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Summary

In this article, we propose a positive stable shared frailty Cox model for clustered failure time data
where the frailty distribution varies with cluster-level covariates. The proposed model accounts for
covariate-dependent intracluster correlation and permits both conditional and marginal inferences.
We obtain marginal inference directly from a marginal model, then use a stratified Cox-type
pseudo-partial likelihood approach to estimate the regression coefficient for the frailty parameter.
The proposed estimators are consistent and asymptotically normal and a consistent estimator of
the covariance matrix is provided. Simulation studies show that the proposed estimation procedure
is appropriate for practical use with a realistic number of clusters. Finally, we present an
application of the proposed method to kidney transplantation data from the Scientific Registry of
Transplant Recipients.
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1. Introduction

Clustered failure time data are frequently observed in biomedical studies. For example, in
the kidney transplantation setting, transplant failure times are of interest and can be taken as
clustered failure times with transplant facilities as clusters. In family disease studies, time to
disease onset is of interest and families are natural clusters. Subjects within cluster are
correlated, with the intracluster dependence possibly due to sharing similar environmental
and/or genetic conditions.

Several methods have been proposed for clustered failure time data. In general, these can be
categorized into two broad strategies. In marginal models, the cluster structure is usually
ignored when estimating the population-averaged covariate effect, but is used to derive valid
standard error estimates. Marginal models can be used when the comparison of lifetimes
across clusters is of interest. Examples include Wei, Lin, and Weissfeld (1989); Lee, Wei,
and Amato (1992); and Spiekerman and Lin (1998). These authors used generalized
estimating equations with an independence working assumption and the intracluster
correlation structure left unspecified. As a result, some efficiency loss may occur, potentially
affecting the significance of estimated covariate effects.

When the comparison of lifetimes within the same cluster is of interest, frailty models may
be more appropriate. In this case, the correlation structure is specified by incorporating a
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random effect (frailty) that is common to subjects within the same cluster. The covariate
effect is then interpreted as being conditional on the frailties and is cluster specific. One can
also obtain marginal covariate effects by making additional assumptions about the frailty
distribution as was done by Glidden and Self (1999) and Pipper and Martinussen (2003)
under the Clayton-Oakes model. In frailty models, it is usually assumed that the frailty
variables follow the same distribution across clusters, which implies equal intracluster
dependence as well as between-cluster heterogeneity. This assumption may be violated in
practice.

In studies comparing U.S. kidney transplant centers to the national average, the ratio of
observed to expected deaths, known as the standardized mortality ratio (SMR), is used, with
the expected deaths obtained from a marginal Cox model. An SMR > 1 indicates a mortality
rate above the national average. In the shared frailty model, this statistic is actually a
nonparametric Poisson-type estimator (Glidden and Vittinghoff, 2004) for the corresponding
frailty, given the observed data in the center. An investigation of the SMRs suggests that
there may be greater heterogeneity for smaller facilities, since SMRs for smaller centers are
more frequently seen at either the top or at the bottom of the ordered list. Although this is
partly due to sampling variance of the SMR estimator, it is also possible that an unequal
degree of heterogeneity across centers results from varying cluster characteristics. This
suggests a shared frailty model, but with the frailty distribution allowed to depend on cluster
size. Other cluster-level covariates may also have an effect on the frailty distribution. For
example, urban transplant facilities may exhibit more uniform practices than rural transplant
hospitals, corresponding to less heterogeneity (smaller variance) for frailties of urban
centers. In these examples of clustered failure time data, the population averaged effect is of
primary interest. At the same time, however, the incorporation of cluster-level covariate
effects on the frailty distribution is of practical interest and should be considered.

Similar situations exist for other types of clustered data. Prentice (1986) proposed a
regression model for clustered binary data, in which the correlation between pairs of binary
observation within clusters was assumed to depend on cluster-level covariates. Lin, Raz, and
Harlow (1997) proposed a linear mixed model with heterogeneous within-cluster variances,
where the within-cluster errors were assumed to follow a normal distribution with cluster-
specific covariance matrix. Specifically, the variance of the measurement error was assumed
to follow an inverse gamma distribution, where the mean depends on some linear
combination of cluster-level covariates through a log link. Heagerty (1999) proposed a
marginally specified logistic-normal model for longitudinal binary data in which the
marginal mean, rather than the conditional mean, was regressed on covariates. In addition, a
conditional model on a Gaussian latent variable is specified, where the random effect
additively influences the logit of the conditional mean. Wang and Louis (2004) further
extended this method to clustered binary data, allowing the distribution parameters of the
random effect to depend on some cluster-level covariates. Their approach used a “bridge”
distribution previously identified by Wang and Louis (2003) for the random effect to unify
the form of the marginal and the conditional models. As a result, the conditional regression
parameters can be expressed as functions of the marginal regression parameters and a
parameter in the bridge distribution. Under this model, the regression parameter estimates
have a direct marginal interpretation, while the conditional regression parameter estimates
can easily be obtained. Moreover, the influence of the cluster-level covariates on the random
effect can be estimated.

The positive stable distribution (Hougaard, 1986) serves as a bridge distribution for
clustered failure time data under a Cox proportional hazards shared frailty model in the same
sense as Wang and Louis (2003) since the resulting marginal regression parameter is a
product of the conditional regression parameters and the frailty parameter. This relationship
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allows both marginal and conditional inference, while accounting for intracluster
dependence. The shared positive stable frailty model has attracted renewed attention
recently (e.g., Fine, Glidden, and Lee, 2003; Martinussen and Pipper, 2005).

In this article, we propose a covariate-dependent positive stable shared frailty model. The
bridge-type frailties are allowed to depend on cluster-level covariates and so to follow
different distributions across clusters. Under this unified framework, the marginal regression
parameters and the covariate effects on the frailty distribution can be consistently estimated.
The major contributions of this paper are the methods proposed for modeling the effects of
the cluster-level covariates on the frailty distribution and the corresponding estimation of the
marginal regression effects.

The remainder of this article is organized as follows. In Section 2, we introduce the
proposed covariate-dependent frailty model and describe the estimation procedures. We
obtain the large sample properties of the model parameter estimators in Section 3 and
Section 4 presents simulation studies. The proposed method is then applied to kidney
transplant data from the Scientific Registry of Transplant Recipients (SRTR) in Section 5. In
Section 6, we provide some concluding remarks and discussion. Proofs of the results are
provided in the Appendix.

2. Model Specification and Estimation

2.1 The Positive Stable Shared Frailty Cox Proportional Hazards Model with Covariate-
Dependent Frailty

In this section, we specify a positive stable shared frailty Cox model, with the frailty
distribution depending on cluster-level covariates and the corresponding marginal hazard
having a proportional hazards form. Our ultimate purpose is to estimate cluster-level
covariate effects on the frailty distribution, as well as the correlation within clusters and
heterogeneity between clusters. We first define the Cox-type conditional and marginal
hazard functions through the “bridge” property of the positive stable distribution. The
relationship between the conditional hazard parameters, marginal hazard parameters, and
frailty distribution parameter can be obtained accordingly. Cluster-level covariates are
related to the frailty distribution parameter through a link function. Finally, we derive the
individual intensity process given the observed history of all the individuals with the
parameters of interest. We begin this section by establishing the requisite notation.

Suppose we have measurements from subjects in K clusters and that the cluster sizes ny (k =
1, 2, ..., K) are independent and identically distributed bounded random variables. Given ny,
let Dj, and Cjy be the failure and censoring times for the ith individual (i=1, ..., ny) in the
kth cluster; let Tjx = Djk A Cjk be the follow-up time and Aj, = | (Djk < Cijx) the observed
death indicator. Let Wy denote the positive stable distributed frailty with dependence
parameter ¢ for the kth cluster that we use to describe within-cluster dependence possibly
due to unobserved covariate information. Let Z; be a p-vector of time-independent
covariates measured on individual (i, k). In addition, let Xy be a g-vector of time-
independent cluster-level covariates that may influence ay. Let Dy = (D1, ..., Dny), with Cy
and Zy defined similarly. We assume that (Dy, Cy, Zk, Xk, Nk, W) are independent and
identically distributed for k = 1, ..., K. Define the at-risk process Yii (t) = I (Tjkx = t) and the
individual counting process Njx (t) = Ajk | (Tik < t). We define the filtrations

yt:O'{Nik(S), Yik(s), Zika Xk, 7Lk2ki:1, ey K, 221, ooy Ny 0 S S S t}
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and

%:U{Nik(s), Yik(s), Zika Xka n, ﬂfkilﬁ:l, ceey K, ’L:]_, ooy Ny 0 S S S t}.

Similar to Martinussen and Pipper (2005), we term % the observed filtration and 4 the
conditional filtration.

We assume that Wy follows a positive stable distribution with shape parameter oy (0 < o <
1). The positive stable distribution has been used by Hougaard (1986) for multivariate
failure time data; its density function and Laplace transform are given by

1 &T(Gag+1 i .
foy (w)=— @;%(—wak) sin{ayim),

and
L(s)=e{exp(—sW})}=exp(—s*) (s>0),

respectively.

Given (Z, Xk, W, ny), the failure time Djy, i = 1, ..., ng are assumed to be independent with
hazard function

. T 7.
Jim P(t < Dip <t+h| Dy > t, Zy, Xy, i, We) [h=Widow (D)’ 7, )

where Agx (t)(k = 1, ..., K) are unknown cluster-specific baseline hazard functions and f (k
=1, ..., K) are p-vectors of unknown cluster-specific regression parameters, all of which
rely on ¢ through the derived marginal hazard function below.

Since Wy has the positive stable distribution, the marginal hazard function of Djy is given by

lim P(t < Diy < t+h| Dy > t, Zy, Xy, ng)/h=ho(t)e %%, (o)
h—0

where hg (1) is an unspecified baseline hazard and yis a p-vector of unknown marginal
regression parameters. In this, we have assumed a constant marginal log hazard ratio y,
which, given (1) and (2), imposes the restriction y= ayf , k=1, ..., K. Note also that

Aow(t)=Ho(t)* , where Aoy, ()= Aoy, (s) ds and Ho(t)=[%ho(s) ds.
We further relate X and ay through a link function ay = g (77; Xi) and let akflzg(n;Xk),
where 7is a (q + 1)-vector of unknown parameters. Here, we assume that g (-) is monotone

and twice differentiable with respect to 7. Since ay € (0, 1], a natural choice for g is the logit
link function and we set
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g Xp)=1+e 7 Xk @)
with X, =(1, X,Z)T and 5=, 7;2T)T where 7, is a scalar intercept and 7, is a g-vector of
regression parameters.

In addition, we assume that the Djy and C;x are independent given Z;, fori=1, ..., nx. Under
this conditional independent censoring assumption, model (1) implies that the individual
intensity process with respect to the conditional filtration &4 is

Nit(t | A=Y () Wi Aop (1) Zix . ()

By applying the innovation theorem (Andersen et al., 1993) to (4) and inserting the link
function (3), the individual intensity process with respect to the observed filtration % is

A (t | Fi ) =Yk (£) fr(E) Aog (£) 9K Zik - (5)

Where fi (t) = E (Wi | %) has the explicit form

E [Wliv"c(t*)“ WS [E Y ()90 Xk T Zuk g IORYR) (5 }

Wy

Ji(t)= )
k EWk [n/]iv-k(t )e sznkl fO zk( )eg(n,Xk)wTZldeg "’Xk)(s }

with “.” denoting summation over a subscript.

2.2 Estimation

Model (4) differs from the existing positive stable shared frailty Cox proportional model in
that it allows the frailty distribution parameter ¢ to depend on cluster-level covariates,

which induces the cluster-specific conditional regression parameter ﬁk:agly and the
cluster-specific conditional baseline hazard Ao (t). It can be easily seen that when 7, = 0, ax
is a constant and the proposed model reduces to the common positive stable shared frailty
model for which several estimation procedures have been developed. For example, Wang,
Klein, and Moeschberger (1995) applied the E-M algorithm for parameter estimation. Fine
et al. (2003) presented a simple estimation procedure that fitted a marginal model and
stratified model separately and utilized the relationship a = /. Martinussen and Pipper
(2005) proposed a likelihood-based estimation procedure based on the individual intensity
process with respect to an observed filtration similar to (5), but with ax = a and £ = 4.
However, we are not able to extend these estimation procedures in the proposed model,
since the regression parameter f in the conditional hazard is cluster specific.

As can be seen in the existing literature, simulations and applications of the positive stable
shared frailty model are usually based on small clusters, such as twin or family studies,
especially when the estimation of frailties is needed. In order to apply the positive stable
frailty model to studies with large clusters, it is useful to avoid the estimation of fy (t) in (6).
We notice that model (5) can be written as

Air(t | gt—):}/ik(t);\Ok(t)eg(n?Xk)'YTZik7
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where Aok (t) = Aok (Dfk (t), which is actually a stratified Cox model, except that the covariate
effect is cluster specific and depends on a function of cluster-level covariates. The stratified
partial likelihood approach (Cox, 1975; Kalbfleisch and Prentice, 2002) can be directly
applied here. Due to the loss of information in fi (t) and the multiplicative relationship
between g and y, we cannot estimate the intercept term 7 and the remaining parameters
simultaneously. Therefore, our estimation procedure is actually based on two results from
models (2) and (5), respectively.

Before proceeding, it is convenient to introduce the following two sets of notation for k = 1.

., Kandr=0,1, 2,

STy, 1)

E(v, 1)
‘/(7, t)

K ng

_ T .
KIS Y (t)e? Zn Z57

k=1li=1
= 5U(y, 1)/5O)(y, 1),

5(2) (’77 t)/S(O) (’75 t) - {E(7a t)}®2a

Where a®0 =1, a®1 = a, and a®2 = aaT, and

S5 (7,

S;(f’) (v,

S (7,

Sz(f) (nyv,

S (77,

Ef(n;7,
E}(n;v,
Ei(nyv,
E} (077,
Vi (7,
V2 (7,

)
)
)

ng i r
> Yig (s XN 2 gy (1 X) T Z
i=1

ng T

Zyik (£)e9X" Zik go (1: X )T Zie,

ng
ZYik eg(ﬂka)'y Zik g (U,Xk)sza
ZYk (t)es XN Zin g (n: X)) Z ],

ZYk (t)es X" Zik g, (0 X )N T Z52 (1 X ),

(1)(77 s t )/S(O)(n,% t),
s< Yy, 0)/5Y (i, 1),
SO >/s‘0)< 77, 1),
S (i, t)/s O, 1),
S (v, 1)/ iy, ) — {BEmiy, 1)),
SOy, 1)/57 (1 >(( 7,t) — EL(ny7, ) E(n7, 1),

Ag(n;X) /0, g2(n;X)=8g1(n; X) /"

We first estimate y from model (2) by maximizing the pseudo partial log-likelihood

K nyg

aMmM=>_>./5 {'VTZik —1logs“(, f)} dNix(1)

k=1i=1

under the working independence assumption (Wei et al., 1989). The corresponding
estimating equation can be written as
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K ng

U1(’Y):ZZf6{Zz‘k — E(7, t)} dNy(t).

k=1i=1

Given an estimator yaf y from model (2), we estimate 7 from model (5) by maximizing the
pseudo-stratified partial log-likelihood

K ng

A=Y I7 {9 XA Za, — ogS” (157, )} dNuk (2),
k=1i=1

with corresponding score function,

K ng

Us(m)=»_>_J§ {gl(n;Xk)aTZik — Ey (07, 75)} dN(1).
k=1i=1

Solving U, (7; y)A: 0, we can obtain the estimator nfor 7.

3. Asymptotic Properties

Denote yp and 7 as the true values of the parameters yand 7, respectively. In this section,
we emphasize the large sample results for 7. We begin by restating a previously derived
result. We list the assumed conditions, state a previously derived result, and then state the
theorems for our estimators. Proofs are provided in the Appendix.

The following conditions are assumed throughout this article, where forallk =1, ..., Kand
some constant z> O:

a. (Dk Ck, Zk, Xk, Nk, W) are independent and identically distributed;
b. P{Yi(9)=1}>0fori=1, ..., ng;

C. |Zim|<Bz<ooand[X|<Byx<ooforalll=1,...,pandj=1, ..., qand some
constants Bz and By ;

d. g () istwice continuously differentiable with respect to 7;
€.y and r7p are interior to the parameter space.

f.  The following matrices are positive definite,

A = {5V, SO (0, idHo(1) }
Ay = e{ [TV 00 )5 (moivos €)F(t) dAok(t) } -

Large sample results for yﬁave been provided by Lee et al. (1992), who showed that K1/2 (yA

- yp) is asymptotically mean zero normal with variance 212141_131141_1, where A; and By

~ R ~ -1 K ~®2
can be consistently estimated by A; = K™ and B1=K Zk:ﬁbk , with
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K np

I = 3% [oVA: t)dNu(t),

k=1li=1

U = Y [i{Zu — EG, )} x {dNi = Yie(t)e ZrdHo (1)}
=1

where

K ng

Ho(t)=3_"fdNiw(u)/S© (3, w).

k=1i=1

Theorem 1
Under conditions (a)—(f), n is unigque and converges almost surely to 79 as K — oo.

The proof of the consistency of 7 is similar to that of Prentice and Self (1983) and Lemma
3.1 in Andersen and Gill (1982).

Theorem 2

Under conditions (a)—(f), the random vector K1/2 (77: 7o) converges weakly to a (g + 1)-
variate normal vector with mean 0 and covariance matrix

>, =A" (A2+322132T - QCBQT) AL
where A; is defined in condition (f) and

By = {5V )\ (moivo ) fi(t)dAor(®)}
C = ¢ ukq/},{} Afl,

with
ny
w = Y. [§ {gl(no;Xk)’YoTZik — EL(noiy0, f)} dN;(t),
i—1
ny
Ve = > _JolZir — (0, 1)} {dNik — Y (t)es Zix dHo(t)} )
=1
where
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Using the proof of Theorems 1 and 2, together with the results from Lee et al. (1992), we
can show that >3, can be consistently estimated by

>~y (At By, BT - 205 ) A"

with
Ay = —KU01)/007 |55
K ng
= KDY NS {‘ 2@, t) 92(77§XkﬁTZik+Ei(ﬁﬁaf)} dN(t),
k=1i=1
By = —K7'oUx(n:)/o" |, 5,5
K ng
= KIS [ {VEGA ) — 1 (3:X0) 28 — BAAD | dNu(?),
k 1li=1
é = lzukwTA B
where

ng
a=3_[5 {n @XeA Zir — ELT7:1) ) ANik(0).
=1

4. Numerical Studies

Simulation studies were conducted to assess the finite sample behavior of 77.AWe also
compare our method to that of Fine et al. (2003) under the special case where « is common
among clusters.

In the first simulation study, clustered failure time data were simulated from models (3) and
(4) with K =50, 100; Hq (t) =t; = (0.5, 1)T; 7, = -0.5, =0.25, 0, 0.25, 0.5; and 7, = 0.5.
Cluster sizes were simulated from a discrete uniform distribution in the following four
intervals [5, 20], [21, 50], [51, 100], and [101, 200] with approximately equal number of
clusters in each interval. The cluster-level covariate Xy was the cluster size measured in units
of 100 subjects. The positive stable frailties, Wy, were simulated following the method in
Chambers, Mallows, and Stuck (1976),

. sin(apWig) [sin{(1 — ap) Wi} (1—a) /o
sin(Wyy,) Y/ Woay, ’

where Wy, and Woy are independent, with Wy following a uniform distribution U (0, 7) and
Wy following an exponential distribution with mean 1. The individual-level covariate Zj =
(Zik1, Ziko) " was independently generated, with Zjq from a Bernoulli distribution with p =
0.5 and Zjy, from N (0, 1) distribution. The censoring times were simulated from the uniform
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distribution, U (0.25, 1), yielding censoring probabilities of approximately 46%. For each
scenario, 1000 replicates were carried out.

The results are summarized in Table 1. We report bias of the sampling mean of the
estimators (BIAS), the mean of the standard error estimators (ASE), empirical standard
deviation of the estimators (ESD), and the 95% empirical coverage probability (CP). In the
last column, we present the approximate range of ¢ for the simulated data. We also present
the results for y. We can see that the estimator 7 is nearly unbiased. The (ASE) is generally
fairly close to the ESD and, correspondingly, 95% empirical coverage probabilities are
generally close to the nominal values. As the number of clusters increases from K = 50 to K
=100, the coverage probability is generally closer to the nominal value. In addition, as the
value of qx decreases, the coverage probability becomes lower. This may partly be due to
the fact that, for a fixed sample size, the amount of independent information decreases as ay
decreases; that is, smaller value of qy corresponds to stronger association within clusters.

To assess the asymptotic normality of the regression parameter estimates, we study the
quantile-quantile (Q-Q) plots of 7 after being standardized against standard normal variable.
In Figure 1, we show the Q-Q plots of 7; and 7, when K =100 and 7; = -0.5, 0, and 0.5. All
six plots exhibit diagonal lines, which suggests that the asymptotic normal approximation is
reasonable.

In the second simulation study, we compare the proposed method (LKS) with Fine et al.
(2003) (FGL) when ¢ is fixed for all clusters. We keep the same setting for Hy, y, and K.
The individual-level covariates and the censoring variable follow the same distribution as
the first study. We fix ax = 0.5 or o = 0.75 for all clusters. When using our method, we let
7p = 0 and estimate 7 only. For the FGL method, « is estimated by averaging the truncated
ratio of the marginal and conditional regression parameter estimators. The results are_
displayed in Table 2, In order to facilitate the comparison, we show the results for « rather
than 7.

Both methods give an almost unbiased estimator for «a, and the estimated standard error and
coverage probability are reasonable. Similar to the results in Table 1, when the number of
clusters increases from 50 to 100, the asymptotic standard errors of the estimators decrease
and the coverage probability tends to be closer to the nominal value. The asymptotic
standard error estimators from the two methods are very close. The LKS method gives
somewhat better coverage probability than FGL.

Simulations have been done under covariate-dependent frailty and common frailty settings.
Since there is no existing method to compare with under the covariate-dependent frailty
setting, we only make comparison under the common frailty setting. For this, three methods
are available. Both the traditional EM method (Wang et al., 1995) and the Martinussen and
Pipper (2005) method (MP) involve estimation of the frailties as missing data, which is
computationally very slow when large number of deaths are observed for some clusters and
does not yield standard error easily. On the other hand, FGL does not involve the estimation
of the frailties as is the case with the LKS method. Since our primary application of interest
has clusters with large number of observed deaths, we have compared our method to FGL
only.

5. Application

We applied the proposed methods to data on deceased donor kidney transplants performed
between 2000 and 2004 in the United States. Data were obtained from the SRTR. Failure
time (recorded in days) was defined as the time from transplantation to graft failure,
retransplantation, or death, whichever occurred first. There were 224 facilities and a total of
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23,027 transplants included in the study. The facility size varied from 1 to 708. We fitted the
proposed covariate-dependent frailty model to the data with the logit link function for the
dependence parameter «. A total of 12 patient-level covariates and four cluster-level
covariates are considered in the proportional hazards model. The same cluster-level
covariates are included in the link function for q. Patient-level covariates included age at
transplantation (by decade), race (African-American, Other), gender, time on dialysis (2
dummy variables), body mass index (BMI; 3 dummy variables) and primary cause of renal
disease (4 dummy variables). Cluster-level covariates included percentage of female
patients, percentage of African-American patients, percentage of patients caused by
diabetes, and center size (per 100 patients) in a center.

We expect that any covariate that is associated with the between-cluster variability may also
be related to within-cluster variation. Moreover, it is easier to interpret a covariate's effect on
the frailty variance after adjusting for its effect on the hazard function itself. Therefore, as a
modeling strategy, covariates included in the logit link function should also be represented
in the marginal hazards model. Naturally, such cluster-level covariates will not be used in
the second stage of the estimation procedures, due to the stratification.

Results of our analysis are shown in Table 3. Percentage of female patients has a significant
effect (p = 0.0063) on the frailty parameter. It is found that facilities with fewer female
patients tend to have a smaller value of ay, which corresponds to greater heterogeneity in
facility performance. The percentage of female patients also influences the hazards
significantly. Upon examining the point estimates, one could interpret these results as being
in the same direction, as higher percent female implies lower graft failure hazard and lower
variation; both desirable outcomes.

6. Discussion

Covariate-dependent frailty models for clustered failure time data have rarely been studied
previously. Wassell and Moeschberger (1993) proposed a bivariate survival model with the
gamma frailty parameter depending on a pairwise covariate. Their approach only considered
paired survival times in each cluster and cannot be applied to studies with larger cluster
sizes. Wassell, Kulczycki, and Moyer (1995) also pointed out the increasing complexity of
the application of a frailty model to clustered failure time data with larger group sizes. The
model proposed in this article enables one to adjust for covariate effects on the frailty
distribution and permits both marginal and conditional inference for clustered failure time
data regardless of the group size. Further consideration of the proposed method reveals two
additional advantages. First, model (5), on which we make inference, allows for covariate-
by-cluster interaction. The covariate effect is multiplicatively influenced by clusters through
the cluster-level covariate-dependent frailty parameter «y. Second, with the rapid
development of various methods for frailty models, researchers have begun to consider more
carefully issues of ease of implementation and computation time (e.g., Fine et al., 2003; Liu
and Huang, 2007). The proposed method performs well in both aspects. The method can be
implemented using SAS IML. When we evaluated the computation time in the simulation
study, it took approximately 4 hours for 1000 runs, with approximately one-third of the time
spent on the PROC PHREG call.

Recalling that A, (£)=Ho(t)** , We can estimate Ag, with Hp(t)9»¥, k=1, ..., K, where
the estimator Hy (t) of Hg (t) can be estimated from model (2) (see Spiekerman and Lin,
1998). Since the joint distribution of Hy (t) and 7 is complicated, we have not been able to
obtain the asymptotic distribution of the Agy's.
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We noted that when a cluster-level covariate is included in the conditional proportional
hazard model, its effect is nearly nonidentifiable and does not interfere with the estimation
of other covariate effects. This is due to the use of the stratified partial likelihood approach
in the estimation. Since the motivation of the proposed method is to model cluster-level
covariate effects on between-cluster heterogeneity and within-cluster association, the
inclusion of a cluster-level covariate in the conditional hazard is not needed. On the other
hand, one is able to obtain the marginal effect of a cluster-level covariate due to the
proportional hazard in the marginal model.

For ease of computation and to avoid the estimation of the fy (t) (which is difficult for
studies with large clusters), we first attempted using a stratified partial likelihood approach
based on model (5) only. We found that this approach does not lead to useful estimators for_
the parameter 7. As an alternative, we estimate y from model (2), then use the estimator y
in model (5) to obtain a consistent estimator for 7. The proposed estimation procedure is
actually a two-step procedure. Such approach has been employed previously in the context
of maximum likelihood by, for example, Gong and Samaniego (1981) and for the Clayton-
Oakes model with a proportional hazards model for the margins by Glidden (2000). It
should be noted that some efficiency is lost under the stratified partial likelihood approach in
the second stage, as exemplified by the fact that the same estimation would be obtained if
we let fi (1) = 1.

Several areas of future research are possible. The proposed method relies on the
specification of a link function, and model checking on this function is of potential interest.
Future research on this method may also include the extension to other frailty distributions.
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Proof of Theorem 1

The individual counting process martingale for the observed filtration is
M (t)=Nii(t) — [Yin(s) fi(5)ed MG 2 g7 gy (s).

The proof of the consistency of nEonsiders the following two processes,

G(Wﬁ) = K_l{l2(na§at)_l2(770’70at)}
K . ~
- K-1 . T X VAT — a(mn: X )TV 7. 1 SJ(CO)(TVW) AN (1
= K730 J5 | 90XV = 903Xy § Za —log gy ok | dNik(0),
ot % (Moyyost)
and
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K ng (()
S t
E(n 1§ E 1o {{9 (X — 90Xk } ik — 108;7( )((77 20 ))} k(t) fr(t)e? (10:Xk)5 Zit dAox(t).
k=1li=1 Nos Yot

The difference between them can be decomposed into two parts,

{G(m,7) — G(7,70)}+{G(n,7%) —E(n)}
K ng K ng

KN {g(n;Xk)Zik(ﬁ—%) 10g¢} AN ()+K > >[5 {{g(n,Xk) 90 Xe)} x 2d

k=1i=1 K k=1li=1

G(n, %) —E(n)

For each 7, the first term on the right-hand side of the equation converges almost surely to
zero due to the consistency of yand under conditions (a) to (f), the second term is a
summation of K independent and identical distributed zero mean random variables. By the
Strong Law of Large Numbers (SLLN), as K — oo, G (7, y) converges almost surely to the
same limiting function of 7 as =(7).

By the conditions (d) to (f), we can evaluate the first and the second derivatives of this
limiting function by taking the partial derivatives inside the integral of Z(7). The first
derivative is thus

ng
€ [Z[g {gl(U;Xk)VgZik - Ej. (U;’Yo;f)} Yin(t) fu(t) x e9(miXk)0 Zi d/\ozc(t)] :

i=1

Itis O at 7= 7. The second derivative
[ Zf(>V1(77 Y0, 1) 5 (77 Y0, )fk(t)dAOk(t)]

is minus a positive definite matrix at 7 = 7y by condition (f). Therefore, G (7, y)Aconyerges
almost surely to a concave function of 7 with a unique maximum at 7= 7. Since
maximizes G (7, 7), it follows that 7 —~—. 5. 7yas K — occ.

Proof of Theorem 2

The first-order Taylor series expansion of K~1/2U, (n,Ay)Aabout n=mngand y =y gives
KY205(5:7)=K ~2Us(no;70)— B2 (037" ) K2 (7—0) — A2 (" 7) K2 (57— 10),

where 77* is on the line segment between nénd np and y* is on the line segment between yA
and . Thus, we have
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K25 = no)=A5" (0" A7) { K~/ Ua(noi0) = Ba(nory" ) KV/*(3 = 70) }

With the consistency of nénd yénd the SLLN, we can show that A, (n*:7) 2, Ay and

Ba(noyy*) & By and that A, and By, can be consistently estimated by A, and By,
respectively.

It has been noted in Section 3 that K1/2 ()/: 1) converges in distribution to N (0, 7). We
will prove that K=2U, (1; 10) converges in distribution to N (0, Ay). It can be easily seen
that the process K=2U, (10; 7, t) can be written as a sum of orthogonal martingales,

K ng
K20 (10370, )=K /23" [6 {91 (00:X0)7 Zi = B (070, 9) } dMi(9),
k=1i=1

with predictable variation process

K ng

®2 . _
<K_1/2U2(770;’70)> (t) = K_lzz.f(t]{gl(no;xk)%TZik - Ei(ﬁoﬂo,s)} X Yik(5) fio(3)e9 03Xk Zit(5) dA oy (s)
h=li=1
K
= K_le(t)vkl(ﬁo;%,3)5;(6())(770;703S)fk(s)dAOk(5)~
k=1

From Rebolledo's Theorem, the Weak Law of Large Numbers (WLLN) and condition (f),
we can easily show that K=2U, (1; 10, 7) converges in distribution to a zero mean
Gaussian vector with covariance matrix

Iy:oo <K71/2U2(?70;’Y0)> (1)=A,.

Finally, we need to obtain the asymptotic covariance matrix of K=Y2U, (1 1) and K¥2 (-
- %)- We can see that both items can be written as a summation of K i.i.d. zero mean
random vectors,

K
K Y2Us(noye) = KY2> g,
k=1

K
K'V2([ — ) = K Y2407 witop(1),
k=1

with
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ng
we(no0)=_[§ {gl(ﬂo;Xk)VoT Zir. — Ex(mo770, f)} dN;i(t),
=1
and
ng TZ
Yk (10, Ho) = [§{Zir = e(10,)} x {dNix = Yir(£)e70 % dHo(2) }
=1
With the consistency of yénd the WLLN, the asymptotic covariance matrix of K=12U, (7p;
1) and K172 (J/: %) is C=¢ {ukd){} Al_ll
In summary, K¥2 (1= 1) converges in distribution to a N (0, =), where
3, =A" (A2+322132T - 2035) AL
which can be consistently estimated by replacing each quantity with its corresponding
estimator.
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Figure 1.

Q-Q plots for nlAand nzAWhen K =100 and 7, = -0.5, 0, and 0.5.
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Table 3
Analysisof SRTR kidney transplant data
Covariates Estimates SE p-value
y (Patient Level)
Age (in decades) 0.1541 0.0104 <.0001
African-American 0.2738  0.0293  <.0001
Female -0.0957 0.0254  0.0002
Time on Dialysis (in years)
<1 -0.1379  0.0372 0.0002
>3 0.1153 0.0277  <.0001
Recipient BMI
<20 0.0732  0.0502 0.1450
[25, 30) 0.0391 0.0298  0.1904
230 0.1369 0.0320 <.0001
Cause of ESRD
Diabetes 0.2970 0.0359  <.0001
Hypertension 0.1646 0.0375  <.0001
Polycystic -0.3106 0.0571  <.0001
Other 0.1156  0.0392  0.0032
y (Cluster level)
Percent of female (pct) -0.0063 0.0022  0.0035
Percent of African-American (pct) 0.0039 0.0007 <.0001
Percent of diabetes (pct) 0.0084 0.0017 <.0001
Center size (in 100 patients) 0.0097 0.0068  0.1548
n
Intercept -2.3192 2.0945  0.2682
Percent of female (pct) 0.1046 0.0382  0.0063
Percent of African-American (pct) 0.0389 0.0325  0.2316
Percent of diabetes (pct) 0.0298 0.0531  0.5745
Center size (in 100 patients) -0.2288 0.2705  0.3977
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