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Abstract. In this paper, we investigate the asymptotic properties of
a nonparametric conditional quantile estimation in the single functional
index model for dependent functional data and censored at random re-
sponses are observed. First of all, we establish asymptotic properties for
a conditional distribution estimator from which we derive an central limit
theorem (CLT) of the conditional quantile estimator. Simulation study is
also presented to illustrate the validity and finite sample performance of
the considered estimator. Finally, the estimation of the functional index
via the pseudo-maximum likelihood method is discussed, but not tackled.

1 Introduction

Multivariate regression analysis is a powerful statistical tool in biomedical re-
search and many fields of life (Muharisa et al. [27]) with numerous applications.
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While linear regression can be used to model the expected value (ie, mean) of
a continuous outcome given the covariates in the model, quantile regression
can be used to compare the entire distribution of a continuous response or a
specific quantile of the response between groups. Despite the regression func-
tion is of interest, other statistics such as quantile and mode regression might
be important from a theoretical and a practical point of view. Quantile regres-
sion is a common way to describe the dependence structure between a response
variable Y and some covariate X. Unlike the regression function that relies only
on the central tendency of the data, the conditional quantile function allows
the analyst to estimate the functional dependence between variables for all
portions of the conditional distribution of the response variable. Moreover,
it is well known that conditional quantiles can give a good description of the
data (see, Chaudhuri et al. [9]), such as robustness to heavy-tailed error distri-
butions and outliers to ordinary mean-based regression. As a particular case,
note that the conditional median is useful for asymmetric distributions.

Quantile regression(QR) is one of the major statistical tools and is gradually
developing into a comprehensive strategy for completing the regression predic-
tion. It is emerging as a popular statistical approach, which complements the
estimation of conditional mean models. While the latter only focuses on one
aspect of the conditional distribution of the dependent variable, the mean,
quantile regression provides more detailed insights by modeling conditional
quantiles. Her can therefore detect whether the partial effect of a regressor on
the conditional quantiles is the same for all quantiles or differs across quantiles,
and can provide evidence for a statistical relationship between two variables
even if the mean regression model does not. In many fields of applications
like quantitative finance, econometrics, marketing and also in medical and bi-
ological sciences, QR is a fundamental element for data analysis, modeling
and inference. An application in finance is the analysis of conditional Value-
at-Risk, moreover, her is the development of statistical tools used to explain
the relationship between response and predictor variables (see Yanuar et al.
[37]). The quantile method is a technique of dividing a group of data into
several parts after the data is sorted from the smallest to the largest Yanuar
et al. [36]. QR enjoys some very appealing features. Apart from enabling some
very exible patterns of partial effects, quantile regressions are also interesting
because they satisfy some equivariance and robustness principles.

The advantage of the QR methodology is that it allows for understanding re-
lationships between variables outside of the conditional mean of the response;
it is useful for understanding an outcome at its various quantiles and compar-
ing groups or levels of an exposure on those quantiles. QR is a common way
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to describe the dependence structure between a response variable Y and some
covariate X. Unlike the regression function (which is defined as the conditional
mean) that relies only on the central tendency of the data, the conditional
quantile function allows the analysts to estimate the functional dependence
between variables for all portions of the conditional distribution of the re-
sponse variable. Moreover, quantiles are well known for their robustness to
heavy-tailed error distributions and outliers which allow to consider them as
a useful alternative to the regression function Chaouch and Khardani [8].

Moreover, it is a statistical technique intended to estimate, and conduct
inference about, conditional quantile functions. Just as classical linear regres-
sion methods based on minimizing sums of squared residuals enable one to
estimate models for conditional mean functions, quantile regression methods
offer a mechanism for estimating models for the conditional median function,
and the full range of other conditional quantile functions. By supplementing
the estimation of conditional mean functions with techniques for estimating an
entire family of conditional quantile functions, quantile regression is capable
of providing a more complete statistical analysis of the stochastic relationships
among random variables.

For example, QR has been used in a broad range of application settings.
Reference growth curves for children’s height and weight have a long history
in pediatric medicine; quantile regression methods may be used to estimate
upper and lower quantile reference curves as a function of age, sex, and other
covariates without imposing stringent parametric assumptions on the relation-
ships among these curves. In ecology, theory often suggests how observable
covariates affect limiting sustainable population sizes, and quantile regression
has been used to directly estimate models for upper quantiles of the condi-
tional distribution rather than inferring such relationships from models based
on conditional central tendency. In survival analysis, and event history analy-
sis more generally, there is often also a desire to focus attention on particular
segments of the conditional distribution, for example survival prospects of the
oldest-old, without the imposition of global distributional assumptions.

In recent years, estimating conditional quantiles has received increasing in-
terest in the literature, for both independent and dependent data; Samanta
[31] established a nonparametric estimation of conditional quantiles, Wang
and Zhao [35] presented a kernel estimator for conditional t-quantiles for mix-
ing samples and established its strong uniform convergence. Ferraty et al.
[15] studied the estimation of a conditional quantiles for functional dependent
data with application to the climatic El Nin6é phenomenon. Ezzahrioui & Elias
Ould-Said [14] considered the estimation of the conditional quantile function
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when the covariates take values in some abstract function space, the almost
complete convergence and the asymptotic normality of the kernel estimator
of the conditional quantile under the o-mixing assumption were established.
Ferraty et al. [15] introduced a nonparametric estimator of the conditional
quantile defined as the inverse of the conditional cumulative distribution func-
tion (df) when data are dependent.

In life time data analysis, nonparametrically estimated conditional survival
curves (such as the conditional Kaplan-Meier estimate) are useful for assess-
ing the influence of risk factors, predicting survival probabilities, and checking
goodness-of-fit of various survival regression models. It is well known that in
medical studies the observation on the survival time of a patient is often in-
complete due to right censoring. Classical examples of the causes of this type
of censoring are that the patient was alive at the termination of the study,
that the patient withdrew alive during the study, or that the patient died
from other causes than those under study. The censored quantile regression
model is derived from the censored model. This method is used to overcome
problems in modeling censored data as well as to overcome the assumptions
of linear models that are not met, in this linear models Sarmada and Yan-
uar [32] have compared the results of the analysis of the quantile regression
method with the censored quantile regression method for censored data. In the
context of censored data, Gannoun et al. [17] introduced a local linear (LL) es-
timator of the quantile regression and established its almost sure consistency
(without rate) as well as its asymptotic normality in the independent and
identically distributed (i.i.d.) case. El Ghouch and Van Keilegom [13] consid-
ered the LL estimation of the quantile regression and its first derivative under
an o-mixing assumption and studied their asymptotic properties. Ould-Said
[28] constructed a kernel estimator of the conditional quantile under an i.i.d.
censorship model and established its strong uniform convergence rate. Under
an o-mixing assumption, Liang and Alvarez [21] established the strong uni-
form convergence (with rate) of the conditional quantile function as well as its
asymptotic distribution.

The single index model is a natural extension of the linear regression model
for applications in which linearity does not hold. This last approach is widely
applied in econometrics as a reasonable compromise between nonparametric
and parametric models. In the past few recent years, the single functional index
models have received much attention, and it has been studied extensively in
both statistical and econometric literatures. Interesting to this methods, many
authors worked on this sort of problems, see for instance Ait-Saidi et al. [1, 2].
Attaoui et al. [3] investigated the kernel estimator of the conditional density
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of a scalar response variable Y, given a Hilbertian random variable X when
the observations are from a single functional index model. Ling et al. [24]
reconsidered the kernel estimator of the conditional density when the scalar
response variable Y and the Hilbertian random variable X also come from
the single functional index model. The asymptotic results such as pointwise
almost complete consistency and the uniform almost complete convergence
of the kernel estimation with rates in the setting of the o mixing functional
data are also obtained, which extend the i.i.d. case in Attaoui et al. [3] to the
dependence setting. Ling & Xu [23] investigated the estimation of conditional
density function based on the single-index model for functional time series
data. Under a-mixing condition, the asymptotic normality of the conditional
density estimator and the conditional mode estimator where obtained. Attaoui
[4] studied a nonparametric estimation of the conditional density of a scalar
response variable given a random variable taking values in separable Hilbert
space when the variables satisfy the strong mixing dependency, based on the
single-index structure.

Inspired by all the papers above, our work in this paper aims to contribute
to the research on functional nonparametric regression model, by giving an
alternative estimation of QR estimation in the single functional index model
with randomly right-censored data under o-mixing conditions whose definition
is given below.

Recall that a process (Xi, Yi)i>1 is called a-mixing or strongly mixing (see
Lin and Lu [22]) for more details and examples, if

sup sup sup |P(ANB)—PA)PB)|=a(n) -0 as n — oo,
k Ae]-']k BeF ¢

where _7-"].k denotes the o-field generated by the random variables {(X;, Yi), j <
i1 < k}. The process {(Xj, Yi), 1 > 1}is said to be arithmetically o mixing with
order a > 0, if 3C > 0, a(n) < Cn™ %

The strong-mixing condition is reasonably weak and has many practical ap-
plications (see, e.g., Cai [6], Doukhan [11], Dedecker et al. [10] Ch. 1, for more
details). In particular, Masry and Tgjstheim [25] proved that, both ARCH pro-
cesses and nonlinear additive autoregressive models with exogenous variables,
which are particularly popular in finance and econometrics, are stationary and
o-mixing.

This article is organized as follows: In Section 2, we describe our model
and construct precisely the QR estimator based on the functional stationary
data under censorship model. In Section 3, we build up asymptotic theorems
for our model. Section 4 illustrates those asymptotic properties through some
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simulated. Finally, the proofs of the main results are postponed to Section 5.

2 Notations and estimators of the semi-parametric
framework

2.1 The model

Let (X,T) be a pair of random variables where T is a real-valued random
variable and X takes its values in a separable Hilbert space H with the norm
Il - || generated by an inner product < -,- >. Let C be a censoring variable with
common continuous distribution function G. The continuity of G allows to use
the convergence results for the Kaplan and Meier estimator of G. (see [19]).

From now on we suppose that (X, T) and C are independent. It is plausible
whenever the censoring is independent of the characteristics of the patients
under study. In the right censorship model, the pair (T, C) is not directly
observed and the corresponding available information is given by Y = min(T, C)
and 0 = Ij7<c}, where 1, is the indicator function of the set A.

Such censorship models have been amply studied in the Literature for real
or multi-dimensional random variables, and in nonparametric frameworks the
kernel techniques are particularly used (see Tanner and Wong [33], Padgett
[29], Lecoutre and Ould-Said [20] and Van Keilegom and Veraverbeke [34], for
a necessarily non-exhaustive sample of literature in this area).

Furthermore, let (Xi, Ti)1<i<n be the statistical sample of pairs which are
identically distributed like (X, T), but not necessarily independent, (Ci)1<i<n
is a sequence of i.i.d. random variables which is independent of (Xi, Ti)1<i<n.
Therefore, we assume that the sample {(Xj, 8, Yi),i = 1,...,n} is at our dis-
posal. Moreover, we consider dg(-,-) a semi-metric associated with the single
index 0 € H defined by dg(x1,%2) :=| < x7 —x2,0 > |, for x; and x; in H.

For a fixed x in #, the conditional cumulative distribution function (cond-
cdf) of Y given < 0,X >=< 0,x >, is defined as follows:

VteR, F(O,t,x) =P(Y < t|<X,0 >=<x,0 >).

Saying that, we are implicitly assuming the existence of a regular version
for the conditional distribution of Y given < 0,X >. Now, let (g(v,x) be the
yth-conditional quantile of the distribution of Y given < 6,X >=< 0,x >.
Formally, (o(v,x) is defined as:

CG(Y)X) =inf{t e R: F(e)tax) > Y}> Vy € (O>1)
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In order to simplify our framework and to focus on the main interest of our
paper (the functional feature of < 0,X >), we assume that F(0,-,x) is strictly
increasing and continuous in a neighborhood of (g(y, x). This is insuring that
the conditional quantile (g(y,x) is uniquely defined by:

Goly,x) = F'(8,7,x) equivalently F(0,Coy,x),x)=v. (1)
Next, in all what follows, we assume only smoothness restrictions for the

cond-cdf F(0, -, x) through nonparametric modeling. Assume also (Xj, Ti)ien is
an x-mixing sequence, which is one among the most general mixing structures.

2.2 The estimators

The kernel estimator F, (0, -,x) of F(8,-,x) is presented as follows:

i K (' (< x =X, 0 >)) H (h'(t = T0)

Y K (hg‘(< X — Xi, 0 >))

i=1

where K is a kernel function, H a cumulative distribution function and hx =
hin (resp. hy = hyn) a sequence of positive real numbers. Note that using
similar ideas, Roussas [30] introduced some related estimates but in the special
case when X is real, while Samanta [31] produced previous asymptotic study.

As a by-product of (1) and (2), it is easy to derive an estimator (gn(v,x)
of Co (Y) x):

Ce,n(YaX) = F;1(93‘Yax)° (3)

Such an estimator is unique as soon as H is an increasing continuous func-
tion. Such an approach has been largely used in the case where the variable X
is of finite dimension (see e.g Whang and Zhao [35], Cai [7], Zhou and Liang
[38] or Gannoun et al. [17]).

The objective of this section is to adapt these ideas under functional random
variable X, and build a kernel type estimator of the conditional distribution
F(0,-,X) adapted for censored samples. In the censoring case, based on the
observed sample (X, 8, Yi)i=1,.,n we define the following ”pseudo-estimator”
of F(8, -, X) which is used as an intermediate estimator, thus we can reformulate
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the expression (2) as follows:

n 61

(Y-)K (hg1 (<x—Xi,0 >)> H (hﬁ] (t— Yi))
Fo,t,x) = = _ W
Y K (hg‘(< x—Xi, 0 >))

i=1

(]

In practice G(-) = 1 — G(-) is unknown, hence it is impossible to use the
estimator (6). Then, we replace G(-) by its Kaplan and Meier [19] estimate
Gn(+) given by

ﬁ PLLII LT
_ T i .
Gnlt) =1—Gnlt) = n—i+1 ’ - (5)

i=1

0, it > Y.

where Y1) < Y3y < ... < Yy are the order statistics of Y; and 8 is the
concomitant of Y(;). Therefore, a full estimator of the conditional distribution
function F(0, -, x) is defined as:

i o X (h;1(< X —Xi, 0 >)) H (hﬁ (t— Yi))

R — Gn(V3)
F(eatax) = — n ) (6)
Y K (hg1(< X — Xi, 0 >))
i=1
which is rewritten also as:
- Fn(6,t
7o, t,x) = NOHX) (7)
FD(e) X)
Consequently, a natural estimator of (g(7y,x) is given by
ZG (Y?X) = ?_1 (e)y) X)
= inf{teR: F(6,t,x) > v}, (8)

which satisfies

~

F(8, Gy, %) ,X) = - (9)
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3 Assumptions and results

3.1 Assumptions on the functional variable

Let Ny be a fixed neighborhood of x and let B(x,h) be the ball of center
x and radius h, namely Bg(x,h) = {f € H/0 <|<x— 1,0 > | < h}. Assume
that, (Ci)i>1 and (Ti)i>1 are independent and we assume that tg := supft :
G(t) < 1} and let T be a positive real number such that T < t¢.

let’s consider the following hypotheses:

(H1) Vvh >0, P(X € Bo(x,h)) = pox(h) >0,

(H2) (Xi,Yi)ien is an a-mixing sequence whose the coefficients of mixture
verify:
Ja>0,3dc>0: VneN, a(n) <cn

(a+1)/a
(H3) 0 <supP ((Xi,Xj) € Bg(x,h) x Bg(x,h)) = O <(¢6’X(}»:§3<)1 - > )
i#

3.2 The nonparametric model

As usually in nonparametric estimation, we suppose that the cond-cdf F(0, -, x)
verifies some smoothness constraints. Let by and b, be two positive numbers;
such that:

(H4) V(X],Xz) € Ny X Ny, V(‘t],tz) S S]é,
(1) |F(9,t1,x1) - F(e)tZ)XZN < CS,X (HX1 _XZHb] + |t1 _t2|b2))

(ii) J tf(6,t,x)dt < oo for all 6,x € H.
R

To this end, we need some assumptions concerning the kernel estimator

F(0,,%) :
(H5) ¥(t1,t2) € R?, [H(t;) — H(tz)| < Clty — t,] with JH‘”(t)dt =1,
JHZ(t)dt < 00 and JIthZH(”(t)dt < 00.

(H6) K is a positive bounded function with support [0, 1].

(H7) The df of the censored random variable, G has bounded first derivative
G’
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. Gex(uh) ey ox
(H8) For all u € [0,”, }{E}I})W = }135%5,}1 (U-) = E,() (LL)

(H9) The bandwidth hy satisfies,

: 2 42 nhy de x (hx)
(i) nth)e,x(hK) — 00, and Hlogiz"n — 00 as . — 0o.

(ii) nhﬁd}%)x(h]() — 0, as n — oo.

(H10) There exist sequences of integers (un) and (vy) increasing to infinity
such that (u, +vn) < n, satisfying

1/2
(i) va = o (ndo,(h))/2) and (grlg)  &(va) =0 as m 0,

12
(i) gnvn = o((ndex(hk))'/?) and qn (W) a(vn) = 0asn — 0

where gy, is the largest integer such that qn(un +vn) < n.

3.3 Comments of the assumptions

(H1) can be interpreted as a concentration hypothesis acting on the distribu-
tion of the f.r.v. X, while (H3) concerns the behavior of the joint distribution
of the pairs (Xi, X;). Indeed, this hypothesis is equivalent to assume that, for
n large enough

sup
i P (X € Bg(x,h))

P ((X:, X)) € Ba(x,h) x Bo(x, 1)) _ - (cbe,x(hk))‘/“
n

This is one way to control the local asymptotic ratio between the joint distri-
bution and its margin. Remark that the upper bound increases with a. In other
words, more the dependence is strong, more restrictive is (H3). The hypoth-
esis (H2) specifies the asymptotic behavior of the o-mixing coefficients. Let’s
note that (H4) is used for the prove of the the almost complete convergence
of Co(y,x). Assumptions (H5), (H6) and (H7) are classical in nonparametric
estimation. To establish the asymptotic normality, dealing with strong mix-
ing random variables (under (H2)), we use the well-known sectioning device
introduced by Doob [12] in (H10).

This part of paper is devoted to the main result, the asymptotic normality
of F(0,t,x) and Cg(y,x).
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Theorem 1 Under Assumptions (H1)-(H10), we have

ndox(he) )" (= o
<W> (F(G,t,x) - F(G,t,x)) 5 N(0,1), (10)
where 62(0,t,x) = —29X) (g ¢ x) <] —F(0,t x)>
P e, T G

and
dox(hk)EKS(x,0)  az(0,x)

E2Kq(x,0)  (a1(6,x))?"

Theorem 2 If the Assumptions (H1)-(H10) are satisfied, and et 7y is the
unique order of the quantile such that vy = F(0, {g(y,x),x) = Fn(6, (g(v,x), %),

n(l)e,x(hK)
22(

1/2
D
0, Ceh/,x),x)) (Con (v, %) — Colv,x)) — N (0, 1), (11)

where Z(B) CQ(Y) X))X) =

As one can see, the asymptotic variance (0, (g(y,x),x) depends on some
unknown functions f(0, Ce(v,x),x) and ¢gx(hk) and other theoretical quanti-
ties F(0, Co(y,x),x), G(-) and (g(y,x) that have to be estimated in practice.
Therefore, G(-), F(0,1t,x) and (g(y,x) should be replaced, respectively, by the
Kaplan-Meier’s estimator Gn(+), the kernel-type estimator of the joint distri-
bution (0, Ce(y,x),x) and (g n(y,x) the conditional quantile estimator given
by equation (8). Moreover, using the decomposition given by assumption (H1),
one can estimate ¢gx(z) by Fxn(z) = 1/ 3 1 Lix e (x2)}-

The corollary below allows one to obtain a confidence interval in practice
since all quantities are known.

3.4 Confidence intervals

Now based on the quantities estimation, we easily get a plug-in estimator
2(6, Con(v,x),x) of X(0,Cg(v,x),x). The Theorem (2) can be now used to
provide the 100(1 — v)% confidence bands for (g(y,x) which is given, for
x € H, by

28, Con (v, ), 20, Conlv,X),
(0, Conlv,x) X))Cﬂ,n(Y)X)+Cy/2 (0, Con(v,x)yx)

( X)—¢
on (v, %) v/2 MFyn(hy) nFyn(h)

where ¢, ; is the upper y/2 quantile of the distribution of N'(0,1).
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4 Finite sample performance

This section considers simulated as well as real data studies to assess the finite-
sample performance of the proposed estimator and compare it to its competi-
tor. More precisely, we are interested in comparing the conditional quantile
estimator based on single functional index model (SFIM) to the kernel-type
conditional quantile estimator (NP) introduced in Chaouch and Khardani [8]
when the data is dependent and the response variable is subject to a random
right-censorship phenomena. Throughout the simulation part, the n i.i.d. ran-
dom variables (C;); ( censured variables) are simulated through the exponen-
tial distribution £ (1.5). Similarly, in the real data applications, the censored
variables are simulated according to the aforementioned exponential law.
The single functional index 0 € H is usually unknown and has to be es-
timated in practice. This topic was discussed in single functional regression
model literature and an estimation approaches based on cross-validation or
maximum-likelihood methods were discussed, for instance, in Ait Saidi et al. [2]
and the references therein. Another alternative, which will be adopted in this
section, consists in selecting 0 (t) among the eigenfunctions of the covariance
operator E [(X' —E(X')) < X/,. >%], where X (t) is, for instance, a diffusion-
type process defined on a real interval [a, b] and X' (t) its first derivative (see,
for instance, Attaoui and Ling [5]). Given a training sample £, the covariance
operator can be estimated by its empirical version ‘]f‘ Y ier(XE—EX)Y(X] —
EX’). Consequently, one can obtain a discretized version of the eigenfunctions
0;(t) by applying the principle component analysis method. Let 6* be the first
eigenfunction corresponding to the highest eigenvalue of the empirical covari-
ance operator, which will replace 0 in the simulation steps to calculate the
estimator of the conditional distribution as well as the conditional quantiles.

4.1 Simulation study

We generate n copies, say (Xi, di, Yi)i=1,..n, of (X,0,Y), where X and Y are
simulated according to the following functional regression model.

Ti:R(Xi)—l-ei,i:L...,Tl,

where €; is the error assumed to be generated according to an autoregressive
model defined as:
€ = ]/\ﬁ({i,] +ni, i=1,...,m,

where (11); a sequence of i.i.d. random variables normally distributed with a
variance equal to 0.1. The functional covariate X is assumed to be a diffusion
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process defined on [0, 1] and generated by the following equation:
X(t) =A(2—cos (mtW)) + (1 — A) cos(ttW), t € [0, 1],

where W ~~ N (0, 1) and A ~ Bernoulli(1/2).
Figure 1 depicts a sample of 100 realizations of the functional random vari-
able X sampled in 100 equidistant points over the interval [0, 1].

3.0

X(t)
20 25
|

15

1.0

Figure 1: A sample of 100 curves {X; (t), t € [0, 1]}121’.__’100

On the other side, a nonlinear functional regression, defined as follows, is
considered
1
R(X) = J (X' (1) dt,
0

n

the computation of our estimator is based on the observed data (Xi, 81, Yi)i_;,

where Yi = min (Ti> Cl) y 51 = l{TiSCi}'

To assess the accuracy of the proposed estimator, we split the generated
data into a training (£) and a testing (J) subsamples. The training subsam-
ple is used to estimate the single functional index and to select the smoothing
parameters hy and hy. Whereas the testing subsample is used to assess and
compare the single functional index based estimator of the conditional quan-
tile, namely (g(v,-), to the kernel-type conditional quantile estimator, say
Z(y, -), which is introduced in Chaouch and Khardani [8] as follows:

~

Cyyx) =inf {y € R, F(y) 2 v},
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where

mr T K (0 X0) (' (v = W)
W= ST KR T X)) !

Yy € R.

Figure 2 displays the first three eigenfunctions calculated from the estimated
covariance operator using the data in the training subsamnple.

00 02 04 08

0.2

04

Time

Figure 2: The first three eigenfunctions (respectively, continuous, dashed and
dotted lines) representing 6;(t),i=1,2

Given an X = x, we can observe that the random variable T has a nor-
mal distribution with mean equal to R(x) and standard deviation equal to 0.2.
Therefore, the conditional median is equal to R(x). A 500 Monte-Carlo simula-
tions are performed in order to assess the estimation accuracy of R(x) using the
conditional median estimation by the single functional index approach and by
the nonparametric approach. The simulations were performed for two sample
sizes n. = 100, 500 and for two Censorship Rates CR = 60%, 30%. Furthermore,
some tuning parameters have to be specified. The kernel K(-) is chosen to be
the quadratic function defined as K (u) = % (1 — uz) 1,1y and the cumulative

u
distribution function H (u) = J % (1 — 22> 11 1) (z) dz. As shown in Figure

1 the covariate is a smooth process and the regression function R(-) is defined
as the integral of the derivative of the functional random variable X. Con-
sequently, according to Ferraty and Vieu [16], the appropriate choice of the
semi-metric is the L, distance between the first derivatives of the curves. In
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this section, we assume that h := hx = hyy, is selected using a cross-validation
method based on the k-nearest neighbors as described in Ferraty and Vieu
[16], p. 102.

We consider the absolute error (AE) as a measure of accuracy of the esti-
mators:

AByp =[Ce(0.5,x) = R(x)| and AEy =[C(0.5,x) —R(x)|, k=1,...,500,
where ZG(O.S,X) and Z(O.S,x) are, respectively, the estimators of the condi-
tional median using the single functional index model and the nonparametric
approach. Table 1 shows that the SFIM estimator performs better that the NP
one in estimating R(x). Higher is the sample size and lower is the censorship
rate better will be the accuracy of the SFIM compared to the NP one. More-
over, even when CR=60% and n = 100, the SFIM estimator is still performing
better than the NP one.

Table 1: First, second and third quartile of the Absolute errors (AEy g and AEy,
k=1,...,500) obtained for CR=60% and CR=30% (between parentheses).

n=100 n=>500

NP SFIM NP SFIM

1st quartile of AE | 0.709 0.69 0.62 0.53
(0.29) (0.212) | (0.136) (0.097)

Median of AE 0.955 0.93 0.95 0.75
(0.557) (0.573) | (0.584) (0.346)

3rd quartile of AE | 1.085 1.08 1.07 0.92
(0.73) (0.76) | (0.718) (0.624)

The next phase of this simulation study consists in comparing the accuracy
of the SFIM and the NP approaches in terms of prediction. For this purpose a
sample of 550 observations was simulated according to the previous functional
regression model defined above. A subsample of size 500 is considered for train-
ing and the remaining 50 observations are used for prediction assessment. The
purpose consists in predicting the response variable Y; in the test sample using
the conditional median which is estimated either by SFIM or NP approach.
An overall assessment of the predictions is performed using the median square
error, where the square error (SE) is defined as follows: SE; g := (V] —Co (0.5,x))
and SE;j == (Vj — Z(O.S,x)),j =1,...,50. Two censorship rates are considered
here: CR =45% and CR = 2%.
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Figure 4: Prediction of (Yj)j=1,..50 in the test subsample when CR = 2%.

Figures 3 and 4 show that the SFIM estimator performs better than the NP
estimator in predicting the response variable in the testing subsample. The
accuracy increases when the censorship rate decreases. Indeed when CR =
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45%, the median square error is equal to 0.011 using the SFIM approach and
0.055 for the NP one. whereas, when CR = 2%, the median square error is
equal to 0.008 for the SFIM and 0.012 for the NP approach.

5 Proofs

In order to prove our results, we introduce some further notations. Let First
we consider the following decomposition

~ B . ?N(G,t,x) B a](G,X)F(e,t,X)
PO LX) =0 bx) = FD(e X) a1(0,x)

( Nn(6,t,x) E?N(G,t,x)>
(

1 N
ST a1(9,x)F(6,t,x)—EFN(G,t,x)) )
F(e)t)x) < ( )
n v (a1 (0,x) —E [FD(G,X)D
F(O,t,x) /=
~Fion (FD(e x) — EFp (6, x))
1
- ?D(e,x)A“(e t,x) + B (0, t,x)

where

1 &
An0, ) = TWZ{ (gl = Flo e ) i,

It follows that,

d>e x( )

n¢e,x(hK)V0T (An(ea t, X)) EZK] (X e)

—————Va T(N])
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=Vn(6,t,x)
$ox(hk)
TEK (. 6 ZZ Cov(N;, Nj).
,® i[>0
Lemma 1 Under hypotheses (H1)-(H3) and (H6)-(H8) as n — oo we have
ncbe,x(hK)VaT (An(e) t, X)) — V(e) t,X)

az(0,x)

, 1
WF(e)t) X) <(;(t — F(e,t, X)> .

Lemma 2 Under hypotheses (H1)-(H3), (H6) and (H8)-(H10), as n — oo
we have

where V(0,t,x) =

(nd)e,x(hK)

1/2
D
V{0, t.x) > An(0,t,x) — N(0,1)

where -2 denotes the convergence in distribution.
Lemma 3 Under Assumptions (H1)-(H3) and (H6)-(H9)as n — oo we have
ndex(hx)Bn(6,t,x) — 0 in Probabilty.

Next, Making use of Proposition 3.2 for L = 1 and Theorem 3.1, in Kadir:
et al. [18] we get the following corollary.

Corollary 1 Under hypotheses of Lemma 3, as n — oo we have

(N (Mk))/? Bn(6,t,x)
f (6, oo (V5 X),%)

— 0 in Probabilty.

Proof. [Proof of Theorem 1]
To prove Theorem 1, it suffices to use (12). Applying Lemmas Lemma 1 and
Lemma 3, we get the result. O

Proof. [Proof of Theorem 2]
For Theorem 2, making use of (12), we have

Fn (6, Co(v, %), x)
FL(0, G5 (v, %), %)

F(0, Co(v, %), %)
ndex (hk) FA(0, G (v, %), %)

ndex(hx) (Co(v,x) — Con(v,x)) = /ndex(hk)
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- Vb (i) An (8, t,x)

Fi(0, 5y (v, %), X)

_ \/TWBn(e,t,x).

Fu(8, G5 (v, X), %)

Then using Theorem 1, Corollary 1 and Lemma 3 we obtain the result. [

Proof. [Proof of Lemma 1]

2
Va0, x) = X ) s [K%(e,x) (gorir0 - Fo.e0)) ]
’ (14)
2

Using the definition of conditional variance, we have

5 2
E [(G(;])H(hH] (t—Y)) —F(G,t,x)) | <6,X; >] =Jin+Jm

where Jin = Var (%H(hﬁ (t—Y1))l<6,X >),
2
Jan = [E (ghgHOh (£ = Y1)l < 8,X1 >) = F(8,4,x)]
Concerning Jin,

Jin = E[ o )H2<t_Y]>I<G,x>}

G2(Y; hy
5 t—, 2
_<E[Gm)“( n )'<9’X‘ >D
= N+

As for [J7, by the property of double conditional expectation, we get that,

o 6] 2 t*Y]
5= {E [yt ()1 <0 =7}

5 t—T
_E{GZ(] )HZ ( hH]>E[1T]<C] Tl <6,X >} (15)

1 t—T1) >
—E(-——H? <0,X; >
<G(m ( ) <O%
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1 t—v
= | =——H? dF(e,v,X
JR G(\)) < " ) ( Vs 1)
1
= | =————H*(W)dF(6,t — uhy, X1).
|, G e, = X)
By the first order Taylor’s expansion of the function G~'(-) around zero,
one gets
T .0
= ——H dF(0,t — uhy, X
T = | gt —uhiX)
h? .
+ st J uH (W) G (t*)£(0, t — uhyy, X1 )du + o(1)
G%(t) Jr

where t* is between t and t — uhy
Under hypothesis (H7) and using hypothesis (H3)-(ii), we get

,  hi
= G2(t)

J uH? ()G (1) (0, t — uhy, X1 )du = O(h#).
R

Indeed
J{ < h, (sup|G’(u)/Gz(t)> J uf(0,t — uhyy, x)du.
ueR R
On the other hand, by integrating by part and under assumption (H3)-(i),
we have
H?(u) 1
—dF(0,t —uhy, X;) = =— J 2H(uWH'(u)F(0,t — uhy, X7 )du
JIR{ G(t) G(t) Jr
1
———— | 2H(uW)H/ (WF(O,t,x)d
S |, HOOH I, £
1
—— | 2H(uw)H'(wW)F(0,t,x)du.
50 ), O RO, ) du
Clearly we have
+o00
J 2H(WH/ (W)F(6, t, x)du = [Hz(u)F(e,t,x)} —F(0,t,x)  (16)
R —00
thus
F(O,t
FOEY) | ombr 1 nb).  an)

1 _
JR G 0RO, t—uhiy, X)) = Z s
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As for Jon, by (H2), (H4) and (H5), and using Lemma 3.2 in Kadiri et al.
[18] we obtain that
Jon — 0, as n — oo.

e Concerning />

Jl = E{Gf\]{”m(uke,m >}
— E<E[Gf\‘ﬁ)H1(t)|<e,X1 >,T1]>
- ]E(G(]T])H<t}_lHT]>E[1T1§C]|T1]|<9>X1 >)
_ E(H(t}:HT]>I<9,X1 >>
_ JH<t;H"> £(0,t, X1)dv.

Moreover, we have by integration by parts and changing variables

i = F(O, %) [ H/(w)du+ [ W) (FIO, t— whayx) = F(B, %))

J

the last equality is due to the fact that H’ is a probability density.
Thus we have:

J{ =F(0,4,x)+ O (Rf' +hf2) . (18)
Finally by hypothesis (H5) we get J> — F2(0,1t,x).
n—oo
Meanwhile, by (H1), (H4), (H6) and (HS8), it follows that:

dox(hx)EK2(0,x) az(6,x)
E2K((0,%)  noo (a1(0,x))2°

which leads to combining equations (14)-(18)

_(0,%)
Vn(6,t,x) e (a1(6,x))?

F(0,t,x) (G1(t) —F(0,t, x)) . (19)

Secondly, by the boundness of H and conditioning on (< 0, X; >, < 0,X; >),
we have

E(IN;N;|) = E[(Q) (Q) Ki(0,x)K;(6,x)]
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E(E[(Qi) (Q))] < 0,X; >, < 0,X; > ]Ki(e,x)Kj(e,x))

] 2
< <1+ G(TF)> E(Ki (6, x)K;(68, x))
CP (X5, X;) € Bo(x, 1) x Bo(x, b))

1/a
C ((W) <|>e,x(hl<)>

5
where Q; = =—H;(t) — F(0, t,x).
i
n

IN

IN

G
Then, taking
dox(hx) bo (M) .

T HrY ™ Ni)N. — DAY ™ Ni)N.
B2, 0) 2= 2 CovNeNy) = ey ey 2 CoviNunNy)
[i—j[>0 0<fi—jl<mn

dox(hk)
X R Cov(Nyi, N;
REK (x,0) &= COVNoN)
‘17)‘>mn
- K1n+K2n-
Therefore
h 1/a
Kin < Cmn{(‘be”ﬁ“) } Vi#].

—1/a

do,x(hk) , we get Ky = o(1).

n

Now choose m;, = (

For Kpn: since the variable (Ai)i<i<n is bounded (i.e, ||Ailjco < 00, We can
use the Davydov-Rio’s inequality. So, we have for all i # j,

[Cov(A, Aj)l < Ca(li —jl).

00 m*(l“r]
By the fact, Z kK< J v %dv = an— 7 we get by applying (H1),
k>mp+1 Mn

o nm=-at]
Km< ) limjle< 2121

[i=jl=>mn+1

with the same choice of m,, we get Kon = o(1).
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Finally by
Po,x () Cov(N;, N;) = o(1), (20)
nE2K; (x,0) ZZ ov(N, Nj) =0
this complete the proof of lemma. O

Proof. [Proof of Lemma 2]
We will establish the asymptotic normality of A, (6,t,x) suitably normal-
ized. We have

ndex(hx) +
nkxX; (6, x)

d)e,x(hK)
\/HEK1 (6, X P
n

gﬂ (0,t,x) ﬁsn.

nd)ﬂ,x(hK)An(evta X) Ni(e)t)x)
i=1
n

Ni(e>tyx)

h
Now we can write, =; = MNi, we have
— (I)G,x(hK)
VaT(Li) == WVQT(NI) == Vn(e)t) X).

Note that by (19), we have Var(Z;) — V(0,t,x) as n goes to infinity and
by (20), we have

5 ICovizi ) = i 3 ICovNG Nyl =ofm),  (21)

[i—j[>0 [i—j|>0

Obviously, we have

ngo x(hk) _
Vo 1y An(0 X)) = mV(O,x) S,

Thus, the asymptotic normality of (TLV(G,‘(,X))_]/2 Sn, is sufficient to show
the proof of this Lemma. This last is shown by the blocking method, where
the random variables =; are grouped into blocks of different sizes defined.
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We consider the classical big- and small-block decomposition. We split the
set {1,2,...,n} into 2k, + 1 subsets with large blocks of size u, and small

blocks of size v, and put

=
B ATV

Now by Assumption (H10)-(ii) allows us to define the large block size by

Uun, = [(nd)e(,;(hk))vz].

Using Assumption (H10) and simple algebra allows us to prove that

Ynoyo, Yy, M L0 and afve) —O.
Un n nde x (hx) Un

Now, let Vj, Tj’ and Yj” be defined as follows:

j(utv)+u

Yi(0,t,x) = Y = Z =i(0,t,x), 0<j<k-—1,
i=j(utv)+1
G+1) (utv)
Y/(0,t,x) = Y] = > e tx), 0<j<k-—T,
i=j(u+v)+u+1
n
Y] (e’t’x) = Y] = Z Ei(e)t)x)a OS]Sk—].
i=k(utv)+1
Clearly, we can write
k—1 k—1
Sn(efth) = Snp = ZYj+ZYj/+Yk
j=1 j=1
= Wn(0,t,x) +W4(0,t,x) + ¥, (6,t,x)
= Y +V, Y.

We prove that

(22)
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o (e 00)} - T o (i)} 0 2
j=0
:L]:_Z;E (YJZ> — V(0,1t,x) (25)
1 k—1
110E<ﬁ%ﬂ»wmwmﬂ—*° (26)
-

for every € > 0.

Expression (23) show that the terms ¥ and W/ are asymptotically neg-
ligible, while Equations (24) and (25) show that the Yj are asymptotically
independent, verifying that the sum of their variances tends to V(0,t,x). Ex-
pression (26) is the Lindeberg-Feller’s condition for a sum of independent
terms. Asymptotic normality of S, is a consequence of Equations (23)-(26).

e Proof of (23) Because E(Z;) =0, Vj, we have that

E(W,)*=Var () Y| => Var(V))+ Z Cov (Y{,Y{) =TTy +TT,.
j=1 j=1 [i—j|>0

By the second-order stationarity and (21) we get
(j+])(un+vn)
Var (Y{) = Var > =:(0,t, %)
i=j (Un+vn)+un+1
= v Var(Zi(x)) + Z Cov (Zi(0, t,x), Z;(0,t,x))

li—j[>0
= vnVClT(E1 (X)) + O(Vn)-

Then

— = kv—nVcw(E](G,t,x))—FEo(vn)
n n

kvn {‘bex( x)

k
o { ot var @) | + ot
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kvn 1 k
—¢———Var(= — .
< 2 {%’M ar (2106} + 0(v,)
Simple algebra gives us

kvn n Vn o Vn v
— = = — —(0 asn— oo.
Un + Vn

n

N Up+vn Un

Using Equation (20) we have
TT
‘ (27)

lim — =0.
n—oo M

Now, let us turn to IT,/n. We have

il 1 &

2

- = - Cov (Yi(x), Yj(x))

n n
[i—j[>0
1 k=1 vn vn

= E Z COV (Emj+l1 ) Emj-i-lz) )

1i—jI>0L1=11,=1

with mi = i(un +vn) +un+1. As 1 #j, we have [mi—m; + 11 — o] > u,.

It follows that

then -
im —= = 0. (28)

By Equations (27) and (28) we get Part(i) of the Equation(23).
We turn to (ii), we have

1 2 1
SE(V)T = —Var (YY)

= MVar@eo)+ L Y Cov(E0,500),

where &, = n—k, (un+vn); by the definition of ky,, we have ¥, < un+vy.
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Then
1 2 up+v 1 &
HE(W{{) < nn nVar(El(x))—l—n..Zl()Cov(Ei(x),Ej(X))
i—j>

and by the definition of w,, and v, we achieve the proof of (ii) of Equation
(23).

Proof of (24) We make use of Volkonskii and Rozanov’s lemma (see the
appendix in Masry [26]) and the fact that the process (Xj, Xj)is strong
mixing.

Note that Y, is fij(i‘—mesurable with i = alun +vn) + 1 and j, =
a(Un + Vn) + un; hence, with Vj = exp (izn="/2¥,,) we have

\E{vj} - ﬁE {exp (izn"727;) } ‘ < 16kna(vy + 1)
=0

= 1oc(vn—i- 1)

Vn
which goes to zero by the last part of Equation (22). Now we establish
Equation (25).

Proof of (25) Note that Var(¥,) — V(0,t,x) by equation (23) (by
the definition of the Z;). Then because

k—1 k=1 k1
E(Yn) =Var (¥n) =Y Var(Y)+Y Y Cov(Yy,Yy),
j=0 i=0izj j=1
all we have to prove is that the double sum of covariances in the last
equation tends to zero. Using the same arguments as those previously

used for TT, in the proof of first term of Equation (23) we obtain by
replacing vy by u, we get
k-1
1 k
“YE (sz) = var (Z) +o(1).
n 4 n
j=1
—_ kun
As Var(Z;) — V(0,t,x) and e — 1, we get the result.

Finally, we prove Equation (26).
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e Proof of (26) Recall that

j(un +vn)+un

Y; = > =

i=j(un+vn)+1

Finally for establish (26) it suffices to show for n large enough that the
set {|Vj] > e4/nV(0,1t,x)} is empty .

Making use Assumptions (H3) and (H5), we have

=
—1

< C(donx(hi)) 2

therefore
7] < Cun (@0 ()72,
which goes to zero as n goes to infinity by Equation (22).
Since |Hi(t) — F(6,t,x)| < 1, then
Un N;

¢6,x(hK)
Cun

Vo (hi)

ul

Thus
Cun

1
ﬁ‘v"‘ = nbor )

Then for n large enough, the set {ITjI > € (nV(G,t,x))f]/z} becomes
empty, this completes the proof and therefore that of the asymptotic

normality of (nV(G,t,x))*V2 S, and the Lemma 2.
U
Proof. [Proof of Lemma 3]
We have
ndox(hx) f =
Vo (Ba(0,t,x) = YT SRR (0, %) — ai(8,X)F(8, 1, )
FD(B) X)

FF(8, 1, x) (cq(e,x) —EFD(e,x)> }



Central limit theorem in single functional index 73

Firstly, observed that the results below as n — oo

1 L <x—X,0> _
WE [K <h|<)] — q(0,x), forl=1,2, (29)
E[Fo(8,x)| — ai(8,%), (30)
and
E [Fn(0,t,%)] — a1(8,x)F(8, 1,x), (31)

can be proved in the same way as in Ezzahrioui and Ould-Said [14] corre-
sponding to their Lemmas 5.1 and 5.2, and then their proofs are omitted.

Secondly, on the one hand, making use of (29), (30) and (31), we have as
n — oo

{E?N(e, t,x) — a1 (8, x)F(6, t,x) + F(8, t,x) (a1 (0,x) — E?D(e,x)) } — 0.
On other hand,

\/n(l)ﬁ,x(hK) _ \/nd)e,x(hK)F/(e)t)x) _ nd)e,x(hK)Fl(e)t»X) (32)
Fp(6,x) Fo (6, x)F/(8,t,x) FL,(6,t,%) '

Then using Proposition 3.2 in Kadiri et al. [18], it suffices to show that

Vox) o ds to zero as n goes to infinity.

FL(0,t%)

Indeed

~ 1 LI 9 <x—X;,0> t—Y;
FL(0,t,%x) = —— K D H’ L.
N0 LX) = B (8,2 2= (V) < i o

i=1

Because K(-)H'(+) is continuous with support on [0, 1] then by (H5)-(ii) and
(H6) 3 m = [iglﬁ K(t)H'(t) it follows that

m

F{(0,t,%) > T
which gives
o (hi) _ nh? dex (hx)?
F{\,(e,t,x) o m

Finally, using (H10), completes the proof of Lemma 3.
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