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Abstract

The estimation of a regression function by kernel method for longitudinal or functional data is considered.
In the context of longitudinal data analysis, a random function typically represents a subject that is often
observed at a small number of time points, while in the studies of functional data the random realization is
usually measured on a dense grid. However, essentially the same methods can be applied to both sampling
plans, as well as in a number of settings lying between them. In this paper general results are derived for the
asymptotic distributions of real-valued functions with arguments which are functionals formed by weighted
averages of longitudinal or functional data. Asymptotic distributions for the estimators of the mean and
covariance functions obtained from noisy observations with the presence of within-subject correlation are
studied. These asymptotic normality results are comparable to those standard rates obtained from independent
data, which is illustrated in a simulation study. Besides, this paper discusses the conditions associated
with sampling plans, which are required for the validity of local properties of kernel-based estimators for
longitudinal or functional data.
© 2006 Elsevier Inc. All rights reserved.

AMS 1991 subject classification: 62G08

Keywords: Asymptotic distribution; Covariance; Functional data; Longitudinal data; Regression; Within-subject
correlation

1. Introduction

Modern technology and advanced computing environments have facilitated the collection and
analysis of high-dimensional data, or data that are repeatedly measured for a sample of subjects.
The repeated measurements are often recorded over a period of time, say on an closed and bounded
interval 7. It also could be a spacial variable, such as in image or geoscience applications.
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When the data are recorded densely over time, often by machine, they are typically termed func-
tional or curve data with one observed curve or function per subject, while in longitudinal studies
the repeated measurements usually take place on a few scattered observational time points for each
subject. A significant intrinsic difference between two settings lies in the perception that functional
data are observed in the continuum without noise [2,3], whereas longitudinal data are observed at
sparsely distributed time points and are often subject to experimental error [4]. However, in prac-
tice functional data are analyzed after smoothing noisy observations [10], which indicates that the
differences between two data types related to the way in which a problem is perceived are arguably
more conceptual than actual. Therefore in this paper, kernel-based regression estimators obtained
from observations at discrete time points contaminated with measurement errors, rather than
observations in the continuum, are considered for these realistic reasons. In the context of kernel-
based nonparametric regression, the effects of sampling plans on the statistical estimators are also
investigated.

A vast literature has been developed in the past decade on the kernel-based regression for
independent and identically distributed data, for summary, see Fan and Gijbels [5]. There has
been substantial recent interest in extending the existing asymptotic results to functional or lon-
gitudinal data [8,11,14,13,9]. The issues caused by the within-subject correlation are rigorously
addressed in this paper. Hart and Wehrly [8] studied the Gasser—Miiller estimator of the mean
function for repeated measurements observed on a regular grid by assuming stationary correla-
tion structure, and showed that the influence of the within-subject correlation on the asymptotic
variance is of smaller order compared to the standard rate obtained from independent data and
will disappear when the correlation function is differentiable at zero. Our asymptotic distribution
result is in fact consistent with that in Hart and Wehrly [8] and applicable for general covari-
ance structure without stationary assumption. This problem was also discussed by Staniswalis
and Lee [12] and Lin and Carroll [9], where they used the heuristic arguments of the local
property of local polynomial estimation and intuitively ignored the within-subject correlation
while deriving the asymptotic variances. This paper derives appropriate conditions that are re-
quired for the validity of the local property of kernel type estimators obtained from longitudi-
nal or functional data. These conditions also provide practical guidelines for various sampling
procedures.

The contribution of this paper is the derivation of general asymptotic distribution results in
both one-dimensional and two-dimensional smoothing context for real-valued functions with ar-
guments which are functionals formed by weighted averages of longitudinal or functional data.
These asymptotic normality results are comparable to those obtained for identically distributed
and independent data. These results are applied to the kernel-based estimators of the mean and
covariance functions, which yields asymptotic normal distributions of these estimators. In partic-
ular, to the best of our knowledge, no asymptotic distribution results are available up to date for
nonparametric estimation of covariance functions obtained from longitudinal or functional data
contaminated with measurement error. By comparison, Hall et al. [6,7] investigated asymptotic
properties of nonparametric kernel estimators of autocovariance, where the measurements were
only observed from a single stationary stochastic process or random field. Although the asymp-
totic distributions are derived for random design in this paper, the arguments can be extended
to fixed design and other sampling plans with appropriate modifications, and asymptotic bias
and variance terms can also be obtained in similar manner. This will provide theoretical basis and
practical guidance for the nonparametric analysis of functional or longitudinal data with important
potential applications which are based on the asymptotic distributions. Typical examples include
the construction of asymptotic confidence bands for regression functions and confidence regions
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for covariance surfaces, and also fast selection of bandwidth for covariance surface estimation
based on asymptotic mean squared error. Other applications in the context of smoothing indepen-
dent data can be explored for the smoothing of longitudinal or functional data using kernel-based
estimators.

The remainder of the paper is organized as follow. In Section 2 we derive the general asymptotic
distributions of one- and two-dimensional smoothers obtained from longitudinal or functional data
for random design. These general asymptotic results are applied to commonly used kernel-type
estimators of the mean curve and covariance surface in Section 3. Extension to fixed design is
discussed in Section 4. A simulation study is presented to evaluate the derived asymptotic results
for correlated data in Section 5, while discussions, including potential applications of the resulting
asymptotic normality, are offered in Section 6.

2. General results of asymptotic distributions for random design

In this section we will define general functionals that are kernel-weighted averages of the
data for one-dimensional and two-dimensional smoothing. The introduced general functionals
include the most commonly used types of kernel-based estimators as special cases, such as
Gasser—Miiller estimator, Nadaraya—Waston estimator, local polynomial estimator, etc. Since
Nadaraya—Waston and local polynomial estimators are mostly used in practice, their
asymptotic behaviors in terms of bias and variance for independent data have been thoroughly
studied in existing literature. However, for longitudinal or functional data, particularly in re-
gard to covariance surface estimators, the asymptotic behaviors of bias and variance of these
two commonly used estimators are still largely unknown. Therefore in Section 3, the gen-
eral asymptotic results developed in this section are applied to Nadaraya—Waston and local
polynomial estimators in both one-dimensional and two-dimensional smoothing settings. In
particular, the lack of asymptotic results for the covariance surface estimators of longitudi-
nal or functional data is an additional motivation for the definition of the two-dimensional
general functional that can be applied to develop the asymptotic distributions for these
estimators.

We first consider random design while extension to other sampling plans is deferred to Section
4. In classical longitudinal studies, measurements are often intended to be on a regular time grid.
However, since individuals may miss scheduled visits, the resulting data usually become sparse,
where only few observations are obtained for most subjects, with unequal numbers of repeated
measurements per subject and different measurement times 7;; per individual. This sampling
plan motivates the following assumptions which are applicable for a number of longitudinal data
encountered in practice.

Let X = {X(),t € [0,T]}, T < o0, be a continuous-time stochastic process defined on
a probability space (Q, A, P) with finite variance, E(fOT Xz(t) dt) < oo, and X; be indepen-
dently and identically distributed (i.i.d.) realizations of X which can be modelled as follows in
general. The trajectories X; have the mean function u(#) and uncorrelated random coefficients &;;
with mean zero, variances 4 satisfying > po | 4 < oo and corresponding basis functions ¢, (1),
where the within-subject covariance function is determined as C(s, t) = cov(X;(s), X;(t)) =
Y ey kb () (1). A typical example is the Karhunen—Logve representation of stochastic pro-
cesses, where /; and ¢, correspond to eigenvalues and eigenfunctions. Suppose that one has data
{(Tij, Yij), 1<i<n, 1<j<N;}, where Y;; are observations drawn from the process X; at time
T;j, incorporating the uncorrelated measurement errors ¢&;; that have mean zero and a constant
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variance g2,

o
Yij = Xi(Tij) + & = p(Ti)) + Y Eaudp(Tyj) + aijs - Tij € T, (1
k=1

where E¢;j = 0, var(e;j) = o2, and the number of observations, N; (1) depending on the sample

size n, are considered random. We make the following assumptions,
(Al1.1) The number of observations N; (n) made for the ith subject or cluster,i = 1, ..., n,isar.v.

i.d
with N; (n) ~" N(n), where N (n) > 0 is a positive integer-valued random variable with
limsup,,_, o, EN(n)?/[EN(n)]> < oo and limsup,_, o, EN(n)*/EN(n)EN(n)* < oo.

In the sequel the dependence of N;(n) and N (n) on the sample size n is suppressed for simplicity;
i.e., N; = N;(n) and N(n) = N. The observation times and measurements are assumed to be

independent of the number of measurements, i.e., for any subset J; C {1,..., N;} and for all
i=1,...,n,

(A12) ({Tij : j € Ji}, {Yij : j € Ji}) is independent of N;.

Writing T; = (Ti1,..., Tin)T and ¥; = (Yi1,..., Yin,)T, it is easy to see that the triples

{Ti, Yi, N,'} are i.i.d..
2.1. Asymptotic normality of one-dimensional smoother

To assume appropriate regularity conditions that are used to derive asymptotic properties, we
define a new type of continuity that differs from those which are commonly used. We say that
a real function f(x,y) : WPT™¢ — R is continuous on x € A C R’ uniformly in y € R,
provided that for any x € A and ¢ > 0, there exists a neighborhood of x not depending on y,
saying U (x) € R?, such that | f (x/, y) — f(x, y)| < eforall x’ € U(x) and y € RY.

For random design, (7};, Y;;) are assumed to have the identical distribution as (7', Y') with joint
density g(t, y). Assume that the observation times 7;; are i.i.d. with the marginal density f(¢),
but dependence is allowed among Y;; and Yj; that are observations made for the same subject or
cluster. Also denote the joint density of (7}, T, Y}, Yi) by g2(1, 2, y1, y2), where j # k. Let
v, k be given integers, with 0 <v < k. We assume regularity conditions for the marginal and joint
densities, f(¢), g(¢, y), g2(t1, 2, ¥1, ¥2) and the mean function of the underlying process X (¢),
i.e., E[X ()] = u(r), with respect to a neighborhood of a interior point ¢ € 7, assuming that there
exists a neighborhood U (¢) of ¢ such that:

(B1.1) j—kkf(u) exists and is continuous on u# € U (t), and f(u) > 0foru € U(1);

(B1.2) g(u, y)iscontinuousonu € U (t) uniformlyiny € % <L 3 g(u, y) exists and is continuous
onu € U(t) uniformly in y € N;
(B1.3) gz(u v, y1, y2) is continuous on (u, v) € U(t)2 uniformly in (y, y2) € N2

(BI. 4) k ,u(u) exists and is continuous on u € U(t).

Let K 1(-) be nonnegative univariate kernel functions in one-dimensional smoothing. The as-
sumptions for kernels K : ;i — N are as follows. We say that a univariate kernel function K is
of order (v, k), if

0, 0<l <k, L#v,
‘/#KNMduz (=D, L=y, 2)
#0, =k,
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(B2.1) K is compactly supported, | K1||> = fo(u)du < 00;
(B2.2) K is a kernel function of order (v, £).

Let b = b(n) be a sequences of bandwidths that are used in one-dimensional smoothing. We
develop asymptotics as n — 00, and require
(B3) b — 0, n(EN)b'*' — o0, b(EN) — 0, and n(EN)b**! — 42 for some d with

0<d < 0.

One could see in the proof of Theorem 1 that the assumptions (B3) combined with (A1.1) provide
the condition such that the local property of kernel-type estimators holds for longitudinal or
functional data with the presence of within-subject correlation.

Let {1/;},—1....; be a collection of real functions ; : > — %, which satisfy:

(B4.1) ,(t, y) are continuous on {¢} uniformly in y € HN;
(B4.2) ;Tl;'w ,(t, y) exists for all arguments (¢, y) and are continuous on {¢} uniformly in y € ).

Then we define the general weighted averages

1 n N; (T
‘I’),n=m ZZW(TU"YU)KI< 5 ' ) =1,...,1L

i=1 j=I

and
dv
= (1) = ﬁ/%(t,y)g(t,y)dy, A=1,..., 1L
Let

JIC;LZGKA(I)Z/.l//K(ta y)lplb(ta y)g(ta }’)d}’”Kl ”27 lg/’{a Kgla

and H : %t — 9 be a function with continuous first order derivatives. We denote the gradient
vector ((0H /0x1)(v), ..., (0H/dx;)(v))T by DH(v) and N = >_"_, N;/n.

Theorem 1. If the assumptions (Al.1), (A1.2) and (B1.1)~(B4.2) hold, then

VAN HW o ) — H(tys o )] —> NGB IDH (g )]

Z[DH(ﬂ],..,ﬂl)]), (3)
where
1
(—Dkd 0H d*
p=t [y, S Y @, B = O <nier

/=1

Proof. Itis seen that N can be replaced with EN by Slutsky Theorem under (A1.1). We now show
that

VENDPTH(EY 1y, ..., E¥) — H(y, .o )] — B “)
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Since (Al.1) and (A1.2) hold, and K is of order (v, k), using Taylor expansion to order k, one
obtains

EY), = bH_l Z EN Z IPA(TW Yij)) Ky ( — >

N t—T;
b‘“EN 2:: [%‘(Tj’yj)K]< b j>‘N]

1 t—T
= s E (T DK (—
(—l)k dk—v . 3
=+ / u* Ky (u) du v 1, (OB 4+ 0B ). 5)
Then (4) follows from an /-dimensional Taylor expansion of H of order 1 around (uq, ..., ul)T,
coupled with (5). If we can show
D
VR(ENDY I[P, ..., )] —(EY, ..., E¥;,)T]1 = N(0,2), 6)

in analogy to Bhattacharya and Miiller [1], and continuity of DH at (u,, ..., ;)" and apply-
ing similar arguments used in (5), we find DH(EY1,, ..., EW¥;,) — DH(yy, ..., ). Then
Carmér-Wold device yields

VAENGFH Wiy, ..., Vi) — HEY, ..., E¥i)] —> N, DH(uy, ..o )"

ZDH(#], ...,,Ul)), (7)

combined with (4), leading to (3).
It remains to show (6). Observing (A1.1) and (A1.2), one has

n(EN)D> M cov(¥,,, ¥in)

- E i Z W, (T, YKy (

N (=T
2o (5]
k=1
T vk, (=1
)( J ]) 1( b )

1 N t — Ty
E [E\/ I; Ve (Tie, Yi) Ky ( 5 )}

=1—-1.

EN 1
N

-]
2l
uMz
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It is obvious that I» = O(b) = o(1) from the derivation of (5). For I, it can be written as

N
1 L (1—T;
Il:EE Ev;w}.(Tj’Yj)l//K(Tj’Yj)Kl( bj>

1 1 t—T; t—Y,
+EE N Z lvbi(T/’Y./)l//x(TbYk)Kl( 5 ]>K1( b k>
1< j#£k<N
=01+ 0».
Applying (Al.1) and (A1.2), one has

N

1 1 t—T;j

Qr=7Eq - 21 E [lﬁ;,(Tj, Y (T, Yj)K12< 5 ")’N]

j=

= %E |:l///1(T, Y)W, (T, Y)K} (#)] = 0 +o(1).

Then (4) will hold, observing (A1.1) and the following argument that guarantees the local property
of the kernel-based estimators with the presence of within-subject correlation in longitudinal or
functional data,

Y]

1 N

1—T;j t—T,
EVE Z E[W)V(Tj’yj)wk(TkaYk)Kl ( b j) K]( 5 k)

1< j#k <N

EN(N — 1 p _r
=%E |:lﬁ,1(T1,Y1)l//K(T2,Y2)K1 (t 5 1)] K (t 5 2)

w/ VYt — ub, y)Y,(t = vb, y2) K1 () K2 (v)

0=

Xga(t —ub,t —vb, y1, y2)dudvdy) dy;
__DEN(N — 1)
N EN

i.e., the within-subject correlation can be ignored while deriving the asymptotic variance. [

" Vot YO, (t, y2)82(t, t, y1, y2) dy1 dyz + o(b) = o(1),
%

2.2. Asymptotic normality of two-dimensional smoother

The general asymptotic result can be extended to two-dimensional smoothing. Let (v, k) de-
note the multi-indices v = (v{, v2) and k = (ky, kp), where |v| = v{ 4+ v and |k| = k| + k».
In two-dimensional smoothing, more regularity assumptions are needed for joint densities. Let
f2(s, 1) be the joint density of (7, Tx), and g4(s,t,s’, ", y1, y2, ¥}, y5) the joint density of
(Tj, Ti, Ty, Ty, Y5, Yi, Yjr, Yir) where j # k, (j, k) # (j', k). Denote the covariance sur-
face by C(s 1) = cov(X(Tj), X(Ty)|T; = s, Ty = t). The following regularity conditions are
assumed, where U (s, t) is some neighborhood of {(s, #)},

(CL.1) %fg(u, v) exists and is continuous on (u,v) € U(s,t), and fa(u,v) > 0 for

(u,v) e U(s,1);
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(C1.2) ga(u, v, y1, y2) is continuous on (u, v) € U(s, t) uniformly in (y1, y2) € n2; %
g2(u, v, y1, y2) exits and is continuous on (u, v) € U (s, t) uniformly in (y, y2) € N2

(C1.3) ga(u,v,u’, V', y1, y2, y], ¥5) is continuous on (u,v,u’,v") € U(s, 1)? uniformly in
01, y2. 91, ¥5) € W

Ik| . . .
(C14) mC(u, v) exists and is continuous on (u, v) € U(s, t).

Let K> be nonnegative bivariate kernel functions used in the two-dimensional smoothing. The
assumptions for kernels K» are as follows,

(C2.1) K3 is compacted supported with ||K2||2 = fmz Kzz(u, v)dudv < oo, and is symmetric
with respect to coordinates u and v.
(C2.2) K; is akernel function of order (|v|, |k|), i.e.,

0, O] < |kl [T} # [v],
[t ko v duav = { oM =, ®)
"2
Li+0=|l|
‘ 0, 1 = Ikl.
Let &~ = h(n) be a sequence of bandwidths used in two-dimensional smoothing, while it

is possible that the bandwidths used for two arguments may be different. Since we will focus
on the estimator of the covariance surface that is symmetric about the diagonal, it is sufficient to
consider the identical bandwidths for the two arguments. The asymptotics is developed asn — oo
as follows:

(C3) h — 0, nEN*h"+2 — oo, hEN® — 0, and nE[N(N — 1)]Jh2kI+2 5 2 for some
0<e < o0.

Similar to the one-dimensional smoothing case, assumptions (C3) and (A1.1) guarantee the local
property of the bivariate kernel-based estimators with the presence of within-subject correlation.
Let {¢,},-1....; be a collection of real functions ¢ : N+ — N, A=1,...,1 satisfying

(C4.1) ¢,(s,t, y1, y2) are continuous on {(s, 7)} uniformly in (y1, y2) € "2

(C4.2) %q’)x(s, t, y1, y2) exit for all arguments (s, ¢, y1, y2) and are continuous on {(s, #)}

uniformly in (yy, y2) € R

Then the general weighted averages of two-dimensional smoothing are defined by, for 1 <A</,

1 n
Vi = Vi (1.8) = w2 o> 4Ty T Yij Yi)

i=1 1<j#k<N;
s—Tyj t—T
<K lj’ ik )
h h

av
ds' dt"?

Let

mj =m;(s, 1) = Z

vi+va=|v|

/2 @, (s, 1, ¥1,y2)82(s, 1, y1, y2) dyrdys, 1<A<,
N
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W) = W(8, 1) = /2 Guc(s, 1, 1, ¥2)b; (s, 1, V1, ¥2)82(s, £, y1, y2)dyidy2 | K2 |1%,
%

1<k, 1<,

and H : %! — % is a function with continuous first order derivatives as previously defined.

Theorem 2. [f assumptions (Al.1), (A1.2) and (C1.1)-(C4.2) hold, then

\/nN(]\_l — DR2VR2[H (D, ..., D) — H(my, ..., mp)]

2 NG, [DH(my, ..., m)ITQIDHm, ..., m)]), 9)

where

1 k|
(—Dl¥le / ki ko d
y= u"'v? Ko (u, v)dudv
20 2 .

k|l - dski drk2
=1 | k1 +ky=lk|

X /2 b,(s,t, y1,y2)82(5, 1, y1, y2) dy1 dy>
N

oH -
X1z (ml,...,ml) ’
om )

A

Q= (0)1<r<i-

The proof of Theorem 2 essentially follows that of Theorem 1 with appropriate modifications
which are required for two-dimensional smoothing.

3. Applications to nonparametric regression estimators for functional or longitudinal
data

Although various versions of kernel-based estimators have been introduced in literature,
Nadaraya—Waston and local polynomial, especially local linear estimators, are the most com-
monly used non-parametric smoothing techniques in longitudinal or functional data analysis.
Due to within-subject correlation, the asymptotic behavior in terms of bias and variance of these
estimators for noisily observed longitudinal or functional data has yet been as well understood
as for i.i.d. data. Especially, asymptotic results for covariance estimators do not exist. Therefore
in this section, we apply the asymptotic results developed for general functionals to Nadaraya—
Waston and local linear estimators of regression function and covariance surface to obtain their
asymptotic distributions.

3.1. Asymptotic distributions of mean estimators

We apply Theorem 1 to the local asymptotic distributions of the commonly used Nadaraya—
Waston kernel estimator jiy(#) and local linear estimator jy (¢) for functional/longitudinal
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n N; P Tij
) AVADIINS <T> , (10)
-

i=1 j=

data:

n N;

fn() = Kl(
1

i=1 j=

n N,'
A A . t—T,
Ly (t) = ap(t) =arg min E E K ( b :
=1

"') [Vij — (o + o0 (Tyj —NP Y. (1)
(@0, 01) | 1

Corollary 1. If assumptions (A1.1), (A1.2), and (B1.1)-(B3) hold with v = 0 and k = 2, then

— D d @ ® fO+2uV @) fO@) ,  var(Y|T=t)||K1|?
VaNb[ji () —put)] — N (5 0 Tk, 70 ;

(12)

where d is as in (B3), 0%, = [u>K1(u) du and |K1|> = [ K (u) du.
One can see that the variance function var(Y|T = t) can be easily derived from model (1)
asvar(Y|T =1t) = Z,fil /lqu% () + o2, where 1 and ¢, are the variances of the uncorrelated

random coefficients and corresponding basis functions, and ¢? is the variance of the measurement
error.

Proof. Choose v=0,k =2,{(u,v) =v, Y, v) =1and H(x1, x2) = x1/x2 in Theorem 1,
then fin (1) = H (W1, Wa,). Tocompute 5, use DH (uy, ty) = (1/u,, —ul/,u%),andnote u () =
[tg(t, v)dv = f(t)u(t). Itis easy to show that (d@?/dt?)u; (t) = [fPu+2fDu® + fu@1@),
and (d? /dtz) w@)=f @@, leading to the bias term in (12). For the asymptotic variance, note
that a1 = [|Ki1|1> [vg(t, v)dv = |KIIPEQYIT = 0)f(1), 012 = a21 = [K1]>u(0) f (1),
o2 = |K1l>f (1), and DH(uy, 1) = 1/, —,ul/,u%), yielding the variance term in (12). O

Concerning the local linear estimator fi (¢), one obtains

Corollary 2. If assumptions (A1.1), (A1.2), and (B1.1)-(B3) hold with v = 0 and k = 2, then

Y|IT =
VaNb[jy (1) — p(1)] —>N( w0y, . W(f'T”nKlnz), (13)

where d is as in (B3), G%(I = [u?Ki(u)du and | K> = [ K3 (u)du.

Proof. The local linear estimator fi (¢) of the mean function u(z) can be explicitly written as

YigviwiYi  Xigy X, wii(T =0

a (1), (14)
Ziﬁvzj'wij Ziﬁvzj'wij 1

o (1) = dp(1) =

. Yign Z,w,,m, Yij = (i gy 2 wii (T =0 % gy X wij i)/ (i gy X))
i gy z, w,,m,- =02 = (% gy Xj wij (Tij — 0%/ gy Lj wij)

s5)
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Here w;; = K1((t —T;;)/b)/(nb), where K is a kernel function of order (0, 2), satisfying (B2.1)
and (B2.2), and & (¢) is an estimator for the first derivative 1/ () of u at z.

Observing that Corollary 1 implies iy () £ w(0), let f(t) = 2. 2. wij/Ni, it is easy to
show f (1) L f () in analogy to Corollary 1. We proceed to show a (t) L W (). Denote
ok, = Ju*Ki() du, the kernel function K;(t) = —1K(t)/o% , and define ¥}, 1 <A<3 by

Vi(u,y) =y, Y, y) =1, Y3(u, y) = u —t. Observe that El is of order (1, 3), f(t) 2 f@),
and define

~ — xalin (1 - t
H(x1,x2,x3) = all zxzle()z and H(Xl,Xz,m):xl—xzu()-
x3—bx2/f(t)-0'K1 X3
Then
&1 (t) - ﬁ(\Plna "P2na "P?m)
Wou (u(t) — (1)) V3
=[H(%n,%n,%n>+ S T TR
3n W3, + b2W3,/ f (1) - 0%,

Note that yiy = (¢ f+mf') (1), iy = f'(t),and piz = £ (¢),implying ¥, —p; = 0, (1/VnNb3),
for , = 1, 2, 3, by Theorem 1. Using Slutsky’s Theorem, |H(Wy,, Y., ¥3,) — /()| =
0,(1/v/nNb3) follows.

For the asymptotic distribution of fij , note that
Y Ey L wiYi — X gy 2 wij (Tij — Dai (1)

p ﬁ\] Zj Wij

Considering vnNb > ﬁ\’ Z./ w;(Tij — 1) = \/ana%(lthZn. Since K is of order (1, 3),
Theorem 1 implies ¥, = f/(t)—i-Op(l/«/ nl\_lb3),which yieldsVana%(lbz‘Pgn = «/n]\_/b50%(l
@) + 0'%(1 0,(b) = 0,(1) by observing nNb®> — d* for 0<d < oo. Since f (1) £ f(t) and
| (2) — W' ()| = OP(I/Van3) = 0,(1), we find

(1) =

lim VaNbliy 1) — p0]1 2 lim VaNb
n—oo n—>oo

Yign X wiYy — KO X gy XiwiTy + 10 Y gy X wis - M(t)}
; .
2 EN 25 Wil

Using the kernel K| of order (0, 2), we re-define ¥,,, 1<A<3, through ¥, (u,y) = y,
Yo, y) = u and Y3(u,y) = 1, setting v = 0, k = 2,1 = 3 and H(x1, x2,x3) = [x] —
W (t)xy + 11/ (t)x3]/x3. Then (13) follows by applying Theorem 1. [

3.2. Asymptotic distributions of covariance estimators

Note that in model (1), cov(Y;;, Yi|Tij, Tit) = cov(X (Ti;), X (Tix)) + azéjk, where 6, is 1 if
j = k and 0 otherwise. Let C;jx = (V;; — fi(Ti;)) (Yik — (T;x)) be the “raw” covariances, where
() is the estimated mean function obtained from the previous step, for instance, fi(t) = fiy(#) or
j(t) = fi (t). It is easy to see that E[C;j|Ti;, Tix] ~ cov(X (T;;), X (Tix)) + ozéjk. Therefore,
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the diagonal of the raw covariances should be removed, i.e., only C;ji, j # k, should be included
as input data for the covariance surface smoothing step, as previously observed in Staniswalis and
Lee [12] and Yao et al. [15].

Commonly used nonparametric regression estimators of the covariance surface, C(s, ) =
E{[X(T1) — u(TH]IX(T>) — u(T»)|T1 = s, T, = t]}, are the two-dimensional Nadaraya—Waston
estimator and local linear estimator defined as follows:

Cn(s. ) = ZZKZ(S_ it hT )Cijk /

i=1 j#k
Z Z K> (S _hTij’ t —hTik> ’ 16)
i=1 j#k
CL(s t)—ﬁo(s t) =arg min Z Z Kz( _hTt/ t —hT,-k>
B i=1 j#k
x [Cijk = F(B. (5. 1), (Tyj, Ta))* ¢ . (17

where B = (o, By, B2) and f (B, (s, 1), (Tij, Tix)) = Po + B1(Tij — s) + Po(Tix — 1). Applying
Theorem 2 to the above estimators yields the asymptotic distributions.

Corollary 3. If assumptions (Al.1), (A1.2), and (C1.1)—(C3) hold with |v| = 0 and |k| = 2, then

2
VaN(N — Dh2[Cx(s, t) — C(s, 1)] Y (yN(s, 1), w) , (18)
fals, 1)

where e is as in (C3),

d*C d*c
NG, 1) = %({ CCED b6+ ( LGN s
dfs(s,1)dC(s, 1) dfa(s, 1) dC(s, 1)
+2[ dr di  ds ds ]}/ﬁ(“)’

v(s, 1) =var{(Yy — w(T1)) (Y2 — p(T)) Ty = 5, Tr = 1},

O’%(z =/ u? +vHKr(u, v)dudv, K| = / K3 (u, v)dudv.
92 R2

Proof. For two-dimensional Nadaraya—Waston estimator 6N (s, 1) of~ the covariance C(s, t), one
uses the raw observations, C;jx = (Y;; — i(T;;)) (Yix — i(Tix)). Let Cijx = (Yij — u(T;j)) (Yik —
w(T;ix)). Note that
Cijk = Cijk + (Yij — p(Tip) (u(Tik) — fu(Tix)) + (Yik — (i) (u(Tij) — u(Tij))
+(u(Tij) — [(Ti) (u(Tig) — i(Tig)).
Applying Lemma 1 in Yao et al. [16], one has the weak uniform convergence rate sup, .7 | fi(t) —
w®)| = 0,(1/(y/nb)) for both possible choice of fi(t) = fu(r) and fi(t) = fi (¢). Letting
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d1(t1, 12, y1, y2) = (1 — u(t1)) (2 — (22)), P (t1, 12, y1, y2) = y1 — u(t1), and @5 (11, t2, y1, y2)
=1, then SUp; s | @y = Op(1), for p = 1,2, 3, by Lemma 1 of Yao et al. [16]. This im-
plies that sup, ;7 |92,10,(1/(/nb)) = 0,(1/(/nb)) and sup, ;7 |@3,10,(1/(/nb)) =
OP(I/(ﬁb)). Since SuPzeT,L/Al(t) — /z(t)|2 = O,(1/(nb)) are negligible compared to @y, the
Nadaraya—Waston estimator Cn(s, 1), of C(s, t) obtained from C;jy is asymptotically equivalent
to that obtained from C‘l- jk» denoted by C’N (t,5).

Therefore, it is sufficient to show that the asymptotic distribution of Cn (s, t) follows (18).

Choose v = (0,0), k| = 2, ¢i(s, 1, y1,¥2) = (31 — p(s) (2 — (), dals, 1, y1,y2) =1
and H (x1, x2) = x1/x2 in Theorem 2, then Cn (s, t) = H (W1,, W2,). To compute yn(s, 1), use
DH(myi,my) = (1/ma, —m;/m3),and note m (s, 1) = [y (y1—p(s)) (y2 — u(t))g2(s, £, y1, y2)
dyidys = fa(s, 1)C(s, t) and ma(s, 1) = fo(s, t). One has (d>/dt>)m (s, t) = [(d* f>/dt*)C +
2(df>/d)(dC Jdt) + fr(d*>C/dt)]|(s, 1), (d?/d*t)ma(s, 1) = d? f>(s, 1) /dt* and similar deriva-
tives with respect to the argument s leading to the bias term in (12). For the asymptotic vari-
ance, note that w11 = [|K2||* fy(v1 — u())*(y2 — u(0)?ga(s. 1. y1, y2)dyidys = E[(Y1 —
(T (Y2 — W(M)T = 5, T = 1) fals, DK 012 = w1 = [1Ka? fals, HC(s, 1),
wp» = |IK2l? f2(s, 1), and DH(m,my) = (1/ma, —mi/m3), yielding the variance term
in(12). O

Corollary 4. If the assumptions (A1.1), (A1.2), and (C1.1)—(C3) hold with |v| = 0 and |k| = 2,

then
JaN(N — DR2[CL(s, ) — C(s, 1)]

2
—>N( GK2[d2C(S 1)/ds® +d*C(s, t)/di?], W)

fa(s, 1)
where e is as in (C3), v(s, t) = var{(Y1 — w(T1)) (Yo — w(L)|T1 =5, Th = 1), O'%(z = fmz (u2 +
V) Ko (u, v) dudv, | K2|* = [r2 K3(u, v) dudv.

(19)

Proof. In analogy to the proof of Corollary 3, the local linear estimator 6L (s, t) obtained from
Cij is asymptotically equivalent to that obtained from Ci jk» denoted by CL(t, 5). Also denote

the solution to (17), after substituting C,/k for Cjji, by ﬁ(s t) = (ﬁo(s 1), ﬂl(s 1), ﬁz(s t)), and
in fact ﬁo(s, t) = CL(s, t). For simplicity, let W;jx = Ko((s — T;;)/ h, (t — ,k)/h)/(nhz) and
“Y i 2" is abbreviation of “} 7, 37, ". Algebra calculations yield that

=~ Zt Jj#k Cljle]k ﬁl Zz ,J#k lek +,Bl Zz NEDS Wl]ks ﬂZ Zz NEDS lelek'i‘ﬁZ Zz NEDS lekt

CL= S
B = Roo(S10802 — 501511)2+ Rl(z)(SooSoz — S01520) — Ro1(So0S11 — 51(2)502)7
S00820802 — S00S7; — S7pS02 + S10S01S11 + S20810511 — S0155
By = Roo(S10811 — 5015022) - 1210(500511 — S01520) + Ro1(S00S20 — 5;120)
S00520802 — S00S7; — SipS02 + S10501 511 + S20510511 — So0155
where

Rpg =Y Wir(Tyj = )" (T = 0)9Cijk. Spg = Y Wija(Tyj — )P (Tix — 1)1
i,j#k i,j#k
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Note that B 1 and Bz are local linear estimators of the partial derivatives of C (s, t),dC(s, t)/ds and
dC (s, 1)/dt, respectively. In analogy to the proof of Corollary 2, it can be shown that |5, (s, t) —

dC(s,t)/ds| = Op(1/y/nEN(N — 1)h*) and|ﬁ2(s,t)—dC(s, t)/dt] = OP(I/\/nZ\_J(]\_/ —Dh%
by applying Theorem 2. Then one can substitute dc(s, 1)/ds, dC (s, t) /dt for B (s, 1), f(s, 1) in
CL(s, t), and denote the resulting estimator by C{ (s, t). It is easy to see that

lim NN — DR2[CL(s, 1) — C(s, )] 2 Jim VnN(N — Dh2[C] (s, t) — C(s, 1)].

We define @;,,, 1 <A<4, through ¢, (s, 7, y1, y2) = (y1 — u(s))(y2 — p(t)), o (s, 1, y1, y2) =5,
P3(s, 1, y1,y2) = 1 and pu(s, t, y1,y2) = t. Putv = (0,0), |k| = 2 and H (x1, x2, X3, x4) =
[x1 —x2dC(s,t)/ds — x4dC(s,t)/dt]/x3 + s -dC(s,t)/ds +t-dC(s,t)/dt. Then result (19)
follows by applying Theorem 2. [

4. Extension to fixed design

In the studies of functional data, it is often the case that the repeated measurements are
recorded densely and regularly over time by machine. For realistic reason, the measurements
are assumed to be contaminated with experimental error. The asymptotic distribution results
developed for random design that is often encountered in longitudinal data can be extended
to fixed equally spaced design for typical functional data with slight modifications. Now the
density functions g(¢, y) is defined as the density of Y (¢) at the fixed time ¢, g2(s, #, y1, y2) is
the joint density of (Y (s), Y (¢)) at (s, t), and g4(s, r,s', ', y1, y2, ¥{, y5) is the joint density of
Y (s5),Y(@),Y (), Y(t)) at (s,t,s',t"), while f(¢) for the random observation time T is not
needed. The fixed equally spaced design considered here is as follows:

(A1*) Ni(n) = N(n), T; j41 — T;;j; = Tj j41 — Ty for 1<j, <N, and T;; = Ty for
I1<i,i’<nand 1<j<N.

The extension that will be discussed in this section is also applicable to the case that the vector of
observation times T; are independent and identically distributed with N; = Nand T; j.1—T; ; =
T;, j+1—T; jr, whichis in fact a case that lies between random unbalanced and fixed equally spaced
designs.

For the general result in Theorem 1, the weighted averages ¥ ;,, should be re-defined by

1 no Y t—T;
Wi = —rr O 2 Vil Y Ka ().

i=1 j=1

Assumption (B3) now becomes
(B3*) b — 0, nNb"t! — 00, BN — 0 and nNb**! — 42 with 0<d < oo.
Then in analogy to the proof of Theorem 1 with appropriate modifications, Theorem 1 is still valid
if the assumptions (A1*), (B1.1)—(B2.2), (B3*), and (B4.1)—(B4.2) hold.
For the general result of two-dimensional smoothing in Theorem 2, one modifies assumption
(C3) as follows:
(C3*) h — 0,nN2h"*2 — 0, AN3 — 0, and nN (N — Dh2*+2 5 02 for 0<e < oo.
Then Theorem 2 holds under assumptions (A1*), (C1.1)—(B2.2), (C3*), and (C4.1)—-(C4.2).
Therefore, Theorems 1 and 2 can be applied to obtain asymptotic distributions of kernel-based
estimators for the mean and covariance functions under fixed equally spaced design. For instance,
the asymptotic normal distributions of the local linear estimators fi; (¢) and 6L (s, t) are similar to
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those in Corollaries 3 and 4, with f (¢) replaced by 1/|7| and f (s, t) replaced by 1/|7|?, where
|'T]| is the length of the interval.

5. Simulation study

A numerical study is conducted to evaluate the derived asymptotic properties. The key finding
in this paper is that the asymptotic results for functional or longitudinal are comparable to those
obtained from independent data, i.e., the influence of within-subject covariance does not play
significant role in determining the asymptotic bias and variance. For simplicity, we focus on the
local polynomial mean estimators which are often superior to the Nadaraya—Waston estimators.

We first generated M = 200 samples consisting of n = 50 i.i.d. random trajectories each.
Following model (1), the simulated process has a mean function u(t) = (t — 1 /2)%,0<1<1
which has a constant second derivative £®)(r) = 2, and a constant within-subject covariance

function derived from a random intercept &; - N(0, 1), where 4; = 0.01 and¢p,(r) = 1,

0<t< 1. The measurement error in (1) was set ¢; LR N(0, 6%), where 62 = 0.01. A random
design was used, where the numbers of observations for each subject N; were chosen from
{2, 3, 4, 5} with equal likelihood and the locations of the observations were uniformly distributed

. id. .
on [0, 1], ie., T;; g~ U10, 1]. For comparison, we generated M = 200 samples of n = 50
i.i.d. random trajectories which have the same structure as in model (1) but no within-subject

correlation. Letting &;; = 0 and &;; S N (0, v/ A1 + d2) leads to independent data with the same
mean and variance functions. Therefore, the two sets of data have the same asymptotic distribution
for the local polynomial mean estimators. We also generated M = 200 correlated and independent
samples, respectively, consisting of n = 200 trajectories each for demonstrating the asymptotic
behavior with the increasing sample size n.

Here we use the Epanechnikov kernel function, i.e., K1(u) = 3/4(1 — uz)l[_l,l](u), where
14(u) = 1if u € A and O otherwise for any set A. Note that n(EN)b*+1 — 4% in (B3),
@) = 2, var(Y|T = 1) = 21 + ¢*> = 0.02, and the design density f(r) = 1, where
k = 2 for local polynomial estimators and b is the bandwidth used for the mean estimation.
From the above construction, one can calculate the asymptotic variance and bias of the local
polynomial mean estimators i (¢) using Corollary 2 which is in fact applicable for both correlated
and independent data. Since the bias and variance terms are both constant in our simulation
framework, for convenience we compare the asymptotic integrated squared bias and variance
with the empirical integrated squared bias and variance obtained using Monte Carlo average from
M = 200 simulated samples based on fol E[{fy (1) — u(®))?1dt = fol{,&L(t) — Elfy ()]} dt +

fol {Elp ()] — w(t)}? dt. The asymptotic integrated squared bias and variance are given by

0.02 x ||K1 ||
nNb
and the asymptotic integrated mean squared error AIMSE = AIBIAS + AIVAR, where o‘%(l =
JulKi(w)du, |Kil|*> = [ K}u)du and N = (1/n) Y'_, N;, while the empirical integrated
squared bias, variance and mean squared error are denoted by EIBIAS, EIVAR and EIMSE,
The asymptotic and empirical quantities, such as the integrated squared bias, variance and mean
squared error, are shown in Fig. 1 for the correlated/independent data with sample size n = 50/n =
200, respectively. From Fig. 1, it is obvious that the asymptotic approximation is improved by
increasing the sample size. The asymptotic quantities AIBIAS, AIVAR and AIMSE agree with the

1
AIBIAS = S0, b*,  AIVAR = (20)
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Fig. 1. Shown are the empirical quantities (solid, including EIBIAS, EIVAR, EIMSE) and asymptotic quantities (dashed,
including AIBIAS, AIVAR, AIMSE) versus log(b) for correlated (left panels) and independent (right panels) data with
different sample sizes n = 50 (top panels) and n = 200 (bottom panels), where b is the bandwidth used in the smoothing.
In each panel, the integrated squared bias is the one with increasing pattern, the integrated variance is the one with
decreasing pattern, and they cross each other, while the integrated mean squared error, which is larger than both integrated
squared bias and variance for any bandwidth b, usually decreases first and then increases after reaching a minimum.

empirical quantities EIBIAS, EIVAR and EIMSE for both correlated and independent data. For
the simulated data with the same sample size n, such asymptotic approximations for correlated and
independent data are well comparable in pattern and magnitude. This provides the evidence that
the within-subject correlation indeed does not have obvious influence on the asymptotic behavior
of the local polynomial estimators compared to the standard rate obtained from independent data,
which is consistent with our theoretical derivations.

6. Discussion

In this paper, the asymptotic distributions of kernel-based nonparametric regression estimators
for functional or longitudinal data are studied. In particular, it derives general results for asymptotic
distributions of real-valued functions with arguments which are functionals formed by weighted
averages obtained from longitudinal or functional data. These asymptotic distribution results are
comparable to those obtained from identically distributed and independent data. The conditions
for the validity of local property of kernel-based estimators are provided in (B3), (C3), (B3*)
and (C3*) with the presence of within-subject correlation in such data, under random unbalanced
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design described in (A1.1) and (A1.2), fixed equally spaced design described in (A1*), and some
case lying between them. The proposed results could also be extended to more complicated cases,
such as “panel data” where observations for different subjects are obtained at a series of common
time points during a longitudinal follow-up. If considering random design, the density of the jth
observation time 7; could be assumed to be f;(¢), then the results are readily applied to this case
with appropriate modifications with respect to the different marginal densities.

The general asymptotic distribution results in univariate and bivariate smoothing settings are
applied to the kernel-based estimators of the mean and covariance functions, which yields asymp-
totic normal distributions of these estimators. To the best of our knowledge, there are no asymptotic
distribution results available in literature for nonparametric estimators of covariance function ob-
tained from observed noisy longitudinal or functional data. This provides theoretical basis and
practical guidance for the nonparametric analysis of functional or longitudinal data with impor-
tant potential applications that are based on the asymptotic distributions. For example, asymptotic
confidence bands or regions for the regression curve or the covariance surface can be constructed
based on their asymptotic distributions. Since, due to their heavy computational load, commonly
used procedures (such as cross-validation) for bandwidth selection in two-dimensional settings
are not feasible, one important research problem is to seek efficient approaches for choosing such
smoothing parameters. Also functional principal component analysis, an increasingly popular tool
for functional data analysis, is based on eigen-decomposition of the estimated covariance func-
tion. Thus, the influence of the asymptotic properties of covariance estimators on the estimated
eigenfunctions is another potential research of interest.
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