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ABSTRACT

Semiparametric Functional Data Analysis for Longitudinal/Clustered Data: Theory and
Application. (December 2004)
Zonghui Hu, B.S., Dalian University of Technology, Dalian, P.R.China;
M.S., Dalian University of Technology, Dalian, P.R. China;
M.S., Texas A& M University, College Station, TX

Chair of Advisory Committee: Dr. Naisyin Wang

Semiparametric models play important roles in the field of biological statistics. In this
dissertation, two types of semiparametic models are to be studied. One is the partially
linear model, where the parametric part is a linear function. We are to investigate the two
common estimation methods for the partially linear models when the data is correlated —
longitudinal or clustered. The other is a semiparametric model where a latent covariate
is incorporated in a mixed effects model. We will propose a semiparametric approach for
estimation of this model and apply it to the study on colon carcinogenesis.

First, we study the profile-kernel and backfitting methods in partially linear models
for clustered/longitudinal data. For independent data, despite the potential iraansis-
tency of the backfitting estimator noted by Rice (1986), the two estimators have the same
asymptotic variance matrix as shown by Opsomer and Ruppert (1999). In this work, the-
oretical comparisons of the two estimators for multivariate responses are investigated. We
show that, for correlated data, backfitting often produces a larger asymptotic variance than
the profile-kernel method; that is, in addition to its bias problem, the backfitting estimator
does not have the same asymptotic efficiency as the profile-kernel estimator when data is

correlated. Consequently, the common practice of using the backfitting method to com-



pute profile-kernel estimates is no longer advised. We illustrate this in detail by following
Zeger and Diggle (1994), Lin and Carroll (2001) with a working independence covariance
structure for nonparametric estimation and a correlated covariance structure for parametric
estimation. Numerical performance of the two estimators is investigated through a simula-
tion study. Their application to an ophthalmology dataset is also described.

Next, we study a mixed effects model where the main response and covariate vari-
ables are linked through the positions where they are measured. But for technical reasons,
they are not measured at the same positions. We propose a semiparametric approach for
this misaligned measurements problem and derive the asymptotic properties of the semi-
parametric estimators under reasonable conditions. An application of the semiparametric
method to a colon carcinogenesis study is provided. We find that, as compared with the
corn oil supplemented diet, fish oil supplemented diet tends to inhibit the incremiecit of
2 (oncogene) gene expression in rats when the amount of DNA damage increases, and thus

promotes apoptosis.
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CHAPTER |

INTRODUCTION

The first topic in this work is on the partially linear models. As a special case of semi-
parametric models ( Ruppert, Wand, and Carroll 2003), partially linear models have been
studied intensively in the literature, se@udle et al. (2000). Compared with parametric
models, partially linear models provide great flexibility in modeling the data. This advan-
tage of partially linear models is obvious when the main interest of the study is the linear

effects, and the effects from other factors are unidentifiable or simply unimportant.
Y =X"B+6(T)+¢

Above is a general form of the partially linear model. It contains the linear ¥Yf)
where is unknown vector of parameters. It also contains a nonparametric@€rm
where®(-) is unknown smooth function. In this mod#l,is the response andT are the
covariates, and is the random error.

There are two common methods for estimating the partially linear model, namely the
profile-kernel method (Carroll et al. 1997) and the backfitting method (Buja et al. 1989).
Both methods involve the nonparametric estimation on fundbieh and the parametric
estimation on paramet@: For independent data, Rice (1986) pointed out that at the opti-
mal bandwidth for nonparametric estimation, the backfitting estimator is not root-n consis-
tent, while the profile-kernel method is consistent. However, Opsomer and Ruppert (1997)

showed that these two estimators actually have the same asymptotic variances. There-

This dissertation follows the style and format of theurnal of the American Statistical
Association



fore, with under smoothing (a smaller bandwidth rather than the optimal one is adopted
for nonparametric estimation), estimators from both methods can be consistent. More im-
portantly, they are of the same asymptotic efficiency. Due to this equivalence between the
two methods, people frequently use backfitting as a substitute for profile-kernel even for
correlated data. They apply the backfitting method for estimation of the partially linear
model, and consider the estimator has the same properties of the profile-kernel estimator.
In fact, the properties of the backfitting estimator are not clear up to now when the data is
correlated. Therefore, itis worth investigating whether the asymptotic equivalence between
the backfitting and profile-kernel is still valid in case of correlated data. Also, we work on
the asymptotics of the backfitting estimator for correlated data, this part of work is to be
included in chapter II.

Another topic of the work is on the colon carcinogenesis. During development of
colon cancer, the first event to happen is DNA damage in cells. It takes place within the
first few hours after exposure to carcinogen. The DNA damage does not necessarily lead
to formation of cancer cells, due to a surveillance system in the cell cycle, see Karp (2002).
When the surveillance system detects the presence of DNA damage, it triggers a response
that temporarily arrests further cell cycle progress. The cell then uses the delay to repair
the damage or transmit a signal to kill the cell when the DNA damage is beyond repair. In
this way, the body reduces the risk of damaged cells becoming cancerous. The function of
“ cell suicide” is called apoptosis. Apoptosis is one of the body’s main weapons against
cancer by getting rid of the defective cells. Thus, any alteration that diminishes a cell’s
ability of apoptosis would increase the risk of cancer. In the body, there are a groups of
proteins called oncogenes. The oncogene most closely linked to apoptbsisigene,
which encodes a membrane - bound protein that inhibits apoptosis. Consequently, over-
expression obcl-2 gene leads to suppression of apoptosis, allowing abnormal cells to

proliferate and form cancer cells. Therefore, during initial stage of cancer development,



DNA damage may cause the formation of cancer cells depending on the functioning of
apoptosis. Meanwhile, over-expressionbai-2 adversely affects apoptosis. Since there
are very few cases of apoptosis at the initiation stage of colon cancer, in this work, we
will investigate the relationship between DNA damage bold2 gene expression, instead

of directly on apoptosis. A clear understanding of this relationship is important to that of
colon cancer development.

The objective of the colon carcinogenesis study is to investigate the relationship be-
tweenbcl-2 gene expression and DNA damage, and also the effect of diet to this relation-
ship. A difficulty in this study is that although the two measuremértis2 gene expression
and DNA damage, are measured from the same experimental units — rats, they are mea-
sured at different subsampling units. They are measured over the cells from different crypts
within the colon. As a result, the response and covariate are observed at varying locations
depending on the cell number in each observed crypt. Furthermore, they are observed in
different crypts. Due to these two reasons, conventional regression methods are not appro-
priate for this colon cancinogenesis study.

We propose a semiparametric approach for this study. We will apply a mixed ef-
fects model to study the relationshiplwfl-2 gene expression versus DNA damage and the
diet effect. In this mixed effects model, a latent covariate is incorporated to stand for the
unobservable DNA damage at the cell positiondof2 measurement. Consequently, a
semiparametric estimation procedure is introduced for the relationship and the diet effect.
For comparison, we will also apply the traditional methods (last observation carry-forward
and nearest neighbor) to this misaligned measurements problem. Based on the regression
outcomes, we are to find out how the diet affects the development of colon cancer during

the initial stage. This second topic of the dissertation is to be presented in chapter IIl.



CHAPTER I

ESTIMATION OF PARTIALLY LINEAR MODELS FOR
LONGITUDINAL/CLUSTERED DATA *

2.1 Introduction

The partially linear model has been investigated intensively in the literature and various
extensions have been proposed; see for examatdlel et al.(2000). There have been two
main classes of estimation methods for this model, namely the profile-kernel and back-
fitting methods. For independent data, Severini and Staniswalis (1994) and Carroll et al.
(1997), among others, have studied the profile-kernel approach. Buja et al. (1989), Hastie
and Tibshirani (1990) and Opsomer and Ruppert (1999) have investigated the backfitting
approach. For clustered data, Severini and Staniswalis (1994) and Lin and Carroll (2001)
extended the profile-kernel method to accommodate multivariate responses, as did Wang,
Carroll and Lin (2004) in an unpublished report, while Zeger and Diggle (1994) studied the
backfitting method.

On the theoretical front, the asymptotic properties of profile-kernel estimators were
provided by Severini and Staniswalis (1994), Lin and Carroll (2001) and by Wang, Carroll
and Lin in their report. Their results also cover the clustered data scenario. For indepen-
dent data the bias problem of backfitting estimation was first noted by Rice (1986); see also
Speckman (1988), Opsomer and Ruppert (1999). Their findings indicate that undersmooth-
ing during nonparametric estimation is required for ro@ensistent parametric estimation

for the backfitting method. Meanwhile, Opsomer and Ruppert (1999) also showed that the

* Hu, Z., Wang, N., and Carroll, R.J., “Profile-kernel versus backfitting in the partially
linear models for longitudinal/clustered dat&iometrikg 2004, Vol. 91 (2), 251-262,
reproduced by permission of tilBeometrikaTrustees.



two estimators share the same asymptotic variance matrix.

In contrast to profile-kernel methods, properties of backfitting for clustered data are
less well understood. In this chapter, we investigate the asymptotic properties of the back-
fitting method for clustered data. In practice, backfitting is often used as a substitute for
profile-kernel estimation, perhaps because of their variance equivalence property in the
independent case, as well as its simplicity. However, it is unclear whether or not this equiv-
alence still holds for clustered data. The main purpose of this paper is to investigate this
issue.

We will make asymptotic comparisons between profile-kernel and backfitting estima-
tion in two contexts, namely generally under a specific but widely applicable condition
on the covariance matrix of the clustered data, and specifically under the scenario consid-
ered in Zeger and Diggle (1994), Lin and Carroll (2001). For the latter, we use a working
independence correlation structure for the nonparametric estimation and a moment-based
estimated covariance structure in parametric estimation: this estimation scheme is com-
monly used in practice. We will show that, besides the bias problem, for clustered data, the
backfitting estimator tends to have larger variance than the profile-kernel estimator; that is,
the asymptotic equivalence in variance no longer holds for the multivariate case.

The organization of this chapter is as following: we discuss the two estimation pro-
cedures, profile-kernel versus backfitting, in section 2.2 and summerize their asymptotic
properties in section 2.3. We demonstrate our theoretical results with a simulation study in
section 2.4, and an application in ophthalmology is given in section 2.5. Finally, conclud-
ing remarks are given in section 2.6, and proofs of the results in this chapter are provided

in section 2.7.



2.2 Estimation Procedures
The partially linear model is
Yij = X B+6(Tij) + &, (2.1)

where theith cluster,i = 1,--- ,n, hasm observationsp is a p x 1 vector andd(-) is an
unknown smooth function. Here, tleg are random errors and we assume thatghe
from different clusters are independent. Without loss of generality, weylet m for all
i. As in Lin and Carroll (2001), we assume tHa(Y;j|Xi, Ti) = E(Yij|Xij, Tij), whereX; =
(Xi1, -, %im) ", Ti = (Tiz,---, Tim) " denote the covariates observed fromithesubject; see
also Pepe and Couper (1997). Likewise, we assumeEtf¥ét| Ti) = E(Y;;|Ti;) and denote
it by my (Tij); mx(Tij) is defined equivalently.

For profile-kernel estimation, for a givgh the estimator 06(T) is
B(T:B) = M (T) — Mx(T)B,

whereT = (T[,---, T1)T, andmy(T), andmx (T) are nonparametric estimatorsraf (T)
andmy (T), respectively. For a function with a scalar argument, for examfifle, the

notationB(v) denotes a vector whosth element i9(v;).

The parameteB is then estimated by a profile-kernel generalized estimating equation,

ia{NBnLa@B(Ti;B)}TVil%Ti)M —(XB+B(T:B)}] =0,

where theV;’s are the working covariance matrices. The profile-kernel estimat@saatl

0 are, respectively,

-1 n
Br = [Z{ i (i)} TV L{X — i (Th) ] [.;{N_W(W}T\ﬁ_l{\ﬁ—ﬁw(‘ﬁ)},

8t = — i (t)Be.



In matrix form, the profile-kernel estimator ffcan be written as
Be={XT(1-9V 1 -9X} XT(1 -9V 11 -9, (2.2)

whereS is a smoother matrix with respect T (c.f. Opsomer and Ruppert 1997), and
V = diagVy,---,Vn) is the block diagonal matrix containing threworking covariance

matrices.

For backfitting, at the current value pf= Ec, the updated estimator 6fis

~ -~

8(T;Be) = My (T) — i (T) B,

and the updated value @is obtained by a generalized least squares regressidn-of

@(Ti;ﬁc) on X; with the argumenf minimizing
3 —B(TisBo) — XiB} V(¥ — B(Ti;Bo) — XiB}-

At convergence, the backfitting estimator{3adnd are, respectively,

~

Bor léw—lm - mxm)}] ) léﬂvrl{vi - mm}] ,
B(t) = fv(t)— Mx(t)Per.
In matrix form, the backfitting estimator @fis
Bee = X"V 11 —9X} XV L1 -9)Y. (2.3)

For independent data wheve= 1 is used, the two estimators ffrare

-~

Bp = {XT(1=9T(1 -9X} X (1 -9)T(1 -9),

Ber = {(XT(1-9X} XT(1-9)Y. (2.4)



2.3 Asymptotic Properties

Throughout, the number of observations for each subjacis regarded as fixed. The
usual regularity assumptions on the kernel function are assumed, including that the second
moment is assumed to equalWe also assume thét;, X, T;),i =1,--- ,n, are independent

and identically distributed wittij(t) denoting the marginal density @f;. Throughout this
section, we assume the regularity conditions as in Lin and Carroll (2001) and suppress the
indexi in the presentation.

The results concerning the comparison of the asymptotic variances of the two estima-
tors can be constructed based on (2.2) and (2.3); that is, the results are not restricted to the
case of the local linear smoother.

For independent data, as observed in expression (2.4), the profile-kernel estimator and
the backfitting estimator are identical if the smoother ma#ig symmetric and idempo-
tent. They are generally different otherwise. However, the two estimators have the same
asymptotic variance matrix; see Opsomer and Ruppert (1999). For clustered data, the com-
parison of the variances of the two estimators can be simplified WreerdX are functions
only of T.

Proposition I1.1.Under the assumption that both the working covariance meterd
the true covariance matrix depend only o, the asymptotic variance of the backfitting
estimator is at least as large as that of profile-kernel estimator. Thgfis; Vp is positive
semidefinite.

A sketch proof is given in the Appendix. Proposition 1 shows that, for clustered data,
the two estimators may not share the same asymptotic variance matrix, in contrast to the
independent case. This result is completely general and does not require a specific choice
of working covariance matrix beyond that it does not depen¥ oimhe result also applies

to general nonparametric smoothers.



To appreciate better the differences between the two estimators, we now concentrate
on the following commonly-used estimation scheme. For nonparametric estimation, we
assume a working independence correlation matrix, and, for parametric estimation, we use
a working covariance matrl estimated by data. Wang and Wang (2001), Lin and Carroll
(2001) discuss the advantage of variance reduction in using the correlation for parametric
estimation versus ignoring the correlation.

The following proposition concerning the profile-kernel method is given in Lin and
Carroll (2001). We quote it here to ease comparison with properties of the backfitting
method given in Proposition 11.3. In the next two propositions, the results are based on
using a local linear smoother with working independence in nonparametric estimation. This
estimation scheme is also taken for the numerical studies in the following sections.

Proposition 11.2.(Lin and Carroll, 2001) Suppose that1n %, 1/5<a <1/3 and
n — oo and define

X = X+ r!ianaé(T;B)/aB.
Thenpp converges in distributionﬁ{ﬁp —B+h?bp(B,8)/2} — N(0,Vp), where

bp(B,8) = EX'VIX)E{XTV 1@ (T)},
Vo = EX'VIX)E{(Zs—2)"2(z1 - Z2)}JE(XTVIX) L.

Here X = {X —mx(T)}, £ = var(Y|X,T),Zy = VX, Z, = (ZL,---,ZI"7, with Z) =
{sm s EXNVMT =T (TH/ 3, fi(T1), andvX denotes thek, | ) entry ofv —2.

Proposition 11.3.Under the same conditions as those of Proposition 11.2, the backfit-
ting estimatonﬁBF converges in distribution\'/ﬁ{ﬁgp —B+ thBF(B, 8)/2} — N(0,VaF),

where

ber(B,0) = EXVIX)E{XTV~16(T)},
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Vere = EX'VIX)E{(Z; -25)"=(Z; - Z3)} E(XTVIX) L

andzZ; =V-1X,Z; = (-, Zz™T, with ;) = {3, s, E(XKVKT! = Ti)} ;(T))
/3y fi(TD).

A sketch proof of Proposition 11.3 is provided in the Appendix.

For clustered data under the estimation scheme considered, the profile-kernel estima-
tor is in general rootk inconsistent. An exception occurs when working independence is
assumed throughout (Lin and Carroll 2001).

Corollary 11.1. Under the assumption that the working covariance matroepends
only onT, whenh is of regular orden—1/3, the profile-kernel estimator is roateonsis-
tent, while the backfitting estimator is rontinconsistent; under the assumed conditions,
E{XTV~18(2(T)} in bgr remains non-zero.

Corollary Il.1 is a direct consequence of (A.3) with straightforward conditional expec-
tation calculations.

As shown in Proposition 1.1, the results concerning asymptotic variance matrices
of the two estimators apply to general nonparametric smoothers. For independent data,
Opsomer and Ruppert (1999) point out that the two estimators have the same asymptotic
variance matrix. This is also an easy consequence of Propositions 1.2 and 11.3. To see
this, note that, for independent data, b&tlandV equalc?l. In this caseZ; = 02X,

Z, =0 2E(X|T) =0, Z; = 0-2X andZ; = 0~ 2E(X|T). ConsequentlyZ; —Z = Z; —
Z5 = 02X and the asymptotic variance matrices of the two estimator¥are Vg =
o?[E{cov(X|T)}]~L.

For clustered data, the results in the Appendix indicate that the two asymptotic vari-
ance matrices will be the same if and onhEfmy (T)™V=1(1 -=S) = (1 - S)TVImy(T)}
is zero; that is, a specific structure is required of the smoother matrix. In Lemma 1 of Wang,

Carroll and Lin’s report, it is shown that the nonparametric smoother of Wang (2003) pos-
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sesses such a property. The above propositions and Corollary 11.1 clearly indicate that,
under the currently most commonly used estimation scheme, backfitting in general has a

larger asymptotic variance than the profile-kernel estimator and is often more biased.

2.4 Simulation Study

We conducted a simulation study to evaluate the finite sample performance of the profile-
kernel method versus the backfitting method, again in the specific context that the nonpara-
metric estimation uses working independence. Of course, from our results, we expect the
profile-kernel method to have smaller variance in general, not just for this particular choice
of smoother.

For the case of clustered data, we gener&@@datasets, each comprisimg= 100
subjects withm = 5 observations per subject. The covariate vectdsXij), j =1,---,m,
were independently generated from the bivariate normal distribution with Gye@niance
1 and correlation coefficierit 75 2. TheY;; were generated from the partially linear model
(2.1), whereB(t) = sin(2t) and = 1, with normally distributed error with varianceand
exchangeable correlatidh4. For nonparametric estimation, we used local linear kernel
estimation with the bandwidth choicésl, 0.2, 0.3, 0.4, 0.5 and 0.6, and we assumed
working independence. For parametric estimation, the working covariamneas set to be
the true within-subject covariance 4t

Table 1 reports the empirical biases and standard deviations, SD, of the estimated
B from the profile-kernel and backfitting methods. It shows that the bias of the profile-
kernel estimator is negligible over the range of bandwidths, but the bias of the backfitting
estimator increases sharply as the bandwidth gets larger. This observation implies that
backfitting estimator is more sensitive to bandwidth selection, as suggested by our theory.
Table 1 also shows that the backfitting estimator has larger empirical standard deviations,

about twice the size of the profile-kernel standard deviations. This observation agrees with
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Table 1. Simulation results f&00 clustered datasetﬁp stands for profile-kernel
estimator,Bgr stands for backfitting estimator.

bandwidth
Estimator h=01 h=02 h=03 h=04 h=05 h=06
Bp bias -0.0014 -0.0022 -0.0016 -0.0015 -0.0019 -0.0022
SD 0.1608 0.1563 0.1539 0.1534 0.1533 0.1530
EBF bias 0.0147 0.0641 0.1412 0.2473 0.3801 0.5385
SD 0.3801 0.3730 0.3671 0.3610 0.3609 0.3625

our general theoretical result in Proposition I1.1.

As a contrast, a numerical study was also carried out on independent data, where
500datasets were generated, each compri8b@subjects. Variable§T;, X) andY; were
generated in the same way as in the clustered-data case, except that the re§paneses
independent of each other. The empirical biases and standard deviations from the two
methods are reported in Table 2.

Table 2 shows a similar pattern in bias to that for clustered data, but the backfitting
estimator has very similar standard deviations to those of the profile-kernel estimator. This
indicates that the two estimators are nearly equally efficient for independent data, which is
consistent with the traditional finding.

Another observation from Table 1 and 2 is that, since the working covariance Matrix
used in the clustered-data simulation does not deperX|, ¢ime profile-kernel estimator is
actually rootn consistent. This is the situation in Corollary II.1. Thus, it is natural that we
observe negligible bias from profile-kernel estimation in both the clustered and independent

cases.
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Table 2. Simulation results f&00independent datasetﬁp stands for profile-kernel
estimator,Bgr stands for backfitting estimator.

bandwidth
Estimator h=01 h=02 h=03 h=04 h=05 h=06
hIineBp bias 0.0015 0.0078 0.0090 0.0091 0.0096 0.0100
SD 0.2444 0.2351 0.2328 0.2320 0.2320 0.2316
EBF bias 0.0160 0.0802 0.1695 0.2783 0.4153 0.5802
SD 0.2710 0.2555 0.2548 0.2603 0.2615 0.2663

2.5 An Application in Ophthalmology

In this section we analyze data from a prospective ophthalmology study on the use of
intraocular gas in retinal repair surgeries (Meyers et al. 1992; Song and Tan 2000). Three
different volumes of gas were injected into the eye before surgery in a tosdl pdtients.

The patients were then followed 3o 8 times over &0-day time period, and the volume

of the gas left in the eye at the follow-up times was recorded as a percentage of the initial
gas level in that eye. The issue was to estimate the kinetics of the disappearance of the gas
with respect to time. We let the response variable beatiesinsquare root transformed
percentage of gas left in the eye. The covariates are the initial level of gas concentration in
the eye, denoted by, and the follow-up observation ting, in the unit of days. We then
assume that the transformed response follows the partially linear model (2.1).

Since there seems to exist a positive correlation among responses from the same pa-
tient, we need to incorporate a correlation structure into the estimation scheme. From the
analysis of the residuals from the initial estimate assuming working independence (Diggle
et al. 2002, Ch. 3), we found that the compound symmetry covariance matrix fit the data
reasonably well. The estimated correlatiorpis- 0.5442 and the estimated variance is

02 =0.0678
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The bandwidthh was chosen by ‘leaving one subject out’ cross validation (Rice and
Silverman 1991; Krdle et al. 2000§2.1.3) using the profile-kernel method. The exact
procedure and a short justification of the use of this bandwidth selection method are given
in the Appendix. We found that estimates with bandwidth ranging féam7 performed
best and that differences among them were negligible. To ensure that the conclusion was
not bandwidth dependent, we carried out the estimation for the bandwidth cléoig.és
7 and 8. We then applied the profile-kernel and the backfitting estimation methods as
described in section 2.1 to these data, where the estimated compound symmetry working
covariance matrix was assumed in the parametric estimation and the local linear smoother

was used for nonparametric estimation. The results are given in Table 3.

Table 3. Ophthalmology example. Estimates and standard errors of the parametric
coefficient using profile-kernel and backfitting methods.

bandwidth
Estimator h=60 h=65 h=70 h=80
Bp estimate 0.1037 0.1024 0.1014 0.1041
SE 0.0080 0.0072 0.0070 0.0063
EBF estimate 0.0898 0.0890 0.0884 0.0879
SE 0.0118 0.0119 0.0117 0.0151

Based on the results, we see that the percentage of gas volume left in the eye depends
positively on the original gas concentration in the eye. The positive estimated valfies of
indicate that the percentage of gas volume left in the eye is high when the original level is
high. This result is consistent with the findings of Song and Tan (2000). Moreover, both
profile-kernel and backfitting estimation show a significant effect from the original gas con-
centration for all bandwidths considered. Regarding this aspect, the semiparametric model

and estimation scheme considered here improve over Song and Tan (2000), where a more
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complex model involving the same response and covariates suggests that the effect from the
original gas concentration is insignificant. Our graphical diagnosis indicates that modeling
the transformed responses with a semiparametric partially linear model provides sufficient
flexibility to model the data reasonably well. The assumption violation observed in the
parametric model considered in Song and Tan, which motivated their proposed model, no

longer exists.
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Figure 1. Ophthalmology example. Fitted curve &gt) by profile-kernel and backfit-
ting methods, shown by dotted and dashed lines respectively, at bandwidih
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The time profile of the percentage of gas left in the eye is reflecte(tyyin the
semiparametric model, and we plot the estimated cung&tofbased on bandwidth= 7
in Figure 1. The plots from profile-kernel and backfitting estimation are almost identical
and indicate the same decreasing trend.

Finally, we note that in Table 3, for all bandwidths, the backfitting estimator had larger
estimated standard error than the profile-kernel estimator. This observation agrees with the
asymptotic properties and the simulation results in section 2.2 and section 2.3. It also
suggests that for multivariate data one should no longer use backfitting as a substitute for

the profile-kernel method.

2.6 Discussion

For a comment on the use of kernel methods versus penalized spline approaches as a gen-
eral statistical methodology, and in particular the implementation of penalized splines via
variance component model representations. We will let others comment on the somewhat
controversial nature of penalized low-order basis splines versus smoothing splines, knot
selection methods without penalties and estimation of smoothing parameters, the spline
literature being in no agreement on these points.

The advantages and disadvantages of kernel methods and penalized splines using vari-
ance component model representations are fairly well known. As made clear by Ruppert et
al. (2003, Ch. 1-2), penalized splines have the advantage that they are easily adopted into
a wide variety of likelihood-type problems, by incorporating the penalties via a variance
components representation.

However, a variance component model representation of penalized splines may not
always make sense, as for example in the marginal generalized partially linear model in Lin
and Carroll (2001) when the responses were non-Gaussian. There is no likelihood function

for such problems in general, so that the penalized spline method would have to abandon
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the variance component representation in favor of ad hoc approaches or alternatives which
are known to have non-trivial computation and marginalization problems.

While variance component model representation of penalized splines can have cer-
tain advantages over kernels in terms of ease of method development, the opposite is true
in terms of theoretical development. It is generally easy to analyze kernel methods, to
develop appropriate bandwidths and to estimate these bandwidths in such a way that the-
oretical properties are ensured. In our Propositions 2 and 3, for example, we see that a
standard bandwidth of order /> will not result in \/n-convergence rates for estimated
B in general, while one of ordar /3 will do so. In contrast, the variance component
model representation of penalized splines results in an estimated smoothing parameter, but
it is generally unknown whether or not that smoothing parameter is estimated at rates that
ensure asymptotic properties, especially for example for low-order basis representations
where the number of knots is allowed to grow with the sample size.

Other examples of this difference in ease of theoretical development are available,
such as in partially linear single-index models; Carroll et al. (1997) develop a semiparamet-
ric efficient kernel method for estimating the parameters in the model. We conjecture that
the method of penalized low-order basis splines of Yu and Ruppert (2002) is also semipara-
metric efficient if the number of knots grows at an appropriate rate and if the smoothing
parameter is appropriately selected, but deriving these two items in generality may well

prove to be extremely challenging.

2.7 Proofs

The purpose of this section is to prove the propositions and results in chapter Il.
In the following proofs, T, X, andY denote the observations over all the clusters.
ThatisT = (T/,---, )T, and similarly forX andY. Also,V ands stand for theamx nm

assumed and true covariance matrices for all data, respectively.
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Proof for Proposition 1.1

Proposition Il.1Under the assumption that both the working covariance m¥traad the
true covariance matrix depend only onl, the asymptotic variance of the backfitting
estimator is at least as large as that of profile-kernel estimator. Thgkis; Vp is positive
semidefinite.
Proof: For clustered data, the asymptotic variavigehas its central component generated
from n~1XTV~1(I — S)g; as we will show in (A5). Similarly, the central component in the
asymptotic varianc®p is from n=IXT(I — S)TV-1(I — S)g, which isn"1XTV-1(1 — S)e
asymptotically. To compand andVgr, it is thus sufficient to compare the variances of the
two central terms.

We now show that, under the condition thaand= depend only off, cov{ X TV~1(l —
S)e} > coyf XTV~1(1 — S)e}. For the backfitting estimator,

coyX™Vi1-9e = E{X'VI1-9z(1-9TvIXxl
= E(m(TV 1 -9Z(1 -9V mx(T)}

+Er{V 11 -9Z(1 -9V lcovX|T)}]. (A1)

In this expressionmx (T) is generally nonzero and the first term is positive semidefinite

because&/ (1 — S)3(I — S)TV~1is positive semidefinite. Also,

cov X'V -9¢) = E{XVI1-9z(1-9TVIX}
= E{EX|IT)V 1 -9z(1-9TVIEXT)}

+E[t{V 11 -9z -9V IcouX|T)}]. (A2

Note that
E(X[T) = E{X-—mx(T)|Ti} =0, (A.3)

coV(Xi|Ti) = cov{X —mx(Ti)[Ti} = cov(X|T)).
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Therefore, the first term in (A.2) 8 and the second terms in (A.1) and (A.2) are identical.
It follows that cof XTV~1(1 —S)e} > cov{XTV~1(1 —S)e)}, and consequentlysr > Vp.
Proof for Proposition 11.2

Proposition 1.2Suppose that 1 n~%, 1/5 < a < 1/3 andn — o and define
X = X+ r!imoo()@(T; B)/0B.
Thenﬁp converges in distribution\'/ﬁ{ﬁp — B+h?bp(B,8)/2} — N(0,Vp), where

bp(B,8) = E(X'VIX)TE{XTV1@(T)},
Vo = EX'VIX)E{(zZs—2)"2(z1 - Z2)}E(XTVIX) L.
Here X = {X —mx(T)}, £ = var(Y|X,T),Zy = VX, Z, = (Z4,---,Z"T, with Z) =
(s s EXNVKT =T} (ThH/ s, f(TT), andvX denotes thék, |) entry ofv 1.
proof: See Lin and Carroll (2001).
Proof for Proposition 11.3

Proposition 11.3Under the same conditions as those of Proposition 1.2, the backfitting es-

timatorﬁBF converges in distribution\'/ﬁ{ﬁg,: —B+ thBF(B, 8)/2} — N(0,Vgg), where

ber(B,0) = EXV IX)E{XTV~6@(T)},

Vere = EX'VIX)E{(Z; -25)"2(Z; - ) E(XTVIX) L

andz; =VIX, Z; = (34, . M7, with Z;) = {37, 51 EQXWKT! = T} £(TH)
/3y fi(T).
proof: For the backfitting estimator, based on expression (2.3),

Ber—B={n XV 11 -9X} Hn XV L1 -9)(8(T) +¢)} (A.4)

In the first term of (A.4), with probability 1,

1

HXTV*(' —S)X — EXTV X — mx(T)}]
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whereE[XTV, (X —mx (T))}] = E[{X —mx(T)} TV, {X —mx (T))}] = E(XTV,72X). In
the second term of (A.4),

%XTV‘l(I —9)(6(T) +¢) = %XTV‘l(I —9)8(T) + %XTV‘l(I —9S), (A.5)

where the first term determines the bias of the backfitting estimator in Proposition 3:

%XTV‘l(I —9)8(T) = —h;E {)gT\/i—le@) (Ti)} +op(h?),

see Opsomer and Ruppert (1997). The second term in (A.5) determines the ‘centred’

asymptotic distribution of the backfitting estimator and can be written as
LS XV 2 - 5 XV LM () - me(T))
n I; i [ n I; i Me( 1 mMe( f ’
wheref(t) is the nonparametric smooth ohtt andm(t) is its expectation.

Recalling thatkn(s) = h=1K(s/h), whereK is a kernel function in nonparametric

estimation, we have

MUGE) ~M() =501 33 KTy~ e )
= ]
wherews(t) = 31" ; fi(t). Proposition 3 follows by substituting this expression back into
(A.4) and carrying out the expectation calculation.
Leave one subject out cross validation

This is to prove the validity of using “Leave one subject out cross validation” for
choosing bandwidth in partially linear model estimation. This bandwidth selection is ap-
plied in section 2.4.
Proof: Letﬁpm and@hm(t) = @hm(t,ﬁp[i]) be the profile-kernel estimators Bfand6(T)
without observations from subjett We letCV(h) ben=1y; {Y XuBP eh[, (Tq )}®2,

wherev®? = vTv, and consider the following decomposition:

cvim=m <218®2+Z{ (Ber) —B }®2+._i{§hm(ﬂ)—9(ﬂ)}®2
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n

— 3 |6 {XCBey =)+ B (1) =80T+ {X By ~B) By () 0T}

+ ;[{ (Bey — B }{@hm<Ti>—e<Ti>}+{6hm<Ti>—e<Ti>}T{>q<ﬁpm—B)}D(A.a)

We select the bandwidth to & which minimizesCV(h) in an interval of[b;n=1/5,
bon~1/%], where0 < by < by < 0. The first term in the right-hand side of (A.6) does
not depend of, while, under the conditions of Proposition 1 and ffoe Op(n*1/5), the
second term is negligible when compared to the third term. Direct derivations also show
that, forh = Op(n*1/5), all other terms in (A.6) converge faster than the third term;
that is, the bandwidth selection criterion that minimi€&&h) is asymptotically equivalent

to the criterion that minimises

_1ii{§h[i](-ﬁ) B( '}®2 _lZlZ{eh[u (Tij) — )}2~

The asymptotic bias and variance structures in Lin and Carroll (2001) and Wang (2003) can

be used to show that the selected optima of ordern—1/3, as in the independent case.
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CHAPTER IlI

SEMIPARAMETRIC APPROACH FOR LATENT COVARIATES IN MIXED EFFECTS
MODELS

3.1 Introduction

Colon cancer is the second leading cause of death from cancer in the United States. There
are strong epidemiological and clinical indications that a high proportion of the deaths
could be prevented through appropriate diet (AICR 1997). Until recently, colon cancer
development was thought to occur primarily due to increasing cell proliferation. This em-
phasis has now been shifted and there is considerable interest in linking colon tumor devel-
opment to inhibition of apoptosis (cell death; see Heemels et al. 2000). When affected by
carcinogen, apoptosis causes the termination of the cells with irreparable genetic damages
that have the potential to progress into cancer cells. That is, by getting rid of damaged cells,
apoptosis prevents them from proliferating to cancer cells.

There is a family of oncogenes that encode products adversely affecting apoptosis. An
oncogene closely linked to apoptosi®-2. Over-expression of thecl-2gene leads to the
suppression of apoptosis, thus allows tumor cells alive and proliferating. During the initial
stage of colon carcinogenesis (e.g., the first 12 hours post exposure to a carcinogen), few
apoptotic cells are formed and the main information is carried by an apoptosis-related gene
(e.g.,bcl-2). Therefore, in this study, we focus on investigating the relationship between
bcl-2 gene expression and the amount of DNA damage during this initial stage of colon
cancer. Our primary interest is how the diet affects this relationship at different time after
exposure to carcinogen. In the laboratory, the amount of DNA damage is measured by the
DNA adduct level.

We now briefly describe the experiment. Thirty rats were divided evenly into two
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groups. Each group was fed with one of the two diets: a fish oil supplemented or a corn
oil supplemented for two weeks. After this, all 30 rats were injected with azoxymethane
(AOM), a carcinogen that induces colon cancer. Three rats from each diet group were
then euthanized at 0, 3, 6, 9, and 12 hours post exposure to carcinogen to measure the
DNA adduct level andbcl-2 gene expression in colonic cells. For each rat, 20 crypts were
selected to measubel-2, and another group of 14 to 25 crypts were selected to measure the
adduct level. These two measurements were taken at each cell within the selected crypts:
about 14 to 25 cells in the crypts fbcl-2 measurement, and 14 to 56 cells in the crypts for

DNA adduct measurement.

Architecture of Colon Crypts:

Crosssectional View
o Stem Cells:
~Lumen — Mother cells
A T near bottom

o Depth in crypt
* ~age of cells

- Suggests
importance of
depth

Figure 2. Structure of colon crypts

Colon crypts are discrete units where colonic cells replicate. Within each crypt, there
are stationary, permanent cells called stem cells that generate all of the cells within that

crypt. Daughter cells are formed at the crypt depth where the stem cells are located. As
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more cells are created, they move up the crypt unit and exfoliate into the intestinal lumen.
Thus, a cell’s relative position within a crypt is an indicator of its age: cells at the bottom
are younger, while cells near the top are older. In this data, the relative cell positions in a
crypt are recorded ranging from O at the bottom to 1 at the top. Figure 2 shows the structure
of the crypts in a colon.

Our goal is to understand the relationship between the two measurements, cell DNA
adduct level and thecl-2 gene expression, as well as the effect of diet. More precisely,
we want to investigate, in comparison to the corn oil supplemented diet, whether the fish
oil supplemented diet helps redubel-2 gene expression when DNA damage increases.
We need a mixed effects model for this relationship to accommodate the diet and time
treatment effects, and also the random effects from rat and crypt. The special aspect about
this study is: DNA adduct level anacl-2 gene expression were not measured in the same
crypts, though from the same rats. This is because in this study, once a crypt was selected
to take DNA adduct measurement, this same crypt could not be used again to measure
bcl-2. Instead, a different crypt from the same rat was used. Since the number of cells
varies from crypt to crypt, cells within different crypts have different relative cell positions.
Consequently, the two measuremeis;2 gene expression and DNA adduct level, were
observed at different cell positions. It is a problem of misaligned measurements. Conven-
tional regression methods are not appropriate here.

For the misaligned measurements problem, we propose a semiparametric statistical
methodology. When the covariate values are unavailable, the traditionally common practice
are the nearest neighbor (NN, Pielou 1961) method or the last observation carry-forward
(LOCF, Mallinckrodt et al. 2003) method. These two methods, when applied to the colon
carcinogenesis study, are to use the DNA adduct values that are observed at cell positions
nearest to or immediately in front of thel-2 measuring positions as the DNA adduct val-

ues corresponding to tHel-2 measurement. Our semiparametric approach is to assume
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a latent process that relates DNA adduct to the relative cell position at rat level, and use
this latent process for the latent covariate - DNA adduct - in the mixed effects model esti-
mation. The rat level latent process can be estimated nonparametrically from the group of
crypts selected for measuring DNA adduct. We refer to this practice of incorporating non-
parametric estimates in parametric model estimation as the semiparametric approach. This
semiparametric approach and the NN, LOCF methods, are all based on the féci-that

and the unobserved corresponding DNA adduct are related through the cell position. How-
ever, the semiparametric approach takes into account that the two measurements are not
only misaligned, but more importantly from different crypts. Another possible approach
for this misaligned measurements problem is the EM (estimation maximization) method.
However, due to the complexity of the colon carcinogenesis data, EM method is not as
applicable as the semiparametric approach.

This semiparametric approach can be considered as an extension of Carroll and Wand
(1991) and Pepe and Fleming (1991) in that a nonparametric estimation method is used
to obtain the estimates of the unobserved covariate. The major differences are two fold:
first, the previous two papers actually partially observe the true covariates while we do
not. Secondly, the DNA adduct measurement forms a nonparametric mixed effect model
with the marginal mean as a function of the relative cell position. That is, the observed
surrogates are correlated while the previous work focus on independent responses. While
the method developed in this paper is motivated by and applied to the colon cancer data,
the proposed method has more general applications. In biological studies, it is common
that true covariates are not directly observable and can only be postulated as coefficients
or functional of another regression model (see Wang and Wang 2001, for a parametric
example).

This chapter is organized as following. Section 3.2 formulates the mixed effects mod-

els for the colon cancer data, and describes the proposed semiparametric method. Section
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3.3 develops the asymptotic properties of the semiparametric estimators. Section 3.4 gives
a simulation study. Section 3.5 presents the application of our method to the colon cancer
data. Finally the concluding remarks are in section 3.6, and the proofs of the results in this

chapter are provided in section 3.7.

3.2 The Model and the Method

3.2.1 Model Specification

Due to the fact that the cell DNA adduct measurement is unavailable for the crypts where
bcl-2 gene expression is taken, we assume a rat level latent adduct pxpies$sr rati at
relative cell positiort, t € (0,1). Here cell position, or the relative cell position, refers to
the relative position of each cell within the selected crypt.

The following mixed effects model describes the relationship betieé and the

rat level latent covariate:
YU — HXY (t:: ry L Zrpte 4 gtr 3.1
ijk = (XI (Ijk)vB )+ i IJ+£|Jk' (3.1)

In this model,i is the index of ratj is the index of crypt selected to measbi@-2, k is the
index of the cells in the selected crypt, and the sup-index “tr” is the treatment indicator for
the diet and time group. The cell leviet|-2 gene expressiorYitj'[(, is linked to the rat level
DNA adduct covariateX, through the relative cell positiax. B is the unknown fixed
effect parameter vector amdlis the known link function. The random effett!, coupling
with rat and crypt level observed covarial, lay out the hierarchical rat and crypt-level
dependency in model (3.1). Finally, we i#tdenote the unknown parameters in the error
distribution of b and the additive cell level err@". Hereafter, to ease the notation, we
suppress the sup-index “tr” in the text.

The latent covariateX(t), is completely unobservable but can be considered as the

rat-level conditional mean at cell position That is, we can link the observed cell DNA
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adduct measurement at fatrypt | and cellk’, which is denoted agf; ., to X;(-) through

the following model:

Wi = Xi(tijne) + dijr (tije) +&jres (3.2)

whered;j denotes the crypt level variation aegy denotes the cell level additive error.
Conditional onX(t), we assume that measurements from different crypts are independent
of each other. Model (3.2) is equivalent to the nonparametric model considered in Morris,
et al. (2001). Note thatj’ is the index of the crypts selected for DNA adduct measure,
andk’ is the index of the cell within that crypt. Due to the nature of the experiment, in no
situation,j’ = j in (3.1) and (3.2).

Since crypts are randomly selected from the same rat to measi#&and DNA
adduct, biologically, the two groups of crypts should have similar properties. Therefore, it
is reasonable to assume that the latent process for addisathe same for the two groups
of crypts. This suggests that we can estimate the latent covfimtenodel (3.1) from the

nonparametric model (3.2).
3.2.2 Method Description

Since the latent covariat§(t) can be considered as the rat-level conditional mean at cell
positiont, one way to recover this unobserved covariate is to estimate it nonparametrically.
Our semiparametric method to estimate paramefiaandy in model (3.1) can be described
by two steps. Step 1: nonparametrically estimate the latent prges$or each rat. That
is to estimateX (t) at cell positiort based on model (3.2). Step 2: Use the estimtéigy )
to replace the tru;(tj ) in mixed effects model (3.1) and then estim@tandy.

For estimation of the latent adduct process, we estimate within each rat separately, due
to the fact that the rats are independent. To estinddté, we use the local linear smoothing

and assume the working independence correlation structure (Lin and Carroll 2000). That
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is, we will ignore the correlation among observed DNA adduct from a common crypt in the
process of nonparametric estimation®f

For estimation of the parametric part, we use the generalized estimating equation
(GEE). We will focus on two special cases of model (3.1) in the study of semiparamet-
ric estimation and its application in colon carcinogenesis. That is, the link function is taken

as quadratic or generalized linear function.

Yijk = Bo+ B1Xi (tijk) + B2Xi (tiji) >+ Zijbl} + &iji (3.3)
or
Yijk = H (X (tijk)B) + Zjj b,tg + Eijk- (3.4)

For the mixed effects quadratic model (3.3), semiparametric estimatfrigor

B0t (1% Rm)] & X Rm]y ety LR Rm)] 5
(3.5)

Wheren is the number of rats]; is the vector of observation cell positions focl-2 in
rati, Y; is the vector of observelicl-2, X; is the realization of(-) at T, Xi(T)) is the
nonparametrically estimated latent procésst T,. 5; is the estimated covariance matrix
for thebcl-2 measurements in rat

For the mixed effects generalized linear model, the semiparametric estinfataof
be calculated using scoring method us)ﬁgﬂ). The estimator has the following asymp-

totic expression:

MY X(@TAETHY - HX(T)B)H{L+0e(1)}- (3.6)

Here,Aj = HW(X;(T;)B) is the first order derivative of link functioH.
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Accounting for the nested experimental design in the colon carcinogenesis study: cells
within a crypt and crypts within a rat, we consider the following simple structure of the

covariance matrix in model (3.1, 3.3, 3.4):
5 = 05w + opdiagJi -+ 5 i, ) + Oal N, (3.7)

wherea? and oﬁ are the variance components for the random effects from rat and crypt
respectively, ana? is that for the random error. Thus= (03,0%,02). J is matrix of
entry 1;1 is the identity matrix.N; is the total number obcl-2 observations in rai J;

is the number of crypts fabcl-2 observation in rat; K; j is the number of cells fobcl-2
observation in crypf of rati. &; is calculated by replacingby §.

When the goal is to construct consistent variance component estimator to be used in
the estimated covariance in say (3.5) or in the asymptotic inference procedure, we replace
X in the design matrix bX and use the traditional maximum likelihood (ML) or restricted
maximum likelihood (REML) estimators when tro€ were observed. To ease the pre-
sentation of our investigation on conditions that allow such an replacement and still result
consistency outcomes, we focus our presentation of this subject on the use of an “fitting-
of-constants” method (Henderson, 1953) in quadratic models. The outcomes are given in
Section 3.3. This “fitting-of-constants” method was studied extensively by Fuller and Bat-
tese (1973) for the nested design. We choose this particular estimator for two reasons. First,
its construction is particularly suitable for nested design so we use it in our data analysis.
Secondly, the role played by the latent covariate can be clearly described. This feature
simplifies the task of presenting the basic rationale behind the consistency of the estimated
variance components and the conditions required for the consistency. The basic idea behind
the estimator is to use simple regression analysis on transformed response and covariates
to ease the task of obtaining estimated variance components. The estimation procedure

and the exact form of estimators with observed covariates are given in Fuller and Battese
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(1973) and summarized in section 3.7.

3.3 Asymptotic Properties of the Semiparametric Estimator

We develop the asymptotic properties of the semiparametric estimators based on using
local linear smoother. The nonparametric estimate of the latent prgesis obtained by

local linear smoothing rat by rat. Hereafter, the sub-index for imsuppressed. Routine
derivations give the following asymptotic expression which is used throughout the section.
To ease the presentation, we assume that all crypts within a rat have the same number of

cells.

X(t) =><(t>+W2‘l(t)1 JZ 3 Kn(Tiw —t)Njne +DPX(ON/2+0p{(F) 2}, (3.8)

Y iEnE

wherelJ’ is the number of crypts for adduct observation in a specifiedKfas the number
of cells per crypt. Furthem?X(t) denotes the second derivative Xft) and Kp(v) =
h~1K (v/h) with K being a symmetric, variandekernel density functiom ji = djs +ejn
is the random error in the DNA adduct model. lfe{t) be the marginal density of relative
cell counts at cell positioh Wx(t) = ZE/:l fr(t). For the mixed effects quadratic model,
we obtain the following properties:

Proposition 11I.1.With n andJ’ — , h — 0 andYK'h — o, \/A(p* — B — Bg) —
N(O,VB), with

Bs = BAB)N?+0p{(J) Y2} +O{(IK'h) 1}, (3.9)

Vs = B 1+ (IK'n) B lcB)B, (3.10)
where

. 1
B = limp > Zl[i,ﬁ,ﬁzfzfl[l%ﬁzla

AB) = h2|imn%1 i[g,ﬁ/z,ﬁ* D2X]Z Y

n;

%18,

=
1
| <
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. 10
C) = nmn%ﬁiZlPiTZiWP..

P = [0, pi, pi * 2X] with p; = Z(l[i,ﬁ,ﬁz]& and * standing for the element-wise vec-
tor/matrix product(J'’K’h)~15¥ is the covariance matrix of the nonparametric local linear
estimate in (3.8) evaluated & Z" is a (JK) x (JK) matrix, with the diagonal entry
(ZM)11 = Yk (0)(0% + 03) / fr(Ti), and the off-diagonal entr§&),, |, = ha3Waa(Ti,, Tii,)
/ {Fr (i )We(Ti,)}, whereWaa(ta,t2) = Yo, fm.m)(tat2), Y (0) = [K3(s)ds and
frr,m)(t1,t2) is the bivariate density of relative frequency of having cells at positigns
t> within the same crypt.

Whennh* — 0, B* is y/n-consistent. A sketch of proof of the proposition Ill.1 is in
appendix.

Remarks:

1. Both (3.9) and the second term in (3.10) goe® s 1/(J’K’h) andh go to 0 and
J' goes tow. Thus the bandwidth selection is not determined by the crypt number
alone, but the number of observations of DNA adduct from all crypts within a rat.
Even though we do not need to assufie- o, we carefully keep track of the role of
K’ in the asymptotic distribution. In the colon carcinogenesis study, though the crypt
numberJ’ is around twenty)’K’ is much bigger, ranging from several hundreds to

one thousand.

2. Covariance of semiparametric estimafbrhas two parts.B~1 is the asymptotic
covariance matrix wheK is observed. The second term in (3.10) is from the non-
parametric estimation of the latent covariXis. As J’K’h — o, the second part will
diminish, and variance cﬁ* is mainly fromB~1. Also, when matrixB is diagonal,
the variance of interce;ﬁ}o and its covariance witﬁl andf32 are nearly not affected
by the nonparametric estimation, due to the fact that the first row and first column in

C(PB) are zero, see (B.5) in section 3.7.
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3. Estimation on the covariance éf can be obtained by,

A

var(pr) =B 1+ él(_izi*zf)él, (3.11)

based on the proof in the Appendix, where

n

B~ YUXXTE

1. o o2

[l-aﬁaxi ]7

i= _1[ X

o= [0, 2%« WS

and 7 is the random error in the nonparametric estimation of latent pro¢ess

defined in the appendix.

4. When there are more than one treatment groups, indicator variables can be used to
enlarge the design matrix. Because of the block diagonal nature of the setup, the

extension is straightforward.

For the estimates of the variance components in (3.7), we obtain the following consis-
tency property.

Proposition 111.2.Estimates of variance components o2 andao? in the mixed effect
model (3.1), with the nonparametrically estimad¢dare consistent as— 0, J — o and
JK'h — oo,

A sketch of the proof of Proposition 111.2 is given in section 3.7. Fuller and Battese
(1973) have shown that estimation of the variance components does not affect the asymp-
totic properties of their weighted least square estimator. Following their derivations, we
can show that when Proposition 111.2 holds, the asymptotic property for the semiparametric
estimated remains the same when we repladey s We just need to obtain the following
properties of semiparametric estimatof3dior Z.

For the mixed effects general linear model (3.4), the semiparametric estimator has the

similar asymptotic property.
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Proposition 111.3.Under the same condition of Proposition 1, the semiparametric esti-

mator (3.6) is consistent and asymptotically normally distributed, with

By = B AN +0p{(J) Y2 +O{(IK'n) 1},

Vs = B+ IK'n)BIc(p)B Y,
where
n
B = |imn_>wn_1ZﬁTAiZi_lAiﬁa
i=

APB) = hzlimnﬂmn‘liﬁTAizi—lAi D2XiB/2,

CB) = |imn%n-1ZﬁTAizi—lﬁizwgizi—miﬁBZ

A sketch proof of this proposition is given in section 3.7..

3.4 Simulation Study

To study the numerical performance of the proposed semiparametric approach, we conduct
a small simulation study.

Fifty (n = 50) subjects are generated. For each subject, we gerteraté0 response
(Y) within each of thel = 20 crypts. Also, in that same subject, anotlies 30 crypts and
K’ = 50 covariate K) within each crypt are generated. The cell-positions for obserXing
are evenly spaced, and those for obseriingre randomly uniformly distributed, both in
[0,1].

The covariate process ¥(t) = 5—5sin(3t - rij1) + ri2, with rj; ~ unif[0.9,1.1], and
riz ~N(0,1). The observed covariaté/, is generated by model (3.2), with (t) = d;j/,
dij; andej are independent of each other and normally distributed with meéaar
variancecg anda?, respectively. In this simulation, the variance components are chosen

asoyq = 0.3, 0 = 0.7. The observed respon¥eis generated by mixed quadratic model
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(3.3) with covariance structure as specified in (3.7). The parametric values are chosen to be
Bo=1, B1=-2,B2=1, and variance componertg = 1, 0, = 1, 6. = 3. There are 300
replications in the simulation. We carry out the estimation of the mixed quadratic model
with latent covariate by four methods: (1). GEE with the true covariate values (True), (2)
the nearest neighbor method (NN); (3) the last observation carry-forward method (LOCF),
and (4) the semiparametric method (Semip). For the semiparametric method, estimates
are computed over several bandwidths. We report In table 4 the Monte-Carlo mean and
the Monte-Carlo standard deviation of the estimated quadratic coefficients. Also, for the
semiparametric estimates, we report the estimated standard error based on their asymptotic
distribution in Proposition Ill.1.

Table 4. Simulation results: Mean is the Monte-Carlo mean of the estimates, SD is the

Monte-Carlo standard deviation, and ESE is the estimated standard error from the
asymptotic distribution.

Method Bo=1 B1=-2 Bo=1
True mean 0.998 -1.995 0.999
SD 0.166 0.023 0.005
NN mean 0.779 -0.929 0.677
SD 0.185 0.068 0.017
LOCF mean 0.808 -0.927 0.667
SD 0.185 0.070 0.018
Semip
h=0.03 mean 0.980 -1.983 0.994
SD(ESE) 0.167 (0.157) 0.031(0.027) 0.007 (0.006)
h=0.04 mean 0.987 -1.994 0.996
SD(ESE) 0.167 (0.157) 0.030 (0.027) 0.007 (0.006)
h=0.05 mean 9.995 -2.004 0.998
SD(ESE) 0.166 (0.156) 0.030 (0.026) 0.007 (0.006)
h=0.06 mean 1.002 -2.015 1.000
SD(ESE) 0.166 (0.156) 0.029 (0.026) 0.007 (0.006)
h=0.07 mean 1.011 -2.028 1.002
SD(ESE) 0.165 (0.156) 0.029 (0.025) 0.007 (0.006)

In table 4, we see that the LOCF and the NN estimates are biased toward null findings,
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due to the effect of attenuation. However, the semiparametric method yields much better
results than the other two methods. In addition, the estimated standard errors from the
asymptotic distribution of the semiparametric estimator are quite close to the Monte-Carlo
standard deviation. Here we see tﬁafrom semiparametric estimation has more deviation
than that from the regular GEE by using the true covariate values (which is unattainable in
practice for misaligned measurements problem). This additional deviation from nonpara-
metric estimation oiX;’s decreases aBK’h gets big.

For the estimation of the variance components in the mixed quadratic model, based
on semiparametric approach as in (B.6, B.7, B.8), the estimated variance components at
h=0.05are: 0, = 0.999, 6, = 1.022, andd; = 3.003 with the Monte Carlo SD as 0.064,
0.030, and 0.019 respectively.

3.5 Analysis of Colon Carcinogenesis Data

In this section, we summarize the procedures and outcomes of the analysis to the colon car-
cinogenesis data introduced in Section 3.1. The goal of this study is to investigate whether
increase in DNA adduct level induces an increment or a decremdrd-a gene expres-
sion, also whether the increment slopes vary with diet within a individual rat. Recall that
the responsdycl-2, and the covariate, DNA adduct, were not observed from the same crypts
within a rat. Since the relative cell positions for observing these two measurements differed
from crypt to crypt, it is a problem with misaligned measurements. We assume each rat’s
DNA adduct level follows a specific proceXs We then postulate the relationship between
bcl-2 and DNA adduct by the semiparametric approach.

For this colon carcinogenesis study, these are several features to be noticed. First, as
introduced earlier, the relative cell position actually indicates the age of the cell. To detect
any effect from the cell age, we carry out analysis within each portion of the crypt sepa-

rately: the bottornil/3 section, the middld./3 section, and the toft/3 section. This has
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been a common practice in the field of animal studies of colon carcinogenesis and the sim-
ple models provide directly interpretable outcomes for easy communication. Secondly, we
focus on the analysis using the mixed effects linear model, that is to use linear link function
H in the general mixed effects model (3.1). For the model checking purpose, we carry
out regression using mixed effects quadratic models, and find out that for most treatment
groups, the quadratic coefficients are not significantly different from zero. Therefore, we
choose to use a mixed effects linear model instead of the quadratic model. The properties
we developed for quadratic models apply here, and the linear model allows easier inter-
pretation for the diet effect on thecl-2 vs. DNA adduct relationship. Finally, we use the
centered regression. That is to regress on the centered DNA adduct. By centered DNA
adduct, we mean the DNA adduct values centered around their rat level mean within each
section: bottom, middle, and top. The reason behind “centered” regression is as following.
Due to subject to subject variation, different rats could have different range of adduct val-
ues even within the same treatment group. The analysis using the centered adduct captures
the common structure of rat specific pattern. In fact, it models the trend betvaben

and DNA adduct within each rat and then summarizes the trends over all the rats within a
same treatment group. On the contrary, the regression using uncentered adduct practically
models the trend between the rat level averagdscb? and DNA adduct cross different

rats.

In summary, we study the colon cancer data by the linear mixed effects model on the
centered adduct values, at each of the three sections of crypts. Based on how the values
of adduct — the latent covariate in primary model (3.1) are obtained, we consider and
compare three methods: the proposed semiparametric method, the NN method, and the
LOCF method. For the semiparametric approach, bandwidth selection is from the leave
one subject out cross-validation (Rice and Silverman 1991) with the selected bandwidth

h = 0.05. It is worth noting that the values of the generalized cross validation function
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changes little over a range of bandwidths aro0r@b and the outcomes vary little using
bandwidths in that neighborhood.

Analyses are performed in all three sections of the crypts. Here, we focus on report-
ing the results for the top section. Due to the research by Hong et al. (2000), it is the
location where the proportions of apoptosis differ between fish oil enhanced and corn oil
enhanced diets in the later stage of carcinogenesis. The results for the other two sections
are either non-significant or similar to the findings in this top section. In table 5, we list the
estimated coefficients from the three methods: semiparametric (Semip), last observation
carry-forward (LOCF), and the nearest neighbor (NN). For the semiparametric method, we
report the estimated intercepts and slopes forlibi&reatment groups. Also reported are
the standard errors of the estimates andgwvalues for the contrast between the two diets
within each of the 5 time groups. While the estimates of intercepts and slopes are from
point estimation on the colon carcinogenesis data, estimates of the standard erpar and
value are from parametric bootstrap, based on the semiparametric regression results. As
comparison, we also report the estimated slopes from LOCF and NN methods. We see that
these estimated slopes are shrunk toward zero. However, they lead to non-contradicting
conclusions as the semiparametric estimates, in the sense that the contrasts between the
two diet groups are of the similar pattern, though of much lower significance.

From table 5, we can see that during the initial stage of colon cancer development (
first 12 hours after exposure to carcinogen), except for time group 0, the fish oil fed rats
have significantly smaller slopes than the corn oil fed rats. More specifically, as DNA
damage increases, for the fish oil fed rats,lthb2 gene expression either decreases as at
time 3, 9, and 12 hours after injection of carcinogen, or increases at a much lower rate than
the corn oil fed rats as at time 6.

As we know,bcl-2is an oncogene that prohibits apoptosis. Under-expressibol-&f

gene expression enhances higher activity of apoptosis, and consequently more active self-
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Table 5. Estimates for the linear mixed effects model of bcl-2 versus DNA adduct: SE is
the standard errorp-val is thep value for the comparison between the two diets within
each time group.

time diet semip estimates semip P-val LOCF NN
intercept (SE) slope (SE) diffint diff slope slope slope
0 fish 33.54(2.79) 2.32(0.53) 0.38 <0.01 0.052 0.069

comn 37.08(2.94) 0.83(0.43) -0.081 -0.031
3 fish 25.13(2.79) -0.79(0.28) 0.04 <001 -0.092 -0.108
comn 33.08(2.80) 0.35(0.28) 0.050 -0.034
6 fish 25.57(2.81) 0.18(0.25) 0.43 <001 0.084 0.014
comn 28.51(2.81) 2.25(0.37) 0.118 0.065
9 fish 19.48(2.88) -1.28(0.27) 0.54 <001 -0.021 -0.115
corn  22.38(2.89) 0.92 (0.36) -0.023 -0.041
12 fish 24.99(2.72) -0.52(0.30) 0.72 <0.01 0.065 -0.022
corn  26.42 (3.04) 0.42(0.27) 0.093 0.044

termination of the cancer-prone damaged cells. Therefore, our findings in table 5 suggest
that during initial stage of colon carcinogenesis, in comparison to corn oil diet, fish oil diet
suppresses the increment in the gene expressibal&fwhen the DNA damage increases

and thus potentially has a better chance in promoting apoptosis. Plots of the regression

curves from semiparametric approach are shown in Figure 3.

3.6 Summary

For the colon carcinogenesis study, the objective is to find the relationship between the cell
DNA damage (measured by DNA adduct) and ltiee2 gene expression, during the initial
stage of colon cancer. Also, we are interested in how the diet (fish oil versus corn oil)
affects this relationship at different times post the exposure to carcinogen. A mixed effects
model is appropriate for this study to incorporate the diet, time effects, and the random
effects from rat and crypt.

The two measurements — DNA adduct level @al-2 gene expression were mea-
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Figure 3. Fitted regression curves for bcl-2 vs. DNA adduct at each time points from
semiparametric approach: light points and lines are for the fish oil diet group, dark points
and lines are for the corn oil group, bandwidith= 0.05.
sured from different crypts though in the same rats. Since different crypts inside the colon
have different cell numbers, the two measurements were not measured at the same cell
positions. It is a problem of misaligned measurements. Consequently, there is the latent
covariate (DNA adduct level measured at the cell positionlsob®) in the mixed effects
model. We propose the semiparametric approach for this misaligned measurements prob-
lem. Based on the theoretical investigation and the simulation results, our semiparamet-
ric approach produces estimates with nice properties. Compared with the two traditional

methods, nearest neighbor approach and the last observation carry-forward approach, our
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semiparametric approach has better performance.

Biologically, the semiparametric results support that fish oil helps to reduce the risk of
developing colon cancer at the initiation stage. During this early stage, fish oil can lower
the rate of increase incl-2 gene expression when the DNA damage increases. Since over-
expression obcl-2 gene inhibits apoptosis, reduced rate of increasi? leads to more
active functioning of apoptosis, thus reduces the danger of colon cancer by getting rid of

more damaged cells.

3.7 Proofs

This section is to prove the results in chapter .
We derive the asymptotic results based on local linear smoothing for nonparametric

estimation of latent proces$(-). Suppressing the rat indéx

J K’
X(t) :X(t)+W2_l(t)J—1, Z k Kn(Tjne —t)Njwe +D?X(1)2h%/2+0p{(3) Y2} (B.1)
i’=1K=1

and,
2 21y 4 2 PR 2y 1112
XA = X0+ FXOW (1) 5 > Kn(Tywe —tnjie +X()DX(t)h
=1kt
110 v - 2 N-1/2
+ AW 0 3 S Kn(Tiwe —Onjae}™+0p{(3) 7} | {1+0p(1)}-
=11

In the following, denote; asX;(T;), which is the realization of latent procesat the
bcl-2 measuring positions§ in rati, and& for the nonparametric estimate Xt Similarly,
we define the vector$l{ whose entry corresponding to cell positi@x is

W, (Tijk) & 2?//:12521 Kn(Tije — Tij)Nijw- That is, W contains the random errors
in the local linear smoothing estimate X¥f. Each entry in#} is Op{(JK’h)~%/?}, and

each entry imi® is O{ (IK’h)~1}.
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In the asymptotics study, the number of crypts and the number of cells within a crypt
for observing the responséin each rat are assumed as fixed, and denotell @sd K|
respectively. Sali, Xi, and 7 are of fixed dimensimzfi:1 Kij .

Proof of Proposition 111.1

For the semiparametric estimaf&rin (3.5), [§* = AzlAz, where

>

Sl Sl

T]
Ay = 2[17&7& ]TzrlYl

In A1, denote

so,Al is the matrix with entr;PN\i rs= (&rfl)TZi&&l,for rs=123.
Due to the fact thal = X + O(h?) + Op{(J'K'h)"¥2} + 0p{(J)"¥/?)} and &2 =
X%+ 0(h?) + O{(YK'h) ™1} + 0p{ (3)1/2)},

Ars— (X YTz xSt for i=1,---,n. (B.2)

in probability, as)’ — o, h— 0andJ'’K’h — «. Consequentlyd; — B in probability.
Write

Ay = Ao1+Ax+Axz+Axs+Ass, where

10 10
AZl = HZ[J_,ﬁ,XI_Z]TZI1[1_,&,&_2][3—%52\[1.7&,)('_2]1-2'lﬂ,
1 2 Ts—1 2
A = H.Z[Qyﬂﬂﬁ*ﬂJrﬂ] Z L%, X70B,
Aoz = %.2[97Dzﬁh2/2+0p{(3/)‘1/2}»ﬁ*Dzﬁhz+Op{(J/Yl/ZHZFl[Lﬁ%_'z]&
Pos = %_Z[Q,%zﬁ W+ T e, (B.3)
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Ags = %Z[Q,D25h2/2+op{<J'>—1/2}7§*Dzﬁh2+op{<~l’>—l/2}lzi1@ (B.4)

Note thatAy; corresponds to the mean and variance terms in the quadratic regression if

were observed. The first order bias[}}f originates fromAy2 and Ax3, the leading extra

variance is also fromd,o. For the bias,

0
Az = | 1 h? + 0p{(3") 2}
23 5 (Bodoo+ B1201+ B2a02) P
Boaio+ Bran1+ Bran2

= AB)I*+0p{(I) 2}

whereass = 51, (X")T%1D2X XS, forr = 0,1, ands= 0, 1,2, are finite.

0
0
E(W)) 21X, %%

Sl
=]

¥k (0)(0§ +08) 1
JK’h n

thus,E(Azz) = O{(J'K'h)~1} provided thatt 51" 4 D(Ti) TZ YL, Xi, X?] < o0, with D(T;) =

o 7 (T,

For the covariancesov(Az1) = 1B,

1
n2

CoMAz2) = i pl coMW)I0, pi, 2Xi * pi]
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O 0 O
1 _
= H(J/K/h) Y10 coo 2o
0 2c10 4c11
1 _
= —(JK'nICp) (B.5)

With Crs = liMpoet ST (X% P)TZV(pi + XY, forr = 0,1 ands=0,1. (JK'h)~15V =
cou ‘W) is the covariance of the estimat¥d
Proposition I11.1 follows tha®\>1 andAy2 are independent giveX.
Proof of Proposition 111.2
Fuller and Battese (1973) gave the variance components estimators for nested design,
and shown that they are unbiased. For estimator-ef(o2,02,02) in the mixed model,

they have the following expressions:

62 = TT8/(Na—Ni— p+Ar2) (B.6)
AT A )
A2 G'0—(N2—n—p+A1)0¢
— B.7
b N2 — tr(Hp) (B.7)
62 _ \7T\7_ (NZ - p)ag - {NZ _tr(Hal)}a-g (B 8)
a Nz—tI’(Haz) '

wheret is the vector of residuals from the centered regressigmof- ¥ij. ONXijkm —
Xijm, M= 1,---,p; uis the residual ofyjjx — Vi ON Xjjkm — Xi.m; V is that of yjjx on
Xijkm- N1 is the total number of sub-units (crypts for observing-2) 3 ;J. Ny is
the total number of sub-sub-units(cells for obserint2) S ; zf‘zl Kij. nis the num-
ber of subjects (rats)A; andA1, are the number of x-variables that have constant val-
ues for the sub-units and the sub-sub units respectivplis dimension off3. For the
mixed quadratic modelp = 3 and A1 = A1 = 1. X is the design matrix at the true
value of the covariatesHy, Ha,, andH,, are the hat matrices in the estimation of vari-

ance componentstp = (X — X1 ))T(X = X)) ¥y 374 K2(Xij. — Xi) T (Xij. — Xi.);
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Ha, = (XTX) T3y 373 KX Xiji Hay = (XTX) 7151 JPKPX] X K; is the number
of sub-sub-units within each sub-unit of subjecto ease the presentation, we assume this
number is the same for all the sub-units with a subject. Thé; is, the number of cells in
each crypt for observing bcl-2 at ratHere the notations related to design maXiare the
same as in Fuller and Battese (1973).

The semiparametric variance component estimaigtsd,2, andd:2 are of the same
expression as in (B.8), (B.7), and (B.6), except Kas replaced byN(, which is the design
matrix of the nonparametrically estimated covariates. To study these semiparametric vari-
ance components estimators, we need only to focus on the effects from the nonparametric

estimation on the covariates, which are contained in the following terms:

XTX (B.9)

X(XTX)~IXT (B.10)
where (B.9) determines the terms in hat matriggsHa1, andHgo; (B.10) determines the
estimated sum of squared err@fs, G' G, andv' V.

For mixed effects quadratic model (3.3),

n

XTX= 3 LKL

=
By refering to (B.2),AXTX — 1XTX in probability as)’ — , h— 0 andJK'h —

oo, Similarly, X (XTX)"1XT — 1X(XTX)~*XT in probability. Thus, the semiparametric

variance components estimatod?, 6,2, 6.%) converge toGa2, 6,2, 6.2) in probability.

Since(cfaz, Gp2, 602) are unbiased, the semiparametric variance components estimators are

thus consistent.

Proof of Proposition 111.3
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Estimate[g* is solution to,
3 XAZ{Y-HXp)} =0

So,

~

BB (3 X7 AmAK) UL S X A - HXB) 1+ 0p(1).

The rest of this proof can be done following the structure that proves proposition IIl.1.
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CHAPTER IV

CONCLUSION

4.1 Study of the Partially Linear Models

Our study on profile-kernel and backfitting methods for the partially linear model con-
cludes that the two methods are not equivalent for correlated data. When the data is lon-
gitudinal/clustered, the backfitting method is more sensitive to the choice of bandwidth,
and it generally has larger variation than the profile-kernel method. Though the asymp-
totic normality of the backfitting estimator is formulated following the common estimation
scheme of Zeger and Diggle (1994), the general result on the asymptotic efficiency of the
two methods apply to any estimation setup and nonparametric smoothers. The simulation
results show that, for both independent and correlated cases, the backfitting estimator is
more sensitive to the bandwidth selection. The bias of the backfitting estimator can be
large when the selected bandwidth is big. However, when it comes to the standard devi-
ation, backfitting is similar to the profile-kernel for independent data, but its deviation is
much larger than profile-kernel for correlated data.

The ophthalmology example indicates that the partially linear model yields more ef-
ficient results than a completely parametric model. In the parametric model for the dis-
appearance of intraocular gas in retinal repair surgeries, complicated transformations were
adopted to model the unknown time effect. The logistic transformation applied to the mean
function causes the effect of initial dosage to be not significant in the inference. However,
our partially linear model uses the nonparametric term for the unknown time effect. Not
only is the model much simpler, it also detects that the initial dosage of intraocular gas

significantly affects the time profile of disappearance of this gas.
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4.2 Study of the Semiparametric Approach for Colon Carcinogenesis Study

For the study on colon carcinogenesis, our semiparametric approach for the misaligned
measurements problem produces results with good properties. This is demonstrated by
the asymptotic study, and also the simulation outcomes. Our semiparametric approach
makes use of the latent process for the unobservable covariate corresponding to the re-
sponse. Compared with the last observation carry-forward and nearest neighbor methods,
a semiparametric approach can be consistent under reasonable conditions. In addition, it
can reach the estimation efficiency of a regular likelihood estimatdtkdh — .

Based on semiparametric outcomes for the colon carcinogenesis data, we conclude
that the fish oil lowers the rate of increaséii-2 gene expression, when the DNA damage
increases in cells. Therefore, fish oil appears advantagous relative to corn oil in preventing
colon cancer. During the initial stage of colon cancer, fish oil promotes more active func-
tioning of apoptosis, and thus makes it possible for the body to get rid of more defective

cells.
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