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1. INTRODUCTION

In clinical trials, information is often collected on a time-to-event (e.g. “survival”) and time-dependent and
time-independent covariates. An example is given by AIDS Clinical Trials Group (ACTG) Protocol 175, a
randomized trial to compare zidovudine alone, zidovudine plus didanosine, zidovudine plus zalcitabine, or
didanosine alone, in HIV-infected subjects on the basis of time to progression to AIDS or death (Hammer
et al., 1996). Between December 1991 and October 1992, 2467 subjects were recruited and followed until
November 1994. CD4 count, as a reflection of immune status, was measured for each participant about
every 12 weeks after randomization. It is well known that observations of CD4 count are subject to
substantial biological variation and measurement error.

In survival analysis, a routine objective is to characterize the relationship between survival and the
covariates. Standard inference procedures usually require the true values of the covariates at the event
times. However, covariates like CD4 count may be subject to substantial measurement error. In addition,
longitudinal covariates are usually collected intermittently and may not observed at the event times. Naive
approaches that ignore measurement error might lead to biased estimation and misleading inference (Pren-
tice, 1982; Tsiatis and Davidian 2001; Song and Huang 2005b). A popular approach to dealing with the
aforementioned measurement error is to use a joint model, which assumes that the longitudinal observa-
tions follow a mixed effects model and the survival time depends on the random effects of the mixed effects
model through a survival model. The mixed effects model may be viewed as an extension of the standard
additive measurement error model for time-independent covariates and the joint modeling approaches may
be applied to repeated measured time-independent covariates as well (Wang, Wang and Wang, 2000).

In joint modeling, the most widely used survival model is the proportional hazards model. Various
approaches have been proposed under this framework, including the regression calibration (e.g. Pawitan

and Self, 1993; Tsiatis et al., 1995; Bycott and Taylor, 1998; Dafni and Tsiatis, 1998), likelihood based
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approaches (e.g. DeGruttola and Tu, 1994; Wulfsohn and Tsiatis, 1997; Faucett and Thomas, 1996;
Henderson et al., 2000; Xu and Zeger, 2001a; Song, Davidian and Tsiatis, 2002b), corrected score (Wang,
2005) and conditional score (Tsiatis and Davidian, 2001; Song, Davidian and Tsiatis, 2002a) approaches.
However, the proportional hazards assumption may be too restrictive in practice. For example, in AIDS
studies, it is well known that the effect of the anti-retrovival treatments may decay after some time. More
flexible models are needed to characterize such covariate effects.

An appealing alternative is the time-varying-coefficient proportional hazards model, which allows the
effect of coefficients to vary over time. In the case of no measurement error, this model has been studied
by Zucker and Karr (1990) using the penalized partial likelihood method and by Murphy and Sen (1991)
using the histogram sieve method. However, both approaches involve complicated optimization procedures
over a high dimensional parameter space. Recently, Winnett and Sasieni (2003) took an iterated residual
approach based on the Schoenfeld residuals for the standard proportional hazards model. They showed the
estimator is consistent, but did not provide the asymptotic distribution. One appealing alternative is the
local partial likelihood approach proposed by Cai and Sun (2003). The estimator is shown to be consistent
and asymptotically normal. In addition, it is the maximum point of a concave function and is thus simple
to compute. Tian, Zucker and Wei (2005) investigated a similar estimating procedure and proposed a
resampling method to construct confidence bands for the time-varying coefficients over a properly selected
time interval. However, at our best knowledge, no approach exists to dealing with measurement error or
joint modeling under the time-varying-coefficient proportional hazards framework.

In this paper, based on the local partial likelihood method, we propose two approaches for the varying
coefficient proportional hazards model when longitudinal covariates are measured with error. One is a
corrected score approach, and the other is a conditional score approach. Both approaches require no

distributional assumptions on the underlying true covariates. The asymptotic properties of the estimators
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are derived based on martingale and empirical process theories. Since time-independent covariates with
repeated measurements can be viewed as a special case of longitudinal covariates, this subsumes the case
of time-independent covariates measured with error. We organize the paper as follows. In Section 2, we
give the model definition. The corrected score and conditional score estimators are proposed in Sections 3
and 4. The finite sample performances of the estimators are assessed by simulation studies in Section 5
and illustrated by an application to the ACTG 175 data in Section 6. We conclude with discussions in

Section 7.

2. MODEL DEFINITION
Let T denote the failure time and C' denote the censoring time. The observed survival data are V =
min(7,C), and A = I(T < C), where I(-) is the indicator function. Let X (u) = {X1(u), ..., Xp(u)} denote
p covariates at time u, which include both time-dependent and time-independent covariates. Suppose that
the covariate process Xj(u) is not observed directly; rather, longitudinal measurements of Xy (u), Wy =
(W1, - . .,kak)T are observed at times t;, = (tg1,...,tkm,). For time-independent covariates that are
exactly measured, mp = 1 and Wy = Xj. Let W = (WlT,...,WpT)T, T=(t1,...,tp), m= (mq,...,mp).
Suppose {(T;,C;, Vi, Aj, W, X, 75,m;) :i=1,...,n} are independent and identically distributed samples

of (T,C,V,A, W, X, 7,m) and the observed data set is {(V;, Ay, Wy, 7;,m;) : i =1,...,n}.

Assume that the longitudinal covariate processes follow the linear mixed effects models,
Xip(w) = oy ful(w),
Wiy = Xi(tirj) + eirj,

where fi(u) is a known gg-dimensional function of w, and «; is a gg-dimensional random effect, j =
1,...,myg, and fr and oy may be different for each k, k = 1,...,p. This allows flexible modeling of the

time trajectory of each covariate via polynomial or spline models. The random effects a;; may be correlated
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across k. In fact, no distributional assumption is placed on o; = (o, . .. ,ag;))T (g x1), ¢ =>4 q, nor is
one needed. For time-independent covariates, aj, is a scalar and fi(u) = 1.

The errors e;;; are assumed to be normally-distributed with mean zero and variance U,%k that may
reflect both biological variation and measurement error. For time-independent covariates measured with
no error, e;,; = 0. For simplicity, we assume that the available measurements are sufficiently separated
in time that serial correlation associated with within-subject biological variation is negligible; however,
this assumption can be relaxed as discussed in Section 7. We allow measurements on different covariates
at the same time to be correlated. More formally, we may write for k, k' = 1,...,p, 7 = 1,..., mp,
and j' = 1,...,mp, cov(eirj, €ir'jr) = i I (tig; = tirrjr). Here opy is the covariance between errors from
covariates k and k' measured at the same time point, reflecting correlation of components of within-subject
biological variation, the measurement error, or both; this formulation subsumes the case o = 0 for all
k # K. Let e; = (eiTl, .. .,eg}()T, where e;, = (eik17---;€ikmik>T- We assume that e; is independent of
(T3, Cs, iy t5).

A time-varying-coefficient proportional hazards model is assumed for the relationship between the

hazard of failure and the covariates, under which the hazard for subject ¢ equals

Ai(ulX) = dlqiglo du™'Pr(u < T; < u+ dul|T; > u, oy, Ci, ti(u), e;(u))

= Ao(u)exp {ﬁOT(u)XZ(u)} . (1)

Here A\g(u) is an unspecified baseline hazard; (p(u) is a p x 1 vector of regression parameters; t;(u) = (tix; <
u; k = 1,...,p) denotes the observation times before u; and e;(u) = {eikj Sty <u, k=1,...,p, ] =
1,...,m}. Model (1) is different from the standard proportional hazards model in the regression coeffi-
cients, which may vary over time. This equation makes explicit the assumption that censoring, timing of

measurements, and covariate measurement errors are noninformative. Our interest focuses on estimation
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of ﬁo(’u)

3. CORRECTED SCORE ESTIMATOR
For any given ¢t > 0, let S(u) ~ B(t) + #'(t)(u — t) be the linear approximation of (u) at t, where
B'(t) = d(t)/dt. Let br = (bg, by)" = {65 (1), 8" (1)}7, and b = (b, b]) = {87 (), 37 (t)}". For any
vector ¢, define ¢®" = 1,¢,cc’ for ¢ = 0,1,2 respectively. When the true covariate processes X;(u) are

known, we consider the local estimating function for by,

i P noo.r . P _G’I,l(b,u,u—t) (u
Ul(b) _( H) ;/0 Kh( t) {Xz( ) t) éLo(b,'LL,u—t)}dNZ( ) (2)

Here L is a fixed time; H = diag(I,, h1p), where I, denotes a p x p identity matrix, h is the bandwidth;
Kp(u) = h 1K (h~'u), where K (-) is a kernel density; X;(u,u —t) = u; ® X;(u), where ® is the operator
for Kronecker product and u; = (1,u —t)7; For r = 0, 1,2, @177«(6, wyu—t)=n"13" é[,m‘(b, u,t), where
Gri(byu,t) = Yi(u) XZ" (u, u — t) exp {7 X (u,u—t)}; Ni(uw) = I(V; < u, Ay = 1,mgg(u) > g,k =1,...,p)
is the counting process, Y;(u) = I(V; > u, myi(u) > qi, k = 1,...,p) is the at risk process, and m;(u) is the
number of the observations before time u for the kth covariate. Estimating function (2) is similar to Cai and
Sun’s local partial likelihood score function (Cai and Sun, 2003), only with the replacements of N(u) =
I(V; < u,A; = 1) by Nj(u) and Y*(u) = I(V; > u) by Yj(u). Noting that Nj(u) = N (u)I{mi(u) >
gk, k =1,...,p} and Y;(u) = Y*(w)I[{myr(u) > qr,k = 1,...,p}, it is easy to see that (2) is a weighted
local partial likelihood score function with predictable weights I{m(u) > qx,k = 1,...,p}. Using these
weights facilitates the construction of a corrected score, as will become clear below. We call the estimator
obtained from the equation U 7(b) = 0, say l;[, the ideal estimator since it is unachievable when X;(u) is
not observed.

In practice, the true covariate process X;(u) is unknown. Intuitively, a naive estimator can be obtained

by replacing X;(u) by its ordinary least square estimate in (2). However, the naive estimator is biased

Hosted by The Berkeley Electronic Press



as indicated by the simulation studies in Section 5. One useful technique is the corrected score method
(Stefanski, 1989; Nakamura, 1990), which removes the bias through correction of the “score” function.
To implement the corrected score approach, we substitute X;i(u) by its ordinary square estimator
Xk (u) based on the longitudinal observations before time w rather than on all the longitudinal observations
as in naive regression. This ensures the predictability of Xlk(u), which is important for the consistency
of the corrected score estimator. The same technique has been used for the conditional and corrected
score approaches under the standard proportional hazards framework (Tsiatis and Davidian, 2001; Song
et al., 2002a; Wang, 2005). The estimation of )A(Zk(u) is possible only if m;;(u) > g, which clarifies the

inclusion of this condition in the definitions of Y;(u) and N;(u). Define w = {og : k > Kk}, the distinct

parameters characterizing the variances and covariances of the errors. For now, we assume w is known. Let

A

Xi(u) = {XE(u),.... XL ()}T. For k =1,...,p, define Fy = [fu(tir1), .-, fu(titmy )T (Max ¥ qi), and

let 04, be a g x 1 vector of zeros, and Iy, be the (m;x x m;y) matrix whose (7, j') entry is I(tir; = tinjr),

for j=1,...,my, and j' =1,...,my. Let
f(w) Og; . ()Z;
of  fFw) ... of
Fluy=| " Tl xa)
T T T
| Og U (u)_

Since X;(u) = F(u)oy, following Song et al. (2002a), conditional on {ay,t;}, the covariance of X;(u) is

equal to ¥;(u) = F(u)D;(w)FT (u), where

Dj1(w) Dijz(w) -+ Dip(w)
D; iy =t Di%(w) Di%(w) Diz}f(w . (gxq),
i Dipl(w) Dizﬂ(‘u) Dipp(w) ]
6
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and Dy (w) = o {Fjh Fin } " F L Fuo {F o Fit } 5, (i X i)
We now derive the corrected score estimator. Suppose h is fixed. When n goes to infinity, by the
functional law of large number (Andersen and Gill, 1982), the weighted local partial likelihood score

function U;(b) converges in probability to

E {émi(b,u,u — t)}
E {éj,ol-(b,u,u - t)}

L
Ur(b) = Hl/o Kn(u—1t) | B{X;(u,u —t)} — dE{N;(u)}.

Let Xi(u,u—t) = uy @ X;(u), Bi(u,u —t) = var {Xz(u,u — t)]a,;,ti(u)} = (wul) ® 2;(u), and
. N . 1
Gorri(byu,u —t) = Yi(u) X P (u,u — t) exp {bTX,-(u, u—t)— QbTZi(u, u— t)b}

for r =0,1,2. With some algebra, we can show that

FE {C’(;R’li(b, U, U — t)} B E {C?],li(b,u,u — t)}
E {CA;CR’Oi(b, U, u — t)} a E {G'I,Oi(b,u,u — t)}

+ EA{%;(u,u —t)b}.

This suggests that the bias of the naive estimating function can be removed by adding a consistent estimator

of E{%;(u,u —t)b}. Thus the local corrected score estimating equation is

A n L A
Ucr(b) = (nH)_1;/0 Kh(u—t){Xi(u,u—t)—i—Ei(u,u—t)b

. CA;CR’l(b, U, U — t)
écgg(b, U, U — t)

}dNZ-(u) =0, (3)

where CA?CR,T(b,u,u —t)='nzk Y CA}CR’M-(b,u,u —t) (r=20,1,2). In fact, when h goes to 0 at a certain
rate, we can also show that Uy (b) and Ucg(b) still converge to a common limit. The arguments are sketched
in Appendix A. When there is no measurement error, the corrected score estimating equation (3) reduces
to the weighted local partial likelihood score equation (2).

Cai and Sun (2003) showed the consistency and asymptotic normality of the local partial likelihood
estimator based on the concavity of the local partial likelihood and the martingale theory. However, unlike

the local partial likelihood score function Uz(b), the corrected score estimating function Ugp(b) in (3) is
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not the derivative of a concave function. Therefore the arguments of Cai and Sun (2003) cannot be applied
directly for the corrected score estimator. Here, using both the martingale and empirical process theories,
we derive their asymptotic properties under the regularity conditions stated in Appendix A, which are

slightly stronger than those given in Cai and Sun (2003). Write p, = [« K (u)du, and

Ko p1
Qu =
M1 2
Let 3”(t) be the second derivative of 3(t). A point ¢ € [0, L] is called an interior point if ¢t € [h, L — h].

The results are summarized in the following theorems with the arguments sketched in Appendix A.

Theorem 1. Under Conditions A1-A10, as n — o0, a solution to the corrected score estimating equation
(3), say b, exists uniquely in a neighborhood of by with probability 1. Moreover, H (f) — by) converges in

probability to 0.

Theorem 2. Under Conditions A1-A10, when ¢ is an interior point, as n — oo,
~ 1 _
()2 1 (b= br) = 50 { Q" (o)™} 0 5500

is asymptotically normal with mean zero and the variance can be consistently estimated by I~ (£)Q(¢, )T (2),
where T'(t) and Q(¢,b) are given in Appendix A. The asymptotic variance is larger than that of the ideal

estimator bj.

By analogy to Cai and Sun (2003), we can derive the theoretically optimal bandwidth based on Theorem
2, which minimizes the asymptotical mean integrated square error. However, this depends on the unknown
quantities such as 3”(¢) and the asymptotic variance. Future research is needed to develop appropriate

bandwidth selection methods.
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When ¢ is a boundary point on [0, L], similar results exist as those in Theorem 2. Specifically, for ¢t = ch,
0 < ¢ <1, p, is replaced by p . = f_lc uK (u)du; for t = (L — ch), p, is replaced by . = [ uK (u)du.

The proofs are similar and omitted for brevity.

4. CONDITIONAL SCORE ESTIMATOR
An alternative technique to deal with measurement error is the conditional score method. The key idea
of the conditional score approach is to “condition away” the nuisance random effects based on some
“sufficient statistics.” Given Y;(u) = 1, oy and ¢;(u), the conditional distribution of dN;(u) is Bernoulli
with the probability Ao(u)du exp{37 (u)X;(u)}, which can be approximated by \o(u)du exp{b” X;(u,u—t)}
through the linear expansion of Gy(u) at t. Then, with similar arguments as those given by Tsiatis and
Davidian (2001) and Song and Huang (2005a), we can show that the “sufficient statistic” for the nuisance
parameter ; is S;(b, u, u —t) = X;(u, u —t) + 3 (u, u — t)bdN;(u). Conditional on this sufficient statistics,

the conditional intensity process can be written as

i(uls,t) = dluiglo du™t Pr{dN;(u) = 1|S;(b, u,u — t) = s,t;(u), Y;(u)}

~ Xo(uw)Geopoilb,u,u —t).

Here

s 1
Gopri(byu,u—t) = Yi(u)SP (b, u,u — t) exp {bTSi(b, u,u—t) — §bTEi(u, u— t)b}

for » = 0,1. Thus we may consider the following estimating equations,

n L
Z /0 K (u,u — t)ST (b, u,u — t){dN;(u) — Mo(w)Gep oi(b, u,u — t)du} = 0, (4)
Z{dNi(u) — Xo(w)Gep.oi(b, u,u — t)du} = 0. (5)

9
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Solving for Ag(u) from (5) and substituting it into equation (4), we get the local conditional score estimating

equation,

B ch,l(b, u,u —t)
CA;CD,O(b, u,u —t)

noooL
Ucp(b) = (nH)_IZ/O Kp(u—t) {Si(b,u,u—t) }dNi(u) =0, (6)
=1

where for r = 0,1, C;’(;DW(b, uyu—t)=n"t3" G’CD,Ti(b, u,u —t). When there is no measurement error,
the conditional score estimating equation (6) also reduces to the weighted local partial likelihood score
equation (2).

Instead of deriving the asymptotical properties directly for the conditional score estimator, we show
that the conditional score estimator is asymptotic equivalent to the corrected score estimator, with the

proof given in Appendix B.

Theorem 3. Under Conditions A1-A10, as n — oo, a solution to the conditional score estimating equation

6), say ZN), exists uniquely in a neighborhood of by with probability 1. In addition, (nh V2H(b—1b) = 0,y(1).
p

In practice, the error variance parameter w is unknown, however, it can be estimated using the methods
of moments estimator @ as given in Song et al. (2002a). Since w is a regular linear estimator for w, the
consistency and the asymptotic normality of the conditional score and corrected score estimators remain

and the variances can be estimated by the sandwich technique.

5. SIMULATION STUDIES

We conducted several simulation experiments to assess the performance of the conditional score and cor-
rected score estimators. Under the standard proportional hazards model with constant regression coeffi-
cients, the performance of these two estimators have been compared in Song and Huang (2005a) and Wang
(2005), and the conditional score estimator performs better than the corrected score estimator in the case

of small sample and large measurement error.

10
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For simplicity, we consider the case when there is a single covariate X (u). Under the first scenario,
for each subject i, X;(u) = ayo + aj1u, where (ajo, ;1) are jointly normal with mean (4.173,—0.0103)
and variance D, which has distinct elements (D11, D12, D22) = (1.24,—0.0114,0.003). The longitudinal
observations of X (u) are measured at v = {0,2,4,8, 16,24, 32,40,48,56,64, 72,80}, with a 10% missing
rate after u = 16. The error e;; is generated from a normal distribution with mean 0 and variance 0.1 or
0.2. The true regression coefficient f(u) = —1 and the baseline hazard A\o(u) = 1. Censoring is generated
from an exponential distribution with mean 110 and truncated at v = 80, leading to a censoring rate of
36%.

Under the second scenario, the covariate X;(u) = ;o is measured twice at the baseline u = 0, where
oo is normal with mean 1 and variance 1. The error e;; is also generated from a normal distribution
with mean 0 and variance 0.1 or 0.2. The true regression coefficient $(u) = w and the baseline hazard
Ao(u) = 1. Censoring is generated from an exponential distribution with mean 2 and truncated at u = 2.
The censoring rate is 32%.

For each scenario, 1000 Monte Carlo data sets are simulated with n = 300. For each data set, we fit
the above model four ways: (i) using the “ideal” approach in which the true values of X;(u) at each failure
time were used (Cai and Sun’s method); (ii) using the naive regression; (iii) using the conditional score
estimator; (iv) using the corrected score estimator. For all methods, 95% Wald confidence interval for ((t)
is constructed. We use the Epanechnikov kernel K (u) = 0.75(1 —u?)I(|u| < 1) here and for the application
in Section 6.

We estimate the regression coefficient ((t) at t = 10, 20, 30,40 with h = 20,40, 60 for the first scenario
and at t = 0.25,0.50,0.75,1.0 with A = 0.4,0.8,1.2 for the second scenario. The results are given in
Tables 1-4. In all cases, the conditional score and corrected score estimators show negligible bias close to

that of the unachievable ‘ideal’ estimator. In contrast, the naive regression can yield biased estimates and
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coverage probabilities well below the nominal level. The empirical standard deviations are close to the
standard errors except for a few cases for the corrected score estimator, which is caused by some extreme
outliers. The corrected score approach fails to find solution for some datasets while the conditional score
estimator works well. This issue worsens with decrease in h. This conforms to the relative behaviors of the
two estimators under the standard proportional hazards model. Both methods have coverage probabilities
close to the nominal level and works similarly among the wide ranges of the bandwidth. The selection of
the bandwidth does not show obvious impact on any of these estimators. Similar results were observed by
Cai and Sun (2003) for the local partial likelihood estimator.

We have also conducted simulations with a skewed bimodal mixture of normal distributions for the
random effects and observed similar results. With increase in sample size, both the conditional score and

corrected score methods show improvement while the naive approach performs worse.

6. APPLICATION TO ACTG 175 DATA

To demonstrate the utility of the methods for investigating association between error contaminated covari-
ates and clinical endpoint, we apply the methods to the ACTG 175 data. We are interested in assessing
the effect of CD4 count and treatment on time to AIDS or death. Figure 1 presents log;,-transformed CD4
profiles for 10 randomly selected subjects and shows an apparent initial increase, with a peak at week 12,
followed by an approximate linear decline. The logarithmic transformation is usually used for CD4 count
to achieve approximate within subject normality and constant variance. Because only 9 events occurred
before week 12, for simplicity, we consider the data including and after week 12. The trajectory of log;,
CD4 seems to follow approximate straight-line relationship (Song and Huang, 2005b). Thus we assume
Xi1(u) = a;10 + a411u represents “inherent” log;o(CD4 count) for subject i at time u. The estimate of the
error variance is 0.0104. The primary analysis found zidovudine alone to be inferior to the other three ther-

apies; thus, further investigations focused on two treatment groups, zidovudine alone and the combination

12
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of the other three. We took the hazard for AIDS or death to be A\;(u) = Ao(u) exp{f1(u) X1 (u)+F2(u) Xio},
where X;9 = I(treatment # zidovudine).

We estimated the regression parameters using the naive regression and the conditional score approaches.
Results are shown in Figure 2 for h = 60, 72,84. The estimates for 31(u) are negative with magnitude de-
creasing over time. The estimates for 53(u) tend to decrease after randomization before reaching a negative
minimum around week 20 and then increase to close to zero, which indicates that the treatment reaches
its maximum effect within several months, gradually decays thereafter and diminishes eventually. Thus,
in this case, it seems inappropriate to use constant regression coefficients as in the standard proportional
hazards model. The estimates are not sensitive to the different choices of bandwidth h except for u close
to 0. The corrected score approach fails to find a solution at many time points and the results are omitted.
From our numerical simulation experience, the corrected score estimator is more likely to encounter the

small sample problem than the conditional score estimator.

7. DISCUSSION

We have proposed two semiparametric estimators for the time-varying-coefficient proportional hazards
model with covariates measured with error. The estimators are asymptotically equivalent, but the con-
ditional score estimator has better finite sample performance than the corrected score estimator. The
asymptotic normality of the estimators justifies the computation of the pointwise Wald confidence inter-
vals. However, for time-varying-coefficients, it may be more appealing to derive the confidence bands over
an interval. A resampling method similar to that proposed by Tian et al. (2005) may be used and will be
investigated in the future. Another interesting topic for future research is to develop appropriate methods
for bandwidth selection.

The model as presented here may be extended to more complicated situations. We have focused on

the case when the errors are independent across time. However, noting that this assumption is only used
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in computing the variance of the least square estimator Xz(u), it can be relaxed to the cases of other error
correlation structures, such as the exponential correlation model (Diggle et al., 2002, p.56), as long as we
can derive a consistent estimator for the variance of Xz(u) When some coefficients do not vary over time,
it is more efficient to use a model with mixed constant and time-varying coefficients. The conditional score
and corrected score estimators may be derived similarly except that the slopes for the constant coefficients
are zero. In addition, the survival model can be generalized to include the random effects instead of the

true covariates by analogy to Song et al. (2002a) and Wang (2005).
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APPENDIX A: PROOF OF THEOREM 1
Let NV (by) be a compact neighborhood of by. Let ex 1 (u {Fg;;sz} Fipeir(u), exi(u) = (ei(u),. .., eip(u))T,

v = [w K2(w)du, H* = diag(1,h), and S (b,u,u — t) = Xi(u) + Si(w) {bo + (u — £)b1} dN;(w). Write
buu—t) = o imu)Xf(u) exp {8 Xiw) + 4] (u = ) Xi(w)}
Gop,(bu,u—t) = n7! Z Y;(u) X! (u) exp {bgf(i(u) + 0T (u — ) X;(u) — %bTZi(u, u— t)b} ,
Gepr(buu—t) = _1ZY )S5T (b, u, u — t)
Y A {bOTS;*(b, wyt— ) + b (= £)S7 (b, uy u — £) — %bTEi(u, w— t)b} ,
it (Bo) = ! fjmu)X:(u) ex {4 () )}
Gorrr(Byu,u—t) = *1ZY (u,u —t) exp { 67 (u) Xi(u)}
Gopry(Biu) = nt Z; Yi(w) X7 (u) exp { 87 (u) Xi(u) } ,
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G, (0 buu—t) = ot ZY [ {b# +(u— t)b#H
X exp {bTXi(u, u—t)— %bTEi(u, u— t)b} ,
Gy, (b Buu—t) = nt ZY w) {bo + (u — t)b1}]*" exp { 87 (u) Xi(u) }
Cxsbu,u—t) = n‘lzl’é(u)&(u) [Si(u) {bo + (u—t)br1}]"
N 1
X exp {bTXi(u, u—t)— ngEi(u, u— t)b} ,
Griest (0B uyu—1t) = n—lzm(u)f(i(u) [ () {bo + (u — t)b1}]" exp {67 (u) X;(u) } .

The corresponding expectations are represented by the same notations with G replaced by G.

To derive the asymptotical properties, we assume the following regularity conditions.

Al. P(V > L) > 0.
A2. P(V =u) =0 for u € [0, L].

A3. K(-) has a compact support, say [—1,1], and is bounded and has a continuous derivative on [—1,1].

Assume |K(u)| < Mg, and Q,, is positive definite.
A4. X (u) has a continuous derivative X' (u) for u € [0, L].

A5. There exists a random variable B such that sup,ca ) [|[X(u)|| < B, sup,epn llex(u)|| < B, and

supueno IE@)) < B, B [exp {45up,eny (18] + 18 @) + 1B@)? + 18 @) + 1)B}] < cc.

AG. G?’T(b, u,u — t)’ G?I,r(ﬂo’u% GZ‘R,r(bvua U — t)v GZ‘RI,r(ﬂa u)v G*E,r(b#ﬂ b7u,u - t)v G;(E(b,u’u - t)’
G5 (b,B,u,u—t) are continuous at u € N (t), a compact neighborhood around ¢, for b € N (by) and

r=20,1,2.

A7. B(u) has a continuous second derivative 5”(u) for u € N (¢).
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AS. fo Ao(u)du < 0o, Ao(t) > 0, and A\g(u) is continuous for u € N(t).
A9. The matrix I'§(t) = G7;5(80,t) — G’}?%(ﬂo, t)/G71r0(Bo,1) is positive definite.

A10. h =o(1), nh® = O(1), and nh — 0o as n — oc.

First, we give some lemmas. Let Wi,(u) = {Wir(tir;) : tix; < u}, and Wi(u) = {Wir(u), ..., Wip(u)}.
Define F;(u) = {N;(s), Yi(s), Xi(s), Wi(s) : s < wu}. Then M;(u) )—J Ao(8)Yi(s)xexp{Bo(s)Xi(s)}ds
is a martingale with respect to F;(u). Write ¢/(u,b) as the partial derivative of c¢(u,b) with respective to

u, and & be the empirical average operator such that Ec= SAC,; =n! Yo G

Lemma 1. Suppose that g;(u) is a predictable process with respect to the filtration F;(u) and has a deriva-

tive g;(u) for u € N(t). If sup,epn E [g? {u} + g/ {u}] < oo, then

E'g;(t)N;(t)] — E{gi(t)Ni(t)} = Xo(t) E [g;(t)Y;(t) exp {(Bo(t) X;(t)}] -
Specifically, if g;(t) = 1, ' [N;(t)] = Ao(t)G71 (B, 1)
Proof. Note that M;(u) is a martingale with respect to the filtration F;(u), and

Egi(u)M;i(w)| Fi(u=)] = gi(u)E [M;(u)|Fi(u—)] =0
E [gi()Mi ()| Fi(u=)] = gi(w)E [Mi(u)|Fi(u—)] = 0.
Hence
0 = E{g(t)M;(t)] —E{gi(t)Ni(t)}—E{gz'(t) /tko( )Yi(u) exp {(fo(u) Xi(u )}dU} (A1)

and

0=FE [gi(t)Mi(t)] = E{gi(t)N:(t)} — E {gé(t)/o Ao(u) exp {(Bo(u) Xi(u)} du} : (A.2)

16
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Taking derivative with respect to ¢ in equation (A.1), under Condition A8, we have

E'[gi(t)Ni(t)] = E {gé(t) /0 Ao(u) exp {(B(u) X;(u)} dU} + E[gi(t) Ao ()i (1) exp {(Bo(t) X5 (1) }] -
This, together with (A.2), completes the proof.

In the following lemmas, let ¢;(u,w,b) be a random process for the ith subject on R = {(u,w,b) : u €
N(t),w € [-1,1],b € N(by)}, and gy, (u, w,b) be a random process on R and g(u,w,b) be a non-random
process on R.

From the functional strong law of large number of Anderson and Gill (1982), we have the following

lemma.
Lemma 2. Suppose sup(y, ., »cr & ||lci(u, w,b)|| < co. Then

sup “%0.

(u,w,b)ER

nt Zl Yi(u)e;(u,w,b) — E{Y;(u)c;(u,w,b)}

Lemma 3. Suppose Sup, , p)er |9n (4, w,b) — g (u, w,d)] %20 and SUD(y,w,b)er |9 (4, w, b)| < co. Then, for

r>s >0,

2 0.

L L
/0 Kp(u—t)h5(w—t)"gn {u, k" (u—t),b} du — I(r = s) /0 K(w)h"w"g(t + hw,w, b)dw

sup
bEN (bo)

In the special case when gy, (u, w, b) = gn(u,b) and g(u,w,b) = g(u,b), if g(u, b) is continuous at u = ¢, then

sup

i L
| Enta= = 07 guwb)du 1 =) [ Kw)hwrdug, w\ w g,
beN (bo) 140 0

Proof. [ Kp(u—t)h™*(u—1t)"gn {u,h 1 (u—1),b} du = K(w)h"*w" gy (t + hw,w,b)dw. And for n large
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enough, under Condition A3,

sup
beN (bo)

L
sup  |gn (u, w,0) — g (u, w, b)| / K ()b duw
(u,w,b)ER 0

L
= s g (wwd) gl [ [ Kw)urde
(u,w,b)ER 0

L L
/ K(w)h"*w"gn(t + hw,w, b)dw —/ K(w)h"*w"g(t + hw,w, b)dw
0 0

IN

a.s.
= 0.

If supyen (1), wel-1,1],beN (bo) 19 (w; w, b) || < o0, for r > s,

L
/ K(w)h"*w"g(t + hw,w, b)dw
0

sup
beN (bo)
L
< sw fgh [ Kde
(u,w,b)ER 0
— 0.

In the special case when g, (u,w,b) = g, (u,b) and g, (u,w,b) = g, (u,b), if g(u,b) is continuous at u = ¢,

L L
/ K(w)h"*w"g(t + hw, b)dw — / K(w)h"*w"g(t,b)dw
0 0

sup
beN (bo)
L
< swp g (u,b)] / K (w) kw0 dw
(u,b)EN(£) X' (bo) 0
— 0.

Thus the result follows.

Lemma 4. If g(u, w, b) has bounded and continuous partial derivatives with respect to u and w for u € N'(¢)

and w € [~1,1], and sup(y, , p)er 19(u, w,b) — g(t, w, b)| =0, then for r > s > 0,

sup

L
/ K — ) (u— t)7g {u, b~ (u — 1), b} dEN ()
beN (bo) 1/0

L
—I(r= s)/O K(w)w"g(t,w,b)dwE N(t)| “3 0.
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Proof. Let g} (u,w,b) and g)(u,w,b) be the derivatives g(u,w,b) with respect to u and w, respectively.

By integration by parts, for » > s and n large enough,

sup
bEN bo

/ Kp(u—t)h*(u—1)"g {u,h  (u—1t),b} dg’N(u)

- /0 Kp(u—t)h ™5 (u — t)"g(u, h " (u —t),b)dEN (u)

u=t+h

IN
wn

=
T
4
IS

|
=
D‘

Flu—1t)" {uh

— EN(u)

u=t—h
—i—bes/.tfl(;zo) /OL ’§N(u) - EN(u))
X ([K,/L (W u—t)}h 52 (u—1)" + Kp(u—t)h 5r(u—1t)" ] g {u,h  (u—1),b}]

+Kp(u—t)h % (u—1t)" [gl{uh u—t),b}+h_lg’2{u,h_1(u—t),b}])du

IN

sup ’5N EN(u)‘
ueN(t)

. ( sup {lgs w0, )]+ gk (0, 8)] + o0, }
(u,w,b)ER

X [MKO(MS“) + /0 ' {|K"(w)| "5 w® + K (w)h" ™ trw"™ '} + K (w) (B w” 4+ k" w") de

= sup ‘EN — EN(u)
ueN(t

sup {|guwb|+‘gluwb’+|92uwb‘}0h’“ s— 1)
(u,w,b)ER

= Op(1)7

where the last step follows from sup,,ex( (u) — EN (u)’ = 0,(n~1/?) and assumptions A3. Note that

/Khu—t S — ) gl k= (u — t), b)dEN (1) = /Khu—t S — )7 g, k= (u — £), b) BN (u)du

= /K(w)hr_swrg(t + hw,w,b)E'N (t + hw)dw.

For r = s,
sup /K(w)wrg(t + hw,w,b)E'N (t + hw)dw — /K(w)wrg(t, w, b)E’N(t)dw‘
bEN(bo)
< sup /K w"g(t + hw,w,b)E'N(t + hw)dw — /K w"g(t + hw,w,b)E'N(t )dw‘
we[—1,1],beN (by)
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+ sup /K(w)wrg(t + hw,w,b)E'N (t)dw — /K(w)wrg(t, w, b)E' N (t)dw

we[—1,1],beN (bo)

< sup  |g(u,w,b)| sup |E'N(t+w)— |/K w”dw
(u,w,b)ER we[—1,1]

L s lglt+ hw,w,b) — g(t,w,B)|[E'N(D) / K (w)w' duw
we[—1,1],beN (bo)

For r > s,

sup
bEN bo

/K Y 5w g(t + hw, w, b)E'N (t + hw)dw

< sw Jgww ) w [ Kwpde
(u,w,b)ER

— 0.
The result then follows.

Lemma 5. If supy . p\er [9n (4, w,b) — g (u, w, b)| %0, then for r > s >0,

sup / Kp(u—th5(u—1)" [gn {u, h ™ (u—t),b} — g {u, b~ (u—1t),b}] dEN (u)| =3
bEN bo
Proof.
sup / Kp(u—t)h™*(u—t)" [gn {u, Rt (u — t),b} — g{u,h_l(u —t),b}] dEN (u)
bEN bo
. / K (w)h™w" {gn (1w, b) — g (u, w, b)} dEN (£ + haw)
bGN bo
< sup  |gn (u,w,b) —g(u,w,b)|h7"5/ K(w)dEN (t + hw)
(u,w,b)ER 0
L ~
= sup  |gn (u,w,b)—g(u,w,b)|hrs/ Kp(u—t)dEN (u)
(u,w,b)ER 0
6. 008

with the last step follows from Lemma 4.
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Lemma 6. If sup(y ,p)er [gn (0, w,b) — g (u, w,b)| “% 0, and SUP(y,w,b)er |9 (u, w, )| < oo, then for r >

s+ 1 >0, then

L
sup / K2(u—t)h™*(u — t)"gn(u, h "  (u — t), b)du

bEN(bo)

a.s.
= 0.

L
—I(r=s+ 1)/ KQ(w)wrg(t + hw, w,b)dw
0

In the special case when g, (u,w,b) = g,(u,b), and g(u,w,b) = g(u,b), if g(u,b) is continuous at u = t,

L
sup |Kj(u—t)h*(u—t)" gn(u,b)du — I(r = s + 1) / K(w)w"dwg(t,b)| “ 0.
beEN (bo) 0

The proof is similar to that for Lemma 3 and is thus omitted.

Lemma 7. Suppose that ¢;(u, w, b) is predictable with respect to F;(u) and has a continuous partial deriva-

tive ¢ (u, w,b) with respect to u almost everywhere for u € [0, L]. If for some 7 > 0,

sup E [
ueN (t),we[—n,n],beN (bo)

ci(u,u — t,b)’ +

dci(u,u —t,b) H
o 2 < oo,
ou

then for r > s >0,

n

/Khu—t (w—t)n Y ei(u,u—t,b)dN (u)

=1

& /0 K (w)ur duwo(t)E [e(£.0.)Yi(1) exp { (o) X:(1))]| ** 0.

sup
beEN (bo)

Proof. Note that

/L Kp(u—t)h=>(u — t)"Ec(b, u, u — t)dN (u)
0

L —_—
/ Kp(u—t)h™*(u — t)"dEc(b,u,u — t)N / Kp(u—t)h (u—t)TEWN(u)du.
0

With similar arguments as those for Lemma 4, we have

sup
bG/\/ bo

/ Kp(u—t)h %(u—1t)" dEc(b u,u —t)N(u) —I(r=s / K(w rdwE/{c(b,u,u—t)N(u)} a3 0,
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where E'{c(b,u,u—t)N(u)} is the partial derivative of E{c(b,u,u —t)N(u)} with respect to u. And from

Lemma 3, we have

/ Kp(u—t)h™(u— t)@WN(u)du —I(r=s) / K (w)w’ dwi{ 24 S

sup
bEN (bo)

Then the result follows from Lemma 1.

We now show the asymptotic properties for the corrected score estimator b= (50, 131)

Consistency
Let o = (o, aT)T = H (b — br). Then & = H(b— by) is a solution to Ucr(a) = Ucr(H a4 br) and
Gy = H(by — bp) is a solution to Ur(a) = Ur(H o+ by). Let H* = diag(1, h). Note that Uog(a) can be

rewritten as

/ ! Kn(u—t) (H ') ® {gXi(u)dNi(u) + Ei(u) (uy @ I,)T (H e + br) dN;(u)
0

G H'a+bp,u,u—t) ~
_ *03,1( - T )SdNi(u)} (A.3)
GCR’O(H o+ bp,u,u —t)
L Gt (H 'a+bp,u,u—t
—i—/ Kp(u—t) (H*flut) ®{ ACR’I( )
0 Gopo(H o+ bru,u —1t)
G? H 'a+bp,u,u—1)) ~
- fR,l( b T ) }EdNi(u). (A.4)
croH ta+br,u,u—t)

Condition A1l implies that G, o(H “la+ by, u,u —t) is uniformly bounded below. Then under Condition
A5, by Lemma 2, (A.4) converges almost surely to 0 uniformly for « € N (0). With an application of

Lemmas 2, 4 and 7, Conditions A4-A6 imply that (A.3) converges uniformly to

L
(10, 1) " @ Ao(8)GEmr,1 (Bos t) + / K (w)(1,w)" @ X (t) G,y (@ + b, o, t, w)dw
0

Gipla+ bt w)
GCR()(OC + b%, t, w)

L
" /0 K(w)(1,w)T ® No(t)Ci10(Bo.r £, 0)duw, (A5)
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where b3 = (6§ (t),00)7. With some algebra, we can show that

Gorob,u,u—t) = G (b, u,u—1t),
Gy (byuyu—t) = Gy (bo,uyu — t) + E [S(w) {bo + (u — £)b1}] G (b, u,u — 1),
Gopa(byu,u—1t) = G o(b,u,u —t) + Gy 1 (b, u,u — HET {S(u) {bo + (u — t)b1}}
+E{S(u) {bo + (u— t)b1}} G711 (b u,u —t) (A.6)
+G7 (b, u,u — ) EZ* {[S(u) {bo + (u— t)b1}] + S(u)},
Gspa(a+ b7, Bost,w) = E{X(t) (ao + bro + wai)} Gy o(Bo,. 1),

G*ORI,T(ﬁovt) = G?,r(bTvu 0) = G;I,r(ﬁ()at)'

Using these equations, (A.5) can be simplified as

U(er) = (po, p1)"

o G (a+ by tw)
G ola + b, t,w)

L
®Ao(t) {GZ’?I,l(ﬁo, t) — /0 K(w)(1,w) dwGTr o(Fo, t)} :

Thus Ucr(a) converges almost surely to U(a) uniformly for o € A/(0). It is easy to see that U(a) is the
derivative of a concave function and is equal to zero at o = 0. Therefore & 2 0; that is, H (3 — bT> 2 0.
Since U(«) is the derivative of a concave function, the asymptotic uniqueness of the corrected score

estimator follows.

Asymptotic Normality

We first consider (nh)'/? Ucr(Br). It is easy to see that

(nh)Y2 Ucr(Br) =

noooL
(nh)Y2n~ Z/ H 'K (u— t){f(z(u, u—1t)+ Xi(u,u — t)by
i=1 "0

_Goralbr,u,u—1) }dM,-(u) (A7)
GCR,O(bT7 u,u — t)
23
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n L
+(nh)1/2n—1z/ H_lKh(u—t){Xi(u,u—t)+Ei(u,u—t)bT
i=1 0

. GCR,I(bT7 u,u — t)
Goro(br,u,u —1t)

})\O(U)Yi(u) exp {ﬂOT(u)Xl(u)} du. (A.8)

Note that (A.8) can be written as &,1(07) + &n2(0r), where

L
En(Br) = (nh)'/? /0 (H*‘lut)®Kh<u—t>Ao<u>{G*cm,1<ﬂo,u>

B Gopa(br,u,u—t)
GEpolbr,u,u—t)

+G5y 1 (b7, Bos u,u —t) Gérro(Bo,u) }d%

L
Ena(Br) = hY/? /0 (H*Yuy) ® Kp(u — t)Ao(u)n'/ 2 T, (b, u,u — t)du,

and

Tnlbr,uu =) = { G 1 (Bo,u) = Gopra(Bow) }

+{Gora(br. B — 8) = Gy br o u— 1) |

{ GBR,l(bTv u,u—1t) . GE’R,l(bTv u,u —t)

A Cnrolfo.u
Gopolbr,u,u—t) crr0(Bo, u)

Gérpo(Bo, U)} .

B GZ‘R,O(bTv u,u —t)
By the functional delta method, the empirical process nt/2J, (br,u,u —t) converges to a Gaussian process
J. Now, using the strong embedding theorem (Shorack and Wellner, 1986, p. 47-48), there exists a
new probability space such that it converges to W almost surely. Together with that h = o(1), we have

&n2(Br) = 0p(1). Using (A.6), with some algebra, we can show that

L
& (Br) = (nh)1/2/0 (H*tug) Kn(u —t)Ao(u) [G?m(ﬁo» u) — G 1(br,u,u—1)

G?l(bgp,u,u —t
G?O(bgp,u,u —t

) \
) {GL()(bT,U,U—t) —G[I’O(ﬁo,u)}:|du. (Ag)
With an application of the Taylor series expansion, under Condition A7, we can show that, for r = 1, 2,
* * 1 *
Gir(Bo,u) — G ,.(br,u,u —t) = 5(“ - t)ZGH,rH(ﬁm w) 30 (t) + op(h?).
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Substituting this into equation (A.9) gives that

&n1(Br) = (nh)l/2 hQ(M2aM3) ® Mo(H)TG(4)Ag (1) + op(1).

Then we only need to show that ¢,(v) = (A.7) converges to a Gassian process. This can be proved by

Rebolledo’s central limit theorem. Using Lemmas 2 and 6, we can show that the predictable variation

process

= pn! - g 200 — x=1, ®2
<§n7§n> = h;/o [Kh( t) (H t) &

®2
GCRl(bT,u u—t)
GCR,O(bT7 U, U — t)

{X’i(u) + %i(u) {bro + (v —t)br1} —

x Ao(u)Yi(w) exp {Bo(uw) Xi(u)} ] du

Gg%,?l(bT, t,0)

Gepalbr,t,0) .
G o(br,t,0) 11,0(B0: 1)

= Qv ® (1) [G*CRI,Z(/BO7 t) + Gy o(br,t,0) +

+Gj§(21(bT7 ﬂ07 ta 0) + G;(TE](bTv /607 ta 0)

—Gorri(Bo,t )GCRI(bT,t, 0 _ *CR’l(bT,LO) Gelrra
! Gnobrt0)  Gipo(br,4,0)
Gelp(br,t,0) G*CRl(bT, ,0)
CRO(bTvtvo) Crolbr,t,0)

(BO? )

G¥r1(br, Bo, t,0)

- G*ELl(bT? 50: t7 O)

+op(1).
With some straightforward algebra, it can be shown that

Gorra(Bo,t) = Glra(Bost) + Glro(Bo, ) E{X(1)},
Gyrao(b,t,0) = Giro(Bo,t,0)0E [ ST ()],

Gisr(b.6o,t,0) = Gir1(Bo,t)ET [S(t)bo] .
Applying (A.6), (A.11) and Lemma 1, (A.10) can be written as

(Snssn) = Q(t) + 0p(1),

25
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where

G*22(8,.
Qt) = Qv) @ Xo(2) ( t12(B0,t) 11.1(Fo, 1)

- m + G108, ) [E{X(t)} + var {E(t)bT}]> -

Then we just need to verify the Lindeberg Condition. Let

X G* (bT7 U, — t)
Gui(u) = Xi(u) + Di(w) {bro + (u — )by} — = |
GERolbru,u—t)

Given any € > 0, the Lindeberg Condition can be written as

nooL
n~1h Z;/O [Kﬁ(u — #)e (u)I {n’1/2h1/2Kh(u — ) [eni(u)] > e}
x Ao (u)Y;(u) exp { B2 (u) X;(u) }] du = 0, (A.13)
n~1h zn: /0 ' [(h—lut)%,%(u — 1) (u)l {n‘l/Zhl/Qh_lutKh(u — 1) oni(u)| > 5}
=1

X Ao (u)Y;(u) exp { B8 (u) X; ()} du] = 0. (A.14)

Note that (A.13) implies (A.14). Therefore it is sufficient to show (A.13). This follows from

1/4
Pr| sup ‘n_lﬂhl/ZKh(u - t)gm-(u)‘ >c | <Pr| sup [sni(u)| > noc ,
ueN(t) weN (1) Mpe

which, for n large enough, is equal to 0 from Condition A5 and Lemma 2. Therefore we have
A 1 " d
(112 [ Gcn(br) ~ 31 (iaop)” 9 W(OTOF0)] 4 V(0,200 (A15)
By a Taylor series expansion,

0 = ()2 Oor(®) = (nh)2 Ton(a) = (nh)Y2 Tor(0) + (nh)2 w R

dal
where a* lies between 0 and &. This implies that
Menla”)
~ CR (8] ~
(nh)? H <b - bo) = {_T} (nh)Y2 Ucp(bo). (A.16)
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Note that dUcg(e)/8a can be written as

nt zn: / ' Kp(u—t) (H* ') ®? @ S (u)dM; (u) (A.17)
=170
L

- /0 Kp(u—t) (H*_lut)®2 ® )\o(u)égli(ﬁo,u, u—t)du (A.18)

L 22
—/ Kh(u — t) (H*_lut)
0
[GERZ(HlO‘ by, uu— 1) — Gl (H a4 bruu — 1)
® : =
GE‘R,O(HAO‘ + b, u,u —t)

o (H Yo+ by, u,u —t)
C?*CQR’O(H*(M + b, u,u —t)

X{é?}m(H_la‘i‘bT,U,u—t) G- 1(H™ a+bTuu—t)}}d§N(u)
(A.19)

+op(1).

By the Lenglart’s Inequality, we can show that the martingale (A.17) converges to 0 as its predictable

variation process converges to 0. Moreover, uniformly for o € AV/(0),

(A.18) = Qu ® Mo(t)G]r(Bo, 1, 0)E [S(1)]

and

w GY a+ bt w) — G (a+ b t,w
(A.19) 2 /K ® CRral T ) Xs( T )

9 *CR?O(a + 05, t, w)

Gopala+br,tw
Ggig ola+ b, t, w)

{GCRl o+ b, t,w) — G (o + by, t,w) } | dwE {N(t)}.

(A.20)

From (A.6), the right side of (A.20) can be simplified as

—I' (e, 1) = Qu ® Ao(t)Grr0(Bo, 8, 0) E[E(E)]
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where

L 1 w
I'(a,t) = /OK(w)
2

wow
Giola+ Ui tw) Gyt by, w)Gi (o + bt w)
é?’o(a + b5, t,w) G?zo(a + b5, t,w)
xAo(t)GT1.0(Bo,,0).

dw

Hence
8UCR(a) p
— - 5 T
o (1)

uniformly for a € A(0). This, coupled with the consistency of & and the continuity of I" (o, ) at « obtained

from Condition A6, implies that
% LTo(t) =T(0,8) = Q. @ Mo(H)T5(t). (A.21)
Combining (A.15), (A.16) and (A.21) and the Conditions A3, A8, A9 and A10, we have
(o2 1 (- t0) = 30 {5 Gz} 0] v (0.1 0020) {507
Note that Q(t) = To(t) + I'1(t), where

['1(t) = Qu ® Grr0(bo, £,0) [E{X(1)} + var {X(t)bo}] -

Therefore
Ty (09(8) {Ty (6} =Ty (1) + Ty ()T (1) {Tg ()}

Note that I'y L(t) is the asymptotic variance for the ideal estimator when there is no measurement error.

Hence the corrected score estimator has a larger variance than that of the ideal estimator as we expect.
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A consistent estimator of Q(t) is

noL
) = a1y / B2 (u— 1) (H* )™
=1 0

. . ®2

G byu,u—t

- ACR,I(A ) AN (1),
GE‘R,O(bv u,u —t)

® {fg(u) + i (u) {130 + (u— t)El}
The consistency of Q(t,b) follows from (A.12) and Q(t,br) — (sn,5n) = Xn + 0p(1), where

noo.r
Xn = nt Z/o hK?(u—1t) (H*_lut)®2
i=1

G (b, u,u —t) @2
© 4 Xi(u) + Zi(w) {bro + (u — )by} — 2SR dM;(u).
GER70(bT,u,u —t)

We can show the martingale x,, = 0,(1) by the Lenglart’s Inequality. In addition, Q(t,b) — Q(t, br) = 0,(1)
follows from H(b — by) = o,(1). Likewise, we can show that a consistent estimator for To(t) is T'(t) =

—0Ucr(a)/0aT = —0UcR(b)/ObT H—L. Therefore a consistent estimator for the variance of n=(5 — fr)

APPENDIX B: PROOF OF THEOREM 3

First we show that
()2 {Tcn(v,1) = Ocrv,t)} = 0p(1) (A.22)

uniformly for b € NV (b). Note that under Condition A2, Gfp (b, u,u —t) = G¢g (b, u,u—t) for r =0, 1.

Thus
(nh)1/?2 {UCD(b, t) — Ucr(b, t)}

1/2 e [t
= i) /0 Kn(u—1)

- GCD’l(b, u, U —t
écpp(b, U, U — 1t

; _ Gena(bruu—1) } dN; (u)

Goro(b,u,u—t)

Copalbruu—1t)  Gop(bu,u—t)
G*C'D,O(b’ u,u—1) GED,o(ba u,u—t)

= —pl/? /OLKh(u—t) (H* ') ®{
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xn2dEM (u) (A.23)

L A - ) )
+h1/2/ Kin(u—1t) (H* 'uy) @ 903,1(19, uu—t) GSR,l(bw,u t)
° G*C’R,O(ba u,u —t) GCR,O(b’ u,u —t)

xn'/2dE M (u) (A.24)

L
_h1/2 / Kh(u o t) (H*flut)
0

®7’Ll/2 {GZ‘D,l(b’ U, U — t) GZ‘D,l(l)? U, U — t) } du (A.25)

~

G*CD,O(bv U, w — t) GED,O(@ U, U — t)
L
_h1/2 / Kh(u _ t) (H*—lut)
0

é* buu—t Ge bu,u—t
onl/2 ACRJ( ) B SR’I( ) . Ay
G*CR,O(bv u,u —t) GCR,O(b, u,u —t)

Note that under Condition AD, Sup,en()pen(bo) HCA}*CD’T(b,u,u —t) = Gep(byu,u — t)|| = op(1), and
n/2dEM (u) converges to a Gaussian process. By the strong embedding theorem and Lemma 6, we have
SUPYeA (br) |(A.23)|| = 0p(1). Similarly, we can show that SUPbe N (br) |(A.24)|| = op(1), SUPbe A (br) |(A.25)]] =
op(1), and SUDbeN (by) [[(A.26)| = 0,(1). Therefore, suppep(s,)|l(A-22)| = 0p(1).

Likewise, we can show that

{8U06Db(b7t) - aUCgb(bvt) } H—l — 0p(1)- (A27)

Then (nh)/2H (b —b) = 0,(1) follows from (A.22), (A.27) and a Taylor series expansion.
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Table 1. Simulation results in the case of a single time-dependent covariate with 3y(t) = 1 and 0 = 0.1. I, “ideal” approach;
NR, naive regression; CD, conditional score; CR, corrected score; B, bias; SD, empirical standard deviation across simulated
data sets ; SE, average of estimated standard errors; CP, coverage probability of the 95% Wald confidence interval.

t 10 20 30 40
B SD SE CPp B SD SE CPp B SD SE CPp B SD SE CPp
h=20 I -0.006 0.33¢ 0.310 0.926 —0.008 0.101 0.096 0.940 -0.013 0.095 0.086 0.931 —0.022 0.126 0.113 0.928
NR 0.035 0.319 0.297 0.923 0.047 0.096 0.092 0.897 0.036 0.090 0.083 0.897 0.015 0.120 0.110 0.912
CD -0.010 0.364 0.334 0.922 -0.012 0.114 0.107 0.945 —0.017 0.107 0.097 0.930 —0.027 0.137 0.123 0.924
CR -0.011 0.371 0.343 0929 -0.017 0.116 0.109 0.945 —0.023 0.110 0.099 0.930 —-0.034 0.141 0.126 0.927
h=40 I —-0.006 0.184 0.169 0.932 -0.009 0.097 0.092 0.939 -0.012 0.075 0.073 0.947 -0.015 0.092 0.086 0.930
NR 0.053 0.183 0.163 0.910 0.044 0.096 0.089 0.889 0.034 0.074 0.070 0.890 0.022 0.091 0.083 0.907
Ch -0.011 0.212 0.18 0.919 -0.014 0.114 0.103 0.931 —-0.016 0.087 0.081 0.936 —0.019 0.104 0.093 0.931
CR -0.014 0.216 0.191 0921 -0.019 0.116 0.105 0.931 —0.022 0.089 0.082 0.933 —0.026 0.107 0.095 0.929
h=60 I —-0.002 0.142 0.137 0.932 —-0.006 0.094 0.089 0.928 -0.010 0.077 0.071 0.927 —-0.015 0.089 0.082 0.935
NR 0.062 0.140 0.132 0.912 0.050 0.091 0.086 0.885 0.037 0.074 0.068 0.865 0.023 0.088 0.080 0.904
CD -0.004 0.164 0.152 0.931 —0.009 0.106 0.100 0.937 —0.014 0.086 0.079 0.935 —0.020 0.100 0.089 0.937
CR —-0.007 0.166 0.156 0.937 —0.013 0.108 0.102 0.938 —0.019 0.088 0.081 0.936 —0.026 0.103 0.091 0.936
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Table 2. Simulation results in the case of a single time-dependent covariate with 3y(t) = 1 and 0 = 0.2. I, “ideal” approach;
NR, naive regression; CD, conditional score; CR, corrected score; B, bias; SD, empirical standard deviation across simulated
data sets ; SE, average of estimated standard errors; CP, coverage probability of the 95% Wald confidence interval.

t 10 20 30 40
B SD SE CPp B SD SE CPp B SD SE CPp B SD SE CPp
h=20 I -0.006 0.33¢ 0.310 0.926 —0.008 0.101 0.096 0.940 -0.013 0.095 0.086 0.931 —0.022 0.126 0.113 0.928
NR 0.074 0.308 0.286 0.913 0.093 0.093 0.089 0.773 0.076 0.087 0.081 0.789 0.047 0.117 0.107 0.871
CD -0.011 0.401 0.361 0.925 -0.019 0.131 0.120 0.946 —0.023 0.122 0.108 0.934 —0.023 0.122 0.108 0.934
CR 0.006 0.584 0.426 0.920 -0.027 0.139 0.125 0.941 -0.042 0.199 0.118 0.933 -0.052 0.197 0.147 0.919
h=40 I —-0.006 0.184 0.169 0.932 —-0.009 0.097 0.092 0.939 -0.012 0.075 0.073 0.947 -0.015 0.092 0.086 0.930
NR 0.105 0.179 0.158 0.863 0.091 0.095 0.086 0.759 0.074 0.073 0.068 0.750 0.055 0.090 0.081 0.823
CD -0.015 0.241 0.205 0.915 —0.020 0.132 0.116 0.922 —-0.022 0.101 0.091 0.938 —0.024 0.116 0.101 0.924
CR —-0.018 0.253 0.238 0.933 —0.030 0.136 0.121 0.926 —0.034 0.105 0.095 0.931 —0.039 0.123 0.110 0.935
h=60 I —-0.002 0.142 0.137 0.932 —-0.006 0.094 0.089 0.928 -0.010 0.077 0.071 0.927 —0.015 0.089 0.082 0.935
NR 0.115 0.137 0.128 0.837 0.096 0.088 0.083 0.745 0.077 0.072 0.066 0.742 0.056 0.087 0.078 0.826
CD -0.008 0.186 0.169 0.919 -0.014 0.122 0.112 0.933 —0.019 0.097 0.089 0.931 —0.026 0.111 0.097 0.934
CR —-0.015 0.202 0.196 0.955 —-0.024 0.127 0.118 0.937 —-0.031 0.101 0.092 0.933 —0.039 0.115 0.105 0.947
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Table 3. Simulation results in the case of a single time independent covariate with 3y(t) =t and 0? = 0.1. I, “ideal” approach;
NR, naive regression; CD, conditional score; CR, corrected score; B, bias; SD, empirical standard deviation across simulated
data sets ; SE, average of estimated standard errors; CP, coverage probability of the 95% Wald confidence interval.

t 0.25 0.5 0.75 1.0
B SD SE CP B SD SE CPp B SD SE CPp B SD SE CPp
h=04 1 0.007 0.087 0.086 0.947 0.011 0.104 0.100 0.937 0.025 0.164 0.149 0.934 0.062 0.301 0.262 0.911
NR —-0.006 0.084 0.084 0.953 -—-0.017 0.100 0.097 0.936 —0.025 0.157 0.144 0.919 -0.021-0.021 0.251 0.896
CD 0.007 0.088 0.089 0.954 0.011 0.109 0.104 0.939 0.030 0.179 0.160 0.930 0.085 0.356 0.294 0.916
CR 0.007 0.088 0.089 0.954 0.012 0.109 0.105 0.938 0.034 0.181 0.162 0.930 0.061 1.374 0.313 0.923
h=0.8 1 0.000 0.085 0.083 0.937 0.004 0.086 0.084 0.941 0.012 0.131 0.124 0.938 0.032 0.224 0.204 0.935
NR —-0.013 0.083 0.081 0.938 —-0.024 0.082 0.081 0.932 -0.037 0.125 0.120 0.923 -0.046 0.217 0.195 0.908
CD 0.000 0.088 0.085 0.942 0.006 0.089 0.088 0.958 0.016 0.140 0.133 0.936 0.043 0.251 0.222 0.928
CR 0.000 0.088 0.085 0.942 0.008 0.090 0.089 0.957 0.021 0.142 0.135 0.938 0.061 0.264 0.231 0.936
h=12 1 0.002 0.084 0.083 0.943 0.009 0.082 0.081 0.945 0.017 0.124 0.121 0.937 0.028 0.183 0.178 0.951
NR -0.010 0.082 0.081 0.946 —0.020 0.081 0.079 0.938 -0.031 0.125 0.117 0.912 -0.041 0.186 0.172 0.913
CD 0.003 0.087 0.085 0.946 0.012 0.090 0.086 0.939 0.024 0.142 0.130 0.942 0.040 0.211 0.192 0.933
CR 0.003 0.087 0.085 0.946 0.015 0.091 0.087 0.938 0.031 0.145 0.133 0.939 0.054 0.219 0.198 0.934
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Table 4. Simulation results in the case of a single time independent covariate with 3y(t) =t and 0? = 0.2. I, “ideal” approach;
NR, naive regression; CD, conditional score; CR, corrected score; B, bias; SD, empirical standard deviation across simulated
data sets ; SE, average of estimated standard errors; CP, coverage probability of the 95% Wald confidence interval.

t 0.25 0.5 0.75 1.0
B SD SE CP B SD SE Cp B SD SE CPp B SD SE CPp
h=04 1 0.007 0.087 0.086 0.947 0.011 0.104 0.100 0.937 0.025 0.164 0.149 0.934 0.062 0.301 0.262 0.911
NR —-0.017 0.082 0.082 0.954 —-0.042 0.097 0.095 0.916 -0.069 0.151 0.140 0.879 —0.094 0.281 0.240 0.866
CD 0.008 0.091 0.091 0.951 0.013 0.113 0.109 0.944 0.036 0.196 0.172 0.930 0.114 0.428 0.332 0.924
CR 0.008 0.091 0.091 0.951 0.014 0.114 0.110 0.942 0.048 0.269 0.178 0.926 0.058 2.476 0.486 0.801
h=0.8 1 0.000 0.085 0.083 0.937 0.004 0.086 0.084 0.941 0.012 0.131 0.124 0.938 0.032 0.224 0.204 0.935
NR -0.024 0.081 0.079 0.926 —-0.050 0.079 0.079 0.895 —0.080 0.121 0.116 0.858 —0.113 0.210 0.188 0.855
CD 0.000 0.090 0.087 0.944 0.008 0.094 0.093 0.956 0.020 0.151 0.142 0.941 0.055 0.282 0.242 0.930
CR 0.001 0.090 0.087 0.943 0.011 0.096 0.094 0.954 0.031 0.157 0.147 0.943 0.028 1.649 0.273 0.905
h=12 1 0.002 0.084 0.083 0.943 0.009 0.082 0.081 0.945 0.017 0.124 0.121 0.937 0.028 0.183 0.178 0.951
NR -0.022 0.080 0.079 0.944 -0.047 0.080 0.077 0.892 —-0.074 0.123 0.114 0.858 —0.102 0.183 0.166 0.864
CD 0.003 0.089 0.087 0.947 0.015 0.097 0.091 0.937 0.030 0.157 0.140 0.933 0.050 0.237 0.207 0.919
CR 0.003 0.089 0.088 0.947 0.021 0.100 0.093 0.935 0.045 0.165 0.146 0.936 0.079 0.251 0.222 0.926
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Figure 1. Trajectories of log CD4 for 10 randomly selected subjects.
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Figure 2. Estimation of 3(t) for the ACTG 175 data including CD4 and treatment with h = 60,72 and 80.
For each h, the left panel is for 31 (t), and the right panel is for (32(t). NR, naive regression; CD, conditional
score. 95% confidence bands are shown with the outer curves, the estimates themselves are shown with

the center curves.
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