay) |<

utv— 2
(C | & “°°) E[A,. Au] [ +E| A, [E| A, |

C H K Hoo ut+v—2 2
( nE[K] ) (”EK1]>
(supwg] ( i, X;) € B(z,hg) x B(z,hg) +P(Xy € B(z, hg)) )

u+v
( [E hK ) x hK

Furthermore, taking a v — power of (14), (1 — ) — power of (15), with 1 =4 <y <
1 = 2, we obtain an upper-bound of the tree terms as follows: for 1 < s; < --- <
Sy <ty <+ <t,<n

X

(15)

C u+v
Ay Ay Ay WAL < hi) | ——— '
| cov(Bsy By, By Be,) | G(a, ) (nas(a:,hm)

Secondly, for the variance term Var(d"1 | A;),
we put, for all 1 <i < n,

| VaT(Asl...Asu,Atl...Atv) ‘ = (

1K1]) Z Z Cov(K;, K;)

=1 j=1

" (nE[lKl])zzn: En: Cov(K;, K;)

i=1 j=1,ij
(16)
for the first term,
Var(K,) = E (K}) — (E(K,))”
then,
E[K7] = O (¢(z, hi)) .-
It follows that: )
1
(nE[Kl]) Var(Ky) = O(no(z, hi)). (17)

Now, let us evaluate the asymptotic behavior of the sum in the second term of (16).

1012 Pak.j.stat.oper.res. Vol.XV No.IV 2019 pp999-1015
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For this, we need the following decomposition:

i zn: COU(KZ',KJ') = zn: zn: CO’U(KZ',KJ‘)
=1 j=1,i#j jzl j=1,0<|i—j|<mp

1

+ i i Cov(K;, Kj)

=1 jzlvli_j|>mn
A

J/

-~

11

where (m,,) is a sequence of positive integer which goes to infinity as n — co. From
Assumptions (H1), (H4) and (HS8), we have, for i # j

I < nm, (mazeg | E(KGEK;) | +(E(KD)?)
< Cnmn (¢2(.T, hK) + ¢2<I’, hK))
< Cnm,, (¢2(x, hK)) )
(18)
Since the kernels K is bounded and Lipschitzian, we get
1T < (htLip(K Z Z Aij
=1 j= 1|Z jl>mn
< C 1L2p Z Z >\i,j
i=1 -] 1\1 jl>mn
< Cnlhi Lip(K)*Am,
< On(hy' Lip(K))*e™*™".
(19)
Then, by (18) and (19), we get
Z Cov(K;,K;) <C (nmn(¢2(x, hk))+n (hl}le'p(K))2 e’o‘m”>
J=1,i%i
by choosing
(hy' Lip(K))?
o= log L PR
" o8 < OéQbQ(ZE, hK)
we get
1
_ Cov(K;, Kj) = 0, as n — oo. 20
o(z, hi) Z ) (20)

J=Li#j
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Finally, by combining results (16), (17) and (20), we get:

Var (z Ai) 0 (i)

6.3 Proof of lemma 4.4
We have

PR <1/2} < P{Fp) — 11> 1/2)
< P{Fp) - EF3)| > 1/2)

we deduce that

7. Conclusion

In this paper, we established the asymptotic normality property of the kernel estimate
of the conditional distribution function in quasi-associated data framework. Our the-
oretical and practical studies confirm that our kernel estimator has good asymptotic
properties.
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