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1. Introduction

Studying the relationship between a response variable and a explanatory vari-
able is one of the most important statistical analysis. Usually this relationship
is modeled with the regression function. However, it is well known, this non-
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parametric model is not efficient in some pathological situations. For instance,
the multi-modal densities case, the case where the expected value might be
nowhere near a mode or for situations in which confidence intervals are pre-
ferred to point estimates. In all these case the conditional density is a pertinent
model to explore this relationship. The main purpose of this paper is to study
this nonparametric model when the response variable is subject to censoring,
by using a kernel recursive estimation method.

Noting that the nonparametric modeling of censored data is intensively dis-
cussed in the recent statistical literature. It dates back to [5], who introduced
a class of nonparametric regression estimators for the conditional survival func-
tion in the presence of right-censoring. [8, 9] studied the asymptotic properties
of the distribution and quantiles functions estimators. [17] gave a simpler proof
in the randomly right-censoring case for kernel, nearest neighbor, least squares
and penalized least squares estimates. Further results was obtained by [15, 16].
Concerning the nonparametric conditional model, we cite for the conditional
model in both (iid and mixing case) and for conditional quantiles function. In
this vast variety of papers, the authors use the Nadaraya-Watson techniques as
estimation method which is a particular case of the recursive kernel estimator
considered in this paper. Moreover, this last has various advantages over the
kernel method. We deal with recursive kernel estimators where, by recursive
we mean that the estimator calculated from the first n observations, say f,+1,
is only a function of f,, and the (n + 1)~ observation. As is well known, the
recursive property is particularly interesting when the sample data are obtained
by mean of some observational mechanism that allows an increase in the sample
size over time. This situation is usual in many control and supervision problems
and, above all, in time series analysis. In the above cases, the recursive estimates
allow us to update the estimations as additional observations are obtained, un-
like non-recursive methods where estimates must be completely recalculated
when each additional item of data received. From a practical point of view,
this iterative procedure provides an important saving in computational time
and memory, since the updating of the estimates is independent of the previous
sample size. It is not the case for the basic kernel estimator which has to be
computed again on the whole sample. Recursive estimators show good theoreti-
cal properties, from the point of view of mean square error (small variance) and
almost sure convergence.

The first recursive modifications of the Nadaraya-Watson estimate have been
introduced by [1] and [12] say (AL) and (DW). In complete data, Kernel recur-
sive estimators have been introduced by [27] and [28]. Next [10, 11, 23, 26] have
independently studied the rates of the almost sure convergence of particular
recursive density estimates.

The law of the iterated logarithm of the recursive density estimator was
established by [25] and [23]. For other works on recursive density estimation,
the reader is referred to the papers of [1] and [6]. Recently, in a context of
a-mixing processes, [2] gave the exact asymptotic quadratic error of a general
family of kernel estimator, whose (AL) and (DW) are particular cases. The
asymptotic normality of the same family is obtained by [4].
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The recursive regression estimator for identically independent distributed
(i.i.d.) random variables has been studied by many authors among whom we
quote [1, 18] and [24] for a nonparametric approach and [21] for semi-parametric
models. In the strong mixing case, [22] derived the uniform almost sure conver-
gence for (DW), while [23] showed its asymptotic normality. [20] studied some
properties of local polynomial regression for dependent data.

Despite this great importance the recursive kernel estimation of censored
nonparametric has not yet been fully explored. The present work is the first
contribution that consider a recursive estimate in censored data. The main aim
of this contribution is to study the asymptotic properties of the recursive ker-
nel estimator of the conditional density and its derivatives, under random right
censoring. Specifically, the asymptotic properties stated are the strong conver-
gence and the asymptotic normality of these estimators. The paper is organized
as follows. We present our model in Section 2. In Section 3 we introduce nota-
tions, assumptions and we state the main results. Finally, the proofs of the main
results are relegated to Section 4 with some auxiliary results with their proofs.

2. Presentation of estimates

Consider n pairs of independent random variables (X;,T;) for i = 1,...,n that
we assume drawn from the pair (X, T) which is valued in R? x R. In this pa-
per we consider the problem of nonparametric estimation of the conditional
density of Y given X = z when the response variable Y; are rightly censored.
Furthermore, we denote by (C;)i=1,...n the censoring random variables which
are supposed independent and identically distributed with a common unknown
continuous distribution function G.Thus, we construct our estimators by the
observed variables (X;,Y;,0;)i=1,..n, where Y; = T; A C; and §; = Lyr,<c,},
where 14 denotes the indicator function of the set A.

To follow the convention in biomedical studies, we assume that (C;)1<;<p and
(T3, X;)1<i<n are independent; this condition is plausible whenever the censoring
is independent of the modality of the patients.

The cumulative distribution function G, of the censoring random variables,
is estimated by [14] estimator defined as follows

T(1- =% s if ¢<Y
Go(t) = 1;[1 Th—it1 s Ym

0 otherwise

)

which is known to be uniformly convergent to G.
Given i.i.d. observations (X1,Y1,61),...,(Xn,Ys,d,) of (X,Y,0), the kernel
estimate of the conditional density ¢(t|x) denoted ¢, (t|z), is defined by

Sontact o (S ()
Ve € R? and Vy € R on(t]z) = =2 — . !
Z K Xr — Xz
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where K, L are a kernels and h,, is a sequence of positive real numbers. Note
that this last estimator has been recently used by [15].
A recursive version of the previous kernel estimator is defined by

" i= gn(xvt)
n(tlz) = L =:
Pn(t|2) zn:h_dK (I Xi) n(2)
) hi
=1
where
R ol 1y r— X; t—Y;
gn(,1) 1=~ ; hf“éan (E)K( P ) L( e ) (2.1)
and
11 r—X; 4

Remark 2.1. The Kaplan-Meir estimator is not recursive and the use of such
estimator can slightly penalizes the efficiency of our estimator in term of com-
putational time.

3. Assumptions and main results

Throughout the paper, we put h,, = inf,—1., h;, b} = sup,_; ,, h; and all
along the paper, when no confusion is possible, we denote by M and/or M’
any generic positive constant. Further, we will denote by F(-) (resp. G(-)) the
distribution function of T' (resp. of C') and by 7 (resp. 7¢) the upper endpoints
of the survival function F' (resp. of G). In the following we assume that 77 < oo,
G(tr) > 0 and C is independent to (X, 7). We also assume that there exist a
compact set C C Co = {x € R? /() > 0} where / is the density of the explicative
variable X, and € be a compact set such that Q C (—oo, 7] where 7 < 7p A 7q.

We introduce the following assumptions:

Assumption A1l. The kernels K and L are Lipschitz continuous functions and
compactly supported satisty.

/ wK(u)du=0forl=1,...,dwithu = (uy,...,uq)’ and /vL(v)dv:O
Rd R

Assumption A2.

(i) The marginal density £(-) is twice differentiable and satisfies a Lipschitz
condition. Furthermore ¢(z) > T for all x € C and I" > 0. Where C is a
compact set of R.

(ii) The joint density g(-,-) of (X, T) is bounded function twice differentiable.

Remark 3.1. Assumptions Al and A2 are usually used in non censoring kernel
estimation method. The independence assumption between (C;); and (X, T;);,
may seem to be strong and one can think of replacing it by a classical conditional
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independence assumption between (C;); and (7;); given (X;);. However consid-
ering the latter demands an a priori work of deriving the rate of convergence of
the censoring variable’s conditional law (see [11]). Moreover our framework is
classical and was considered by [7] and [17], among others.

3.1. Uniform strong consistency results with rate of convergence

In order to give the rate of the uniform almost sure convergence of our estimate
we need the following additional assumptions:

Assumption C.

(i) The sequences h;l and h;, satisfy lim,, o b} + nllz?dzl =0 — 0o asn — 00.

(il) limg, oo nﬁh; = oo for some > 0.

Theorem 3.2. Under Assumptions A1, A2 and C we have

-~ logn 2
sup sup | o, (t|x) — tw’zO max —— |, A a.s.asm — oo
supsup i) ~ 6(tk) { (( nhn(dﬂ)) )}
3.1

Remark 3.3. Observe that, although the expression of the convergence rate
is not classic in nonparametric statistic data analysis, this convergence rate is
identifiable to the usual rate in the kernel method case where, for all 7, we have
hi=hy, =h, =h}.

8.1.1. Proof of Theorem 3.2

Set

Gn(@,t) = Z 1“)51-@*1(1@)&(1:)/:1-(15)

hi?
with Ki(w) = K(555), Lit) = LOF2).

Now, the proof of this Theorem is based on the following decomposition

o §n($,t) gn(‘rvt) f]n(.%',t) Egn(xvt)
supsup|gn(fo) = o(tle)| < supsup | % Tl = G | | B Tl = =P ‘

Egy (z,t) g(wat)’ ’g(wat) g(:v,t)’

ln () ln () ln () 0(x)
< ST (s (e 0 = u(o.0)

+ sup sup |§n(.’£,t) - g(w,t)|
zeC teQd

T supsup o(tle)] sup [(z) —fn<x>|} (3.2)
xeC teQ) xeC

So, the proof of this Theorem is a direct consequence of Lemmas 3.4-3.6.
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Lemma 3.4. Under Assumptions C, A1 and A2(ii), we have

logn 2
sup sup |gn(x,t)—g(x,t)| = O < max _— ,h:{ a.s. asn — oo.
zelg teg 60 (. 1) =g (. ) { (( nh;(dﬂ)) ) }

Lemma 3.5. Under Assumptions C, A1 and A2(i), we have

sup |[£(z) — £, (z)| = O {max <<1/ 10g_1:;> ,hf)} a.s. as n — oo.
z€eC nhy,

Lemma 3.6. Under Assumptions C, A1 and A2(ii), we have

. ~ [log1
sup sup [gn (z,t) — gn(x,t)] —O{< M)} a.s. as m — oo.
zeC teQ n

3.2. Asymptotic normality

Now, we study the asymptotic normality of our estimate. To do that, we replace
condition C by the following assumption:

Assumption N.

(i) limpooe 2570 (R2)F = 6.

(ii) R loglogn = o(1), limpy—eo nAS VR = 0 and limy,_ 0o nhi ™ = 0o

n

Theorem 3.7. Under Assumptions A1, A2 and N, we have, for any (x,t) € A,

\ R (qgn(t|x) - ¢(t|x)) Ly N (0,0%(x, 1))

D o
where — denotes the convergence in distribution,

o?(xz,t) = 9d+1%/ﬂw/RK2(z)L2(y)dzdy

and A= {(x,t) o?(x,t) #0}.

Corollary 3.8. Based on Gy (-), on(-|2) and £,(z) we easily get a plug-in esti-
mator 62 (z,t) for o?(x,t) which, under the assumptions of Theorem 5.7, gives
a confidence interval of asymptotic level 1 — « for ¢(t|x)

ul—a/2&n(xvt) in _ul—a/2a'n(xvt)

Y Y e

where uy_o /5 denotes the (1—a/2)-quantile of the standard normal distribution.

Sn(t]z) —



Nonparametric conditional density estimation for censored data based 2547

3.2.1. Proof of Theorem 3.7

It is clear that

R nh%d—’_l)
Vi (dnfele) = o(t12)) = *5=— (e t) = ()
pld+1)

[E(gn(xv t)) - g(ac, t)]

( ) g(xvt)
+ nhnd+1m[€(x)—€n(x)]. (3.3)

Thus, The proof of Theorem 3.7 can be deduced directly from the following
Lemmas

Lemma 3.9. Under the Hypotheses of Theorem 3.7, we have

\/ nhly [Gn(x,t) — gn(z,t)] > 0 a.s. as n — oo, (3.4)

nhlHY [E(gn(z,t)) — g(x,t)] = 0 as n — 0o (3.5)

and
nhih (n(z) — £(x)) — 0 in probability as n — oo. (3.6)
Lemma 3.10. Under Assumptions A1, A2 and N(i), we have

(nhgd“))% [Gn(,1) = E(Gn (@, £))] 25 N (0,0)

where o'*(z,t) = 99&’:)) Jpa Jo K2(2) L2 (y)dzdy.

4. Numerical study

In this short section we compare the finite-sample performance of the recur-
sive kernel method and the classical kernel via a Monte Carlo study. For this
comparison study, we consider the same models used in [16] that is

M1 Y=X%2+1+¢ parabolic case,
M2 Y =sin(l.5X)+e¢ sinus case,
M3 Y =exp(X —0.2) + € exponential case

where the random variables X and e are i.i.d. and follow respectively the normal
distribution N(0,1) and N(0,0).

It is clear that the conditional density expression is closely related to the
distribution of €. Thus, the conditional densities are respectively
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C.D.F. of Model M1 C.D.F. of Model M2 C.D.F. of Model M3

Fic 1. The C.D.f.

In order to control the effect of the censoring in the efficiency of both estimators
we variate the percentage of censoring for each models by considering a various
censoring distributions. Precisely, we generate the censoring variables C' by an
exponential distribution C(\;) shifted by Ay (for the exponential model), by
a normal distribution N(0,01) (for sinus case) and by N(0,02) (for parabolic
case). Thus, the behavior of both estimators is evaluated over a several param-
eters, such as the sample size n, the percentage of censoring 7 controlled by
(A1, A2, 01,02), the dimension of the regressors d and the type of model M. For
sake of shortness, we consider the unidimensional case, we fixe the sample size
n = 200, we took ¢ = 0.2, we consider three censoring type (7 = 10, 7 = 40
and 7 = 70). The test of the performance of both estimators is described by the
following averaged squared errors

1, -
MSE(KERNEL) =~ (6n(Yi|Xi) — 6(Yi| X,))?
=1
and recursive

MSE(RECURSIVE) = — > (3, (¥ilX) — 6(¥i X))’

i=1

Now, for our practical study, we use the Gaussian kernel and we consider the

well-known smoothing parameter defined by A, ; = 07212'_1/ 5 where
o2 = ! i:(X-—X)Q and X:li){-
ton-l i=1 ' i l

The obtained results are given in Table 1. It is clear from Table 1 that the
recursive method is slightly better than the classical kernel method. However,
the main advantage of the recursive method is that considerably faster than
the classical one for the three models. In particular, it reduces sensibly the
computation time in function of the sample size and the kind of models. Overall,
both methods give a satisfactory level of accuracy and the latter is strongly
dependent to the censoring rate.
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TABLE 1
M S E-Results

Model | 7 | MSE(KERNEL) MSE(RECURSIVE)

M1 10 0.41 0.22
40 0.64 0.55
70 1.74 1.97
M2 10 0.59 0.36
40 0.33 0.30
70 1.80 1.84
M3 10 0.79 0.29
40 1.32 1.18
70 2.17 2.65

5. Proofs of the intermediates results
Proof of Lemma 3.4. We write
sup sup |§n(x7 t) - g(ac, t)' < supsup |§n(I, t) - Egn(xv t)'

zeC te zeC teq)

+ sup sup UE.&H(Ia t) - g(x, t)| .
zeC teQ

For the quantity sup,cc sup,cq [Egn(z,t) — g(z,t)|, we use the fact that, for all
measurable function ¢ and for alli=1,... n.

Lir<oyp(Y1) = Lin <y (Th).

Then,
Eg, (x,t)

1
-1
- Zh{i-l—lE{
i=1 "
1 z—X1\ = t—T
—1 1 1 1
=n ZWE{K< h: )G (Tl)L< h >E[R{Ti§0i}|Xi’n}}
i—1 i 03 03
_ -1 —~ 1
- th_lH]E
i=1 "

Therefore,

=
A/~
K
> |
>
=
~_
Sg
Q
L
o
S—
h
A/~
o~
> |
e
~
—

=
7 N
8
=
la
S~—
=~
7 N
~
> |
k=

|E§n(17, t) - g(Ia

t)]
<n” ; /R /RK(u)L(v)[g(ar — hiu,t — hiv) — g(z,t)|dudv

< Mn~t 3" R? < Mh
i=1
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Therefore,
- 2
supsup [Eg, (z,t) — g(z, t)| = O(h}").
zeC teQ
Now, concerning the quantity sup,ccsup,cq |gn(2,t) — Egn(z,t)| we use the
compactness property of the sets C and € to write that, for some (x)1<p<x,
and (tj)1<j<r,,

A

CcC U B(xk, an) and QcC U B(t;,bn)
k=1 J=1

where A\, ~ a;d and Kk, ~ b;l with a, = b, = nj(d+1)5’1/2.
~ Now, for any € C and t € Q, we set by k(r) = argminy, |zx — z|| and
J(t) = argmin; |t — ;| Then, for any (z,t) € C X §, we can write

sup sup |gn (z,t) — Egp(z,t)| < supsup
EC tEQ 2€C tEQ

+ supsup |Egn (z,t5) — Egn(z, t)‘
TeS teN

gn(xvt) - gn(xvtj)‘

+ maxsup |Gn(z, ;) — Gz, )|
J  zeC

+ maxsup ‘Egn(xkv tj) - Egn(x’ tj)‘
J  zeC
+ ml?xmjax |gn(x7€7 tj) - Egn(‘rkv tj)'
= ﬂ,n+75,n+7§,n+7zl,n+7g,n' (51)

Concerning (71,,): We use the Lipschitizian condition on L to get

sup sup

zeC teQ

zeCteQ N J

I~ _ -
<supsup— > h; VGV Ki(w) | Li(t) — Li(t)
=1

< supsupC ’t — 1
zeC te

I~ 1 —(a41) s At
=N = TGN (V) K,
w2 g (Vi) Ki(x)
L~ —(d+2)
< Mb,~ > h;
B ni:l '
bn

So, under Assumption C(ii), we have

logn
(Tim) =0 ( W) -



Nonparametric conditional density estimation for censored data based 2551

By using the same arguments as those used 7; , we obtain

logn logn
(T2,n) = O <\/ W) v (Tsn) =0 (\/ W)

logn

Finally, in order to study 75, we use Bernstein’s inequality. To do that, we put,
for1<i<mn, 1<k<)A,and1<j<k,

U; = Ui(xg, tj)
= {n VEGT DK (@) L) — B [h; TV6GT (V) Ki(a) La()|
Using the fact that the kernels K and L are bounded, we get
U;| < Chy D < Chy @D = .

Moreover, by a similar ideas to those used in the first part of this Lemma, we
show that

1
Var(U;) < C/Rd /R W}{?(u)lﬁ(v)g(mk —rh,t; — sh)dudv

< Chi—(d—i-l) < Ch;(dJrl) — 0

Hence, by Bernstein’s inequality (see [13]), it follows that for all € > 0:

P{n_léUi >6}§2exp{— (%)h(%)} (5.3)

where h(u) = 3u/(6 + 2u) for all u > 0.

logn

Now, taking € = eo(m)lm, we have for any (k, j), we obtain
n
" {

- 3etlogn
—1 0
< on=Ce

i=1

n

> e} < CApknn €0, (5.4)

Consequently, Borel-Cantelli’s lemma and an appropriate choice of ¢y allows us

to write that:
[ logn
,737n —_— O ( W) . (5.5)



2552 S. Khardani and S. Semmar

Proof of Lemma 3.5. Firstly, we write
sup |[0n(z) —£(z)] < sup|ly(z) — E[ln(2)]| + sup [E[l, (2)] — £(z)]
zeC zeC zeC
=: Eln + ﬁzn.

The first term Ly, is very close to the last part of Lemma 3.4. So, by a standard
analytical argument we get,

Lo = O(h). (5.6)

While the proof of the second term For Lo, follows the same lines as in Lemma
3.4. Therefore, we get

d

1 1/2
ﬁln = Oa.s. <ﬂ>

nhy,

which completes the proof of this Lemma.

Proof of Lemma 3.6. It is clear that

n

1 1 1
o) =) < 3|tk (o - )
2 | GV~ Galt)
supy<r,. [Gn(t) — G(t)]
= én(T) 9n
Since G.,(7) > 0, in conjunction with the SLLN and the LIL on the censor-

ing law (see formula (4.28) in [11]), the result is an immediate consequence of
Lemma 3.4.

(z,t) (5.7)

Proof of Lemma 3.9.

e Proof of 3.4. Similarly to the previous Lemma, we have

[ ain) Gn(t)—G(t
nhgld-l-l) |§n($,t) _ gn(x, t)| < nhsld-’_l) SUptSTF|(_; (S-)) ( )|§n(x,t)

_ _ log 1
sup |Gn(t) — G(t)] = Ou.s. (,/w>
t<tp n
then
/5 (d+1) [ SUPt<rp Gn(t) - G(t) ( / (d+1))
nhy, = = = Og.s. log log nhy, .
( G (77)G (7r) o

From N(ii) we obtain that

/n (d+1)SUPt< 71 Gn(t) - G(t) —0
hn GH(TF)G(TF) a a's'(l)

The latter combined with the results of Lemma 3.4 allows us to complete
the proof of 3.4.

Further, as
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e Proof of 3.5. It is shown in the first part of Lemma 3.4, that

~ 2
[E(gn(,t) — g(a,t)] = O(hy ).
Thus,
nhiy ™ [E(Ga(e, 1) - gz, 1)) = O(/nhi™ (hi")
which goes to zero under the second part of Assumption N(ii).

e Proof of 3.6. By a simple analytical arguments we show that

Var (b,(z) —4(z)) = O (n_l Z hf) and E [£,(z) — £(z)] = O(hf).

i=1

Now, Assumption N(ii) gives nh9+! (k" — 0 and Assumption N(i) implies
that
nhdTWar (0, (z) — £(x)) = o(1).

So,
\/nht (0, (z) — £(z)) — 0 in probability as n — oco.
Proof of Lemma 3.10. The proof of this Lemma is based on the version of

the central limit Theorem given in ([19], p. 275) where the main point is to
calculate the following limit

nhSTWar (G, (x, )] = o’*(x). (5.8)
Indeed, we have

nhd VWV ar [§,(x, 1))

h(d+1) ~ (dt1)
= Z G HY)Ki(2)Li()lir, <ovy

h(d+1 n 2_d .
Zh‘ R [G2(T)K2(2) L2(1)E L1y <cy | X1, Th]]

d+1) n 2
Zh 2D (g { G Y(T) K () Li (1)E [11, <, | X1, T] }

= v,ﬁ + v;i.
Observe that
V2 = h{IE? [, 1)

Once again, we use the result of Lemma 3.4 to show that V2 = o(1).
Now, concerning the first term V1, we have

n

L1 (d+1) K2(z
vi=-) — zhi,t — yh; :
Ton i= < l) /]Rd/ G(t— yh (I : yhi)dzdy
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The continuity of the functions G' and g permit to write

o (i5) ) () )

From Assumption A1(ii), we obtain the claimed result (5.8).
Let’s now prove our asymptotic result. To do that we put

R JR

(nh%dJrl))% [Gn (2, 1) — E(gn(z,t)) szn

where

(nhS{Hl))
Win(®) =~ {6,671 (V) Ki(2) Li(t) — B (5:G7 (Yo Ki(2) Li()) }

Nl=

and we prove that for some 8 > 2

> E [[win())’]

i

N @z
(Var (Z wln(:zr)> >
)

Indeed, set z/an(:v) =E|win(z

|B. Applying the Cr-inequality (see [19], p. 155)

1 B
M(@=Egﬁﬁi2_ ;

in RATT [6:,G7 1Y) Ky () Li(t) — B (6:;G (Vi) Ki(x) Li(t)) ]
N
nﬁ(hd“)ﬁ 0.6 (Yo K@) L
(mhgi? )g _ ﬁ
+2 ) B GG ) K@L)[ (5.9)

Furthermore, by a standard arguments, we show that

E (|66 K@) Li1)]") = o)
and

E (5,6 (V) Ki(2)Ls(1))]” = O(hZ D),
Therefore,

= Z%@(I) =0 (nl’ﬁ/zh;dﬂ)(lfﬁ/?)) _
=1



Nonparametric conditional density estimation for censored data based 2555

Because of 1 — 3/2 < 0 we have ¥(2) — 0 which implies that

i E |1/1m(517)|ﬁ

i . @z 0
<Var <Z wln(:zr)> )
i=1

The proof of this Lemma is now complete.
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