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The varying-coefficient model is an attractive alternative to the additive and
other models. One important method in estimating the coefficient functions in this
model is the local polynomial fitting approach. In this approach, the choice of
bandwidth is crucial. If the unknown curve is spatial homogeneous, a constant
bandwidth is sufficient. However, for estimating curves with a more complicated
structure, a variable bandwidth is needed. The present article focuses on a variable
bandwidth selection procedure, and provides the conditional bias and the condi-
tional variance of the estimator, the convergence rate of the bandwidth, and the
asymptotic distribution of its error relative to the theoretical optimal variable
bandwidth.  © 2000 Academic Press
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1. INTRODUCTION

In recent years, various nonparametric techniques have been developed
to increase the flexibility of the regression modeling. Examples include the
approach of penalized least squares (Wahba, 1990) and the local polyno-
mial modeling (Fan and Gijbels, 1996). Among these methods, the local
polynomial approach has been shown to be an attractive method from
both theoretical and practical points of view; see, for example, Stone
(1977), Cleveland (1979), Fan and Gijbels (1992), Fan (1993), Lu (1996),
and Ruppert and Wand (1994). In this procedure, the choice of bandwidth
is crucial in the analysis. In the literature, there are many proposals for
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selecting the bandwidth; examples include the cross-validation technique
(Bowman, 1984; Scott and Terrell, 1987; Vieu, 1991; Hall and Johnstone,
1992; Fan et al, 1996a) and the plug-in approach (Woodroofe, 1970;
Sheather and Jones, 1991; Jones et al. 1996).

Based on the model

Y=a(U)+0o(U)e, (1.1)

and in the context of local polynomial fitting, Fan and Gijbels (1995)
developed a procedure for bandwidth selection which can be applied to
both constant and variable bandwidth selections in a wide variety of situa-
tions. Further theoretical foundation of their procedure has been provided
by Fan et al. (1996b). An important extension of the model (1.1) as
well as other linear models is the varying-coefficient model (Hastie and
Tibshirani, 1993)

Y=) a;(U)X;+e, (1.2)

1

I M~

J

for given covariates (U, X, ..., X,)” and response variable ¥ with
E(e| U, Xy, ... X,)=0, and  Var(e| U, Xy, .., X,) =c*(U).

It is well recognized that (see Hastie and Tibshirani, 1993, and its discus-
sion) this model has extremely wide applications. For example, see Hoover
et al. (1997), Brumback and Rice (1998), Wu et al. (1998), and Fan and
Zhang (1998) for application to longitudinal data, and Chen and Tsay
(1993) and Cai et al. (1998) for application to nonlinear time series.
Assuming the coefficient functions possess about the same degree of
smoothness, Hastie and Tibshirani (1993) proposed an estimate for a;(U)
via the dynamic linear model (West et al., 1985; West and Harrison, 1989)
and the approach of penalized least squares (Wahba, 1990). A two-step
method was proposed by Fan and Zhang (1997) to analyze the model in
which the coefficient functions admit different degrees of smoothness.
Inspired by the work of Fan and Zhang (1997), we propose in this paper
an estimation method based on local polynomial fitting for analyzing vary-
ing coefficient models with coefficient functions that possess about the same
degree of smoothness. Asymptotic expressions for the conditional bias and
conditional variance of the estimators are derived. Like other methods in
nonparametric estimation, the selection of bandwidth in the kernel function
is crucial. In general, if the unknown coefficient functions are spatial
homogeneous, a constant bandwidth is sufficient; however, for estimating
coefficient functions with more complex structures, variable bandwidth is
needed. In this paper, we present a variable bandwidth selection procedure.
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Moreover, we establish the rate of convergence of the bandwidth selector
and provide the asymptotic distribution of its error relative to the theoretical
optimal variable bandwidth. These results are extensions of Fan et al’s
(1996b) work that associated with Fan and Gijbels’ (1995) procedure for
model (1.1) to the more general varying-coefficient models as defined in
(1.2). Since it is assumed that the coefficient functions possess about the
same degree of smoothness, we use the same bandwidth for estimating all
the coefficient functions.

The paper is organized as follows. In Section 2, we briefly discuss the
estimation method and its associated bandwidth selection procedure. The
main asymptotic results are provided in Section 3. Some illustrative examples
on the bandwidth selection procedure are given in Section 4, and technical
proofs are given in Section 5.

2. ESTIMATION METHODS AND BANDWIDTH SELECTION
PROCEDURE

Throughout this article, we assume that the coefficient functions a;(-),
j=1,.., p, in model (1.2) possess about the same degrees of smoothness.
Consider identically and independent distributed (i.i.d.) random observa-
tions {(U,, X;1, .., X;,, Y,), i=1, .., n}. Based on the arguments given in
Fan (1992), we adopt local polynomials of odd order ¢ to estimate the
functions a;(-), j=1, .., p. For each given point u,, we approximate the

function locally as

zi (=)’ 1)

for u in a neighborhood of u,; and consider the following local
least-squares problem: Minimize

Z {Yi_ Z Z ﬂj,l(Ui u}th i — Uy), (2.2)

i=1 j=11=0

for a given kernel function K and bandwidth /&, where K,(-) = K(-/h)/h. Let
Y= ( Yl 5 eeey Yn)Ts W= dlag(Kh( Ul - uO)a ey Kh( Un - uO))’
and

Xy Xp(Up—ug)? - le X1p(U1_”0)q
X — .. . . L. :

q . . : . . . :
X, : an(Un_uO)q an an(Un_uO)q

w1l tt
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Moreover, let B=(f1 0, s P1.g> s Pp.o> - Pp g’ the solution of the
least-squares problem (2.2) gives the following one-step estimator [ of f:

B=(Br0s s Pr.gs s B s s Bp ) T=(XT WX,) ' XTWY.  (23)

We use the normalized weighted residual sum of squares from the local
polynomial of order ¢ fit to estimate o2 =o*(u,) as

1
o { W= (XIWX,) T XTI WX, )

6% = 62(”0)

(24)
where Y= (¥, .., ¥,)"=X,(XT WX,) ' XT WY. Let
AC) =(ay(-)s e ()", Al ) =(ay(-), v ap(-))"
Obviously, the local polynomial regression estimate of a =a(u,) is given by
a=a(uy) = (I, ®e, NXIWX,) ' XI'Wy, (2.5)

where ® denotes the Kronecker product and e, , denotes the unit vector
of length ¢ +1 with 1 at position k.

To introduce the variable bandwidth selection procedure, the following
notations are required:

= j CR(1)dt, W=ty 41 fgs)T,  and v,.:jszz(z)dz.

Note that u; =0, and v;=0 when the kernel function K{(-) is symmetric and
iis odd. Let I", be a (¢+ 1) x (g + 1) matrix with elements

0 i+ j=odd
T..=
RV i+ j=even

Let I , be the matrix similar to I, with u, replacing by v;, and let & be the
observed covariates vector

.@:(Ul, ceey Un, Xll, aeey Xln, weey X

pl> o

X,.)"

Let r;(u)=E(X,X;| U=u), ry=r;(uy), for i, j=1, .., p, (u) and Q are

matrices with their (7, j) th elements equal to r;(u) and r;, respectively.

Moreover, let bias(d;(u) | Z) be the conditional bias of d;(u) given &,

b(u) = bias(a(u) | Z) = (bias(d,(u) | Z), ..., bias(d,(u) | 2)7, and
b =b(u,).
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Based on the definition of the varying-coefficient model defined in (1.2),
we define the mean squared error

(V) —a)(U)) X,} (26)

as a criterion to depict the error of the estimators d;, j=1, .., p, where the
first expectation is taken over U, X, .., X, which are random variables
that are independent of the observed sample. It can be shown that

MSE(4(-)) = tr E{Q(U) E((A(U) —a(U))(&(U) —a(U))" | U)}
=tr E[E{Q(U)(&(U) —a(U))(&(U) —a(U))" | U, Z} ]
= E{b7(U) 2(U) b(U) + tr(Q(U) Cov(a(U) | U, 7))}.

Define
MSE(A(x) | 2) = b7 (1) Q(u) b(u) + tr(Q(u) Cov(A(u) | 2)).  (2.7)
Note that
Cov(a(U) | U, 2) = Cov(a(u) | Z)|,— v,
hence
MSE(A(-)) = E[E{MSE(4(u) | Z)|,-v| 7} 1.

The variable bandwidth #,,, that minimizes the MSE(4 | %) is called the
theoretical optimal variable bandwidth at u,. Since the quantity
MSE(a | ) depends on some unknown quantities, it is impossible to find
the theoretical optimal variable bandwidth. To cope with this problem, the
plug-in approach (Ruppert et al., 1995) first derives the minimizer of the
asymptotic expression of MSE(d|D), namely, the asymptotic optimal
variable bandwidth; then replaces the unknown parameters by their
estimators. A disadvantage of this approach is that it depends heavily on
the asymptotic expressions. The following more reasonable approach is to
minimize a good estimator of MSE(a | Z) and take the minimizer as the
variable bandwidth. The quantity MSE(a | ) will be estimated as below.
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The conditional bias b in MSE(4 | Z) is equal to (I, ®e] )(XIWX,) ™!
XIW¢, where £ = (¢4, ... ()" with

P q
/= Z <aj(Ui)_ Z ﬂj,k(Ui_MO)k> Xy
j=1 k=0

Based on the Taylor expansion of order m, the conditional bias can be
approximated by (1, ® e] J(XIWX,) ™' XT Wy, where  is a n vector with
ith element equal to

P m
Y 2 Brger(Ui—u)?™* Xy
j=1 k=1

For convenience, we take m=2; then (I, ®e] )XIWX,) ' XI'Wy is
simplified as

(I, ®el JXTWX,) "' XT WX,

where
d;=(Brgsis oo Ppgrd)s  for i=1,2,.;
d=(dfr ® (1, 0)+d2T ® (0, 1))7,
and
X1 (U, *”o)qﬂ Xu(U; *uo)q+2
X;k: A/nl(l]n_uﬂ)q_'—1 /Yvnl(l]n_uO)q+2

le( U, _“o)q+1 le( U, _uo)q+2

X,

np(Un_MO)q+1 X (Un_uo)q+2

np

The quantity d can be estimated by using a local polynomial regression of
order g (g > ¢q) with a bandwidth 4, , namely

d=(I, ® (€442 g €q43 ) NXIW,X,) ' XIW, Y,

where W, =diag(K, (U, —up), ... K (U, —1uo)). The initial bandwidth 5,
can be obtained by the minimizer of some residual squares criterion (RSC)
as given in Zhang and Lee (1998); see also Fan and Gijbels (1995).
The conditional covariance is given by
Cov(a|2)=, ®elT,q)(XqTWXq)*1

X (XTWeWX ) XTWX,) (I, ®e, ).
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where ¥ =diag(c*(U,), .., d*(U,)). We can approximate it by using the
local homoscedasticity as follows:

(I, ®eT JXITWX,) " (XIWX ) (XTWX,) " (I, ®e, ) 7

The unknown parameter o2 can be estimated by the normalized weighted
residual sum of squares from a gth-order polynomial fit as below,

1 n .
52 — Y,— Y.,)2 K, (U,—u,),
T T u(W,) —u(XITW,X,) " XI W2 X,) E( = V" K (Ui = o)
where

V=Y Vo) =X (XI W, X,) ' XIW, V.

%

The estimate of the element r; in £ will be obtained based on
(Up, XuXy), I=1, .., n, using the local polynomial fit of order g with
bandwidth A, = Op(h,) as below,

Fy=el (VTWo, V) ' VIW,, Z,

where W, = diag(K,, (U; —uy), .., K;, (U, —uo)) and
1 - (U—up)® XXy
V= ' ". s Zl]=
1 (Un_“o)g) Xnanj

By Theorem 3.1 of Fan and Gijbels (1996), it can be shown that

1
bias(#; | Uy, ... U,) = Op(h&*h), Var(?;| Uy, ... U,) = Op <h>
N,

(2.8)

Let Q be an estimator of Q with elements 7,; we obtain the following

estimate of MSE(4 | 2):

zjs

MSE(a | 2) = d"X3TWX (XT WX,)~
x(Q®e el NXTWX,) ' XT WXid
F{ (XTWX,) " (XT WX )(XTWX,) !
x(Q®e, el ) 6%} (29)
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Finally, we select the variable bandwidth
fzopt =arg mhin I\ZS\E(ﬁ | 9)

as our final bandwidth to be used in the analysis with polynomial of
order ¢g. Hereafter, we call this variable bandwidth the estimated optimal
variable bandwidth.

3. MAIN ASYMPTOTIC RESULTS

We first impose the following technical conditions:

(1) EX?<oo,fors>2,j=1,..,p.

(2) Let a{” denote the ith derivative of a,(-); a{***(-) is continuous
i.n a neighborhood of u,, for j=1, ..., p. Further, assume a{*" (u,) #0, for
j=1 .., p.

(3) The marginal density f(u) of U has a continuous second
derivative in some neighborhood of u, and f(u,) #O0.

(4) The functions r;(-) and a*(-) have bounded second derivatives in
a neighborhood of u,.

(5) The function K(¢) is a symmetric density function with a compact
support.

(6) 2/(2¢+3)>(g—¢)/(2¢+3) and g>gq.

The asymptotic expansions for the conditional bias and variance are
given via the following theorem. The proof of this theorem, which will be
given in the next section, is based on an extension of the arguments in Fan
and Zhang (1997).

THEOREM 1.  Under conditions (1)—(5), if n=<h<n=“ for 0<a<b <1,
then the conditional bias and covariance of a have the following expansions
uniformly for he [n=% n=?],

I
bias(a | 7) = e , I lu,d, ht+! <1 +0, <h2+°g”>>,

N

and
Cov(a|2)= 7 ( T p-lp ot )Q_1<1+0 <h2+logn>>
nhf(uo) €Lql g al ¢ €4 P ﬁnh :
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Remark. From Theorem 1, we see that the order of the convergence is
Op(h* +log n/ﬂ). This result is crucial for getting the asymptotic dis-
tribution of the estimated optimal variable bandwidth. Fan and Zhang
(1997) obtained some expressions for the asymptotic bias and variance, but
they did not give the convergence rate. Using the technique of the proof of
Theorem 1, we can get

bias(B|2)=d, ® G, 'T'; 'uh?+ (1 +0,4(1)),

and

0_2

COV(m@):m

QG ' T T, G (1+0p(1)),

where G, =diag(1, 4, ..., h?). This provides the asymptotic bias and the
asymptotic variance of the estimator of the derivative of a. Moreover, from
the proof of Theorem 1, we can see that for the even derivative of a, its
asymptotic bias and asymptotic variance still have the convergence rate
Op(h? + log n/\/nh).

To derive the rate of convergence for bandwidth selection, we need the
following lemma of Fan ez al. (1996b):

LemMa 1. Suppose that a function M(h) has the asymptotic expansion

logn o logn
M(h =ch2<l’+1—v><1+0 <h2+ >>+ <1+0 <h2+ >>
() r </ nh nh?+1 r /nh

uniformly in he [n=° n=?]. Let h,,, be the minimizer of M(h). Then

2 1 1/(2p +3)
hn=(5ro ) (140, T log ),

and

M(h,,,,)=c'"Sa(2p+3)2v+1)~1=9

min

x[2(p+1—=v)] " n=5(1 + Op(n=?*+3 logn)),

with s=2(p+1—v)/(2p +3), provided that ¢, a>0. If p>1, the logn
factor does not have to appear in the “ O p-terms.”
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Combining Theorem 1 and (2.7), we obtain

MSE(3 | ) = (eT , I u,)? d7Qd, 127+2(1 + O p(h? + log nfs/nh)
+ pa*(nhf(uy)) " (efql“q_lquq_l er,)

x (14 Op(h* +log n/\/nh)).

From the above result and Lemma 1, the following theorem is valid.

THEOREM 2. Under conditions (1)—(5),

h h

opt — "a,opt _ OP(n—z/(2q+3) log n),
ha,opt
where
. :< poel T T, e, >1/(2q+3)
o \2g+ (e L7 uy)?dT Qd, fug)
It is clear h, ,p, is the minimizer of
T 1. \2 3T 2q+2 pa’ T 15 1
(el,qu_ u )’ d{Qd ht +nhf(u0) (el’qu_ Fqu_ ey )

We call 2,, ,,, the asymptotic optimal variable bandwidth. From Theorem 2,
we see that the rate of the relative difference between the asymptotic
optimal variable bandwidth and the optimal variable bandwidth converges
to zero.

Now, we consider the estimated optimal variable bandwidth /,,,. Let

opt*
~

&=, ®el,, JXTW,X,) "' XT W, Y

be an estimator of d; obtained by using local polynomial of order g modeling
with bandwidth /. Using arguments similar to Theorem 1, we have

MSE(4 | Z) = (7 I7ly)2d70d, h2 (1 + 0 p(h? +log n/\/nh))
+6%(nhf (1))~ (el [T ' T, T ey )

x tr{ QQ "} (1 + O p(h? +log n/\/nh)),

€lq

uniformly for he[n~% n=*] with 0<a<b <1. From Lemma 1, we have

A A

Nype—h
—opl___@opt _ () (n=24+3) Jog n), (3.1)

A

a, opt
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where

. _( 6%l I\ T, e tr{QQ7"} >1/(2q+3>
“\o(g+ 1)(eT Iy uy)? AT, fug)
the minimizer of

¢ tr{QQ "}
nhf(uo)

It follows from Theorem 2 and (3.1) that the asymptotic result for the error
of the estimated optimal variable bandwidth ﬁopt relative to the theoretical
optimal variable bandwidth #,, can be established by the connection
between £, ,,, and K, ,,,.

The following theorem provides the asymptotic distribution of the error
of the estimated optimal variable bandwidth ﬁopt relative to the theoretical
optimal variable bandwidth #,,,.

(e, IV uy)? A7 Q8,292 +

>q

(elT)qu_lquq_l erq)

THEOREM 3.  Under conditions (1)—(6) and o*(u) = o2 in a neighborhood
of ug, if hy=0(n""C+3) then the asymptotic distribution of

h

opt

h
) |~

q+2, g

(2g+3)d] Qd,

T T —1 g8—4
o 247Q2d,_, e I w1 hi }
opt

is

N< 40’2€;+2’g1_'g_1 fgfg_l eq+2’g>
’ (29 +3)2d7Qd, '

Remark. From Theorem 3 we can see that the error of the estimated
optimal variable bandwidth ﬁ,,p, relative to the theoretical optimal variable
bandwidth h,,, is of order Op(n~¢~9/2+3) Moreover, the asymptotic
bias and the asymptotic variance of the estimated optimal variable
bandwidth are given by
g—q+le;+2,gfg_lug—q+1h

(29 +3)dTQd,

hg—q

opt"tx

247 0d
{— }(1 +o(1),

and
do%el , T Tl ey s 0

qg+2,8" g opt
(2q+3)2 d{gdlf(uo) hiq+3n (1 +0(1))7

respectively, where the I', and r ¢ are similarly defined as I, and r 4
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4. SOME EXAMPLES

The following three examples are used to illustrate the empirical
performance of our bandwidth selection method,

Example 1: Y= X, cos(3U) + 2X, exp{ —16U?} +¢,
Example 2: Y= X, cos(3U) + 2X, exp{ —16U?} sin(2U) + ¢,
Example 3: Y=X,sin(U)+2X, exp{ —16U?} +¢,

where X, and X, are normally distributed with correlation coefficient 2~/

E(X,)=E(X,)=0 and Var(X,)=Var(X,)=1; U follows a uniform dis-
tribution on [ —2,2], ¢ is distributed as normal with mean zero and
variance ¢°; ¢, U, and (X,, X,) are independent. For each example, a
sample size n =200 was considered. In general, the noise-to-signal ratio
a*/Var{ E(Y | U, X,, X,)} indicates the difficulty of the estimation problem:
the bigger this ratio the more difficult the problem. For these examples, we
choose ¢? such that the noise-to-signal ratio is about 1 : 5, namely

6?2=02Var{E(Y|U, X, X,)}.

Moreover, the local linear fit (¢ =1) for the regression curve estimation is
considered, and the kernel function is taken to be the Epanechnikov kernel
K(t)=0.75(1 —#*), . In our bandwidth selection procedure, the initial
bandwidth /, is chosen by minimizing the residual squares criterion as
given in Zhang and Lee (1998), and A, is chosen to be the same as 7,,.
Based on 100 replications, the MSE (d(-)), see (2.6), of the estimated
regression function with (i) the variable bandwidth obtained by our
method, (ii) the theoretical optimal constant bandwidth, and (iii) the
bandwidth obtained by the cross-validation method (see Hoover et al.,
1997) are computed and they are respectively denoted as MSE1, MSE2,
and MSE3. In these three examples, the theoretical optimal constant
bandwidths are all equal to 0.32. Table I describes the gain of our variable
bandwidth over the theoretical optimal constant bandwidth and the
bandwidth obtained via the cross-validation method. From this table, we

TABLE 1

Comparison between the Bandwidth Selection Rules

(MSE3-MSE1)/MSEI1 (MSE2-MSE1)/MSE1
Example 1 0.288644 0.089782
Example 2 0.138218 0.010000

Example 3 0.408973 0.202803
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Example 1 Example 2 Example 3
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FIG. 1. The box-plots of deviations.

see that the empirical performance of our variable bandwidth is the best.
Compared to the cross-validation method and the theoretical optimal con-
stant bandwidth, the MSE of our procedure are reduced respectively by
about (29%, 14%, 41 %) and (9%, 1%, 20 %) in Examples 1, 2, and 3.

To give more ideas on the empirical performance of our method, we use

~

h’\opt(u _hopt u) 2
J () a *h

to describe the deviation of the variable bandwidth obtained by our
method, ﬁop,(u), and the theoretical optimal variable bandwidth, £, (u).
Based on 100 replications, the box plot of the deviations defined in (4.1) is
presented in Fig. 1. From this figure, we see that the deviation is small.

—_

5. PROOF OF THEOREMS
Proof of Theorem 1. Let @ be p x p matrix with elements

and let I} be a (¢ + 1) x (¢ + 1) matrix with elements

" { i+j=even
Th= ) .
/ Hivjs1 i+ j=odd.

We first note that if (&;, #,), i=1, .., n are i.i.d. random observations from
the population associated with (&, #), then

1 & S , logn
S &= ) K&y = x0) = o) ity + ht'(x0) 1 + O <h2+ >

nh’ ;2 \/I%
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uniformly for he [n~", n~*] with 0 <a<b <1, where 7(-) = f«(-) v(-), and
f(-) is the density function of ¢ and v(x) = E(n | £ = x).
Based on this result and let 0 <a <b <1, it can be shown that

1
I, ®G,) " (XIWX,),®G,) "

n

—{Q®T,flue) + DR T*h+ O(h?)) <1 40, <1°g ”>> (5.1)

and

n (I, ®G,) ' XTI W/ ={Q® (u;,u;) f(ug) + P® (uy, u3) h+ O(h?)}
x (I, ® Gy) dh?+ (1 + Op(log n/y/nh))

uniformly for he[n=%n~?]. Using the fact (A+hB) " '=A4"1—
hA='BA~" + O(h?), we get

(NI, ®G,) " (XTWX,)(L,®G,) "'} !
={flug) " (QT'®T ;") —hf(ug) > (2 '0Q™)
® (I TFr )+ O(h?)]
x (1 + Op(log n/\/nh)), (5.2)

b

uniformly for he [n~% n~¢]. Hence, bias(a | &) is equal to

[Ip ® (elT,qF,;lula e{,qrqil“z)—hf(”o)il
x{(Q7'O)® (e L' THT uy, el T NTHFT M)
+hf(ug) ' {(QT'D)® (ef T 'y, e] I uy)} + O(h?)]
X (I, @ G,) dh?* (1 + Op(log n/\/nh)),
uniformly for Ae[n~% n=“]. Based on similar reasonings in Fan et al.

(1996b), it can be shown that e] I 'u,=0, and e] I' ' I 'u, =0.
Hence

bias(d | ) =e{ I 'u d A4 (1 4 Op(h* +1og n/\/nh)).
Next, we consider Cov(a | Z). Let I + be the matrix similar to I"} except

replacing u; by v;, and let @* be p x p matrix with element d(c*(u) f(u)
ry(u))/dul,_,,. Using arguments similar to those used in getting (5.1), we have
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=1, ® G,) " (XIW¥YWX,)I,®G,) !
={Q®T,f(uy) >+ D* @I h+ O(h*)} (1 + O p(log n//nh))

b

uniformly for e [n~° n~*]. Combining this result and (5.2), we get

Cov(a | 2) =a*(nhf(ue)) " (el \ I ' T I te, ) Q7!

q,1
x (14 Op(h*+logn//nh))
uniformly for e [n~% n=“]. This establishes the results of Theorem 1.

Proof of Theorem 3. First, note that

Ry ope=O0n~12+3)  and  h, = O0p(n~Va+¥)

a, opt

This result together with Eq. (3.1) and Theorem 2 leads to

hope = O(n—121+3)) and I O p(n=1C1+3),
Consequently,
hopt — hopt — ha, opt ha, opt + OP(I’I —2(2q+3)~! 10g I’l).
hOPt ha, opt
Further, note that
hay ops =Ny op :ﬁa, ot | _ <tr(.(§.(2—1) &2>1/(2‘1+3> <d1TQd1 >1/(2q+3) »
ha, opt ha, opt pO'z d{‘(jdl
(5.3)
and
<‘[r(Q.Q_1)62>1/(2‘”3) <lele >1/(2q+3)_ |
pa’ drad,
- (40 (g ey d7ad, e
d72d, po? a7 Qd, '
(5.4)
From (2.8), we have
Q=Q<1+0P<hg+1+ ! >> (5.5)
* Vhh,
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t(QQ"Y ¢ (d* 140 nert 4
2 2 P T Sl :
po o nn,

From Theorem 2 in Zhang and Lee (1998),

1
&2=02<1+0P<h§§+2+ >>
nh,

which gives

So,

<tI’(QQ ) A2>1/(2q+3)
2

1
=1+0, <h§“ +h3,§+2+>
po

nh

*

=1+0P<h§+‘+ 1 > (5.6)

hhy

Using the Taylar expansion and (5.5), we obtain

<alTQal>1/(2q+3)_ <1 N 2d1TQ((All —d))
d7Qd, B (2¢+3)dTQd,

<+0P<hg+l+ : >>, (5.7)
nh,

where H&I—dlu2=<al—d1>T<€11—d1>

1 0,(1d, 4, |2>>

Now, we prove that \/nh3*>f(u, —d,) is asymptotic normal. Let
e=(gy, .., &,)7%, it can be shown that

nh, 243 fug) (d; —d,)
= /nh¥*3 flue) (I, ® eT, , JXITW, X,) ' XIW, e
+/nh 2T (o) (1, ® ey )(XT W X,) ™!
xXT W, E(Y|2)—d,}

and

S () (1, ®el g)(XTW X,) X7 W,
_{‘Q ®(eq+2g g }f \/”h*f(uo)nil(lp@G;l)

xXTW, e(1+0p(1)).
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From the central limit theorem,
1 f(ug) n_l(lp @Gg_l) XgW*S—D> N(O, (Q@fg) a*f(uy)?).
So,

VR () (1, ®el g)(XTW X,) "X W,

LN, e, T T T ey 2707,

q+2, 8" g

Further, it can be shown that
nh24+3f (u,) {, ®e§+2, g)(XgTW*Xg)‘1 XgTW*E( Y|2)—d,}
nhiq+3f'(u0) (eT Fﬁlug7q+1) dgfq+1hiiq(1 +0P(1))=

q+2,8" g

hence,

./nhzq”f(uo Yy —dy— (7, T Uy ye) gy hE7)

2, 0,er,, T IFF €yi2 Q270

q+2, 8" g

Further, it follows from the above result and (5.7) that the asymptotic
distribution of

nh3*3f(u)

{<(A]1TQ&1>1/(2q+3)_1_ 247Qd, (e Z+2,grg_1ug—q+1) hi_q}
drQd, (2¢+3)dT Qd,

is

N< 4g%e q+2gFg1FF q+2,g>
’ (2q+3)2d7Qd, '

Finally, it follows from (5.3), (5.4), and (5.6) that the asymptotic distribution
of

nh24+3f(u ) hopt_hopt +2d{‘ng—q+l(eg+2,grg_lug—q+l)hi_q
* 0 P (2¢+3)dTQd,

is

N<0 4o? eq+2 gFgIFF q+2,g>
’ (2¢+3)*dTQd,
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