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We investigate the estimation of the density-weighted average derivative from biased data. An estimator integrating a plug-in
approach and wavelet projections is constructed. We prove that it attains the parametric rate of convergence 1/7 under the mean

squared error.

1. Introduction

The standard density-weighted average derivative estimation
problem is the following. We observe n i.i.d. bivariate ran-
dom variables (X,,Y}),...,(X,,,Y,) defined on a probability
space (Q, o/, [P). Let p be the unknown density function of
X, and let ¢ be the unknown regression function given by

p(x)=E(Y, | X;=x), xeR. (1)

The density-weighted average derivative is defined by

y=E(p(X,)¢ (X)) = j PO @dx. Q)

The estimation of y is of interest in some econometric prob-
lems, especially in the context of estimation of coefficients
in index models (see, e.g., Stoker [1, 2], Powell et al. [3], and
Hérdle and Stoker [4]). Among the popular approaches, there
are the nonparametric techniques based on kernel estimators
(see, e.g., Hirdle and Stoker [4], Powell et al. [3], Hérdle et al.
[5], and Stoker [6]) or orthogonal series methods introduced
in Rao [7]. Recently, Chesneau et al. [8] have developed an
estimator based on a new plug-in approach and a wavelet
series method. We refer to Antoniadis [9], Hardle et al. [10],
and Vidakovic [11] for further details about wavelets and their
applications in nonparametric statistics.

In this paper, we extend this estimation problem to the
biased data. It is based on the “biased regression model”
which is described as follows. We observe n i.i.d. bivariate
random variables (X,,Y}),...,(X,,Y,) defined on a proba-
bility space (Q, &, ) with the common density function:

f@w:wWﬂgww)

x,y) € R, 3
p (x.7) (3)
where w is a known positive function, g is the density
function of an unobserved bivariate random variable (U, V),
and p = E(w(U,V)) < oo (which is an unknown real
number). This model has potential applications in biology,
economics, and many other fields. Important results on
methods and applications can be found in, for example,
Ahmad [12], Skold [13], Cristébal and Alcala [14], Wu [15],
Cristobal and Alcald [16], Cristobal et al. [17], Ojeda et al.
[18], Cabrera and Van Keilegom [19], and Chaubey et al.
[20]. Wavelet methods related to this model can be found in
Chesneau and Shirazi [21], Chaubey et al. [22], and Chaubey
and Shirazi [23].

Let h be the density of U; that is, h(x) = J g(x, y)dy, x €
R, and let ¢ be the unknown regression function given by

px)=EVIU=x), xeR (4)
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The density-weighted average derivative is defined by

S=E(hU)¢ V)= [Rwe @i ©)

We aim to estimate § from (X;,Y)),...,(X,,Y,). To reach
this goal, we adapt the methodology of Chesneau et al.
[8] to this problem and develop new technical arguments
derived to those developed in Chesneau and Shirazi [21]
for the estimation of (4). A new wavelet estimator is thus
constructed. We prove that it attains the parametric rate of
convergence 1/n under the mean squared error, showing the
consistency of our estimator.

The paper is organized as follows. In Section 2, we
introduce our wavelet methodology including our estimator.
Additional assumptions on the model and our main theoreti-
cal result are set in Section 3. Finally, the proofs are postponed
to Section 4.

2. Wavelet Methodology

In this section, after a brief description of the considered
wavelet basis, we present our wavelet estimator of § (5).

2.1. Compactly Supported Wavelet Basis. Let us consider the
following set of functions:

1
L*([0,1]) = {u: [0,1] — R; Jlul = L (u (x))zdx}.
(6)

For the purposes of this paper, we use the compactly sup-
ported wavelet bases on [0, 1] briefly described below.

Let N > 5 be a fixed integer, and let ¢ and y be the
initial wavelet functions of the Daubechies wavelets db2N
(see, e.g., Mallat [24]). These functions have the features to
be compactly supported and derivable.

Set

¢ (1) =276 (2Vx—k), w0 =2y (2x-k),
(7)

and A j= {0,...,2/=1}. Then, witha specific treatments at the
boundaries, there exists an integer 7 such that the collection

B={pk € Ay j eN-{0,..,7— 1}, ke A}

8)
is an orthonormal basis of L2([0, 1]).

Hence, a function u € L2([0, 1]) can be expanded on %
as

Z “T,k¢1,k (X) + Z Z ﬁj,kvfj,k (X) > (9)

keA j=T keh

u(x) =

where

1
ﬁj,k = L u (X) I//j,k (X) dx.
(10)

1
“m=LMWmeM%

Further details about wavelet basis can be found in, for
example, Meyer [25], Cohen et al. [26], and Mallat [24].
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2.2. Wavelet Estimator. Proposition1 provides another
expression of the density-weighted average derivative (5) in
terms of wavelet coefficients.

Proposition 1. Let 6 be given by (5). Suppose that supp (X,) =
[0,1], ph € L*([0,1]), K" € 1%([0,1]), and h(0) = h(1) =
0. Then the density-weighted average derivative (5) can be
expressed as

=‘2< Z X kCrk Z Zﬁ]kd]k> (11)

keA J=T keA

where

1
“m=L¢@W@Wm®M%
(12)

! !
Cok = L h' (x) ¢,y (x) dx,

1
Bis= | 90n @ ax
(13)

1
d) = L B () Yy () dx,
In view of Proposition 1, adapting the ideas of Chesneau

et al. [8] and Chesneau and Shirazi [21] to our framework, we
consider the following plug-in estimator for §:

R Jo o
= _2< Z O gCr + Z Z ﬁj,kdj,k> ) (14)

keA J=T keA

where

P //‘
ZUJ(X Y)¢‘rk )
(15)

Crk = ‘uz Y)(¢r,k)’(Xi)7
Ej,k_gi )V/]k(X)
- (16)

Sa ,
djj = —g;m(%,k) (X.),

-1
o (i1
”‘(n;uW&Jﬂ) ’ )

and j, is an integer which will be chosen a posteriori.
Proposition 2 provides some theoretical results explain-
ing the constructions of the above estimators.

Proposition 2. Suppose that supp (X,) = [0, 1]. Then
(i) 1/ (17) is an unbiased estimator for 1/y;

(i) (p/@)a, . (15) and (‘u/ﬁ)ﬁj’k (16) are unbiased estima-
tors for ;. (12) and f; . (13), respectively;
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(iii) under h(0) = h(1) = 0, (u/@)C, ) (15) and (y/ﬁ)c?j,k
(16) are unbiased estimators for c ;. (12) and dj)k (13),
respectively.

3. Assumptions and Result

After the presentation of some additional assumptions on
the model, we describe our main result on the asymptotic

properties of § (14).

3.1. Assumptions. We formulate the following assumptions
on ¢, h, and w.

(HI) The support of X, denoted by supp(X,), is com-
pact. In order to fix the notations, we suppose that

supp(X;) = [0, 1].
(H2) There exists a constant C > 0 such that

sup |go(x)| <C. (18)

x€[0,1]

(H3) The function h satisfies h(0) = h(1) = 0 and there
exists a constant C > 0 such that

sup h(x) <C, sup] |h’ (x)| <C. 19)

x€[0,1] x€[0,1

(H4) There exists a constant C > 0 such that

sup J y'g(x,y)dy <C,
x€[0,1] J—00
- (20)
sup J g(x,y)dy <C.

x€[0,1] J—00

(H5) There exist two constants C > 0 and ¢ > 0 such that

inf  w(xy)=>c sup

w(x,y)<C.
(x.y)€l0,1]xR (x.y)€l0,1]xR @)

Lets; > 0,s, > 0,and f3;; and d; be given by (13). We
formulate the following assumptions on f3;; and d ;.

(H6 (s1)) There exists a constant C > 0 such that

|Bj| < C27 2, (22)

(H7 (s,)) There exists a constant C > 0 such that

|dj| < Ca7/12), (23)

Note that (H2)-(H5) are boundedness assumptions, whereas
(H6 (s1)) and (H7 (s,)) are related to the smoothness of ph
and /' represented by s, and s,. There exist deep connections
between (H6 (s;)) and (H7 (s,)) and balls of Holder spaces
(see [10, Chapter 8]).

3.2. Main Result. The following theorem establishes the
upper bound of the MSE of our estimator.

Theorem 3. Assume that (H1)-(H5), (H6 (s,)) with s, > 3/2,
and (H7 (s,)) with s, > 1/2 hold. Let § be given by (5), and let
8 be given by (14) with j, such that n'* < 20%" < 20!/, Then
there exists a constant C > 0 such that

£((5-8))<cC.. (24)

Theorem 3 proves that d attains the parametric rate of
convergence 1/n under the MSE. This implies the consistency
of our estimator. This result provides a first theoretical aspect
to the estimation of § from biased data.

4. Proofs

4.1. On the Construction of §

Proof of Proposition 1. We follow the approach of Chesneau et
al. [8]. Using supp(X;) = [0,1], h(0) = h(1) = 0, and an
integration by parts, we obtain

1
o= [ @ew],-2[ pntH x)dx
’ (25)
1
_ —2J 0 () h () ' (x) dx.
0

Moreover,

(i) since ph € 1.*([0, 1]), we can expand it on % as (9):

PRX) = Y appber () + Y Biavin (¥),  (26)

keA J=T keA

where ;. and 8; are (12),

(i) since i’ € .*([0, 1]), we can expand it on % as (9):

)= Y e )+ Y Y dpwin (), (27)

keA J=T keA;

where ¢ and d; are (13).

Thanks to (25) and the orthonormality of 98 on L%([0,1]),
we get

8 = —2< Z (XT)kCT’k + Z Z ﬁj,kdj,k> . (28)

keA . J=T keh

Proposition 1 is proved. O



Proof of Proposition 2. (i) We have

(‘)Z (%Z XY)) (w(XiYJ)
:ro J'l;f(x,y)dxdy (29)

ol ()
1

0 1 1
== g(x,y)dxdy = —.
122 J—oo J'O 1%

(ii) Using the identical distribution of (X;,Y;),...,
(X,,Y,) and the definition of ¢ (4), we obtain

ME(u)(Xl,Y vk (X ))

1
:”Lx, L w(x, y)%k(x)f(x ,y)dxdy
oo 1
- Jloo L ¥9 (%, y) ¥k (x) dx dy

= Jl <JO; yg(x,y) dy> ¥k (x) dx

0

1
= | e @n@y s = i
(30)

Similarly, we prove that E((u/@)@, ;) = e, .
(iii) Using the identical distribution of X,,..., X
integration by parts, and h(0) = h(1) = 0, we obtain

() = (25 o) )

!
- ey () ()

* JOO J-l w (91c, ) (wj’k), (x) f (%, y)dxdy

an

n

-00 JO

OJ 9% y) (v;) (x)dxdy

x) dx
! !
- L W (%) 5 (%) dx)

1
_ L B () yy () dx = dy
(31)
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Similarly, we prove that E((¢/@2)C, ;) = ¢, x-
This ends the proof of Proposition 2. O
4.2. Proof of Some Intermediate Results

Proposition 4. Suppose that (H1)-(H5) hold. Let B, and d
be given by (13), and let ﬁj,k and c?j,k be given by (16) with j
such that 2/ < n. Then

(i) there exists a constant C > 0 such that

[E((i-l>4)sci2, (32)
@ ou n
(ii) there exists a constant C > 0 such that
E((Biu- i)' ) < C%, (33)
(iii) there exists a constant C > 0 such that
E((djy-dix) ) < c%j. (34)
These inequalities hold with (&, ;,C, ;) in (15) instead of

(Bijo ;1) and (ot ¢, ) in (12) instead of (B, d ) for j = .

Proof of Proposition 4. We use the following version of the
Rosenthal inequality. The proof can be found in Rosenthal
[27].

Lemma 5. Let n be a positive integer, p > 2, and let

Ui, ..., U, ben zero mean independent random variables such
that sup,;, ,E(U;IP) < oo. Then there exists a constant

C > 0 such that
() + (iﬁ(uf))p/z)

P n
E( )sC( E
i=1
(35)

(i) Note that

n

Su

i=1

with
1 1
U=——7—-—, i€{l,....,n}. (37)
L ow(XpY) w
Since (X;,Y;),...,(X,,Y,) are iid, we get
that U,,...,U, are also iid. Moreover, from

Proposition 2, we have E(U;) = 0. Using (H5), for
any u € {2,4}, we have E(U;) < C. Thus, Lemma 5
with p = 4 yields
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(ii) We have
5 il Y
Bix = Bjx = " <;Zm%k(x) ﬁ;k)

(39)

By (H5), we have |fi/u| < C, |i| < C, and by (H2) and (H3),
IBx| < C. Hence, by the triangular inequality,

11 |> (40)
P‘ U

, The elementary inequality, (x + y)4 < 8(x*+ y4), (x,y) €
R*, implies that

|Bix = Bix

< C( %gm%k(x) Bix

+

E((Byx - ﬁj,k)4) <C(L+1), (41)
where
1 o\
I, = m[E((ZU,-) >
i=1
Y .
Ui=#—)w]k(X) B i€{l,..np, (42)

(X

4
wee((2-1))
gou
Upper bound for I,. Since (X,,Y,),...,(X,,Y,) are iid,

we get that U,...,U, are also iid. Moreover, from

n
Proposition 2, we have E(U;) = 0. Now, using the Holder

inequality, (H4), (H5) and 2/ < n, for any u € {2, 4}, observe
that

E(U*) < CE <<uﬁ%k (Xl))u)
< CuE ((Ylvfj,k (Xl))um)

o) 1 u 1
=Cu LX) L (74 () mf (x, y)dxdy

oo 1 .
¢ J—oo Jo (ij,k (x)) g9 (x’ }’) dx dy

=C Il (JO:O g (%) dy) (wjx () dx

0

<C J (vju () dx = C27* “ZJ (v (x))"dx

<cn 22,
(43)

Combining Lemma 5 with p = 4 with the previous

inequality, we obtain
1 2 1
L <C— (nE(U)) + A2 (E(U]))) sC5.  (49)
n n
Upper bound for I,. The point (i) yields
IL<Cr. (43)
n
It follows from (41), (44), and (45) that

E ((Bj,k - ﬁj,k)4> < C%, (46)

(iii) Similar arguments to the beginning of (ii) give

E((d-d) ) <Ct+1), (47)

()

, .
Ui = _“m(%’k) (Xz) _dj,k’ 1€ {1,...,1’!},

)

Upper bound for I,. Since (X,,Y,),...,(X,,Y,) are ii.d.,
we get that U,,...,U, are also iid. Moreover, from
Proposition 2, we have E(U;) = 0. Now, using the Holder
inequality, (H4), (H5), (v;;)'(x) = 2/2/%y/(2/x - k), and
2/ < n, for any u € {2, 4}, observe that

(01 < 08 (o5 (va) 00 )
L (CED eSS

=Cu Jjo Ll ((y/j,k)’ (x))uw (;’y)f (x, ) dxdy

where

(48)

=" [ ((v) @)"a )y
=C Il (Jm g9(x.y) dy) ((v) @) dx

0 -0

<C Ll ((V’j,k), (x))udx

_ Czﬂ‘z] u=2)/2 J ( (X))

< C2I 2,
(49)



Owing to Lemma 5 with p = 4 and the previous inequality,
we obtain

1= (v (U1) + R (E(U)')

NG
<C ( n+n(22j)2)£C?.
Upper bound for I,. The point (i) yields
I, < ciz. (51)
n

It follows from (47), (50), and (51) that

~ 4j
E((du-dy)’) < cz— (52)
Proposition 4 is proved. O

Proposition 6 below is a consequence of [8, Proposi-
tion 5.2] and the results of Proposition 4 above.

Proposition 6. (i) Suppose that (H1)-(H5), (H6 (s,)), and (H7
(s,)) hold. Let ,Bj,k and dj)k be given by (13), and let /§j,k and

c?j,k be given by (16) with j such that 2/ < n. Then there exists
a constant C > 0 such that

E((Bixdjs - ﬁj,kdj,kf)

2—1(251—1) 2—1(252+1) 22j
<C < + + —2> .
n n n

(53)

(ii) Suppose that (H1)-(H5) hold. Let «_ ;. and c, ;. be given
by (12), and let &, and c, ;. be given by (15). Then there exists
a constant C > 0 such that

P 1
E (((xT)ch,k -« ch’k)z) < C;. (54)

4.3. Proof of the Main Result

Proof of Theorem 3. Using the intermediary results above, the
proof follows the lines of [8, Theorem 5.1]. It follows from
Proposition 1 and the elementary inequality, (a + b + ¢)* <
3@+ b* + ), (a,b,c) € R?, that

[E((S—(S)z) <12(W, + W, + W), (55)
where
2
=E ( Z |t i kCr,k|> ,
Jo 2
-E ( Z ':Bj,kdj,k - ﬁj,kdj,k|> > (56)
Jj=T keA

2
( Z |/31k' |d1k|>
j=jotl k
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Upper bound for W;. Using the Cauchy-Schwarz inequality,
the second point of Proposition 6, and Card(A ;) < C, we
obtain

2
Wy < < Z \/[E ((&r,kar,k - “r,kcr,k)2)> < C%- (57)
keA .

Upper bound for W,. It follows from the Cauchy-Schwarz
inequality, the first point of Proposition 6, Card(A ;) < Cc2/,
the elementary inequality, Va+b+c < +a + Vb +
s; > 3/2,5, > 1/2,and 2% < n'’, that

W, < (JZ > \/[E((Ej,kjj,k ‘ﬁj,kdj,k)z)f

J=T keh
2
Jo —j(2s,-1) —j(2s,+1) 2j
2 2 2
<C sz\j + + =
s n n n

IN

ol 2 jz(’z—j(sl—sm L jz°2—j<sz—1/z> N 1jz°2zj 2
&= &= =
2o
sof L+ <C1.
AR n
(58)

Upper bound for W5. By (H6 (s;)) with s; > 3/2, (H7 (s,))
with s, > 1/2, and 2% > n!/* we have

2
0
W3 < C< Z 2j2j(51+1/2)2j(52+1/2)>
(59)

j=Jo+1
< Cor¥lt) < oyt < 2
n
Putting (55), (57), (58), and (59) together, we obtain
—~ 2 1
E((6-6) )<C-. 60
((3-0))=c (60)
This ends the proof of Theorem 3. O
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