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Abstract

We model the Alzheimer’s disease-related phenotype
response variables observed on irregular time points
in longitudinal Genome-Wide Association Studies as
sparse functional data and propose nonparametric test
procedures to detect functional genotype effects while
controlling the confounding effects of environmen-
tal covariates. Our new functional analysis of covari-
ance tests are based on a seemingly unrelated kernel
smoother, which takes into account the within-subject
temporal correlations, and thus enjoy improved power
over existing functional tests. We show that the proposed
test combined with a uniformly consistent nonparamet-
ric covariance function estimator enjoys the Wilks phe-
nomenon and is minimax most powerful. Data used in
the preparation of this article were obtained from the
Alzheimer’s Disease Neuroimaging Initiative database,
where an application of the proposed test lead to the dis-
covery of new genes that may be related to Alzheimer’s
disease.
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1 | INTRODUCTION

Genome-wide association studies, GWAS, have been successfully used to associate diseases
or traits with genetic variants defined by Single Nucleotide Polymorphisms (SNPs) (Visscher
et al., 2017). A commonly used approach is to perform SNP-level hypothesis tests with multiple
comparison adjustments (Fadista et al., 2016). The vast majority of the GWAS literature focuses
on analyzing phenotypes measured at a single time, however, in many aging studies phenotypes
are repeatedly measured over years where the measurement times are irregular and subject spe-
cific. One example of such studies comes from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI), where both longitudinal Alzheimer phenotypes and SNP-level genotypes are available
for all subjects. The longitudinal phenotype responses can be naturally modeled as functional
data (Ramsay & Silverman, 2005) and it is of scientific interest to test if the mean phenotype
trajectories differ across different genotypes.

Let Yy ;(¢) be the phenotype of the ith subject in the kth genotype group, observed attimet € T,
i=1,...,n, k=1, ...,q, where T is a closed time interval and q is the number of genotypes.
Denote n = Zzlnk as the total sample size. Suppose Xi;(f) is a p-dimensional subject-specific
covariate vector which represents confounding environmental effects and can be time dependent.
Denote pi(t) = E {Yi.i(t)|Xii(t) } and assume

g} = X (OB + 6i(0), €]

where g(-) is a known monotonic and differentiable link function, g is a p-vector of unknown
coefficients and 6x(-) is an unknown smooth function representing the mean trend of the pheno-
type in the kth genotype group. In the ADNI data, one of the most important Alzheimer-related
phenotypes is the hippocampal volume, the decay of which is known to be related to memory loss
(Schulff et al., 2009), and the genotypes are AA, AB, or BB defined by the two alleles of a SNP.

Model (1) is closely related to functional analysis of variance models since the treatment effect
for genotype k is represented by a nonparametric function 6, (t). Some recent literature on func-
tional analysis of variance models under various designs includes (Brumback & Rice, 1998; Zhou
et al., 2010; Xu et al., 2018). Unlike most papers on semiparametric regression problems, which
focus on inference on the parametric component (Wang et al., 2005), the parameter § in (1) is
mainly used to control the confounding effects of the covariates, and our primary interest is to
make inference on the functional genotype effects ;’s. Specifically, we are interested in testing
the following nonparametric hypotheses

Hy:60,=---=6; versus H; : notall Ql’cs are the same. 2)

In the ADNI example, a SNP is disease related if 6 (t)’s are different across the genotypes defined
by the SNP.

Most existing work on functional analysis of variance tests consider dense functional data
with Gaussian-type responses, where observations on each curve are made on a dense grid. A
good summary of these methods are provided by Zhang (2013) (Reimherr and Nicolae (2014)
and Huang et al. (2017) also applied similar test procedures in genetic studies. There are a few
common restrictions of these methods. First, their test statistics were based on the integrated
square error rather than the likelihood; second, within-subject temporal correlations were not
taken into account in their test statistics, which leads to loss of statistical power; third, the
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available asymptotic theories were developed for dense functional data, which lead to y? mix-
ture limiting distributions for the test statistics, and are not applicable to sparse longitudinal
data.

Many longitudinal data, observed on irregular time points and with substantial measurement
errors, can be treated as sparse functional data (Yao et al., 2005; Hall et al., 2006; Zhang and
Wang, 2016). Existence of within-subject correlations is a fundamental issue in functional or lon-
gitudinal data analysis, since methods taking into account correlation are generally more efficient
than those do not. There has been a lot of recent work on modeling covariance of longitudinal
data (Fan & Wu, 2008), and improving estimation efficiency of nonparametric regression using
correlation information (Wang et al., 2005). However, these results have not been used to improve
the power of nonparametric tests. In longitudinal GWAS, SNP-level tests are performed for hun-
dreds of thousands of SNPs, and the multiple comparison adjustments often lead to conservative
test results. It is therefore even more critical to improve the power of functional tests in order to
achieve the genome-wide significance level (Liu & Lin, 2017).

More recently, Tang et al. (2016) studied model (1) under a longitudinal clinical trial setting
and proposed a generalized quasi-likelihood ratio (GQLR) test for hypotheses (2). Their test is
an extension of the generalized likelihood ratio test, originally proposed for various nonpara-
metric models on independent data, including the varying coefficient models (Fan et al., 2001;
Li and Liang, 2008) and the additive models (Fan & Jiang, 2005). See Gonzalez-Manteiga and
Crujeiras (2013) for a comprehensive review of these test procedures. The test proposed by Tang
et al. (2016) is based on the classic kernel estimators, also referred to as “working indepen-
dent” (WI) estimators by Lin and Carroll (2001), and suffers from low statistical power as we
will demonstrate in this paper. When applied to longitudinal GWAS data, the WI test of Tang
et al. (2016) fails to detect many important genes that have already been documented in the
literature.

We propose to estimate model (1) by a profile estimating equation method based on the seem-
ingly unrelated kernel (Wang et al., 2005) and to build a nonparametric test for (2) that takes into
account the within-subject correlation. It is known that the seemingly unrelated kernel leads to
more efficient nonparametric estimators, but so far it has been neither applied to the functional
analysis of variance models nor used to build a nonparametric test. We show the proposed test is
minimax most powerful when the covariance structure is correctly specified and is more power-
ful than existing tests. We provide practical strategies to estimate the within-subject covariance
nonparametrically and a bootstrap procedure to consistently estimate the null distribution of the
test statistic. We also show that the proposed test enjoys a property called the Wilks phenomenon
(Fan et al., 2001), that the null distribution of the test statistic does not depend on the unknown
model parameters. This important property makes it practical to perform functional tests to longi-
tudinal GWAS data, saving us from repeating the bootstrap procedure on hundreds of thousands
of SNPs.

There has also been some recent work applying functional data analysis on the ADNI brain
image data. Wang and Zhu (2017) studied a regression model using the 2-dim magnetic reso-
nance image of the brain as a functional predictor to predict the Alzheimer’s disease (AD) status;
Li et al. (2017) modeled the DTI fractional anisotropy on corpus callosum, a fiber tract in human
brain, as a functional response and regressed it against disease status and other subject-specific
covariates. Both papers considered dense functional data on regular grid points, extracted from a
brain image during one clinic visit, and neither considered genetic information. In contrast, the
data we analyze are longitudinal phenotypes, measured on sparse, irregular time points, which
provide more information on the decline of cognitive functions and thus increase the chance of
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identifying Alzheimer-related genes. Xu et al. (2014) also proposed SNP-level hypothesis testing
methods for longitudinal GWAS data, but their methods were based on linear mixed models with
strong parametric assumptions. Song et al. (2014) and Chu et al. (2020) also considered simi-
lar models as (1) using spline methods. However, they focused on feature selection rather than
hypothesis testing.

The rest of the paper is organized as follows. In Section 2, we describe the estimation pro-
cedures under both the null and alternative hypotheses. In Section 3, we propose the seemly
unrelated kernel-based functional analysis of covariance test and study its asymptotic properties,
including its asymptotic null distribution, Wilks phenomenon, local power, and its minimax opti-
mality. We discuss some implementation issues in Section 4, including covariance estimation,
bootstrap procedure and its consistency. We then illustrate the proposed methodology by sim-
ulation studies in Section 5, and analyze the ADNI data in Section 6. Finally, some concluding
remarks and discussions are provided in Section 7. Technical proofs and additional data analysis
results are collected in Appendix S1.

2 | ESTIMATION PROCEDURE

Although Model (1) is defined in continuum, observations on Yj;(¢) and X ;(¢) are, in practice,
made on discrete and subject-specific time points. Let Ti; = (Txi1,- - - » Tk,imkj)T be the random
observation time points for subject i with genotype k, where my; is the number of repeated mea-
surements. Denote Yii = (Yicir, -+ » Yiim,)'» i = (Hkis -+ > Hicim )" Xiei = Kicins -+ » Xicim, )T
where Yk,ij = Yk,i(Tk,ij)7 Hk,ij = ,uk,,-(Tk,ij) and Xk,ij = Xk,i(Tk,ij)- Define €k,ij = Yk,ij = Hk,ij» and con-
sider ex; = (e, --- » €kimy, )T as discrete observations on a longitudinal process e ;(f).

We assume the conditional covariance of Yj ;(t) is a bivariate function

R(tl, tz) = Ccov {Ek,i(tl)7 €k,i(t2)} , for any i, € T. (3)

Note that the assumption of the covariance structures being the same across treatment groups
is common in analysis of variance. Let Xy ; = cov(Yy;|Xy;, Ti;) = {R(Tr» Tk,ij/)}zi‘il be the
subject-specific covariance matrices. Since the true covariance function R is unknown, the covari-
ance model V(t;, t;) adopted in data analysis is commonly referred to as a “working” covariance,
which is subject to misspecification. Historically, a working covariance model is usually assumed
to be a member of a parametric family, such as the Matérn family. Let Vi ; = { V(T , Tk,ij/)};j.f‘il
be the “working” covariance matrix for subject (k, i), which is the interpolation of the continu-
ous covariance function ¥ on the subject-specific time points. The simplest working covariance is
working independence, that is, Xy ; = I, . It is known that misspecified working covariance can
still lead to consistent but inefficient estimators (Wang et al., 2005). More discussions on covari-
ance modeling and estimation for irregular longitudinal data are provided in Section 4.1. We refer
to the models under the null and alternative hypotheses in (2) as the reduced and full models,

respectively.

2.1 | Estimation under both the null and alternative hypotheses

To estimate the full model, we extend the profile kernel estimating equation approach of Wang
et al. (2005) to the multiple treatment group setting. Let K(-) be a kernel function, h be the
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bandwidth, and denote K (t) = h™'K(t/h). Following Wang et al. (2005), let Gy ;;(t) be an my; X 2
matrix with the jth row being {1, (Ti; — t)/h} and rest of the entries 0. The full model estimators
are obtained by iterating between the following two steps.

Step 1 (Seemingly unrelated kernel estimator): By Taylor’s expansion, for any Ty; in a
neighborhood & of t, 6(Ty) ~ ao + ar(Ty — 1)/h, Where & = (a0, a)" = {B(). ho"()}7 are the
coefficients of the local polynomial. Let Gp,k(') be the current estimator of 6i(-). For a given g,
update ap’k(t; B) by @y(t; B), where @ = {@(t, ), a1(t, B) }T is the solution of

n My

0= ZZKh(Tklj - t)ﬂ(l) (B, a)GkU(t) [Yk,i - {tst,ia Tk,bﬁ’a’gF,k(Tk,i;ﬁ)}] )

i=1 j=1

Here, u* {t Xii» Tri, B, @, 51: (Teis ,B)} is a vector of dimension my; with the Ith element being
llﬁ +I(l = plao + a1 (Tiyy — /L)) + I #])HF Tk, B ,u(l) (B, @) is the first derivative of
the function u(-) = g~!(-) evaluated at kgﬂ +ap + ay {(Ty 5 — t)/h}

Step 2 (Profile estimating equation): Then ﬁF is updated by solving the estimating equation
pooling all treatment groups together

n

1 %9 {Xklﬁ‘l'eFk(Tklvﬁ)}T
0=y >

VE} [Yk,i —H {Xk,iﬁ +Ork(Tkis B) }] . (5)

k=1i=1 'B

One may use the working independent estlmators of L1n and Carroll (2001) as the initial values.
At convergence, denote the final estimators as ﬂF and HF ()= 9F k(- ﬂF)

Solving local estimating Equation (4) requires iteratively reweighted least square steps for each
t, but when g(-) is the identity link a closed form solution is given by

Or.i(t: ) = HL(O(Yr — Xi ), (6)

where Y, and Xy are the response vector and the covariate design matrix pooling all
subjects within group k together and HT(t) is a linear smoother described in propo-

sition 1 in Lin et al. (2004). Denote v’ as the (j,Z)th element in V N = 2.5 M,

Te={Tey j=1, ... .mpy; i=1, ...} and Vi = diag(Vic, -.. , Vie,)- Let Ve = dlag(V 1y
be the diagonal matrix containing all diagonal elements in Vl Defme Kn(t) =
X Zm’”Kh(Tk,ij - t)val.}‘lKh(Tk —t) as an Ni-vector and ]Kwh = {Kwn(Tkin)s --- >
Kwh(Tk,,k mk,nk)} as an Ng X N; matrix evaluating K,,(t) on Ty, then H(t)=
K., (OfT+ (V! = VDK, } 7'V, L By (6), it is easy to see (0051 /0B)(t; B) = —H, ()X}, and the
solution for (5) is

-1
4 - N 4 - N
e = <ZX,{VI:1X,{) <ZXkV;1Yk>, ™)

k=1 k=1

where Xk =0 - Hp)Xg, Yk =0- Hk)Yk, and Hi is the matrix evaluating Hy(-) at T.
The reduced model estimators, z and Ox(1), can be estimated by the same procedure assigning
all subject into the same group.
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2.2 | Asymptotic properties of the estimators

We first investigate the asymptotic properties of the profile-kernel estimators of f and 6x(t) under
both the full and reduced models. Denote the true parameters as f, and Oy (t), k =1, ... ,q. For
ease of exposition, we assume m;; = m < oo for all k and i. For situations where the numbers of
repeated measurements are unequal, a common practice is to model my; as independent real-
izations of a positive random variable m, and essentially the same results can be derived. We
assume that the observation times T} ; are independent random variables on a compact inter-
val 7, with a density f(¢) > 0 for all £ € 7, and there exist constants 0 < py, ... , pg < 1 such that
Z:l pr = 1 and ny/n — pr = Op(n~'/?). In an observational study such as the ADNI, suppose the
subjects are random samples from a target population, py is the population portion of genotype
k, then (ny, ... , ny) follows a multinomial distribution, E(nx/n — pr)* = pe(1 — pr)/n and hence
the assumption n/n — pr = Op(n~Y/?) is satisfied.
Under our framework, the true and working covariance matrices X ; and Vj; are independent
realizations of random matrices X, and Vj, respectively, because they are the same covariance
functions R and V interpolated on independent and identically distributed time vectors T} ;. Sim-

ilarly, Ag; = diag{ ;41({1?_ } j’i , are independent copies of the random matrix Ax. Denote oy ¢, vf and

ij
Ay je as the (j, £)th element in Xy, V;l and Ay, respectively. When the response variables are
non-Gaussian, Xk, Vi and A, depend on the mean structure and hence might be different between
treatment groups. Under the null hypothesis in (2), however, all groups are identical and X, = X,

Vi = Vand A, = A for all k. In addition, we make the following assumptions.

(C1) Assume that Oko(-),k = 1,- - - , g, are twice continuously differentiable on 7. Define Bix(f) =
Zj";E [Aid.jv’; | Ti1; = t1f(¢) and By (t) = Z=1 pkBik(t), and assume these functions are Lips-

chitz continuous.

(C2) The kernel function K(-) is a symmetric continuous probability density function on [—1,1]
with [ K(H)*dt = 1 and vg = [ K*(t)dt < oo.

(C3) Assume h — 0asn — oo, such that nh® — 0 and nh/log(1/h) — .

The reduced model under the null hypothesis in (2) is a generalized partially linear model,
the properties of which are studied in Wang et al. (2005) and summarized in the following
proposition.

Proposition 1. Under Hy : 610(t) = - - - = O40(t) = 0o(t) and assumptions above,

~ 2 A
Or(t) — 6o(t) = %b*(l‘) — @r(O(Br — By) + Ur(t) + Mg(1)
+ 0p[h? + {log(n)/nh}/? + n~1/2], ®)

where  Ui() = (nBy(®) " Zi_, T2 3 KT — 0y { Elvieca | Ma(®) = (nByo))

i "
XZZ=1Z?:I(1ZJ'VZ1M&)]'{QL*(L Tk,ij)Z;ilvlk‘iek,il +V]}iiQ2,*(t, Tk,ij)ek,ij}: and ¢R(t), b*(t)) Ql,* and QZ,*

are defined in Appendix A.1. In addition,
Br = Bo = D' Ex + 0p(n”'/?), ©)

~T ~ ~T ~
where Dp = EX AV'AX), &g = n7' Y1 3% Xi Awi Vi exi and Xii = Xii — @r(Th).
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Adopting similar derivations in the multiple-group setting, we get the asymptotic expansions
of the full model estimators.

Proposition 2. Under the full model and assumptions above,

A~ 2 ~
Ork(t) — Oro(t) = %bk*(t) = @ri(O(Br — Bo) + Ur(t) + Mpi(t)
+0,[W? + {log(n)/nh}'/? + n71/7], (10)

where  Uri() = (miBue®) ™ X%, 3 Kn( Ty — Diy) (E?iﬂ,’f,iek,u), M i(t) = {mBi(t)} ! x

. )
X D Mo Qe (8, Teg) X,V et +Vy Qe (8, Tiegé},and @p (D), b (8), Qi and Qi are
defined in Appendix A.1. In addition,

3F — Bo = D' Er + 0p(n71/?), (11)

~T ~ ~T ~
where Dp = Y1 pEQGAV ' AXY), Er =n 'Yl T XiihiVi e and  Xi = Xii —
@ (Ti).

When Hj in (2) holds, the full and reduced models are identical, ﬁF and 312 have the same first
order asymptotic expansion and f — B = 0,(n"1/2).

3 | FUNCTIONAL ANALYSIS OF COVARIANCE TEST
3.1 | Testprocedure and the asymptotic null distribution

We now address the hypothesis testing problem in (2). Our test procedure is based on
quasi-likelihoods (McCullagh & Nelder, 1989), which only require correctly specifying the mean
structure. A quasi-likelihood function Q satisfies

QWY
o =V (¥Y-w,

where Y is the response vector within a subject, u = g~*{XB + 0(T)} is the conditional mean vec-
tor in model (1) and V is the working covariance assumed to be the same as the one used in
estimation. Our proposed test is based on a GQLR test statistic

q "y

In= Y3 (Qlg™ (XeiBr + Brea(Te). Yii - Olg™ (Xiiy + BT}, Vil ). (12)

k=1i=1

The following theorem provides the asymptotic distribution of 4, under Hy, the proof of which
is provided in Appendix A.2.

Theorem 1. Under the assumptions outlined above, further assume

By(t) = Y E{ALNVTEV YT, = 0} (@), (13)

J=1
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is Lipschitz continuous in t, then under the null hypothesis Hy in (2),
6, {An — pn —d,} — Normal (0,1) in distribution, as n — oo,

where dn = 0p(h™/?), pp = (g — Dh™{K(0) — vi/2} [; Bx(t)/Bi()dt + Op(1), o7 =2(q— Dh™*
xwy [, Bi(t)/Bi(t)dt + Op(1), wx = [ {K(u) —%K * K(u) )2 du, and K = K(t) = [~ K(9)K(t — s)ds
is the convolution of the kernel function.

Remark 1. Fan et al. (2001) showed that the generalized likelihood ratio test enjoys a property
called the Wilks phenomenon, that is, the asymptotic distribution of the test statistic under the
null hypothesis does not depend on the value of the unknown parameters. Indeed, when the like-
lihood function is used and correctly specified, this property holds for a wide range of problems.
As shown in Theorem 1, the asymptotic distribution of 4, in our problem, however, depends on
parameters in the true and working covariance structures. Since the working covariance is often
misspecified under longitudinal/ functional data settings, the Wilks phenomenon does not hold
in general for the GQLR test.

Remark 2. Under the special case where the working covariance is equal to the true covariance,
the asymptotic distribution of 4, does not depend on nuisance parameters, as shown in the fol-
lowing corollary, and hence the Wilks phenomenon holds. The issue of consistently estimating
the covariance function is deferred to Section 4.

Corollary 1. Under the setting of Theorem 1, if V =X,
Gpi{An — pne — dp.} = Normal (0,1) in distribution, as n — oo,

where dp, = 0p(h™1/2), pp, = (g — DT | {K(0) — vic/2}, 62, = 2(q — DAY T |w.

Remark 3. The result in Corollary 1 implies a rescaled version of A, can be approximated by
a y? distribution with a degree of freedom diverging to infinity in the rate of O(h~'). Specif-

ically, rg A, follows an asymptotic y? distribution with rgpu,. degrees of freedom, where ry =
K(0)—vy /2
[ {K()—-0.5K=K()}2dt

3.2 | Minimax power of the functional analysis of variance test

To study the power of the proposed test, consider a local alternative hypothesis

q
Hip @ 6k(t) = 60(t) + Skn(),  k=1,...,q, with Zkakn(l) =0, (14)
k=1

where Sy, (t) are twice continuously differentiable functions with sup,c; |Sk.(t)] = 0 as n - .
The asymptotic distribution of the GQLR test statistic 4, under the local alternative Hy, is given
in Theorem 2.

Theorem 2. Under assumptions in Section 3.1 and the local alternative (14), denote uy, =

e D BASE (Tk) AV, AriSin(T) ), and assume

h Xy, = Cs < . (15)
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for some constant Cs > 0, then
67 { An — pn — p1n} — Normal (0,1) in distribution, as n — oo,

where o7, = o7 + X1 3" BAS] (Ti)Axi Vi ZkiVio i AkiSin(Ti) ), and p, and o, are defined in
Theorem 1.

An approximate level-a test is to reject the null hypothesis if 4, — u, > z,05, Where z, is the
upper 100 X a percentile of Normal(0, 1). Define the class of functions

q
Sn(0) =[Sy = (Sins - - Sn)™ © D\ BLS, (TAEL AcSin(Ti)} > 01,
k=1

where ¢ measures the size of the local signal. As shown in Fan et al. (2001), these nonparametric
tests have nontrivial power for local signals of size ¢}, = n~*° when the bandwidth is h}; = ¢*n=2/°
for a constant c*. The rate ¢}, is referred to as the minimax rate (Ingster, 1993). Following similar
arguments, it is easy to show that the class of quasi-likelihood ratio tests proposed in this paper
enjoy the same minimax power rate.

We now want to show that, within the class of proposed tests, the power of the test is minimax
optimal when the working covariance is correctly specified. To simplify our arguments, we focus
on the case where g(-) is an identity link and hence Ay = I. Suppose V is a bivariate working
covariance function and Vj; is the working covariance matrix evaluating V on the observation
times Ty ;. For a local signal S, = (S, ... ,Sqn)T € S,(0;;) and bandwidth chosen at hj;, we have
o2 =0} x {1+ 0p(1)} and the Type II error of the test based on working covariance V is

1n

P{An = pin < ZaOn} = Ba(Sn, V) + 0p(1), (16)

where B,(S,, V) = ®(2, — 6, 1) with ®(-) being the cumulative distribution function of
Normal(0, 1). The minimax optimality of our test under correctly specified working covariance is
shown in the following theorem, the proof of which is in Appendix A.4.

Theorem 3. Under assumptions of Theorem 2 and identity link, with bandwidth chosen at h* =
c*n=2/° for a constant c*,

min max B,(S,, V)= max B,(S,,R),
vV S,ES,(0) €S,(0})

where R is the true covariance as described in (3).

Theorem 3 implies that, among all working covariance models, the maximum asymptotic Type
II error is minimized when the true covariance function is used. Since the working independent
test advocated by Tang et al. (2016) is a special case of our test with V = £¢, where £¢ is a diagonal
matrix with correctly specified variance on the diagonal, our test is more powerful than that of
Tang et al. (2016) in the minimax sense.

Remark 4. Theorem 3 also implies that, in order to enjoy the minimax optimal power, some
degree of undersmoothing is needed. It is well-known that cross-validation estimates the opti-
mal bandwidth for estimation, which is of order n~1/5 (Xia & Li, 2002). To make the bandwidth
follow the optimal order n=2/° for hypothesis testing, we propose to multiply the cross-validated
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bandwidth by a factor n=1/45. As shown in the empirical studies of Fan and Jiang (2005), the
hypothesis test results are quite robust against the choice of h as long as it is in the right order.

4 | IMPLEMENTATION ISSUES
41 | Covariance estimation

Theorem 3 stresses the importance of correctly specifying the within-subject covariance structure
in order to achieve the optimal power. Wang et al. (2005) limited their discussions to parametric
covariance structures. Since then, there have been a lot of new developments on semiparametric
and nonparametric covariance estimation methods, that can more flexibly model covariance func-
tions of longitudinal data with irregular time. We now briefly describe two mainstream methods,
the performance of which will be further evaluated in our simulation studies.

Fan and Wu (2008) proposed a semiparametric model for R via the decomposition R(t, t;) =
o(t1)o(ty)p(t1, ty; y), where o2(t) is a nonparametric variance function and p(-,-) is a correlation
function from a known parametric family with parameter y. An example of parametric correlation
function is the ARMA(1, 1) correlation

p(s, b y) = y1exp(—|s — t|/y2)I(s # t) + I(s = 1), 17)

which is also a member of the Matérn family with a nugget effect. They proposed to estimate
variance function by a kernel estimator 52(t) smoothing the squared residuals of a pilot fit, and
then estimate the correlation parameter y using a quasi-maximum likelihood estimator (QMLE)

q "y
N 1
7 =argmax, — 3 3 {108 Vi) + (Vi = i) "V ) (Ve = i) § (18)
k=1i=1

where u,; are substituted by consistent pilot estimators (e.g. the working indepen-
dent estimators), Vi;(y) is a within-subject covariance matrix with the (j,j/)th entry
6(Ti)6(Ti iy )p(Tr . Try; ¥). When the parametric model on p is correctly specified, Fan and
Wu (2008) showed that 7 in (18) is root-n consistent, and hence estimator of the covariance
function R is uniformly consistent. However, as shown in Li (2011), a misspecified model on p
can lead to loss of statistical efficiency.

An alternative method is to model the covariance function nonparametrically, which is the
mainstream method in functional data analysis (Li & Hsing, 2010; Yao et al., 2005; Zhang &
Wang, 2016). We assume R(f1,t) = Ro(t1, &) + o—ﬁug(tl)I(tl = 1), Where Ry(t1,t,) is a smooth,
positive semi-definite, bivariate function and arzmg(t) is the nugget effect representing the vari-
ance function of measurement errors. Both the smooth covariance R(t1, t;) and the marginal
variance ¢2(t) = Ro(t, 1) + aﬁug(t) can be estimated using kernel smoothing on the residuals
from a pilot fit of the full model. We refer the readers to Li (2011) for detailed algorithms
on nonparametric covariance estimation. We then interpolate the estimated covariance func-
tion on the subject-specific observation times to get the within-subject covariance matrices
Sii = (Ro(Tiij Teg)IG # 7)) + 62(Ti)I( = j’)};;i‘il. Following the arguments in Li (2011), the
estimated covariance 7A€(t1,t2) is uniformly consistent to the true covariance on 72, and, by
substituting V with S, the proposed GQLR test has the optimal asymptotic power as if the true
covariance is known.
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4.2 | Evaluating the null distribution with bootstrap

As demonstrated by Mammen (1993), the null distribution of a nonparametric test statistic
converges to its limit very slowly; under a moderate sample size, resampling methods are
recommended to evaluate the distribution of 4,. We extend the wild bootstrap procedure of
Mammen (1993) to our longitudinal/ functional data setting:

Step 1. Obtain a pilot fit of the full model assuming working independence, and estimate the
variance and covariance functions from the residuals, using a method described in Section 4.1.

Step 2. Estimate both the full and reduced models using the seemingly unrelated kernel profile
estimators described in Section 2, substituting Vi ; with estimated covariance f‘.k,i, and evaluate
the test statistic A,,.

Step 3. For the bth bootstrap sample, regenerate the response from the reduced model Yi!l. =

gHX], Br+ 0r(Ti)} + ei ,» Where €’ = wy €, €r;’s are the full model residuals obtained from

ki
Step 2 the and wy;’s are independent Rademacher variables with P(wx; = 1) = P(wk; = —1) = 0.5.
Step 4. Calculate the test statistic /12 from the bootstrap samples {YZ 1> Xk is Ty} using the same

procedure as for the original data, and repeat the bootstrap a large number B times.
Step 5. The estimated p-value is the percentage of A? that are greater than A,,.

Note that in Step 3 we preserve the within-subject covariance structure by multiplying the
residuals within a subject with the same perturbation factor. The following theorem establishes
the consistency of our bootstrap procedure by showing that, conditioning on observed data
X = {(Xi» Tr) }, the bootstrap test statistic 4; follows the same asymptotic distribution as 4, in
Theorem 1. The proof of Theorem 4 is relegated to Appendix A.5.

Theorem 4. Under the same assumptions for Theorem 1,
Plop" {4 — pn — dn} <x|X] > @(x) in probability for all x,

where oy, iy, and dy, are the same as defined in Theorem 1.

Remark 5. The bootstrap procedure proposed above is applicable to test a single hypothesis. We
encounter two technical difficulties when applying this procedure to multiple hypotheses testing
in GWAS data. First, it is computationally infeasible to run bootstrap for hundreds of thousands
of SNPs. Second, it requires a gigantic bootstrap sample to reach genome-wide significance levels
1077 (Fadista et al., 2016; Huang et al., 2017). To overcome these difficulties, we evoke the Wilk’s
phenomenon described in Corollary 1, which implies that the null distribution of the proposed
functional analysis of variance test is the same for all SNPs. We can perform the proposed wild
bootstrap procedure on some randomly selected SNPs, fit a y2 distribution to the bootstrap sample
using maximum likelihood estimation, and use the fitted y2 distribution to determine the p-values
for all SNPs.

5 | SIMULATION STUDIES
5.1 | Nulldistribution and Wilks phenomenon
We use simulations to demonstrate the proposed methods and validate the theoretical findings,

especially the Wilks phenomenon under the null hypothesis. We generate data from q = 4 treat-
ment groups with n; = 50 subjects in each group and m = 5 repeated measurements per subject.
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The responses are generated as Yy ; = Xixjf1 + Xoxib2 + Ok(Tij) + e, where Ty ; ~ Unif(0, 1),
Xikij = T+ Uy is a time varying covariate with Uy ~ Unif(—1,1), and X5y, is a binary,
time-invariant covariate that equals 0 or 1 with probability 0.5.

We examine the behavior of the proposed test under the null hypothesis i (t) = 0(¢) for all k,
and consider the following three scenarios with different settings of f and 6:

ScenarioI: f, =1, f, =1, 0y(t) = sin(2xt);
Scenario II:  p; =1, f, = —1, 6y(t) = sin(2xt);
Scenario III:  f;, = -1, f, =1, 0y(t) = cos(2rt).

We generate the errors e ; as discrete observations on a zero-mean Gaussian process e ()
and consider two covariance settings: (i) ARMA(1,1) covariance with 62(¢) = 0.5 and correla-
tion (17) with y = 0.75 and v = 1; (ii) a nonparametric covariance induced by the mixed model
€xij = Eokij + Zleéjlyk,,-d)l(Tk,ij), where &y jj, &1k ~ N(0,0.3) are independent random effects and
d1(t) = 2 + 0.5, () = sin(3xt), h3(t) = cos(3xt). Note that the covariance under setting (ii) can
be written as R(t1, ) = Z?=1w1¢1(t1)¢1(t2) + arzmggI(tl = t,), which is nonstationary and cannot
be represented by any “off-the-shelf” parametric covariance model, such as those in the Matérn
family.

For each combination of mean and covariance settings, we generate 200 datasets and apply
the proposed estimation and test procedures. For covariance estimation, we apply both methods
described in Section 4.1 for comparison: the semiparametric QMLE (Fan & Wu, 2008) assuming
that the correlation is from the ARMA (1,1) family and the nonparametric covariance estima-
tion method. The bandwidths are selected by the procedure described in Remark 4 using small
scale simulations and are then held fixed for massive simulations. For the test statistic, we use a
Gaussian quasi-likelihood Q(u, Y) = —(Y — )"V} (Y — p)/2, where Vis replaced with estimated
covariance.

Figure 1 shows the estimated density for A using kernel smoothing, under various mean and
covariance settings and using different covariance estimators. The top two panels show results
under covariance setting (i) where the true covariance is a member of the ARMA (1,1) family,
and the bottom panels correspond to covariance setting (ii). Panels in the left column are results
using nonparametric covariance estimators and the panels on the right hand side are based on
semiparametric covariance estimators using the QMLE method of Fan and Wu (2008).

In all four panels, the null distributions under the three scenarios are almost identical, which
corroborates our results in Theorem 1 that the null distribution does not depend on the true values
of B and 6,(t). Under setting (i), both covariance estimators consistently estimate the true covari-
ance function, and all densities in Panels (a) and (b) are almost identical, which corroborates our
results in Corollary 1 that, when the true covariance is used, the test enjoys the Wilks property
and the null distribution does not depend on the values of the nuisance parameters. In Figure S1,
we overlay the six curves in Panels (a) and (b) together, which clearly shows that they are very
close. We also perform a k-sample Anderson-Darling test which finds no significant difference
between the six distributions.

Under setting (ii), the semiparametric covariance estimator uses a misspecified covariance
structure. As a result, the densities in Panel (d) are different from those in Panel (c), which is con-
firmed by the k-sample Anderson-Darling test. This difference shows more clearly in Figure S2
where we overlay the two groups of curves in a single plot. This result also agrees with Theorem 1
that the distribution of 4 depends on the working covariance, should it be misspecified.
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FIGURE 1 Estimated densities for A under different settings and scenarios. Panels (a) and (b) are results
under covariance setting (i) where the true covariance is ARMA(1,1); Panels (c) and (d) are under setting (ii)
where the errors were generated from a mixed model with nonparametric factors. Panels (a) and (c) are based on
nonparametric covariance estimator; Panels (b) and (d) are based on quasi-maximum likelihood (QMLE)
assuming ARMA(1,1) covariance

5.2 | Power of the functional analysis of variance tests

To study the power of the proposed test, we adopt a similar setting as Scenario I in Section 5.1
and generate data from local alternative models with 6, (t) = 0y(t) — 26S(t), 02(t) = 0o(t) — 6S(t),
03(t) = 0o(t) + 6S(t) and 04(t) = 0y(t) + 26S(t), where S(¢t) = sin(6xt). The null hypothesis is true
when 6 = 0 and the model deviates further away from Hj as § increases.

We set 6 = {0,0.05,0.1,0.15,0.2,0.25}. For each value of § and each of the two covariance
settings described in Section 5.1, we simulate 200 datasets and apply the proposed tests based
on seemingly unrelated kernel smoothing under three different covariance structures: working
independence (equivalent to the test of Tang et al., 2016), semiparametric ARMA(1,1) covariance
and nonparametric covariance function estimated by kernel smoothing. For each test, the nom-
inal size is set at @ = 0.05 and the critical value is estimated by the wild bootstrap procedure in
Section 4.2 based on 1000 bootstrap samples. For comparison, we also adopt the functional F-test
of Zhang (2013) into our setting

B - Br(D)?de/(q — 1)
[ R, vyt '

F
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FIGURE 2 Empirical power of competing test procedures. NP, ARMA, and WI are the proposed
generalized quasi-likelihood ratio test based on different working covariance: nonparametric covariance
estimator, ARMA(1,1) and working independence. F-boot and F-asymp are F-tests based on bootstrap and
asymptotic theory. The horizontal dotted line is set at 0.05. (a) Covariance setting (i) (b) Covariance setting (ii)

where ﬁ(t, t) is the kernel estimator of the variance function described in Section 4.1. We
implement two versions of the F-test: F-asymp adopts its critical value from the asymptotic F
distribution described in chapter 5 of Zhang (2013), whereas the critical value for F-boot is esti-
mated by the bootstrap procedure described in Section 4.2. The empirical powers as functions of §
are the five tests as under consideration are shown in Figure 2, where the two panels correspond
to the two true covariance settings.

As we can see, the F-test based on asymptotic F distribution cannot hold its nominal
size: the real size of this test is lower than 0.05 under setting (i) and much higher than
0.05 under setting (ii). These results show that the asymptotic distribution of Zhang (2013)
developed for dense functional data does not apply to sparse longitudinal data. All tests
based on bootstrap hold their nominal size and are therefore legitimate. Among the four
bootstrap-based tests, F-boot is not based on the likelihood principle and is least powerful, fol-
lowed by the working independent version of the proposed test, which ignores the within-subject
correlations.

The two versions of the proposed test considering correlation are most powerful under
both settings. Under setting (i), both the nonparametric and the semiparametric covariance
estimator consistently estimate the true covariance. The two proposed tests based on dif-
ferent covariance estimators have almost identical power curves and both are much higher
than the working independent test. Specifically, at § = 0.1, the powers of the two pro-
posed tests are over four times that of the working independent test, indicating a huge
power gain by taking into account of correlations. Under setting (ii), the proposed test
combined with nonparametric covariance estimator has the highest power; the semipara-
metric covariance estimator based on a misspecified correlation model leads to reduced
power, even though the power of this test is still significantly higher than the other
tests.
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FIGURE 3 Twenty randomly selected hippocampal volume trajectories from the Alzheimer’s Disease
Neuroimaging Initiative cohort with log-transformed time

6 | APPLICATION TO THE ADNI DATA

The AD is an irreversible, progressive brain disorder that affects about 35.6 million people
around the world (Weiner et al., 2013). The ADNI, first launched in 2004 and then renewed
in 2009, is an NIH-funded longitudinal observational study, the goal of which is to develop
biomarkers to detect and track AD. The original ADNI cohort included a total of 800 subjects,
many of whom have repeated measurements on AD-related biomarkers over 10 years of fol-
lowups. More information on ADNI data collection protocol and open data access are available at
http://adni.loni.usc.edu.

Among the biomarkers considered in ADNI, there has been some documented evidence
that loss of hippocampal volume in human brain may be associated with memory loss and AD
(Schulff et al., 2009). In the ADNI cohort, 629 subjects have repeatedly measured hippocam-
pal volume using neuroimaging methods during the 10-year follow-up. The measurement times
are irregular and random, and the number of repeated measures per subject ranges between
2 and 11 with a median of 4. The distribution of observation time is highly skewed and
observations become increasingly sparse after year 6, we therefore take a log-transformation
to time and let ¢ = log(1+actual visit time), which brings the time domain to 7 = [0, 2.4]. In
Figure 3, we show 20 randomly selected hippocampal volume trajectories in log-transformed
time.

Genotype (AA, AB, or BB) of 311,417 SNPs were measured for the ADNI subjects. Our goal is
to identify the SNPs related to hippocampal volume loss by testing hypothesis (2) for each SNP.
Demographical variables including age, gender, years of education, race, and marital status are
considered as covariates in Model (1). Summary statistics of these covariates are provided in Table
S1 in Appendix S1.
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FIGURE 4 The empirical distributions (black sold line) and their y? approximations (red dashed line) by
the working independent method (the left panel) and nonparametric method (the right panel)
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FIGURE 5 Single nucleotide polymorphisms screening for the Alzheimer’s disease neuroimaging
initiative hippocampal volume data: (a) QQ plot of the p values, (b) the Manhatton plot

We first apply the working independent functional analysis of variance test of Tang et al. (2016)
to screen for the important SNPs. The bandwidth is selected using cross validations on 20 ran-
domly selected SNPs, the average of these selected bandwidths is adjusted by the procedure in
Remark 4 and then fixed for all SNPs. Following the procedure described in Section 4.2, we per-
form wild bootstrap on 20 randomly selected SNPs, with 1000 bootstrap samples for each SNP, and
fita y2 distribution to the combined bootstrap sample using maximum likelihood estimation. The
left panel of Figure 4 shows the empirical distribution of the combined bootstrap sample for the
working independent test statistic and its y? approximation. We then use the fitted y2 distribu-
tion to evaluate the p-values for all SNPs. At the 1077 significance level, the working independent
test detects three SNPs associated with hippocampal volume. Following Huang et al. (2017), we
also provide the QQ-plot and the Manhattan plot for the p-values in Figure 5.

Next, we apply the proposed seemingly unrelated functional analysis of variance test to the top
2000 SNPs screened by the working independent test. We adopt the same bandwidth for the mean
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estimation as the working independent procedure, estimate the covariance function separately
for each SNP using the nonparametric procedure described in Section 4.1, where the bandwidth
for covariance estimation is chosen by cross-validation in 20 randomly selected SNPs. To esti-
mate the null distribution, we run wild bootstrap on 20 randomly selected SNPs; the empirical
distributions of rg A% from the combined bootstrap sample and its y* approximation are shown
in the right panel of Figure 4. The closeness of the two distributions corroborates with the results
in Corollary 1. At significance level 1077, the proposed test detects 177 SNPs that are associated
with hippocampal volume. These SNPs deserve further investigation using independent studies.
We summarize the top 50 SNPs detected by the proposed test in Table S2. The SNPs are ranked
by their significance level. We provide the names of the SNPs, the chromosomes they are on, and
the gene names for SNPs located in known genes.

The most significant SNP is rs2075650 located in gene APOE and some other top genes include
MCF2L, OPCML, TLE1, FAM111A, and ALDH1L1, all of which have been identified by multiple
independent studies to be related to hippocampal volume and AD. References of these genes are
listed in Appendix S1. On the other hand, the proposed method also finds some new genes, such
as LOCI107986777 and KAZN, which we could not find in existing literature and merit further
investigation. Figure S3 in Appendix S1 shows the estimated functional genotype effects for the
top three SNPs, rs2075650, rs2722385, and rs3817959, located in genes APOE, LOCI107986777,
and KAZN, respectively. In each panel of Figure S3, the solid curve is the overall mean func-
tion, while the dashed, dotted and dash-dot curves are the estimated mean functions for different

genotypes.

7 | DISCUSSION

In longitudinal GWAS, the main effects of genotypes can be modeled as nonparametric functions
of time. The conservative nature of multiple comparison in GWAS makes it crucial to improve
the power of the SNP level tests. Commonly used kernel estimators do not take into account
the within-subject correlation, which leads to reduced power in statistical tests. Our strategy is
to build our functional analysis of variance test based on the class of seemly unrelated kernel
smoother of Wang et al. (2005), and we show the power of our test is minimax optimal when the
true covariance structure is used. We propose a wild bootstrap procedure to consistently estimate
the null distribution of the test statistic. To perform large-scale multiple hypotheses testing in
longitudinal GWAS, we propose a y? approximation to the wild bootstrap samples, which can
be justified by the Wilks property of the proposed test procedure. In our simulation studies, the
proposed test combined with consistent covariance estimators have significant higher power than
the working independent test of Tang et al. (2016) and other competing test procedures. For the
ADNI data, the proposed test detects not only some well-known AD-related genes, which the
working independent test misses, but also some new genes that are worth further investigation. It
is also worth noting, even though our work is motivated by longitudinal GWAS data, the statistical
issues we address, including semiparametric modeling, covariance estimation, and improving
power of nonparametric statistical tests, are generally applicable to all longitudinal data.
Covariance function modeling and estimation play a critical role in our methodology and there
are various way to extend our work. Equation (3) is an equal covariance assumption commonly
used in the analysis of variance literature, where the consensus is that ANOVA test is generally
robust against mild violation of this assumption. In the functional data literature, there has been
some recent work on testing equal covariance functions across different treatment groups (Guo
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et al., 2019); however, their discussion was limited to densely observed function data. It is not yet
clear how their methods can be extended to longitudinal data or sparse functional data. When
the assumption in (3) is seriously violated, the asymptotic y? distribution described in Corollary 1
and Remark 3 may no longer hold, a new test taking into account the heterogeneity is necessary,
and further investigation is needed.

The covariance estimation methods described in Section 4.1 are commonly used in functional
data and longitudinal data analysis, when the covariance and the mean functions are not directly
related. However, in some non-Gaussian generalized linear model setting (e.g., Poisson regres-
sion), the variance/covariance structure of the longitudinal process naturally depends on the
mean function. For Poisson type of longitudinal data, Lin (2007) proposed a Poisson Mixed Model,
where the within-subject temporal correlation is accommodated by introducing a few latent Gaus-
sian random effects. If the mean function is modeled by a semiparametric regression model as (1),
the resulting covariance function is similar to the semiparametric covariance model described in
Section 4.1 in the sense that the covariance depends on the semiparametric model in the mean
and a few additional variance parameters of the random effects. For such a model, Lin (2007) pro-
posed to estimate the covariance parameters by maximizing a Gaussian quasi-likelihood similar
to the QMLE loss (18). Other types of non-Gaussian longitudinal data may also be modeled sim-
ilarly through the generalized linear mixed model framework. These possible extensions will be
further pursued in our future work.
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APPENDIX

A.1 Notation
The following are additional notations used in Propositions 1 and 2. Define ¢r () as the solution
of the integral equation

m

D BlAw v, AkaiXict = @(Tian H Ty = (1 () = 0, (A1)
j=11=1

fork =1, ... ,q, and @g(¢) the solution of

q
Zﬂk

k=1

D ElAL v Acul X — @(Tead)}H Ty = £ (0) = 0. (A2)
=1

M=

I
—_

Define  Qi(t,s) = Zj”__ll 2 E {Aij\/,ZAk,uBIkI(Tk,u)ITk,1j =t,Tru= S}f(t)f(S), for k=
1, ...,q,and Q(t,s) = Z=1 prQx(t, s). In addition, define operators

m
A(Gst.5) = = ) Y { A B (Tia Gl T )| Teyy = £ £
=115

for any bivariate function G, and A(G; t,s) = Y1 peAi(G; t,5).
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Let br.(t), Qr1..(t) and Quo.(¢f) be the solutions of integration equations by.(f) = 0(2)(t)

{Bu(D)}™ 12]’:1 i E {Ak,ijV]kAk,llbk*(Tk,ll)lTk,lj = f}f(l‘), Quer (8, 8) = —Qi(t, 8) + A(Qrr i3 1, ),
and Qx..(t,5) = A'k(ka,*; t,s), respectively. Likewise, b,, Q1. and Q. are the solutions of

g m _
b.(0) = 00 = (B} Yo 2 Y { Ak Avab (T Ty = £} £

k=1 =1 I
Qux(t,8) = —Q(t,5) + A(Qu4;t,5), and Qz.(t, 5) = A(Qz.; 1, ), respectively.

A.2 Proof of Theorem 1
For any m-vectors x and y, the first two partial derivatives of Q{g!(x),y} regarding x are

—Q (el @.y) =A@V @)y - g @),

{g_l(x),y} —A(x)Vl{g_l(x)}A(x)+z{y; g7 091 Dj(x),

aaT =

where A(x) = diag{ %~ (xJ)}J ,» Dy =0(V*A)/ox, and V** is the jth row of V"'. Denote g ; =
XiiBo + 00(Tk), Pox; = & (nok’l) and ey; = Yj; — Ho;- By taking a Taylor’s expansion at 7, ;, we
have

Qlg™ (Xiif + O(Ti)), Yiil
= Qg™ {XiciBo + O0(Tic) . Yieil + €} Vi A Xici(B — Bo) + O(Ties) — 00(Tip))

m

1 ~ ~
+ E{Xk,i(ﬂ = Bo) + 0(Tri) — Oo(Ti)}" { Zek,ijDk,ij - Ak,iV;}Ak,i}

j=1
X {Xii(B — Bo) + 0(Tis) — 00(Ti)} + O{(n™/% + h? + n~2p71/2)3)

For any vector @ and a symmetric matrix A, define ||a||fl =a"Aa.
By the Taylor expansion above, the test statistic can be decomposed into

M(Ho) =J1 + o+ T3+ s+ Js +Js + 0,(1), (A3)
where
q
J= )Y e Vi Acil O k(Tiis By) — Or(Tiis Bo))
k=1i=1
q ~
L=Y e Vil [ALXi (B — Br),
k=1i=1
q
TRT 1 7
L= DY, [Br— B0 ReibiVi i { B(Tiis Bo) = 00(Ti) |
k=1i=1

~Br = Bo) KbVt { BT - 0(Tep }
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q
Ja= %;2:, { 18R (Ticis Bo) = O0(Ticolla, v-1a,, = 10 (Ticss Bo) - eo<Tk,i>||Ak,,.V;Ak_,.} :
L P R
Js = 5;2; { 1Br = Bollys o vrra, 5, — I1Br = ﬂ0||,~(;iAij;Ak_i§ki} :
1 ; T N R
Jo = E;i:l {lle,i(ﬂF = Bo) + Ork(Tki; Bo) — 90(Tk1)”2 cesDey

= IXi(Br = Bo) + Or(Tis: Bo) = 00Tkl v}

By Lemma 1, J, +J; +Js +Js = 0,(h~/?), the asymptotic distribution of 1,(Hp) follows
directly from the asymptotic distribution of J; + J; from Lemma 2.

Lemma 1. Under the null hypothesis and all assumptions in Theorem 1, J, = 0,(1), J3 = 0p(1),
Js = op(1), Jo = Op(nt/?h* + n=1/2h71).

Proof. (i) Under and null hypothe51s and by the asymptotlc expansions in Propositions
1 and 2, Bg — By = Op(n™72), Br— By = 0p(n™Y/2) and By — Py = 0,(n"'/2). Therefore, J, =
{ Z=127k1 ki klAk lel} (ﬁF - ﬂR) = Op(nl/z) X Op(n_l/z) = 0p(1), and

q

= ZZ(ﬂR — Bo)XiciAki Vi AkiXici(Br = Br) + (Br = Br)XkilkiVie; AkiXii(Br — Bo)
k=1 i=1
= 0p(1).

(iii) By similar arguments as on p. 156 of Wang, Carroll and Lin (2005),

q N
~T A
DD RVt A { Br(Tii) = 00(Tio) | = 0p(n'2),

k=1i=1

hence the first term of J; is of order 0,(1). By similar arguments, the second term in J; is of the
same order.
(iv) We decompose Jg into three parts,

"
_1 Y. (R Y (P 2
Jm—igg{uxk,m g o oy, ~ 1XeiBr = Bo)lI g D}
1 q
[— n .. —_ . 2 — 0 . —_ s 2
T = zég{uem(n,l,ﬂo) O(Tedlgn . o, = 10R(Tiis Bo) 90<Tk,l)||z;nm%},
q T m
I = Y2 | Br = B0 e <Zek,yvk,ij) {Or(Tiis Bo) - 00T }
k=1i=1 j=1
m
~ T~T ~
(e~ Bo) K <Zek,i,-Dk,ij> {On(Tii: Bo) = 60(T) }] .
j=1

It can easily show that Js; = O,(n~/?). By Propositions 1 and 2, under the null hypothesis both
Or(t) — 0o(t) and Op x(t) — Oo(t) are of order Op(h? + n~Y/2h~1/2). Since corr(ey j, ex #y) # 0 only if
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k = k' andi = i, by lengthy moment calculations EJ2, = O{n X (h* + n~'/2h=1/2)*}  Therefore, we
conclude Jg, = Op(n'/?h* + n=1/2h~1). By similar arguments, we find Jg; = Op(h> + n~V/2h71/2),
Combining the three parts, we have Js = O,(n/2h* + n=1/2h~1) = 0p(1) by condition (C.3). n

Lemma 2. Under Hy in (2) and assumptions in Theorem 1,
o, (J1 +J4 — up) = N(0,1) in distribution,
where p, and o2 are defined in Theorem 1.

Proof. Under the null hypothesis, By, () = B1(t) fork =1, ... ,q. Rewrite J; as

n, m m
hi= ZZZZekU M Brs(Tis Bo) — Or(Tica)).
k=1i=1 j=1I=1

By the asymptotic expansions of §R and ¢/9\F‘k in Propositions 1 and 2, we have J; = Ry + R, + R; +
0p(1) where

n m m

R, = ZZZZekU z(cll)lB H(Tea) (nik - % Z lKh(Tk,ij' - Tk,il)#;ii)j, {Zvl Per lz/}] ;

k=1i=1 j=1 I=1 J

n n m m
Ry, = ZZkaZZﬂcy B (Tear) < - %) lKh(Tk v — Tk 11)/4,“] {Z kl/ek,i’l’}] ,
=

k=1i=11i'#i j=1 I=1

o Mom om
q q k k ( ) 1 1 1o v]-/l/
Z E Z z Z E eky HeaBr (T~ Kin(Tiw vy — Tri) My, o Z e2Iad R
n L) 5L
k=1k'#ki=1i'=1j=1 I=1 J r

By straightforward moment calculations,

-1
R = qTK(o)E {B2DB D U} + Op(D).

It is easy to see that R, and R; have mean zero and therefore only contribute to the variance of
the test statistic. Similarly, we have

== ZZ [{ aR(Tk,i; Bo) — 00(Tk,;) }TAk,in,iAk,i {/e\R(Tk,ﬁ Bo) — 5F,k(Tk,i; ﬁo)}

k—ll 1
N A T ~
+ { B(Tiis B) = Brad(Tiis Bo) | AriViila { (T By) = 60(Ti) }]
o v
— @ LL
_EZZ Z kll kll2 kll
k=1i=11,,l,=1
]’12 1 My m m
.
lzb(Tkﬂ)HBl(Tku)} - ZZZI@(H ai = Teamg {debilek],ilz}]
k =1i;=1j,=1 I=1
q "y m m
[{Bl(Tkll )} 11 ZZZKh(Tk iy = Tkt )Mk i {Z €l }
ny ii=j,=1 I=1
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1 n m
~(BudTea)} ™= ¥ ¥ KTy = T {2 | €k }]
i=1j,=1
1 q n m
O L, @
+§ZZ Z My, klz'ukzlz
k=1 i=11, =1
h2 1 n, m m .
X ?bk*(Tk,ilz)+{B1k(Tk,ill)}_1n—ZZ:Kh(TkzlJ1 Tkzll)Mk” {Zvl,gjlek,ill}
i =1j;= =1
q My m m
a1 1 jol
l{Bl(Tk i)} ZZZKh(Tk oy = Tt My {Zvl,fz’izekz,izz}
M om=1j,=1 =
1 ne m
—{Blk(Tk,uz)}'ln—kZZKh(Tklm Teit, Hyy {2 | €k }]
i=1j,=1

A detailed calculation shows that J; = Ry + Rs + Rs + 0,(h™1/?), where

G w Ml(cll)l iclf“i(cll)z z 1
Ri== _ ol kil Ik =k =-L)+1k ;ék—
: ,;,Z;lz_;;&(Tk,u])Bl(Tk,uz) ; (fa=h < 2 ) T #R

k
Ny m m
@ @
XZZZ {Kh(Tkl,iljl = Tieit JKn(Tiey o, = Tt My 5 My,
L =1j;=1j,=1

m m
j1l il
1l . 2la .
X Zv]kl,i1 €l gLy Zvjkl,il €ky.iyl,
L=1 I,=1

1 q Mg m m m m
— @ (1) j1ls ) jols )
B 2nk1 Z Zzzﬂk Jhjh k s (lzl/klvil €k1,1113) (Zv}kl’il €k1’lll4)

ky=1i,=1j,=1j,=1 = I,=1

q
x Y| {1ta = (o} — 1) + I # K)pip, }
k=1

@ lllz @)

m m

Pt Vici Hrir

XE —————Kn(Tk,i,j, — Tit,)Kn(Tk, i j, — Trir,) ¢ |+ Op(1)
lz_"llz_llBl(Tk it;)B1(Ti.iL,) vhh . vl TR b

1

My m m m | l
- 2I’lk Z 222”2) 1]1“;<1)1L]2 <z:v]kll*3il€kl ot 3> <ZV]24 €ky.iyl 4>

1k, =1i,=1j,=1j,=1 =1 =1

q
D [{I(lq = k)(p; = 1)+ 10y # )penr,
k=1

1 1 Tk, iy, = Tryiyj, . ) ' '
n K«K|—— |1 1(j; = 1
Xh Bi(Tr, j,) { * < A (1 #J2) + vild(h = jo) ¢ | + 0p(1)

m m m
— @ @ jol
2]’1 Z (pk -1+ Zpkpk )E |—/Z Zﬂkl,iljlﬂkl i1j> <ZVh y €k, lll3> (Zvjéj‘ilekl’ill“)

k=1 ktky fi=1j,=1 l=1
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1 ky.ivj, Tk1~i1j1 > , . . . }]
X d K x K[ —22 700 ) 161 £ 00) + vy = o) |+ 0,(1)
By (Tk, i,j,) { ( h Vs #J2) + el (1 = )2 P

1 —
- th WE {By(D)By(T)"'f (T} + 0,(1),

(1) lllz (1)

My, kz’ukzlz I 1 1 1
Re =1 I(ky = k)(— — =)+ I(ky # k)—
=1EES a2 e og - be s |

Lo | X

nk]

@ @
XZZZZ {Kh(Tk iy = Tt Kn(Th oy, = T iy 5 My s

L =1i#i,j;=1j,=1

(o) (B}

1 OO

q
LIS S S S e KT, T

k=1 1 i =i, j,=1j,=1 1(Tk1 1111

m m
o O
X (zvllcll,ailekl’ill3> <z‘/k21,4iz€kl’i214> + Op(l), and

L=1

I,=1

n, m m (1) L (1 l My My omom

Wil i'Mi2
EONPMICE DD NN LI

k=1i=11=1=1 k, i =1li,=1j;=1j,=1

m
@ ) jal l
XKp(Th,ij, — Tk,ilz)ﬂk M i, <zv]kl:i1€k1~ills> (21}’“ €k, 124> }]
I=1 I,=1

Ny My, m m (1) (1)

= 2 Z ZZZZ kll(l;k f}lz}z n % Kn(Tiey,ipj, = Ty iyjy)
1 1

kl—lkz#klll—llz—ljl—lj =1

m
l il
< szlz €k, i l> <Z‘/§232€kzsizl4> + 0,(D).
;=1 L,=1

It is easy to see that R, is the leading term in the mean of J;. R; and Rs have mean zero and only
contribute to the variance of J,.
We first combine the mean components in J; and J, in

_ _a-1 % _B(D)
o =Ry + Ry = 1 {K(O) : }E{Bl(T)f(T) } +0,(1).

Next, we collect the remaining terms into R, + Rs + R3 + Rs = W, + O,(1), where W, = Wy,; +
an,

(1) (1)
W,y = 2 - Pk, ZZZZ k v k Jaja (ths €, lll3> <2v124 e, lzl4>

k=1 ky iy =1iy#i)j;=1j,=1 By(T) ky llh I,=1

1
=Ky # Kp(Tk, 1., — Tkl’iljl)} ’

X {Kh(Tkl,izj2 = Ty, ij,) — >
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and

e R #;cl)llh” l(;)lz]z I oy
n2 __Z Z ZZZZ Bl(Tkl 1j1 <Zv/1 3 €k1 1ll3> (Z])Ilcz;izekz’izl“)

=1k, #k i, =1i,=1j,=1j,=1

I=1

x {Kh(T@,idz —Teii) - EKh s Kp(Th i, — Tkl,iljl)} .

It is easy to see W,; and W,,, are uncorrelated to each other, and hence var(W,,) = Ele + EWflz.
Straightforward calculations show that

q B2
2 _ 2 _ 2 >(T) ! 2
EW? = h; (1 - pr1)*E <B—2(T)f(T) / {K(u) SK K(u)} du> +0(1),
q q BZ( ) 5
2 _ 2 1
EwW,, = h; ; Pr1pieE <B—2(T)f(T) / {K(u) 2K * K(u)} du> +0(1),
and hence
_2q-1_{ B ) 2
var(W,) = h E <B%(T)f(T) X / {K(u) - EK * K(u)} du> +0(1).

Since Jy +J4 = pn + Wy, + Op(1), the asymptotic distribution in the lemma directly follows
from proposition 3.2 in de Jong (1987). n

A.3 Proof of Theorem 2

Lemma 3. Suppose Assumptions (C1)-(C3) and the local alternative described in (14) and (15)
hold, By is still root-n consistent to By, and By — B = 0,(n"'/2). The nonparametric estimator Og(t)
has the same asymptotic expansion as in (8).

Proof. Under the local alternative hypothesis described in (14) and (15), 6x(t) = 0¢(t) + Sin(t) with
Sen(T) = Op(n™/2h71/2), we have ei() = Yiea(t) = uea(®) = Yiea(t) — u (XL, (0B + 01(D)} ~ Yiea(0)
— (X (DB + 60(D)} = g (DSkn(0).

For a fixed f, we derive the asymptotic expansion of profile kernel estimator @R(t; B) using
similar derivations as in Wang et al., (2005) and get

n, m m.
eR(t;m—eo(r)— b0+ — (I)ZZZKMM Dk lz‘,ﬂk’i{ek,u+u,<j§,skn(Tk,u)}
W= j=1 = '

e m

q m
il
nB (0 4 ZZZ”SZ lQL*(t’ Tk,ij)ZVlki{ffk,il + ll}({li)lskn(Tk,il)}
Wietistj=1 =1 ’

=1 j

+v]lil.Q2,*(t, T €ryj + ﬂ,(ii)jskn(Tk,ij)}]
— @r()(B — By) + 0p[h?* + {log(n)/nh}/? + n™1/2 + || B - Byl]

ne m

2
=+ -1 ZZZKh(TkU Du) Z kit + Ur(D) + Mg(D)
2 B (t)k 1i=1 j=1 !
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m m

B (t) Zﬂk lz ZE{ Qu:(t, TkJ)Ak,leIIZAk,llSkn(Tk,l)}

j=11=1
+ZE{AiJJV;Q2,*<t, Tkﬁskn(Tk,,-)}]
Jj=1
— @r((B — o) + 0p[h + {log(n)/nh}/* + n™V/2 + || B = By, (A4)

Since Sin(T) = O,{(nh)™/2} and Ay and Vi are continuous functions of O, Axj— A; =
Op{(nh)~*/2} and v’; — vl = 0,{(nh)"1/2}. By the assumption Y, pxSk(t) = 0 for all ¢, the addi-
tional terms in (A4) are negligible. Therefore, if ﬁR - By = Op(n‘l/ 2), the expansion of @R(t)
follows directly from (A4) and the leading terms are identical to those in (8).

We next derive the asymptotic expansion of 3  under the local alternative. By standard profile
estimator arguments,

Br — Bo = D'E} + 0,(n'/?),

where 8;: =n"! q 2"" )ka Ak k%{ek,i + Ay iSkn(Tki)}- It is easy to see that the additional term
is

q N q

~T ~T

n Y XAk Vi AkiSin(Tet) = ) e BAXc ALV, AiSin(Ti) } + Op {012 x (nh) ™72
k=1i=1 k=1

= 0p{n'/? x (nh)™/?}.

Therefore, ﬁR still have the same leading asymptotic expansion as (9) and is still root-n consistent

to B,.
By the assumption that Sg,(T) = O,{(nh)"/?},k =1, ... ,q, we can see that Dr — Dg = o(1),
and & — 8; = o(n~1/2), and hence ﬁR - ﬁF = 0,(n71/2). m

Proof of Theorem 2. The local alternative described in (14) and (15) are close to the null hypoth-

esis, with the size of the local signal Si,(T) = O,{(nh)™'/?}, k=1, ... ,q. By Lemma 3, ﬁR Bo

= 0,(n"1/%), ﬁF - ER = 0,(n"'/2) and Ox(0) still has the same asymptotlc expansion as in (8).
The test statistic has a similar expansion as in (A3),

An(Hyp) = T] + T+ TL 4T, +J5+ 77 + 0,(D),

where

3 q nk ~

I=3"Y €f Vit ArilOri(Tis Bo) — Br(Tiis Bo)}-
k=1i=1
q

=3 et ViiAuXiiBr - Br).
k=1i=1
q T ~

= Y | Br - B0 ReihkaVi A { On(Tess B0) - 0T |
k=1i=1
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A ~T ~
— (Br — Bo) ' XkAriVy ) A {HF,k(Tk,i; Bo) — Ok(Tk.,) }] ,

q N

1 ~ ~
Ty = 5 2 2 { 16k(Tiis B) = 6Teolls, vy, = 19T Bo) = 0Tl v, |
k=1i=1
ol [ ~
1-13 {182~ Bl o yesa s, = 1B = Bl o s 5, |
EESY 3 IXei(Br — Bo) + Oric(Tici- Bo) — 0TI
° 2 k=1 i=1 ’ c T Ep kP

— 1 Xi(Br — Bo) + Ox(Tiis Bo) — Ok(Tid) 2 . ¢
Z_,-:l%ka,g

By similar calculations in Lemma 1, J; + J; + J; + Jg = 0,(h™1/?), hence JlT and JI are the domi-
nating terms in A,(Hip).
By straightforward calculations,

e

q
T =2 Y et VirAu {Su(Te) + Vrk(Te) = Ur(Te) } + 0p (/)

k=1i=1
=J1 + R} +0p(h71/?),

and
1 q ~ .
=322 { 1R (Twis Bo) = 00(Tkd) = Ska(Ted)lla, vra,, = 10rk(Teis Bo) = Ou(Tiplls, via,, }
k=1i=1
— ¥ T -1/2
=J+ R, + R, +0,(h9),
where

q Ny

RI - Z zez,iVI;}Ak,iSkn(Tk,i),

k=1i=1

q N
1
Ry = 2 2 2 SinTeBkiVe AkiSin(Tc).
k=1i=1

q
R ==Y S{ (Te)Aki Vi A Ur(T).
k=1i=1

It can be shown that R; = 0p(h™1/2) and R; = p1p + 0p(h™1/?), therefore
An(Hin) = pin + pin + Wy + RJ{ + Op(h_l/z)a

where p, and W, are the same as defined in Theorem 1 and Lemma 2. It is easy to see that E(RI) =
0and

q N
var(R)) = )" 3 BIS (Te)AkiVie ZaiVie AkiSin(Tii) }-
k=1i=1
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Since RI is a linear combination of e;; and W, only consists of quadratic terms, RI and
W, are uncorrelated and hence asymptotically independent. As a result, var(W, +RT)—
var(W,) + Var(RI) = O-ln’ and the asymptotic normal distribution in Theorem 2 follows from de
Jong (1987). n

A.4 Proof of Theorem 3
We only need to show, for all working covariance V,

y_ PKE{ST (T)V Sin(T)} < mi o PkBLS] (TE Sin(Ti)}
m

min m , (A5)
ses,op 1 [y B(®)/Bi(tydt}1/? SES, (07) |T|1/2
where §n(0) ={S: Z 1 kn(Tk)E 1Sun(Ty) = 0%} is the boundary of S, (9).
With a change of variable S(T) = £7V/28(T) /¢,
(;)7* min ZpkE{S (TOV'Sm(T)} = _min  E{ST(DEV*V'EY2S(T))
SES (01 EST(D)S(T)=1
< |T|‘1/ﬂ(t)dt,
T
where
T 1/2y~1y11/2 _
d(t):minE{S (T)ET V X/ S(D|T =t}
E{ST(DS(D|T, =t}

T 1/2 1/2 —

— min E{S'(DHV "ZVv/"S(D)|T, = t}. (A6)
s E{ST(T)S(T)|T, = t}
Now, to show (A5), we only need
2 1 1 2

E p) T, =
[/d(t)dt §|T|/[ W EV ul=t )y, (A7)

T E{(V )HulT: =t}

Inequality (A7) can be easily shown by the Cauchy-Schwartz inequality if we can show

1 1 _
)< 2V Er ulhi =8 o nrer, (A8)
E{(V HulTh =t}

Realizing the right-hand side of (A8) is objective function in (A6) evaluated at S = V"'/2¢,,
where e; is a m-dim vector with 1 on the first entry and 0 everywhere else, inequality (A8) holds
by the definition of o/ (t) in (A6).

A.5 Proof of Theorem 4

By Proposition 2, § — B, = Op(n~1/?)and sup,er 054 (t) — O(0)] = Oplh? + {log(n)/nh}/?], there-
fore the residuals of the full model satisfy & ; — ex;; = Op[h* + {log(n)/ nh}/?] uniformly for all
k,iandj. Denote e* = wk ;€ki, Where P(wy; = 1) = P(wy; = —1) = 0.5. Then we have E(e* |X) =

0 and cov(e |X) = ek,eTi if (k,i) = (k’,i") and 0 otherwise. Thus, the bootstrap sample

k’ i’
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{ (Y;’U,Xk,ij, Tk,ij)} satisfy model (1) and the null hypothesis H, with the true parameters g = ﬁR
and 0:(-) = Or(").

Using the same arguments in Theorem 1, we can show that A}(Ho) = R} + R} + W, +
op(h‘l/ 2) where R}, R} and W are the same as Ry, Ry, and W), in Lemma 2 except that ey
are replaced by e;:’l.. By similar calculations as in Lemma 2, we have R} + R} = puy + Op(1) and
var(W;|X) = o7 x {1+ 0,(1)}. By proposition 3.2 in de Jong (1987), [4}(Ho)|X] has the same
asymptotic normal distribution as 4,(Hy) in Theorem 1 for every event defined on X.
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