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ABSTRACT. Multivariate failure time data arises when each study subject can potentially ex-
perience several types of failures or recurrences of a certain phenomenon, or when failure times are
sampled in clusters. We formulate the marginal distributions of such multivariate data with semi-
parametric accelerated failure time models (i.e. linear regression models for log-transformed failure
times with arbitrary error distributions) while leaving the dependence structures for related
failure times completely unspecified. We develop rank-based monotone estimating functions for the
regression parameters of these marginal models based on right-censored observations. The estimat-
ing equations can be easily solved via linear programming. The resultant estimators are consistent
and asymptotically normal. The limiting covariance matrices can be readily estimated by a novel
resampling approach, which does not involve non-parametric density estimation or evaluation of
numerical derivatives. The proposed estimators represent consistent roots to the potentially non-
monotone estimating equations based on weighted log-rank statistics. Simulation studies show that
the new inference procedures perform well in small samples. Illustrations with real medical data are
provided.

Key words: accelerated failure time model, censoring, correlated data, linear programming,
survival data, weighted log-rank statistics

1. Introduction

Multivariate failure time data are commonly encountered in scientific investigations because
each study subject can potentially experience several events or because there exists natural
or artificial clustering of study units such that the failure times within the same cluster are
correlated. We refer to the former situation as multiple events data and the latter as clustered
failure time data. An important special form of multiple events data are recurrent events data,
which represents the repetitions of the same phenomenon. Statistical analysis of multivariate
failure time data is complicated by right censoring as well as by the dependence of related
failure times. Lin (1994) provided a review of Cox-type regression models for such data.
An important alternative to the Cox proportional hazards model is the accelerated failure
time model (Kalbfleisch & Prentice, 2002, p. 44), which linearly regresses the logarithm of
failure time on covariates. Rank estimation of the accelerated failure time model has been
studied by Prentice (1978), Tsiatis (1990), Wei et al. (1990) and Lai & Ying (1991) among
others for univariate failure time data, and by Lin & Wei (1992), Lee et al. (1993) and Lin
et al. (1998) for multivariate failure time data. The rank estimators are derived from a class
of weighted log-rank statistics. It is difficult to calculate the rank estimators because the esti-
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mating functions are step functions with multiple roots, some of which are inconsistent; iden-
tification of a consistent root can be very challenging in practice. A further difficulty lies in
the variance—covariance estimation: the limiting covariance matrices of the rank estimators
involve the unknown hazard function of the error term and are thus not amenable to numeri-
cal evaluations.

For univariate failure time data, some efforts have been made to alleviate the aforemen-
tioned difficulties. In particular, Jin et al. (2003) proposed a class of monotone estimating
functions which approximates the weighted log-rank estimating functions around the true
values of the regression parameters. The corresponding estimators are consistent and asymp-
totically normal with covariance matrices that can be readily estimated by a simple
re-sampling technique. Both the parameter estimation and variance—covariance estimation
can be performed via linear programming.

In this paper, we extend the work of Jin et al. (2003) to marginal accelerated failure time
models for multivariate failure time data. We construct rank-based monotone estimating func-
tions for three types of accelerated failure time models dealing with multiple events, recurrent
events and clustered data. The resultant estimators are proven to be consistent and asymptoti-
cally normal. Furthermore, we develop a novel resampling approach which properly adjusts
for the dependence of related failure times in the variance—covariance estimation. The pro-
posed methods, like those of Jin ez al. (2003), can be implemented efficiently through linear
programming. Because of the intraclass correlation, the resampling scheme employed here is
different from that of Jin et al. (2003) and entails considerable new technical challenges.

The rest of this paper is organized as follows. In sections 2-4, we present the models and
corresponding inference procedures for multiple events data, recurrent events data and clus-
tered failure time data respectively. In section 5, we report the results of our simulation
studies. In section 6, we apply the proposed methods to two medical studies. Some con-
cluding remarks are given in section 7. All the proofs are relegated to the appendix.

2. Multiple events data
2.1. Preliminaries

Consider a random sample of n subjects, each of whom can potentially experience K types of
events or failures. For i=1,...,nand k=1,..., K, let T}; be the time to the kth failure of the
ith subject; let Cy; be the corresponding censoring time, and X;; be the corresponding p; x 1
vector of covariates. We assume that (77y;,..., Tk;) and (Cy;,..., Ck;) are independent con-
ditional on (X|;,..., Xk;). The data consists of (T,ci,Ak,-,Xk,-) (k=1,...,K;i=1,...,n), where
T.=TuACy and A =I1(Ty; < Cy;). Here and in the sequel, a Ab=min(a, b) and I(-) is the
indicator function.

We formulate the marginal distributions of the K types of events with accelerated failure
time models while leaving the dependence structures unspecified, i.e.

10ngi:ﬁ;(Xk,'+€k,', l:1,,l’l, kzl,...,K,

where B, = (Bis-- s Byi) 18 @ pr X 1 vector of unknown regression parameters, and
(€1is. .., €x)(i=1,...,n) are independent random vectors that are independent of the X;; with
a common, but completely unspecified, joint distribution.

Let

eri(B)=log T, i — B X
Nii(B; )= Arid {eni(P) < t}
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and
SO =n" S ew(B) > (X, (r=0. 1),
i=1

The weighted log-rank estimating function for f, is given by

Uis (B=_ Auithy (B: exi( B){Xi — Xi(B: exi(B))}

i=1

or
Voo H=3" / (B (X — X (B2 1)} AN (B 1),
=177

where
Xi(B;)=SV(B: 0)/S"(B; 1)

and ¢, is a weight function which satisfies condition 5 of Ying (1993, p. 90). The resultant
estimator is denoted by ﬁk’ - Note that the choices of 1, S,((O)(ﬁ; t) and the Kaplan—Meier
estimator based on {ex(B), Ar;} (i=1,...,n) as ¢, (B;¢) correspond to the log-rank, Gehan—
Wilcoxon and Prentice-Wilcoxon statistics respectively.

Let

Mu(Bs 1) = Nya(Bs 1) — /0 Iew(B) > ul ia(u)du, (1)

where A, (+) is the common hazard function of ¢, (i=1,...,n). Write sg)(ﬁ; t)=lim, Sﬁf)(ﬁ; t)
(r=0,1),

() =8 (B 0)/s (B3 1)

and
(D)= r}Ln;c i (B> 1)
Define
L= [ _ dlog A (¢
Ak =nhj2:” : ; /700 Do (D{Xki — X (1) }** {%()} dNi(Bi; 1),
and

n
— 13 -1 /
Vit g =m0 D g, w0,

i=1

where ¢®?2=ad’ and
Wiy, = / Bon( DX — Xe(1)} A (B ). @

Write B=(f},..., B%) and ﬁz(ﬁ)qﬁl,...,ﬁl,(‘(pk)/. The random vector n'(B — B) is asymp-
totically zero-mean normal with covariance matrix {A,j,’lqkak,,(bkd,/A,”il;k,l =1,...,K}.

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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2.2. Gehan weight function

As mentioned earlier, the choice of ¢, (f;7)= S,(CO)(,B; t) corresponds to the Gehan (1965) weight
function. In this case, Uy 4, (B) can be expressed as

Ui g(B)=n" Z Z Ai(Xpi — Xip) {eri(B) < eri(B)}
i=1j=1
which is the gradient of the convex function
LigB)=n"> "> Adew(B) —e(B)}
i=1j=1

where ¢~ =1(a < 0)|a|. Let /ﬁ\k’G be a minimizer of Ly (f). The minimization of Ly (f) can
be implemented by linear programming, and is equivalent to the minimization of

DD AuleB —ey(BI+]0—B D> AulXy — X))
i=1 j=1

i=1 j=1

s

where Q is any number which is greater than g'>";_, 27:1 Ai(Xi; — Xy;). This minimization
can be implemented via an L;— minimization algorithm.
We shall approximate the joint distribution of the B, ;s by a resampling procedure. Let

LicB=n">"> AileuB)—ey(B)} Z:Z;, k=1,... K,
i=1j=1
where (Z,,...,Z,) are independent positive random variables with E(Z;)=var(Z;)=1. It is
important to note that the same set of Z;(i=1,...,n) is used in all the K functions L ()
(k=1,...,K). Let /ﬁ\ZG be a minimizer of L ;(B) or a root of

n n

Ui eB=n" D> Ai(Xii — Xi)I {ew(B) < eii(B)} Z: 2. €)

i=1 j=1

Again, ﬁZG is obtained via linear programming. Write ﬁ*G Z(E’G, . .,EZ’G)’ and Bg=
()ﬂJLG,. . .,/ﬁ\/K’G)/ . We state below and prove in the appendix that the conditional distribution
of n”z(ﬁ*G —By) given the data (T, Aw, Xi) (k=1,...,K;i=1,...,n) can be used to approxi-
mate the distribution of n2(Bg — B).

Conditional on the data (Tk,-, A, Xii) (k=1,...,K;i=1,...,n), the only random elements
in L ;(B) (k=1,...,K) are the Z;s. To approximate the distribution of B, we obtain a large
number of realizations of ﬁ’g; by repeatedly generating the random sample (Zi,..., Z,) while
holding the data (Tk,-, Aii, Xii) (k=1,...,K;i=1,...,n) at their observed values. The covari-
ance matrix of By can then be approximated by the empirical covariance matrix of ﬁg

To make our statements precise, we impose the following regularity conditions:

Condition 1. For k=1,...,K and i=1,...,n, the Euclidean norms ||Xy;|| are bounded by a
non-random constant.

Condition 2. Let fi(t) be the density function associated with A.(7), k=1,..., K. Then f(t)
and dfi(1)/ds are bounded and [(dlogf;(s)/ds)*fi(s)ds < oco.

Condition 3. The matrices Ay ¢ (k=1,...,K) are non-singular, where Ay ¢ is Ay 4, evaluated

— 0
at do, =5
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Remark 1. Conditions 1 and 2 correspond to conditions 1 and 2 of Ying (1993) that are
required to ensure the asymptotic linearity of the (weighted) log-rank estimating function.
As indicated by Ying (1993), condition 1 may be relaxed to maxy ;<, ||Xw| = O(n*) for any
o > 0. It can be shown that all the commonly used error distributions satisfy condition 2.
Condition 3 holds if for each k, the vector of covariates does not lie in a lower dimensional
hyperplane, which is a minimum requirement for the identifiability of the regression para-
meters.

Theorem 1

Under conditions 1-3, the estimator Bg is strongly consistent, and I’ll/z(ﬁg — B) converges
in distribution to a zero-mean multivariate normal random vector with covariance matrix
{A;lGVkl,GAZIG;k,l=1,...,K}, where Vi is Vg9, evaluated at d)Ok:sf{O) (k=1,....K).
Furthermore, the conditional distribution of n”z(ﬁ*G — ﬁc) given the data (Tk,-,Ak,-,Xk,-)
(k=1,...,K;i=1,...,n) converges almost surely to the same limiting distribution.

The resampling scheme proposed here is different from that of Jin et al. (2003) even if
K =1 in that each term in the summation of the perturbed function L; ;(B) is weighted by
Z,Z; rather than Z;. This modification is required so as to properly account for the depen-
dence of the multiple failure times within the same subject, and it creates significant technical
challenges in the proofs.

As shown in the proof of theorem 1, n~'U; ;(B) has the same asymptotic slope as
n'Uy ¢(P) for each k, and the conditional joint distribution of n~"2{U; 4(B,),..., Ux c(Bx)}
given the data (T, Aw, X)) (k=1,...,K;i=1,...,n) converges to a zero-mean multivariate
normal distribution whose covariance matrix is the limiting covariance matrix of
n~2{U, ¢(B)).. .., Ux.¢(Bx)}. Thus, the conditional joint distribution of n”z(ﬁ’(‘; —Bg) given
the data is the same in the limit as the joint distribution of n”z(ﬁg —B). If Z; instead of Z;Z;
were used in (3), then the conditional marginal distributions of nf”z{Uf.G(ﬂl),. Uk 6(Bo)}
given the data would still be the same in the limit as the marginal distributions of
n 20Uy (), ..., Ug.g(Bx)}, but the two joint distributions, specifically the two covariance
matrices would be different.

2.3. General weight functions

In general, Uy 4, (B) is non-monotone. We consider the monotone modification of Uy 4, (B):

Ut (B:B)= . Mthi (B exi(B)SY (B exs(BN{Xrs — X (B: exi( B)}

i=1

where

Vi (B; )=, (B; 1)/ S (B: 1)

and ﬁk is a preliminary consistent estimator of f,. Note that Uk,@( (B; ﬁ,\,) is monotone com-
ponentwise and is the gradient of the convex function

n n
Lo (B:B=n"> > Ui(Bi: e B Al ew(B) — es(B)}
i=1j=1
which can again be minimized via linear programming. The minimization is carried out
iteratively, i.e. Py, =argming Ly 4, (B; Brn—r)) (m > 1), where By =B . If the iterative
algorithm converges as m — oo, then the limit satisfies the original estimating equation
U4, (B)=0. For most commonly used weight functions, the algorithm converges stochas-
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tically in that, with a suitable choice of m that depends on n, /ﬁ\k(m) is asymptotically equiv-
alent to the consistent roots of the original estimating equation Uy 4 (B)=0 (see Jin et al.,
2003). Whether the algorithm converges or not, ﬁk(m) is consistent and asymptotically
normal.

To approximate the joint distribution of the /ﬁ\k(m)s, we again appeal to the resampling

approach. Let By, = B ¢ and By, =argming L , (B: By(y-1)) (m=1), where

Li 5 (B:D)=n""> "> " g (biew(b)Ari{ew(B) — eii(B)}~ ZiZ.

i=1j=1

) B ! ~x! ~ ~ o~ .
Write By, =(Bigmy- - -> Bron) a0d By =(Bignys- - -» Brom)- We sAtate be/:\low and prove in the
appendix that, for any m, the conditional distribution of n”Z(B;‘m) — By given the data is
asymptotically equivalent to the limiting distribution of n”z(f}(m) —B).

We impose two additional regularity conditions:

Condition 4. For each k=1,...,K, both A 4, and (Ay ¢, + Dy ¢, ) are non-singular, where

Dy g =limn 'Y~ / Poe () (Bs DXk = X (D} dNii(Bis 1),

i=1Y"

and %k(t) is the derivative of Y, (1) =lim,_ Y, (B;; ).

Condition 5. For each k=1,...,K and for any g, and 7, such that ||, — B, ||+ |n,| =o(n™)

almost surely for some € >0,y (B,;0)=v,(Bi;t)+o(1) and Y (B;t+n,)=v.(B,;1)+
Yo (O, + o2 +1n,), both uniformly in .

Theorem 2

Suppose that conditions 1-5 hold. For each m, the estimator ﬁ(m) is strongly consistent, and
n”z(ﬁ(,,,) — B) converges to a zero-mean multivariate normal distribution. Furthermore, the con-
ditional distribution of n”z(ﬁ;‘m) —ﬁ(m)) given the data (Tii, A, X)) (k=1,...,K;i=1,...,n)
converges almost surely to the same limiting distribution.

For notational simplicity, we shall drop the subscript () in ﬁjm) and ﬁ(m). To approximate
the distribution of ﬁ, we obtain a large number of realizations of B* by repeatedly generating
the random sample (Z,..., Z,) while fixing the data (7",(,-, Awi, Xii) (k=1,...,K;i=1,...,n) at
their observed values. The covariance matrix of B can then be approximated by the empirical
covariance matrix of B*, denoted by V.

The above results enable one to carry out simultaneous inference on B. Suppose, for
example, one is interested in the effects 1, =f,, (k=1,...,K) of a particular kind of covari-
ate on the K event times. Let \A’,, be the part of % corresponding to the covariance matrix of
@y, .., ng), where 7, =ﬁ1,‘,. Then the null hypothesis Hy: 1, =1, ="--- =1, =0 can be tested by
using the quadratic form (7, . .,'ﬁK)\A’n‘ Y@,...,7g). One can also determine which of the in-
dividual hypotheses 1, =0 (k=1,..., K) should be rejected by using the sequential multiple
testing procedures discussed in Wei et al. (1989). Under the restriction that n,=n,=---=
x =1, the optimal linear estimator 7= E,’le ¢y, where (ci,...,cg) =(1’\A7;'1)*‘\A7,;11 and
1=(1,...,1), has the smallest asymptotic variance among all linear estimators
for 7.

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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3. Recurrent events data
3.1. Preliminaries

Suppose that we have a random sample of n subjects. For i=1,...,nand k=1,2,..., let T},
be the time to the kth recurrent event on the ith subject; let C; and X; be the censoring time
and the p x 1 vector of covariates for the ith subject. Assume that C; is independent of T},
(k=1,2,...) conditional on X;. Let

N 0=3" 1T <)

k=1
We specify the following accelerated time model for the mean frequency function:
E{N;(1)X} = ot e Po%), “

where B, is a p x 1 vector of regression parameters, and y,(-) is an unspecified baseline mean
function. The weighted log-rank estimating function for f, takes the form

Us(B)= > I(Ti < C)(B; Tis e P¥){X; = X(B: Tire 1)}, (5)
i=1k=1
where
K(B0= S, SO =r > HGe P 0K (=01

j=1

and ¢ is a weight function. The resultant estimator ﬁ(ﬁ is consistent and asymptotically
normal.

3.2. Gehan weight function

Lin et al. (1998) noted that, for the Gehan weight function, U4(p) reduces to

UsB=n"> > "> I(Ti < C)Xi = X)I{log Ty; — log G; < B (X; — X))}

i=1j=1k=1

Thus, the corresponding estimator ﬁG can be obtained by minimizing the convex function

LeB)=n"> "3 "> " I(Ti < C){log Ty —log C; — B (Xi — X))}~

i=1j=1k=1

via linear programming. Define

LgB=n"Y "> > (T < C){log Ty —log G~ B(Xi X))} ZZ;,

i=1j=1k=1

where (Z),...,Z,) are the same as in section 2. Denote a minimizer of Lj(f) by Fc, which
again is obtained via linear programming.
Let

Ni(B:)=N; (1" A C)
and

MBD=N(pi0— [ 1(Cie PN 20 du
Also, let

sO(B: )= lim SV (1) (r=0. 1)

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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and

X(1)=s"(By; 1)/s " (By: ).
Define

Ay = lim o Z/ Po(DI(Cre M = DX —X(0)} d{ g (1)1},
and

n
— 1 -1 ®2
Vo=limn™tD ui

i=1

where

ug = / (DX, —X(0)} dMi(Bo: 1)

9o(1)= lim $(By: 1),
and
ito()=dug(0)/d1.

We impose the following conditions:

Condition 6. For all i, | X;|| + C;+ N;j(C;) are bounded by a non-random constant.
Condition 7. The function y, is continuously differentiable.

Condition 8. The matrix Ag is non-singular, where Ag is A, evaluated at ¢, =s©.

Theorem 3

Under conditions 6-8, the estimator B is strongly consistent, and n'>(B; — B,) converges in
distribution to a zero-mean normal random vector with covariance matrix A;'VgAg', where
Vg is Vg evaluated at py=5". Furthermore, the conditional distribution of n"?(Bg — Bs) given
the data (C;, Ti;, X;) (T < Ci; i=1,...,n) converges almost surely to the limiting distribution

of (B — Bo)-

3.3. General weight functions
To approximate /ﬁ\(b and its covariance matrix, we define
LyBib)=n""> "> (b Tie ")I(Tiy < C){log Tis — log G — B (X; — X))}
i=1j=1k=1

n n

LyBb)y=n"> "> "y Tie " )I(Tiy < C){log Tii — log G — B(X; = X))}~ ZiZ;,

i=1,j=1k=1

where y(B;1)=p(B;))SO(B;1). For m > 1, let B, =argming Ly(B: B, 1), and B, =
argming L;(ﬂ;/ﬂ\z”fl)), where ﬁ(o) :/ﬁ\G and /ﬁ\:()) =ﬁ; We impose the following conditions.

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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Condition 9. Both Ay and (A4 +D,) are non-singular, where
Dy=limn') " / Yot (By: Y{X; — (D)} AN (By: 1),
n—o0 — Jo

and {po(t) is the derivative of Y,(¢) =lim,_. Y(By; 1).

Condition 10. For any f, and #, such that ||, — B,| +|n,| =o(n™°) almost surely for some

€ > 0, Y(B,: )= (By: )+ o(1) and y(B,: (1 +n,) =Y(B,: ) + (D), + o(n~" +1,), both uni-
formly in 7 <1, where t=sup{z: Pr(Ce %X >1)>0}.

Theorem 4

Suppose that conditions 6-10 are satisfied. For each m, the estimator ﬁ(m) is strongly consistent,
and n”z(ﬁ(m) — B,) converges to a zero-mean multivariate normal distribution. Furthermore, the
conditional distribution ofnm(ﬁ(*m) f/ﬂ\(m)) given the data (C;, Ty;, X;) (T1; < C;i=1,...,n) con-
verges almost surely to the same limiting distribution.

4. Clustered failure time data
4.1. Preliminaries

Suppose that we have a random sample of n clusters and there are K; members in the ith clus-
ter. Let Ty and Cy be the failure time and censoring time for the kth member of the ith clus-
ter, and let X be the corresponding p x 1 vector of covariates. We assume that (71, ..., Tix,)
and (Cj,...,Ck,) are independent conditional on (X,...,Xi,). The data consist of
(T, A, X)) (k=1,...,Ki;i=1,...,n), where Ty =Ty A Cy and Ay =1(Ty < Cy).

We specify that the marginal distributions of the 77 satisfy the accelerated failure time
model:

logjvikzﬂz)xﬂf_‘_eika k=13a1<l; i=la~'~ana

where B, is a p x 1 vector of unknown regression parameters, and (e;1,...,€x,) (i=1,...,n)
are independent random vectors. For each i, the error terms ¢1,..., €k, are potentially cor-
related, but are assumed to be exchangeable with a common marginal distribution; for any i
and j, and K <K; AKj, the vectors (e,...,€x) and (€1, ..., ) have the same distribution.

Let ex()=log Ty — BXy and SO(B:0y=n"' S, S5, Hea(B) > 11X} (r=0,1). Under
the independence working assumption, the weighted log-rank estimating function takes the
form

V=33 e (Bsew®) {Xu X (Brew®)) }. ®)
i=1k=1

where X(B;1)=SD(B;1)/SO(B; 1) and ¢ is a weight function. Denote the estimator by ﬁ¢-

4.2. Gehan weight function
For ¢(B;1)=SO(B; 1), we can express Uy(p) as

n K

n K;
Us(B)=n"> 3 3> " AwlXu — X {ex(B) < en(B)}

i=1k=1j=11=1

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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which is the gradient of
n K an K
Le(B=n"Y_ > > > Aufew)—eu(B)
i=1k=1j=11=1
Let ﬁG be a minimizer of Lg(p), which can again be obtained by linear programming. Define
n K; n K;
LeB=n">"3 3" "AwlewlB)—en(B} ZiZ;,
i=1k=1j=11=1

where (Z,,...,7Z,) are defined in section 2. Let FG be a minimizer of L (f).
Define Ny (B;1)=Ayl{ex(B) <t} and My (B;t)=Nu(B;t)— flwl{efk(ﬁ) >u}o(u) du, where
Zo(+) is the common hazard function of the eys. Also, define

—im 'Y 5 | oomu-xan { ol } AN (Bo: 1),

i=1k=1
and
0 /K 82
T
ot S {Se)
where

Wiy = / " o0 (X — X0} dMi (B 1),
Do0)=lim G(By:)
SO (Bo: 1)

sO(Bo: 1)

and sV (B; £)=lim,_. S”(B; t)(r=0, 1). We impose the following regularity conditions:

X(1)=

Condition 11. For all i, Z,’f’zl | Xi|| + K; are bounded by a nonrandom constant.

Condition 12. Let f be the density function associated with Ay. Then f(¢) and df(¢)/d¢ are
bounded, and [{dlogf(s)/de}*f(¢)dt < occ.

Condition 13. The matrix Ag is non-singular, where Ag is A, evaluated at o =5,

Theorem 5

Under conditions 11-13, the estimator EG is stongly consistent, and n”z(/ﬁG — B,) converges in
distribution to a zero-mean normal random vector with covariance matrix AEIVGAEI, where Vg
is V evaluated at ¢y =s9. Furthermore, the conditional distribution of n”z(/ﬁ\g —Bg) given the
data (Ty, Ay, X)) (k=1,...,K;; i=1,...,n) converges almost surely to the limiting distribution

of (B — Bo).

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.
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4.3. General weight functions
We consider

n K; n K;

LoBm=n">" 3375w (brew®) AulewtB) - ()}

i=1k=1,j=11=1

n K

Lygm=n" >3S0 w(brew®) AulewtB) -~ enB)} ZiZ;,

i=1k=1j=11=1

where y(B; )= $(B;)/SO(B;0). For m > 1, let B, =argming Ly(B;B, 1) and B,=
argming L:‘p(ﬁ;ﬁzwl)), where ﬁ(o) =EG and ﬁ:o) =/ﬁ\; We impose two additional conditions:

Condition 14. Both A4 and (A4 +D,) are non-singular, where

n K; 00
Dy=limn'> > / o0 (Bo: {Xi —X(0)} 7 dNic(Bo: 1),

i=1k=1""

and lﬁo(t) is the derivative of y,(¢) =lim, . Y(By; 1).

Condition 15. For any B, and n, such that ||B, — Bl + |1, =o(n~) almost surely for some

€>0, Y(B;)=y(Bo;0)+o(1) and (B, t+n,)=w(B,:0)+Yo(O)n,+o(n ' +n,), both uni-
formly in ¢.

Theorem 6

Suppose that conditions 11-15 are satisfied. For each m, the estimator /ﬁ(m) is strongly con-
sistent and n”Q(Aﬂ(m) — By) converges to a zero-mean multivariate normal distribution. Further-
more, the conditional distribution of n”z(/ﬁ:m) —ﬁ(m)) given the data (T, Aw,Xu) (k=1,...,K;;
i=1,...,n) converges almost surely to the same limiting distribution.

5. Numerical studies

We carried out extensive simulation studies to evaluate the small-sample properties of the
methods developed in sections 2-4. We focused on the Gehan and log-rank weight func-
tions. The (approximate) log-rank estimates were obtained with three iterations. The differ-
ences between the estimates with three iterations and those at convergence are generally
negligible.

For multiple events and clustered data, two failure times 77 and 7, were generated from
Gumbel (1960) bivariate distribution:

F(t1, )= Fi(t)F ()1 +0{1 = Fi(t) {1 — Fx(2)}],

where —1 <0< 1. The correlation between 77 and 7, is 0/4. The two marginal distribu-
tions Fi(t;) (k =1,2) were exponential with hazard rates 1, = ef1¥uc F2%2x  where X\, (k=1,2)
were Bernoulli with 0.5 success probability and X5, (k=1,2) were independent standard nor-
mal truncated at +2. For multiple events, 77 and 7, shared the same set of covariates, i.e.
X11=X1; and X3 = Xp,; for clustered data, the covariates were generated independently. The
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censoring times were generated from the uniform (0, t) distribution, where t was chosen to
yield a desired level of censoring.

For recurrent events, the covariates were generated in the same manner as in the case
of multiple events. The gap times between successive events were generated from the afore-
mentioned Gumbel’s bivariate exponential distribution. The resultant recurrent event process
is Poisson under =0 and non-Poisson under 0 #=0. The follow-up time was an indepen-
dent uniform (0, 2.5) random variable, which on average yielded approximately 2.60 and 2.86
events per subject for the Poisson and non-Poisson cases respectively.

Tables 1 and 2 summarizes the results on the estimation of ;, when ;=1 and f,=0.5.
The results for 5, are similar and thus omitted. Each entry in the table was based on 1000
simulated data sets. For each data set, we approximated the limiting distribution of the para-

Table 1. Simulation results for multiple events and clustered data

. Multiple events Clustered data
Censoring
0 n (%) Weight Bias SE SEE CP Bias SE SEE CP

50 0 Gehan 0.001 0.245 0.238 0.945 0.002 0241 0.233  0.940
Log-rank 0.003 0.218 0.213 0.937 0.004 0.211 0.206 0.934
25 Gehan 0.012 0.364 0360 0937 —0.041 0.353 0.357 0.951
Log-rank 0.021 0.334 0343 0948 —0.042 0.327 0.333 0.957
50 Gehan 0.019 0.518 0.481 0.922 —0.067 0.550 0.534 0.944
Log-rank 0.016 0.487 0.491 0952 -0.073 0.526 0.515 0.952
100 0 Gehan —0.007 0.165 0.166 0957 —0.002 0.160 0.164 0.960
Log-rank —0.004 0.147 0.146 0.949 —0.002 0.144 0.145 0.946
25 Gehan —0.003 0.246 0.247 0.950 0.001 0245 0.246 0.947
Log-rank 0.002 0.223 0.229 0947 —0.004 0.223 0.226 0.954
50 Gehan 0.005 0.351 0.355 0949 —0.005 0.348 0.357 0.953
Log-rank 0.008 0.329 0.344 0956 —0.011 0.319 0.336 0.956
1 50 0 Gehan —0.007 0.289 0.273 0.930 0.010 0.234 0.233 0.944
Log-rank —0.011 0.249 0.239 0.937 0.011  0.202 0.207 0.953
25 Gehan 0.009 0.408 0.397 0939 —0.028 0.354 0.352 0.953
Log-rank 0.017 0.373 0.378 0.942 —0.027 0.328 0.328 0.950
50 Gehan 0.031 0.560 0.528 0.923 —0.064 0.542 0.526 0.936
Log-rank 0.036 0.521 0.541 0949 —0.067 0.506 0.509 0.947
100 0 Gehan 0.007 0.186 0.190 0.951 0.005 0.165 0.164 0.956
Log-rank 0.006 0.165 0.163 0.946 0.004 0.143  0.143  0.950
25 Gehan —0.002 0.268 0.276 0952 —0.007 0.249 0.244 0.952
Log-rank 0.001 0.250 0.257 0.960 —0.005 0.230 0.226 0.940
50 Gehan 0.007 0.387 0379 0.937 —0.007 0.370 0.356 0.941

Log-rank 0.010 0.368 0370 0.953 —0.012 0.336 0.336 0.951

Bias and SE represents the bias and standard error of the estimator, SEE represents the mean of the
standard error estimator and CP represents the coverage probability of the 95% Wald-type confidence
interval. The results for multiple events pertain to the optimal linear estimator.

Table 2. Simulation results for recurrent events data

0 n Weight Bias SE SEE CP

0 50  Gehan —0.022 0.249 0.235 0935
Log-rank  —0.019 0.237 0.223  0.932

100 Gehan —0.009 0.165 0.165 0.941
Log-rank  —0.009 0.157 0.156 0.941

1 50  Gehan —0.004 0.269 0.261  0.946
Log-rank  —0.008 0.265 0.253  0.938

100 Gehan 0.007 0.188  0.185 0.942

Log-rank 0.004 0.178  0.179  0.950

For explanation see Table 1.
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meter estimator using 1000 samples of (Zi,...,Z,), where the Z;s are standard exponential
random variables. The simulation results show that the proposed methods perform well in
small samples. The parameter estimators are virtually unbiased. The standard error esti-
mators are accurate, and the confidence intervals have proper coverage probabilities.

6. Examples

To illustrate the methods of sections 2 and 3 and to compare with the existing methods of Lin
& Wei (1992) and Lin et al. (1998), we consider the well-known bladder cancer data reported
by Wei et al. (1989). These data were obtained from a randomized clinical trial assessing the
potential benefit of thiotepa in reducing recurrences of bladder tumours. There are 38 patients
in the thiotepa group with a total of 45 observed recurrences and 48 placebo patients with
a total of 87 observed recurrences. To compare with the results of Lin & Wei (1992), we
consider the first three recurrences of each patient. For i=1,...,86 and k=1,2,3, let T}; be
the time from the initiation of treatment to the kth tumour recurrence on the ith patient, let
Xy indicated by the values 1 versus 0 whether the ith patient received thiotepa or placebo,
and let X; be the number of initial tumours for the ith patient. We regress log,, Ti; on X
and Xy;;. Recurrence times of 0 are replaced with 0.5. In this section, the log-rank estimates
at convergence are reported, and the resampling was performed in the same manner as in
section 5 except that 10,000 samples are used. The results of our analysis are presented in
Table 3. The log-rank estimates for individual recurrences are similar to those of Lin & Wei
(1992). The optimally combined log-rank estimate is about 10% smaller than the estimate of
Lin & Wei (1992) based on minimum-dispersion statistics. More importantly, our confidence
intervals are much narrower than Lin & Wei’s. In fact, our two-sided p-value for testing no
overall treatment effect is approximately 0.039 whereas that of Lin & Wei (1992) is approxi-
mately 0.05. These differences reflect the fact that the Lin—Wei estimator is not based on the
optimal linear combination.

Following Lin et al. (1998), we regard the tumour recurrences for each patient as a single
counting process and fit model (4) with three covariates: (i) treatment indicator; (ii) number
of initial tumours; and (iii) the diameter of the largest initial tumour; the treatment indicator
takes the value 1 for placebo and 0 for thiotepa. Table 4 displays the results of our analysis,
which are similar to those of Lin e al. (1998). Incidentally, Lin et al. (1998) used ad hoc
iterative (one-dimensional) bisection search to solve the estimating functions along with a
different resampling technique.

Table 3. Estimation of treatment effects on the first three tumor recurrences of
bladder cancer patients

Weight Tumour Parameter  Estimated 95% Wald confidence

function recurrences  estimate standard error interval

Gehan First 0.289 0.205 —0.114 to 0.691
Second 0.302 0.126 0.055 to 0.549
Third 0.246 0.126 —0.001 to 0.492
First three  0.272 0.120 0.037 to 0.506

Log-rank  First 0.392 0.213 —0.026 to 0.809
Second 0.295 0.151 —0.002 to 0.592
Third 0.248 0.127 —0.001 to 0.497
First three  0.260 0.126 0.013 to 0.508

The optimal linear estimator is used to estimate the overall treatment effect on
the first three recurrences.

© Board of the Foundation of the Scandinavian Journal of Statistics 2005.



14 Z. Jin et al.

Scand J Statist 33

Table 4. Regression analysis on the mean frequency of tumour recurrences in bladder cancer patients

95% confidence intervals

Weight Parameter Estimated

function Covariate estimate standard error Wald Percentile

Gehan Treatment 0.658 0.300 0.070 to 1.246 0.108 to 1.264
Initial number 0.218 0.093 0.035 to 0.400 0.079 to 0.434
Initial size —0.023 0.098 —0.215 to 0.170 —0.195 to 0.195

Logrank Treatment 0.542 0.292 —0.029 to 1.114 0.052 to 1.167
Initial number 0.204 0.077 0.054 to 0.354 0.097 to 0.391
Initial size —0.038 0.085 —0.204 to 0.127 —0.198 to 0.141

We change f to — so as to be consistent with the parameterization of Lin er al. (1998).

For a real example of clustered data, we consider the litter-matched tumorigenesis data
originally reported by Mantel ef al. (1977) and reproduced in Table 1 of Lee et al. (1993).
There are 50 female litters in the study, each having three rats. For i=1,...,50 and k=1,2,3,
let Ty be the time of tumour appearance for the kth rat in the ith litter, and let X indi-
cate, by the values 0 versus 1, whether the kth rat in the ith litter was drug-treated or not.
We regress log Ty on Xj. The Gehan estimate is 0.156 with an estimated standard error of
0.093, and the corresponding Wald 95% confidence interval is (—0.026,0.338). The log-rank
estimate is 0.161 with an estimated standard error of 0.090, and the corresponding Wald 95%
confidence interval is (—0.016,0.338). The log-rank results differ slightly from those of Lee
et al. (1993).

7. Discussion

Although Cox-type regression methods for multivariate failure time data have been studied
extensively, it is desirable to explore the accelerated failure time regression approach for
several reasons. First, accelerated failure time models may fit the data better than propor-
tional hazards models. Secondly, the accelerated failure time model formulates a natural and
direct regression relationship, whereas the relative risk modelled by the Cox regression has
no physical interpretation when the censored response variable is not failure time. Thirdly, the
regression parameters under multivariate accelerated failure time models have both the
population-averaged and subject-specific interpretations. This is not true of proportional
hazards models.

The proposed resampling approach differs from that of Jin ez al. (2003) and entails con-
siderable technical challenges. The fact that this approach correctly adjusts for the intraclass
dependence is remarkable. In all the existing methods for multivariate failure time data, either
under proportional hazards models or accelerated failure time models, each estimating func-
tion is approximated by a sum of independent and identically distributed (i.i.d.) terms and
the empirical variances and covariances of these sums are calculated. These calculations led
to complicated variance—covariance expressions, which may perform poorly in small samples.
The proposed resampling procedure does not involve complicated i.i.d. approximations in the
variance—covariance estimation.

We have focused on the estimation of the regression parameters. A related problem is the
estimation of the failure time distributions. The cumulative hazard functions for multiple
events and clustered data as well as the mean frequency functions for recurrent events can
be estimated consistently by the Aalen—Breslow type estimators (see Lin ef al., 1998, p. 608).
Upon normalizations, these estimators converge weakly to zero-mean Gaussian processes. We
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can approximate the limiting distributions by extending the resampling technique developed
in this paper, and construct appropriate confidence intervals and confidence bands.

Residuals similar to those of proportional hazards models (Kalbfleisch & Prentice, 2002,
pp. 210-212) can be used to check accelerated failure time models. It is also possible to
develop formal goodness-of-fit methods based on the comparison of the rank-type estimators
with different weight functions (Wei et al., 1990) or on the cumulative sums of residuals (Lin
et al., 1993). The resampling technique presented in this paper will be useful in evaluating
the distributions of the test statistics.
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Appendix

Proofs of asymptotic results

The proofs in this appendix are more technical and more rigorous than those of Jin et al.
(2003). We omit the kind of derivation given in the appendix of Jin et al. (2003) and focus on
new technical issues. We first state and prove a lemma that is used repeatedly in our proofs.

Lemma 1

Let H,,(¢) and W,(t) be two sequences of bounded processes. Suppose that H,(t) is component-
wise monotone and converges in probability to H(t) uniformly in t and W,(t) converges weakly
to a zero-mean process with continuous sample paths. Then for any continuously differentiable
function g,

[ T9{H(0) — g(HO}dW,() =0,(1).

Proof of lemma 1

By the strong embedding arguments as used in Lin et al. (2000, p. 726), H, and W, can be
assumed to converge to their respective limits almost surely. One can then apply lemma 1 of
Lin et al. (2000) repeatedly and component-wise to obtain the desired approximation.

Proof of theorem 1

The classical strong law of large numbers for U statistics (Serfling, 1980, section 5.4) implies

that, under condition 1, Ly converges almost surely for each k. Note that L, is a con-

vex function, so that the convergence is uniform in any compact region. By condition 2, the

limiting function is strictly convex at the true parameter value f,. Therefore, ﬁkﬁ 2B,
Under conditions 1-3, we can apply the arguments of Ying (1993) to obtain

n”z(ﬁk,c -B= —A,Z,lgn’”zUk.G(Ifk) +o(1+n'"? | mk,c = BelD), as. (7
Recall that
UioB=3" [ SO0 0{Xu - KB} N,
=17 7>

The simple equality

> HewB) > (3 {Xu — Xk (B; )} =0

i=1

implies that
UeoP)=3 [ S(B:0{X0 = Ku(Bi0)} dMu (B, ®)
=177

where the My;(B;¢) are defined in (1). It is well known that E{M;;(B,;?)} =0. By the uniform

strong law of large numbers (Pollard, 1990, section 8), Sﬁ(")([}; t) ﬂ»sf‘,’)(ﬁ; t) uniformly in f§ and

t. It then follows from lemma 1 that

nPU(B)=n"""> w6 +0,(1), ©)

i=1

where
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- / SO X — X (1)} AMia (B 0).

In view of (7) and (9), the convergence of n"2(Bg — B) stated in theorem 1 follows from the
multivariate central limit theorem.
Because of the way the random perturbation is introduced, the loss function Lj ; retains

the convexity of L, . Thus, the above arguments for the consistency of ﬁk,G can be used to

show that E(G 2By
Through algebraic manipulations, we can express (3) as

Uio®=3 | 3O:0{Xu - X80} dNu(h: 02, (10)
i=177%
where
SYB:0=n"> " Hey(B)>1}X},Z;(r=0,1),
i=1
and
X (8:0=S"(B; /S (B 0).
This is a functional of weighted empirical processes, just like Uy g, but with the extra weights

Z;. Thus, the arguments for establishing the asymptotic hnearlty of Uk ¢ are applicable to
U} ¢ under conditions 1-3. In particular, we can expand UkG([},‘ G) at ﬁkG to obtain

"llz(ﬁk,c - ﬁk,@) = 7Ak7,i7n71/2U/t,G(ﬂk,G) +o(1+n"?| |ﬁk,c - 5/c,c I, a.s. (11)

Note that (7) and (11) have the same slope matrix A; . This is because n~'U; ¢(B) and
n‘lU,’;’G(,B) converge to the same limiting function as Z; are independent of the data with
mean 1.

As

> HewB) > 1 Z{ X — X (B )} =0,

i=1

we can rewrite (10) as
Uo®=3 | 30000~ X (80} dMu(B: 2. (12)
i=177%

This result arises from the specific way in which the random weights Z; are introduced into
L ;(B), and does not hold under the weighting scheme of Jin ez al. (2003). In fact, the latter
would not lead to a correct approximation. We shall show that S’,(co) and X,t in (12) can be
replaced by S,(CO) and X. This part of the proof is much more delicate than its counterpart
in Jin et al. (2003).

Simple algebraic manipulations of (12) yield the following decomposition:

Uz.(;(ﬁk,c) = Z [ S,(CO)(/ﬂ\k,G; DXk — ik(ﬁk,G; H} dM/a'(Ek,G; NZ;
+ [ {Slio)(ﬁkﬂ; 10— SI((O)(/ﬁ\k,G; n}d Z kaMki(/ﬁ\k,G; nZ; (13)

/ (8O Beein)— S(l)(ﬂkG,t)}dZMkz(ﬁkG’t)Z

i=1
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Let F, be the o-algebra generated by all potential data (7y;, Cri, Xii) (kK=1,...,K;i=
1,...,n). For random vectors W, involving the Z;s, we use the notation W, =0(d,) to de-
note the fact that Pr(||d, 'W,,|| > ¢|F,) 2% 0 for every ¢ > 0. Conditional on F,, n”z{gg)(ﬁ; -
Sﬁ,")(ﬁ; 9} (r=0,1) converge weakly, and

n! Z Mi(Bi6:1)Zi—0

i=1
and
n! Z inMki(Ek,Gé NZ;—0
i=1

uniformly in ¢. It then follows from lemma 1, together with integration by parts that the
second and third terms on the right-hand side of (13) are both of order &(n!/?). Clearly,

U;,G(ﬁk,c) = U;,G(ﬁk,c) - Uk,G(ﬁk,G) +0(n'"?)

as ﬁk,c is a root of Uy ¢(f). By subtracting (8) evaluated at f =ﬁk,c from the first term on
the right-hand side of (13), we have

Ui cBeo)=>_ / SO By 01Xk — XeBro: 0} dMui(B i 0(Zi — D +3(n™?). (14)
=177

Conditional on F,,, the first term on the right-hand side of (14) is a sum of zero-mean random
vectors. Thus, the multivariate central limit theorem implies that the conditional distribution
of the random vector n~2{U;’ ;(B, ¢)..... Uy o(Bx¢)} given F, converges almost surely to
a pK-variate normal random vector with mean zero and covariance matrix

{Vi,g:k,1=1,...,K},
where
n
v —1; -1 ~ ~/
Vi, ¢=limn E Uy, Uy s
n—o0 P
=

and
ﬁk"cz/ SOy 0{Xe — Xe B 0} dMi(Bri 1), k=1,..,K; i=1,..,n.

As S;C')(ﬂ; ) =5 sg)(ﬁ; 1) (r=0,1) and Aﬂk,G 2% B, we have Vi ¢ <25 Vi . It then follows from

o~ ~ ! ~
(11) that the conditional distribution of n”z(ﬂi ¢— B, .,ﬂ;G — Bx) given F, converges al-
most surely to a zero-mean normal distribution with covariance matrix {A,;};Vk/,GA,fé;k,

[=1,...,K}, which is the limiting distribution of n”z(ﬁ/l’G —ﬁ’l,...,ﬁlK’G - By).

Proof of theorem 2
The convex analysis arguments for establishing the consistency of f, ; and B, ; in the proof
of theorem 1 can be used repeatedly to show that both ﬁk(m) and ﬁk(m) are strongly consistent.

To derive the asymptotic distributions, we note that ﬁk(m) and ﬁk(m) are the roots of
ﬁk,g/)/((ﬁ; /ﬁk(m—l)) = Z / l//k(ﬁk(m—l); t+(B- Ek(m—l))lxki)
i=177%
x S (B ){ X = Xi(B: )} dNw(B: 1),
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ﬁ/t,(ﬁk(ﬁ;/ﬁ\;m—l)) = Z / lwbk(/ﬁ/i(m—l); t+(B- EZ(,,l_l))'in)
=17 ">

x S (B X — X (B )} ANki(B; ) Z:i

respectively. Under condition 5,

Ug, B: Brgm-1)=> / Vi Brn1y OSE (B 0 Xss — Xi(B: 1)} ANi (B 1)
=17 ">

i 2 /:; Vo (DS (B: 1) {Xi — Xi(B: 1)} AN (i 1) (15)
BB X0 BB

Vi, 0B =3 [ Bl 0000~ Ki:0) Ve Bi07,

; (16)

#3030 B0~ X (B0} AN (B
=177

X Zi(B— Brgn-—1) Xni + o(n'" +nl|p— Bion—n -

Given (7) and (15), we can extend the arguments for establishing (11) of Jin et al. (2003)
to show that the following result holds under conditions 1-5,

12 (Brim — B) = 1" = {(Arg, +Drg) ' Dig, }m]Al:.qlbk Uty (Br)
=1 {(Akg, +Drg) Dy )" Ay g Urka(Br)
+0<1 +n1/22 HEk(/) ﬁk|> :

j=0

Note that condition 4 is necessary for the above equation to be meaningful. By the arguments
for establishing (9) in the proof of theorem 1, we have

n U (B =11 uiig +op(1),

i=1

where the uy; 4, are defined in (2). Thus,

1By — B =—1""2>" ([I —{(Akg, +Drg) ' Dig, Y"1 Wiy,

i=1
+{(Akg, +Dig) ' Dig, Y"Ac Guii ) an
+0<1+n”22‘|ﬁku)_ﬂk”>-
j=0
In analogy to (12) of Jin et al. (2003), the following result follows from (16)
ﬁ/t,d),\. (ﬁk(m)hgk(mﬂ)):Z/ Vi Bregn—1y> t +(Brm 7ﬁk(m—l))lxki)
i=1v7">

% S Brim DXk = X By D} AN (B D Zi (18)
+ n(Ak,(/ik + Dk#)k )(/ﬁ\k(m) - /ﬁk(m))
= 1D g (Bicgn-1) — Brgn—1)) + d;,

where
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d*=a(n”2+n2{uﬁwﬂk||+|\ﬁ2(,->fﬂk\|}).

Jj=0

Under condition 5, up to an asymptotically negligible term, the first term on the right-hand
side of (18) can be written as

Z/l//k(/ﬁ\k(mfl);Z)SIEO)(ﬁk(m);t){in7iz(ﬁk(m);t)}dN/\'i(/ﬁ\k(m);t)Zi

+ nDk,d>k (pk(m) - ﬂk(m—l))’
or

Z/Wk(ﬁk(m—l);Z)SJ((O)(/ﬁ\k(m);t){xki_ilt(/ﬂ\k(m);t)} dei(/ﬁ\k(m);t)Zi

+ 1Dy g, (Bromy — Brgm—1))s

which, up to order 6(n'/?), is equivalent to
Z / lp/c (/ﬁ\k(m—l); Z)Sj(f())(/ﬁk(m); t){in - Xk(/ﬁ\k(m); t)} dei(ﬁk(m); t)Zf

+ nDk.(bk (ﬂk(m) - ﬁk(mfl))

The equivalence between the last two expressions follows from a decomposition similar to
(13). On the other hand, U g, (Bim: Bron—1)) can be expressed as

Z / l//k(/ﬁ\k(m—l); Z)S[(CO)(/ﬁ\k(m); l){in - ilx(ﬁk(m)a l)} dM]\I(/ﬁ\k(m)a l)

+ nDk»(f’k (ﬂk(m) - ﬂk(m—l))

plus an asymptotically negligible term. Thus, the subtraction of fjwk (ﬁk(,,l);ﬁk(,,1_1)) from the
right-hand side of (18) yields

n
U/t,(ﬁk (ﬁk(m)’ ﬂk(m—l)) = Z ﬁki»¢k (Zl - 1) + n(Aks(bk + Dk,qb,\, )(ﬁk(m) - ﬁk(m))

i=1
e . .
= nDgg (Bieon-1y = Biem—-1)) + >

where
ﬁkim:/ l//k(ﬁk(m—l);l)SI(cO)(Bk(m);l){in7Yk(ﬁk(m);t)} AMi(Bigys 1)-

Therefore,
12 By~ B =1 D (1= {(Argy +Dr ) Dy, 1AL, B, 1)
i=1
+{(Ak.g, +Drg,) 'Drg, }mA/;lGﬁki, 6) (Zi—D)+n"d;.

By comparing (17) and (19), we conclude that the conditional distribution of n”z(ﬁ;m) -

ﬁ(,,,),...,ﬁz(,,l) fﬁ,{(m))/ given F, converges almost surely to the limiting distribution of
~ -~/

nl/z(ﬁl(m)_ﬁ/lauwﬁl((m)_ﬁlK),-

Proof of theorem 3

As in the proof of theorem 1, the convexity of the loss functions, Ls and L7, together with
the non-singularity of the second derivative of their common limit under condition 8, implies
that both EG and FG are strongly consistent.
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We can express (5) as
UH=" | s X - Xpn} amgio.
i=1

Under model (4), E{M;(By;)} =0 (i=1,...,n). It follows from the functional central limit
theorem (Pollard, 1990, p. 53) that n="2Y""_, X; Mi(B,;-) and n=123""_ | M;(B,;-) converge to
zero-mean Gaussian processes. By the uniform strong law of large numbers, S (g; £) < s
(B; 1) (r=0,1) uniformly in B and z. It then follows from lemma 1 that n=">U4(By)=n""">
> ws+0,(1). In view of this equation, the multivariate central limit theorem implies that
n~2Ug(B,) converges weakly to a zero-mean normal random vector with covariance matrix
VG.

It can be shown through algebraic manipulations that the derivative of Lj(f) takes the
form

Up=3" [ 3O~ X (o} dutpi 2
i=1

where X (B; 1)=SM(B; )/SO(B; 1), and SO(B:y=n"'S1_ I(C;e P > X[ Z; (r=0,1). Let
F, denote the g-algebra generated by (C;, Ty, X;) (T1; < Ci;i=1,...,n). By the arguments
leading to (14),

Us(Be)=" /O SO(Bg; {Xi — X(Bg: )} dMi(Bg; 1)(Zi — 1) +6(n'"), (20)
i=1

Thus, the multivariate central limit theorem implies that the conditional distribution of
nfl/ng(ﬁG) converges almost surely to a zero-mean normal random vector with covariance
matrix Vg.

As both Ug(p) and U (B) are functionals of empirical processes, we can establish under
conditions 6-8 the asymptotic linearities for Ug(f) and U (p) similar to (7) and (11). As
E(Z)=1 (i=1,...,n), the slope matrices in the two expansions are identical. It follows that
the conditional distribution of n”z(/ﬂ\*c f/ﬁ\G) given F, converges almost surely to the limiting
distribution of n'2(B; — B,)-

Proof of theorem 4
The strong consistency of §,,, and B, again follow from the convexity arguments. Note that

ﬁ(nl) and ﬁ(*m) are the roots of

ﬁ(/’(ﬁs /ﬁ(mfl)) = Z[) l//(/ﬁ\(r;’h]); te(ﬂiﬁ('l1il))IXi)S(0)(ﬁ; t){xl - i(ﬁa t)} le(ﬁa t),
i=1

U5(B: B )= /0 (B ryi 1P P XSO (X, — X (B 1)} AN(B: ) Z,
i=1

respectively. Under condition 10, we can take the expansion of i with respect to its second
argument at z. In doing so, the arguments for establishing (17) and (19), together with
theorem 2 of Lin et al. (1998), can be used to show that

By — B)=—n"" ([I —{(As+Dy) "Dy }"IA iy

i=1

+H(Ay +D¢)*'D¢}’”A51uf,c) +o(1 +n'> |18y *.BoH)a

Jj=0
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1By~ Bo)=—1""> " ([I —{(As+Dy) "Dy }"A i

i=1

+{(A(/) + D4))71D¢}"1Aglﬁi,0> (Zl - 1)

w143 1By~ bl + By ol )
Jj=0
where ;4= [, lp(ﬁ(m l),t)S (ﬁ(m),t){X X(ﬂ(m),t)}dM (ﬁ(m),z) Thus, the conditional dis-
tribution of n”z(ﬁ(m) — ﬁ(m)) given F, converges almost surely to the limiting distribution of

’l“z(ﬁ(m) - Bo).

Proof of theorem 5
Under conditions 11-13, the strong consistency of B, and f follows from the same argu-
ments as in the proofs of theorem 1. We may express (6) as

Up=3"3 / O(B; 0{X — X(B; 1)} My (B 1).
i=1k=1
It is simple to show that the My (f,;-) are zero-mean processes. The uniform law of large
numbers, together with lemma 1, entails that n*I/ZU(,)(ﬁO):Zf:l Zf’:lu,—kﬁ,—i—o,,(l). Con-
sequently, n~"?Ug(B,) is asymptotically zero-mean normal with covariance matrix V.
The derivative of Lj;(f) can be written as

=33 / SO ) [X — X (B0} dM(B: )7,
i=1 k=1
where SO(B: y=n"" 301_ SR IH{ew(B) = 13X Z; (r=0.1), and X (B; 1)=SV(B; 1)/ S(B; 1).
Let F, denote the g-algebra generated by (T, Cy, Xi) (i=1,...,n5k=1,...,K;). Analogous
to (14) and (20),

n K
B =" SOBe: ) {Xu — X (B: )} dMu (B 10(Z; — 1) +8(n'").

i=1k=1
It then follows from the multivariate central limit theorem that the conditional distribution
of n*”ZUg(ﬁG) given F, converges almost surely to a zero-mean normal random vector with
covariance matrix V. Because n 'Ug(B) and n*IUg(ﬂ) have the same asymptotic slope
matrix, the conditional distribution of n'/2(ﬁG Bo) given F, converges almost surely to
the asymptotic distribution of n"2(B; — B,).

Proof of theorem 6
The strong consistency of f,,, and B, follows from the proof of theorem 2. The following
two equations, which are analogous to (17) and (19), hold under conditions 11-15,

n]/z(/ﬂ\(m) - BO) == 7”2 Z Z ( (A¢ + D¢) lD(f’}m A Wi X

i=1k=1

(A +D¢>*'D¢}'"Aa'ufk,c) +o(1 SRy f/fon),

j=0
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n K;
1By~ B =—1""3 "> ([l—{w +Dy) ' Dy YA, i

i=1k=1
+(Ap+ D¢)71D¢}mAalﬁik,G> (Zi—1)
wo (140" S 1By - Bl + Byl ).
j=0

where G = 5 W (B 1) SO By DX — X(Biy; 0} dMi(By,30). 1t follows  that the
conditional distribution of n”z(/ﬁ\:m) f/ﬁ\(m)) given F, converges almost surely to the limiting
distribution of n"2(B,,,, — B)-
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