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Abstract: The main objective of this paper is to estimate non-parametrically the quantiles of a conditional distribution when the sample
is considered as an a-mixing sequence. First of all, a kernel type estimator for the conditional cumulative distribution function (cond-
cdf) is introduced. Afterwards, we give an estimation of the quantiles by inverting this estimated cond-cdf, the asymptotic properties
are stated when the observations are linked with a single-index structure. The pointwise almost complete convergence and the uniform
almost complete convergence (with rate) of the kernel estimate of this model are established. This approach can be applied in time
series analysis. For that, the whole observed time series has to be split into a set of functional data, and the functional conditional
quantile approach can be employed both in foreseeing and building confidence prediction bands.
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1 Introduction

Estimating quantiles of any distribution is a substantial part of Statistics, it guaranties to build confidence ranges deriving
many applications in numerous fields, chemistry, geophysics, medicine, meteorology,.... Furthermore, Statistics for
functional random variables become progressively important, the latest literature in this domain presents the great
potential of these functional statistical methods. The most famous case of functional random variable corresponds to the
situation when we observe random curve on different statistical units. Such data are called Functional Data. Numerous
multivariate statistical technics, mainly parametric in the functional model terminology, have been extended to functional
data and good analysis on this area can be found in Ramsay and Silverman ([23] and [24]) or Bosq [5]. Lately,
nonparametric methods considering functional variables have been grown with very interesting practical motivations
dealing with environmetrics, (see Damon and Guillas [9], Fern“andez et al. et al. [10], Aneiros et al. [1]), chemometrics
(see Ferraty and Vieu [14]), meteorological sciences (see Besse e al. [3], Hall and Heckman [22]), speech recognization
problem (see Ferraty and Vieu [15]), radar range profile (see Hall et al. [21], Dabo-Niang et al. [8]), medical data (see
Gasser et al. [20]). Moreover, forecasting techniques cover a big part of the statistical problems. Because a continuous
time series can be seen as a sequence of dependent functional random variables, the above mentioned functional
methodology can be used for time-series forecasting (see for instance Ferraty et al., [11], for a functional forecasting
approach of time-series based on conditional expectation estimation). This article suggests to bring together the three
former statistical aspects in order to derive a method for estimating conditional quantiles in situation when the data are
both dependent and of functional nature. In particular, we focus on the nonparametric estimation of the conditional
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quantiles of a real random variable given a functional random variable under mixing assumption. We start by estimating
the conditional distribution by means of a kernel estimator and we derive an estimate of the conditional quantiles (see
Section 2). From a theoretical point of view, a crucial problem is linked with the so-called curse of dimensionality.
Actually, in a nonparametric context, it is well known that the rate of convergence decreases with the dimension of the
space in which the conditional variable is valued. But here, the conditional variable takes its values in an infinite
dimensional space. One way to override this problem is to consider some concentration hypotheses acting on the
distribution of the functional variable which allows to obtain asymptotic properties of our kernel estimates (see Section
3). This approach is used to derive a new method to forecast time series.

2 The model and the estimates

2.1 The functional nonparametric framework.

Consider a random pair (X,Y) where Y is valued in R and X is valued in some infinite dimensional Hilbertian space
with scalar product < .,. >. Let (X;,Y;)
but not necessarily independent. Henceforward, X is called functional random variable f.z.v. Let x be fixed in 7#and let

be the statistical sample of pairs which are identically distributed like (X,Y),

i=1-n
F(0, y, x) be the conditional cumulative distribution function (cond-cdf) of Y given < 8,X >=< 0,x >, specifically:
VyeR, F(0,y,x) =P <y <X,0>=<x,0>).

Saying that, we are implicitly assuming the existence of a regular version for the conditional distribution of ¥ given
< 0,X >. Now, let t, be the y-order quantile of the distribution of ¥ given < 6,X >=< 0,x >. From the
cond-cdf F(6, ., x), the general definition of the y-order quantile is given as:

to(y) = inf{t €ER: F(0,1,x) > vy}, ¥y € (0, 1).

In order to simplify our framework and to focus on the main interest of our paper (the functional feature of < 8,X >), we
assume that F(0, ., x)is strictly increasing and continuous in a neighborhood of 7, . This is insuring that the conditional
quantile #y is uniquely defined by:

to(y) = F7'(6, 7, x). (1)

Next, in all what follows, we assume only smoothness restrictions for the cond-cdf F (6, ., x)through nonparametric
modelling (Section 2.4). We suppose also that (X;,Y;),.y is an o-mixing sequence, which is one among the most general
mixing structures. The a-mixing condition together with the functional approach allow to deal with continuous time
processes (see Section 4 for instance).

In our infinite dimensional purpose, we use the terminology functional nonparametric, where the word functional
referees to the infinite dimensionality of the data and where the word nomparametric referees to the infinite
dimensionality of the model. Such functional nonparametric statistics is also called doubly infinite dimensional (see
Ferraty and Vieu [16], for more details). We also use the terminology operatorial statistics since the target object to be
estimated (the cond-cdf F (6, ., x)) can be viewed as a nonlinear operator.

2.2 The estimators
The kernel estimator F (6, ., x) of F(8, ., x)is presented as follows:

K (h' (< x—Xi,0 >)) H(hy' (y = 1))

F(o,yx) = —
" K (hg' (<x—X;,0 >))

; @)
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where K is a kernel function, ¢ a cumulative distribution function and hgx = hg , (resp. hy = hy ») a sequence of positive
real numbers. Note that using similar ideas, Roussas [26] introduced some related estimates but in the special case when
X is real, while Samanta [27] produced previous asymptotic study. As a by-product of (2.1) and (2.2), it is easy to derive
an estimator 7y of

o~

fo(v)=F (0,7, x). 3)

Such an estimator is unique as soon as .77 is an increasing continuous function. Such an approach has been largely used
in the case where the variable X is of finite dimention (see e.g Whang and Zhao, [28], Cai [7], Zhou and Lianng [29] or
Gannoun et. al [19]).

2.3 Assumptions on the functional variable

Let N, 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 € #/0< |<x—f,0>| <h}.Then, let’s consider the following hypotheses:

(HO) VA > 0, P(X € Bg (x,h)) = ¢4 (h) >0,
(H1) (X;,Y;),c is an a-mixing sequence whose the coefficients of mixture verify:

Ja>0,3¢>0 : VneN, a(n) <cn

(H2) 0 < sup;, P ((X;,X;) € Bg (x,h) x Bg (x,h)) = O

T
na

(HO) can be interpreted as a concentration hypothesis acting on the distribution of the frv. X, while (H2) concerns the
behavior of the join distribution of the pairs (X;, X;).Indeed, this hypothesis is equivalent to assume that, for n large enough

P (X X;) € B (x,}) x By (x.h) SC(%.X)H

SUPizj P(X € Bg (x,h)) n

This is one way to control the local asymptotic ratio between the joint distribution and its margin. Remark that the upper
bound increases with a. In order words, more the dependence is strong, more restrictive is (H2). The hypothesis (H1)
specifies the asymptotic behavior of the a-mixing coefficients.

2.4 The nonparametric model

As usually in nonparametric estimation, we suppose that the cond-cdf F(6, ., x)verifies some smoothness constraints.
Let b and b, be two positive numbers; such that:

(H3)V()C],)C2) ENX xNxa v(ylayZ) € S]%Qa |F(Ga yl7xl) _F(ev y23x2)| < C97X (”.X] _')CZHI’l + Hyl _y2Hh2> 3
(H4) F(6, ., x)is j- times continuously differential in some neighborhood of 7g (7),
(H5) ¥ (x1,x2) € Ny X Ny, ¥ (y1,y2) € Sg,

FU(8, y1,x1) —FY)(8, yzﬁCz)’ < Cox (||x1 —x2]| P+ Iy *y2||b2) :

d'F(6, yx)
[

where, for any positive integer [, F' @) (0, z,x) denotes its Ith derivative (i.e. %

y=z"
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Let’s note that (H3) is used for the prove of the almost complete convergence of 7y () whereas (H4) and (H5) are needed

to establish the rate of convergence.

3 Asymptotic study

This part of paper is devoted, to the theoretical analysis, we start it by giving the almost complete convergence (a.co.) of

the estimate conditional quantile 7g (). After that, we will focus on the rate of convergence. Concerning the notations, as

soon as possible, Cand C will denote generic constants. Moreover, from now on, hg(resp. hg) is a sequence which tends

to 0 with n.

3.1 Pointwise almost complete convergence

Let’s begin with the statement of an almost complete convergence property. To this end, we need some assumptions

concerning the kernel estimator F (6, ., x):
(H6) The restriction of H to the set {u € R,H(u) € (0,1)} is a strictly increasing function,

(H7) ¥ (y1,y2) € R2, [H(y1) — H(y2)| < Cly1 —y2| and [ [t|?HW (1) dt < o,

where, forall 1 € N*, H (1) = dlz

—
h—

i ®)

s
y:[

(H8) K is a positive bounded function with support [—1, 1] such that Vu € (0,1) 0 < K(u),

(H9) " _

”¢6k hk) n—yoo

(H10) (X;,Y;)for i = 1,...,n are strongly mixing with arithmetic coefficient of order a > land 3 > 2 such that
@ s, a+1 =0 (n_ﬁ) for 1=0,1,2;

(ii) s, a+1 o(n_B) for k=3,4,5,6,7,

Remark 3.1.

o(H7) insures the existence of 7y (), while (H6) insures its unicity.

¢(HO)-(H5) and (HS8) are standard assumptions for the distribution conditional estimation in single functional index

model, which have been adopted by Bouchentouf ef al. [4] for i.i.d case.

o(H9) is a technical condition for our results.

¢(H10) is similar to that appeared in Ferraty and Vieu [18], it shows the influence of covariance on the convergence

rate. Here, s,,; and s, ; will be defined bellow.

Theorem 3.1. Put s, = max {s,,0;5n.1 }, and suppose that either (H10)-(i) is satisfied together with hypotheses (H0)-(H3)

and (H6)-(H9), thus we have:

to(Y)—te(y) = 0, aco.

“
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Proof of Theorem 3.1. The proof is based on the pointwise convergence of F (6, ., x)attg (y):
F(6,16(7),x)—F (6, 19(7), x) = 0, a.co. )
Where the proof of the latter follows directly from Lemmas 3.1 and 3.2 which will be given below.
First of all, let’s note that because of (H6) and (H7), F (6, ., x)is a continuous and strictly increasing function. So, we

have:
Ve >0, 38(e) > 0.9, [F(8, 3, x) = F (8,16 (v), )| <8(e) = ly— 10 (y)] <.

This leads us to write

ve>0,38(e) > 0.P([ia (v)~10 (v)] > ) <P(|F(6,7(), ) ~F (6, 16(2), x)| 25(e))
=P(|F(6.10(0), ) ~F (0, 10(7). x)| 2 8(e)).

since (3) is implying that I?(G, 1o (7), x) =y=F(0,1(y), x).

Consider now, for i = 1,- - - , n the following notations:
Ki(6,%) =K (h' (<x—X;,0 >)), Hi(te())=H (hy' (16(¥) 1)),

1
K,~(6,x)

! Ki(8.x)Hi (10 (1)) and Fp (8, x) = g 1

Fv(0,10(1), %) = 5o

By using the following decomposition,

/F(ea ) (7/)7 x) _F(B? Ig (’Y)a .X) == - {F\N(ev Ig (Y)7 x)_EfN<9? tg (’Y)a )C)} (6)
FD (67 x)
1 ~
— = F(0,1t ,x)—EFy(0,t , X
Foo (P (0100 2 ~ER (6 t0(1), 0}
F(ea ) (Y ) X) o ol
+ —= EFp (0, x)—Fp (6, x) ¢,
A1 (0.
In what follows, let’s denote
2 n n
Sp0 = Z Z |Cov(Ai(x,6) JAj (x,G))| ,
i=1j=1
’ n n
Su1 =2, ) [Cov(A; (x,0) Hi (16 (7)), 4, (x,0)H; (16 (7)))]
i=1j=1
1 .
where A; (x,0) = K(lg E(I; );;)i’)’%)) . Let now present the following lemmas.
Lemma 3.1. Under the conditions of Theorem (H0)-(H3) and (H6)-(H9), we have
(7)

F (6, to(7), x)— EEy (6, 16 (1), x)’ =0 (W) +o(n7).
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Lemma 3.2. Under the assumptions of Theorem 3.1, we have:

~ ~ 2 1
@) Fp(0, x) ~EFp (0, x) = Oyep | L1020

n )

2
571 logn

(i) Fy(0,19(7), x) —EFy (6, 1o (Y), x) = Ouco +——— | . The proof of these two lemmas will be done in the same

manner as it was given in [13], (since they are a special case of the Lemmas 3.2 and 3.3), the reader may also refer to
Ferraty and Vieu [18].It suffices to replace F ( ty|x) (resp. F (ty|x))) by F (6, t (y), x) (resp. F (6, 19 (Y), x)), and Fp (x),
(resp. Fp (x)) by Fp (0, x) (resp. Fp (0, x)) with d (x1,x2) =< x1 —x2, 60 >.

3.2 Pointwise almost complete rate of convergence.

In this section we study the rate of convergence of our conditional quantile estimator tAy Because this kind of results is
stronger than the previous one, we have to introduce some additional assumptions. As it is usual in conditional quantiles
estimation, the rate of convergence can be linked with the flatness of the cond-cdf F ( .|x)around the conditional quantile
tg (7). This is one reason why we introduced hypotheses (H4) and (H5). But a complementary way to take into account
this local shape constrain is to suppose that:

(H11) 3j>0,¥,0<1<j, F(0,19(y),x) =0and | FU)(6, 19 (y),x)| >0.

Because we focus on the local behavior of F(0,.,x)around g (y) via its derivatives that leads us to consider the
successive derivatives of F (0, ., x) and subsequently some assumptions on the successive derivatives of the cumulative
kernel H:

(H12) The support of H1is compact and VI > j, H\!) exists and is bounded.

(H13) Vi # i the conditional density of (Yi, Y/) given (< Xi,0>,<X,,0 >) is continuous at (tg (), te (7))

Theorem 3.2. Put s, = max{s,0;s, 1} and assume that either (H10)-(i) is satisfied together with hypotheses (H0)-(H9)
and (H11)-(H13), we have

®)

1
2 2j
splogn\ ¥
n2

o (V) —to () = O <(hl,’<‘ +hf;)}> + Orco (

Proof of Theorem 3.2. The proof is based on the Taylor expansion of F (0, ., x) attg (77) and on the use of (H10):

—1 ~ I ~
Flto,9)=F (8.5 (7). 5) = T, 0070y ), + LoD L 70 .,
S -t ) (o (19 (v) ~To (1))’

L 5.

where, for all y € R, _
hy T K (he' (< x—X;,0 >)) HU) (hy,' (y— 17))

FU) 0.y, x) =
(8., ) " K (b (<x—X;,0 >))

and where min (tg (7) .70 (¥)) < t; < max (tg (7) 7o ()). Suppose now that we have the following result.
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Lemma 3.3. Put s} = max {Sn’();smz} and assume that either (H10)-(ii) is satisfied together with under conditions

(HO)-(H8) and (H11)-(H12) and if

then we have:

n2

. | .
FO(0, t0(r).0) = FU (8, 19 (1) 2) | = 0 (! + 5} ) + Ouco <¢T>

where

Cov(hi'Ai (3, 0)H") (10 (1)) hi' 4 (x,0) " (10 ()|
Because of Theorem 3.1, Lemma 3.3 and (H10), we have:
FU (0,15, x) = FU(8, 19 (7),x) >0, a.co.

then we derive

(t6 (1)~ 16 (1)) =0 (F (.10 (v), 1)~ F (8.1 (1), %)) ©

i—1
+0 (JZ (t0 (1) = 70 (1) (F(8, 10 (1))~ F (8, 16 () ,x>)> aco.

=1

Now, comparing the convergence rates given in Lemmas 3.2 and 3.3, we get

(to (1) = 10 (1)) = O(F ts (1), )~ F (8.16 (1), ) aco.

Thus, Lemmas 3.1 and 3.2 allow us to get the claimed result. The proof of Lemma 3.3 will be given in the same manner
as it was done in Ferraty et al [13] (they are a special case of the Lemmas 3.5). It suffices to replace
FU) (ty| x) (resp. FU) (ty | x) ) by FU) (0, 19 (y),x) (resp. FY) (0, tg(Y),x)), with d (x1,x2) =< x| —x2,60 >. The
proof of these latter will be given briefly in the appendix.

4 Uniform almost complete convergence and rate of convergence

In this section we derive the uniform version of Theorem 3.1 and Theorem 3.2. The study of the uniform consistency is a
crucial tool for studying the asymptotic properties of all estimates of the functional index if is unknown. In the multivariate
case, the uniform consistency is a standard extension of the pointwise one, nevertheless, in the studied case, it requires
some additional tools and topological conditions (see Ferraty et al. [12]). Consequently, coupled with the conditions
introduced antecedently, we need the following ones. Firstly, consider

rf.yf df?,/f
Sa C U Bo(xx,ra) and O C | Bo(Bm, 1), (10)
k=1 m=1

with x; (resp. 0;) € 5 and rn,dfl'” , d,? 7 are sequences of positive real numbers which tend to infinity as ngoes to infinity

and suppose that ,dﬁ'%” , dn@ 7 are the minimal numbers of open balls with radius r,, in 57, which are required to cover S

and O .
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4.1 Conditional quantile distribution estimation

In this subpart we propose to study the uniform almost complete convergence of our estimator (2.3), to this end, we need
to state the following assumptions.

(A1) There exists a differentiable function ¢ (.)such that Vx € S 5 and VO € O 4,

0<CP(h) < g, (h) <C¢(h)<ooand Iny>0, ¥n < ng, ¢ (1) <C.

(A2) V(yhyz) € Sr XSk , V(xl,xz) €Sy XSp,and VO € Oy,

[F (8, y1,x1) = F(0, y2,x2)| < C(Hxl — x| + Iy —y2||b2) :

(A3) The kernel K satisfy (H3) and Lipschitz’s condition holds
K (x) =K(y)| <Cllx—y.
(A4) For some v € (0,1), lim,_yn”hy = oo, and for r, = & (10%) , the sequences ,dﬁ” and d,(?%’ satisfiy:

(i) %%Z,)() <logdsf +logd?” < "fo(ghr’f),
L 1-p
i) Y- n?: Ay dy < oo forsome > 1,
n=1
(iit) ng (h) = 0 ((1ogn)*)

(AS)V(y1,y2) €SrR XSk, V(x1,X2) €S X Sy, and VO € O 4y,

FO(8, y1,01) = FD (6, y2,22)| <€ (Ilxy =2l " + vy =321 ™)
(A6) For some v € (0,1), lim,_yen"hy = oo, and for r, = O (log"> the sequences , dS)“ and dn 7 satisfy:

; ) W2 o h
) 910%7’2() log,dﬁ%+logd,?”<”ﬂloig¢,f’<>’

(i) nh! (hK):0((logn)2>.

And let .
=L Elemiacan]. fe= oo,
i=1j=1 P |
Sns = Z{ 21 |Cov (A (xk(x) Om(e)) s A (Xe(x)» Omee))) | - 2= Z{ Zl (Cov(T.T)]
o 1=1j=
Sn7 = i i Cov (FSI)J“SI)) ,
i=1j=1
where
0 1
A;i(x,0) = 76 () Use (B (xi 1) (Xi)
Qi(x,0) = —

hK(P (hK) Be (Xk(x) ,h)UBem(e) (xk(x),h) (Xl) ,

(© 2015 BISKA Bilisim Technology
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K (hg" (< xx() — Xi, 0,m0) >))
EK (/’l;l (< Xk(x) - X, em(g) >)) ’

A; (xk(x)v em(e)) =

K (hg" (< xx() — Xi, 0m0) >))
EK (hg" (< X — Xis Ome) >))
g [ KU (G =X 6mie)))
s .

EK (i (< Xu9m )

H (' (1, = Y7)

i =

H (hy! tv—Yi))>

and

p_ L K (< — X179<> >))
C R EK (h' (< X — Xy O ))

1 K (' (< Xn9 >)) _y
(i )

B hﬁ-] EK (hKl (< Xe(x) — leem( 0) )

HY (hy! (r, - Y;))

Theorem 4.1. Put s; = max{sn$3;sn74;s,,’5;sn76}, and assume that either (H10)-(ii) is satisfied together with under
hypotheses (H0)-(H3) and (H6)-(H9), (A1) and (A3)-(A4), we have

supxesp ’?9 (Y) —1p (Y)| Vljoo 0 a.co. (1 1)

Proof of Theorem 4.1 The proof of the theorem can be completed by using the following results.

Lemma 4.1. Under the conditions (H0)-(H3) and (H6)-(H9), we have

SupeG@_;fSupXGS_nyMPIGSIR

F (6, 19 (7), x)—EFy (6, 16 (v ’7 ( ) (hf}) (12)

Lemma 4.2. Under the assumptions of Theorem 4.1, we have:

2 .2 .2 Sz 107
\/max {sn,3,sn74,s”75}logdn dy

1 supgee ,SUPres , Fp (0, x) —EFp (6, x)’ = Ou.co p ,

Sz 04
\/max{si3 ;sﬁ.4 ;‘erz,ﬁ } logd,” dy 7

2 supBEG)eWSuprS,;fsupteSRﬁN (6’ to (Y)v x) _EF\N (97 to (’}/)7 x) =0Ou.co n

Sz O g4
logd,” d, ~
+ﬁm< 0 Uik ) '

Theorem 4.2. Under hypotheses (HO)-(H3), (H6)-(H10) and (A1)-(A4), we have

1

1 Sz 04 2j

~ = logd .?d T J
SUPgco ;SUDxes |19 (7)—to (7)| =0 ((hj](' + h,b_,z) j) +Ouco zjnlin
nhyi ¢ (hg)
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1
b Sz 107 \ 2J
s, “logd,” d
+Cpco (” gn;' . ) :

2

"
where 5,2 = max {s,.3: 50,43 5n.5:50,7 }

Remark 4.1. These results extends Theorem 3 or Theorem 4 given in Bouchentouf et al. [4] to the mixing case. The
effect of covariance structure for dependence case on the convergence rate is reflected in the last term. Specially, if the
functional single-index is fixed, it is easy to prove the following corollary that are similar the one given in Bouchentouf
et al [4].

Corollary 4.1. Under the conditions of Theorem 4.2, we have

S oy O .
A b b logd,” +logd, 7
L. supgee , SUPxcs , SUPyesy, |F(6,y,x)—F(6,y,x)|=0 (hKl —l—th) + 0o ( OB T O8Cn n¢(h2% )
+0 (,/S;I*Z IOgdg’gd?'?>
a.co .

n

,J [ Iy S 7z
logd,f“”’ 0 Sn 2 log dn d
a.co

no () |+ n ’

2. supXESﬂsup}’GS]R | F(ea Y x) —F(@, Y x)‘ =0 (h?(l +h1;;> +Ou.co

/%2

where s,” = max {sn,3;sn75;sn,6} .

Proof of Theorem 4.2. Obviously, the proofs of these two results, namely Theorem 4.2 and Corollary 4.1 can be

deduced from the following intermediate results which are only uniform version of Lemma 3.3.

Lemma 4.3. Put s} = max {s,0;5,2} , and assume that either (H10)-(ii) is satisfied together with under conditions

(HO)-(H8) and (H11)-(H12) and if

logn

e kel gg ()

)

then we have:

sup sup sup|F\/)(8,1(7),x) — FV)(6.16(7).x)

0€0 p xES  yESR n

\/s:2logdn” dy”
= ﬁ(h?(l +h?—12) + Oy.co. (ng""> )

where 57, = Y, i

Cov (e 001 1 1)t 8,5, 0)1 1) ) |

5 Proofs of Technical Lemmas

In order to highlight the main contribution of our paper (i.e. &— mixing and functional variables) some details are
voluntarily omitted.
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Proof of Lemma 3.1. The asymptotic behavior of bias term is standard, in the sense that it is not affected by the

dependence structure of the data. We have

~ 1
EFy(0,10(7),x) = Fg(to(7)) = mor—v B Ki(x, 0) |E( Hi(to(V))] < X1,0 > | = Fy(te(7))| |- (13)
EKl (x, 9)
and by noting that
Emmﬂﬂﬂ<&ﬁ>%:éHm@H&mM—Mm&ML
we can write, because of (H3) and (H7):
[E(H: (t0(1))| < X1,0 >) ~ F{to (1)| < Cuo [ HO () + 115}
Combining this last result with (13) allows us to achieve the proof.

Proof of Lemma 3.2. Following the ideas used in regression [17], the key fact consists in using a pseudo-exponential

inequality taking considering the — mixing structure. We start by writing,

1. Concerning (i), in fact, it can be found that.

~ ~ n 1 n
FD(97)C)—]EFD(67X) = K] 0 x ;K m;]}z[{l(e,x)
= ZK, —EK;(6,x)
t:l
—lwa %EAW)—liTW)
- n 1 y X 1 X)) = n [ 3 X

i=1 i=1
where ¥(0,x) = K;(0,x) —EK;(0,x) has zero mean and satisfies
|lPl(97x)| < CX,G/‘PG,X(I/’K)v
then it allows us to use directly a dependent version of the Fuk-Nagaev’s exponential inequality [18] and obtain
R N \ /si0 logn
Fp(0,x) —EFp(0,x) = Oyco. — )

2. Concerning (ii), it performs along the same steps and by invoking the same arguments, just changing the variable
¥ (6,x) into the following ones:

Ei(0,t9(y),x) = Hi(tg(7))Ai(0,x) —EH;(te (7)) Ai(0,x).

Because H is a cumulative kernel, we have H;(tg(y) < 1. By using systematically this fact to bound the variables H;, all
X

)
the calculus made previously with the variables ¥(0,x) remain valid with the variables Z;(0,t9(7),x).
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Thus ¥(6,x) = K;(0,x) —EK;(6,x) has zero mean and satisfies

|¥(6,x)| < Cyo/P0x(hk),

the Fuk-Nagaev’s inequality [25] allows one to get

n

,/szillogn)

F(0.10(1).0) ~ EFV(0,10(1)0) = O
Consequently, the proof of Lemma 3.2 is achieved.

Proof of Lemma 3.3. We use again the same kind of decomposition as (6):

FOO.10()9) = FV (0,150 = i { (1010000 - BF (0,10,

—(F(j)(eﬁe(?’)vx) —EE&”(e,tewx)c))}

) x ~ ~
+I”I§\§E;9’(;;)7){EFD(9,X)—FD(9,X)}. (14)

This proof is very similar to the one of Theorem 3.1.

First of all, lets consider the bias term F()(0,19(y),x) — FY >(9 t6(7),x). Using the same arguments in the proof of
Lemma 3.1, replacing F(6,t9(y),x) (resp. I?( 0,19(7),x)) Wlth FU)(0,19(7),x) (resp.l?]é(&tg(y),x)) and considering
hypotheses (H5), (H7) and (H12) we get:

F(j)(97t9(Y)>x) _]Eﬁj\j;(eate(Y)ax) = ﬁ(h?(l +h,17(2) (15)

Now, we focus on the term 1’:\1\(/1 )(G,tg(y),x) - Efls,j >(9,19()/),x). To get the asymptotic behaviour of this quantity, we
comeback to the proof of Lemma 3.2, and we replace F(6,79(Y),x) (resp.F(0,19(y),x)) with FU)(6,19(y),x)

(resp. £/ (6.16().x))-
Note that (H11) and (H13) permit to show that
E(HY) (1" (1o (1) = ) HD (g (1y = Y1) | (X0, X)) = O,
while (H1) and (HS) imply that
E(HO (b (ta(y) ~ 1)) [%:) = O ).

Consequently, we have by using successively (H8), (HO), (H2) and (H10)-(i)

/o

Cov(Z}(0,19(7),%), Z5(8,t6(7),x)) = 6"<h2 (W) ¢e,x(h1<)),

where

E7(8,10(1),x) = HU (1 (10 (v) — ¥0) Ki(0,x) — B (HY) (i (10 (v) — ¥) Ki(x) ).
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has zero mean and satisfies
Ei*(eate (Y),X)| < Ch;]ja

because H/) is bounded. Indeed, it can be found that

£ (8.16(1).2) ~ BE (8.16(7).2) = nEKlex Y= (000,

FY(0.10(7)0) ~EFY (6.10(1)3) = O
which leads directly to the result of Lemma 3.3.

Proof of Lemma 4.1. It is omitted as it very similar to that of Lemma 4.6 in Bouchentouf et al. [4].

Proof of Lemma 4.2. The proof can be completed following the same steps as of Lemmas 4.4 4.7 in Bouchentouf et al.

[4].
i. From (1), for Vx € S ;» and V 6 € O, we have the decomposition as follows.For all x € S ,» and 6 € @, we set

Let us consider the following decomposition

Fp(6,x)—1| = sup sup I?D(G,x)—E(I?D(G,x)N

XES  0€0

sup sup
XES%/ 96@]f

< sup sup fu(&x)—fn(@,xk(x))‘
XES 5 0€0

+ sup sup ﬁD(evxk(x))_F\D(tj(e)axk(x)>‘
XESy 0€O

~

+ sup sup FD(fJ'(e)axk(x))*]E<ﬁb(fj(e),xk(x)))‘

XES » 0€0 4

+ sup sup E(ﬁD(tj(e)vxk(x))) _E(ﬁD(eaxk(x))>‘

XES 5 0€0

+ sup sup E(ﬁD(67xk(x))) _E(I/:\D(Q,X))’

XES r 0€0

=A+BE+FR+F+F+ (16)

where k(x) = arg, minge 1, [x—xil| and j(9) = arg min;c(y ;10 —1;].

In order to complete the proof of Lemma 4.1, we only need to give the convergence rate of five terms in (16) respectively.
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logd>? d®7 2
Firstly, we treat Fy. Let A = A9\/ ————2 for all 4y > 0, we have that

ny

P(F3>A4)= IP’( max max  Fj > 7L>
ke{1..dy” } je{l..den }

<d357d®”  max max P(F5>4). an
ke{1..dy" } je{1...dy "}

where F3/ = ﬁD(tj(g),xk(x)) — ]E<ﬁD(tj(9)7xk(x))> ‘

By using the Fuk-Nagaev’s inequality (Proposition A.11(ii), see Ferraty and Vieu [18]) with taking r = (logn)? and
q = a+ 1, one will obtain that

P(F; > 4) < ClA1 + CAy (18)

where

(10gn)2
Al(logdyZdP7 )\~ 7
A, = (14 Mo llogdi” i)
(logn)?

n(logn)2a, “ g
~ (logdy” dP% y(at1)/2 5ol

log df]‘ﬁ +log d,(?%]

(logn)? — 0 as n — 0, which leads to

By hypotheses (A4)-(i) and (iii), we get

Ay <dyrddr (19)

for some 8 > 1 and A > 0 such that A = 2f3. On the other hand,

Ay < Cn(logn)®®(logdS» d®m)~(a+)/2n=n < C et (20)

where 7 > 0 such that 1 > 1 — 7 > 2. Meanwhile, by the selection of 8 and 1, we can find that
(dg,yfdr?/f)ﬁ _ ﬁ(nnfffl)_ 21

Combining the equations (5.5)-(5.9) with hypothesis (A4)-(iii), we have
2 Sz 105
s= logd,” dy
F3 = ﬁa.cu. < = ) > (22)
n

Next, let us treat F] and F3, respectively. By Assumption (A1), it follows

1 n
sup sup — Z 139 (x./’l)UBg (xk(x)1h) (Xl)

1 n
S S - Ai(x, 0)—A; x)s 0 <
up up Z ( (-x ) (-xk( ) )) ’ (P(h]()xes_yf 96@%,’1 |

XES p 0€O n i=1

1 n
= C sup sup fZA,-(x,G)

XES » 0€0 n i=1
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and

sup sup — Z — Ai(%k(x), Om(a))) ‘ <

sup sup — ) lp (v . nuB iy (Xi)
XES 6€®/f i=1 Z 0 x/\ 0 xk( ) )

¢(hK) XES 1 €0 1
n

1
=C sup sup fZQ (x,0).

XES 7 0€0,, 1M i 2]
Therefore, similar to the argument for (22), we can get
52 logdg’%dl??
Fl = ﬁa.co. ( n32) (23)
n
and
logdsydey
Fr= 0o, ( nz) 24)

Thus, by using the same arguments as that in Bouchentouf ez al. [4], it leads F5 < F; and Fy < Fy, respectively. then, as
n— oo,

2 Sz 107 2 Sz 10
s. 4 logdy” dy si 3 logdy” dy
F4 = ﬁa.co. ( mnz) and FS = ﬁa.co. < nn—2 . (25)

Finally, the first part of Lemma 4.2 can be easily deduced from (22)-(24).

ii. Concerning (2), the proof follows the same steps as that in Ferraty ef al. [13]. It is also adopted by Bouchentouf et al.
Zn

[4]. In fact, by the compact property of Sg C R, we have Sg C U;_; (Ym — lnyym +1,) and I, z, can be selected such as

=01 1)=0n 2”2) By taking m(y) = argming; 1|y —#n|, then similar to the decomposition given in
Bouchentouf et al. [4], it leads

sup sup sup F\N(97y7x)_E(ﬁN(67y7x))‘ :%+%+%+%+%+%+%

0€0 p xES 4 yESR

where

¥ = Sup sup sup ﬁN(evyvx)_fN(evyvxk(x))’

0€0 p xES 4 yESR

Y = sup sup sup fN(97y7x)*ﬁN(9,y7xk(x))’
0€0 p xES 1y yeSR
%5 = sup sup sup (Fn(tj(e),y,Xk(x)) — FN(Zj(6) Ym(y) Xk(x)) |
0€0 p XES  yESR

Wy = sup sup Sup|Fy(tje),Vm(y) X)) — E(FN(tj(0):Yms)»Xa()) |
0c0Oy xES 4 yESR
%= sup sup sup [E(Fy(tj(6), Ym0 X)) — E(Fv(tje),2, %)) |»

00y xES yp yESR

%= sup sup sup [E(Fy(tj(6),3% ) — E(Fn(0,y,5) |,

00 xES 4 yESR

¥ = sup Sup sup E(fN(67y7xk(x))) _E(ﬁN(eayrx))‘

0€0  x€S 1 yESR
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Since

1
Y, < sup sup —
969'.;/60)665%1/”

jZI(Ai(x7 9) - Ai(e,xk(x))) ’ =K

and
n

Y (Ai(6.x) — Ai(’j<e>>Xk<x>))' =P

i=1

1
Y < sup sup —
96@;;{/)665(;{”

then using the fact that It < F; and ¥ < F, and using equations (23) and (24), we get

2 Sz 10z
Sp3 logd,” d,
lIll = ﬁa.co.( T)
and
2 Sz 107
s; 4logd,” dy
'TPZ = ﬁa.cn. ( HT
On the other hand, since ¥ < ¥| and ¥ < ¥, we get
2 Sz 10
s, 3logdy” dy
% = ﬁa.cu( HT)
and
2 Sz 107
52 4logdy” dy
l116 = ﬁa.co. ( nT
respectively.

iii. Concerning ¥; and ¥5; by conditions (H4) and (HS), boundness of K and selection of /,,, using the same arguments of
Lemma 4.7 in Bouchentouf ef al. [4], we get

= ~ C| & [ Khg' < xi(e) = X, O6) >) )‘ Y= Ym(y)
Fy(t; y Yy X — Fy(t; sYm(y)r X S - _
N (t500)5 Y Xk(x)) — FN (260> Ym(y) s Xk( ))‘ ” ;(EK(hKl <t —Xe O >) ‘ It ‘
Cly Y= Ym(y)
<- Ai x)s Ym -
<- ;Zi (Xk(x)5 Om(e)) I ’
Iy logdy” ™"
<o) = —=fn Tn
- ﬁ(hH) ﬁ( no (hg)

as n — oo, therefore, it follows

logdy” dy”"
'PS < lP3 = ﬁa.co.( g)

n¢ (hg)

2 Sz OF
) . . e Glogdn dy .
iv. Concerning ¥4, let us consider € = & ———>— |- Since
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52 logdy? dy”

”2> =P(¥ > ¢)

n

P('ﬂ; > &

:]P’< max max max |Y;1—EY;,|>£>
<z, ds? d27 P(|Y, —EY,| > ¢)

where 1, = I*A“N(t 1(8) s Ym(y) »Xk( X)), the application of Fuk-Nagaev’s inequality (Proposition A.11-(ii), see Ferraty and Vieu
[18]) with r = (logn)? > 1 and ¢ = a + 1, we get that

d

Similarly to (5.10), it yields

(I: —EL)
1

n

1

se| <cC (1 n gg(logdf"?d,?’”‘))_(IOg")z/z n(logn)*g, "V 1
- (logn)? (logdy” dy” )@t 1)/2 5!

= C1B1+(By

2 Sz
s- logdy
'Hl = ﬁa.co.( n76nz>

Finally, the proof of Lemma 4.2 is achieved.

Proof of Lemma 4.3. The proof is an immediate consequence of the second part of Lemma 4.2, it suffices to replace the

conditional cumulative distribution function by its successive derivatives.

6 Concluding remarks

In this article, we examine conditional quantile estimation in the single functional index model for ¢—mixing functional
data. The asymptotic properties such as pointwise almost complete consistency and the uniform almost complete
convergence of the kernel estimator with rate are presented under some mild conditions. Although o—mixing is
reasonably weak among various weak dependence process and has many practical applications such as in time series
prediction, we also address other dependence settings such as long memory dependence functional data (see Benhenni et
al. [2]). In this case, the asymptotic properties of the estimation of successive derivatives of the conditional density
function, conditional hazard function, conditional distribution function and conditional quantile in the single functional
index model have been investigated in our other works.
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