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Abstract

For the analysis of clustered survival data, two different types of models that take the association into account,
are commonly used: frailty models and copula models. Frailty models assume that conditional on a frailty term
for each cluster, the hazard functions of individuals within that cluster are independent. These unknown frailty
terms with their imposed distribution are used to express the association between the different individuals in a
cluster. Copula models on the other hand assume that the joint survival function of the individuals within a
cluster is given by a copula function, evaluated in the marginal survival function of each individual. It is the
copula function which describes the association between the lifetimes within a cluster. A major disadvantage
of the present copula models over the frailty models is that the size of the different clusters must be small and
equal in order to set up manageable estimation procedures for the different model parameters. We describe in
this manuscript a copula model for clustered survival data where the clusters are allowed to be moderate to
large and varying in size by considering the class of Archimedean copulas with completely monotone generator.
We develop both one- and two-stage estimators for the different copula parameters. Furthermore we show the
consistency and asymptotic normality of these estimators. Finally, we perform a simulation study to investigate
the finite sample properties of the estimators. We illustrate the method on a data set containing the time to first

insemination in cows, with cows clustered in herds.
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1 Introduction

Multivariate survival data consist of multiple lifetimes which are linked to each other in some
sense. In clustered survival data, subjects in the same cluster are assumed to share some
characteristic or environment, and are therefore expected to be more similar with respect to the
hazard of the event. For example, in a multi-center clinical trial, patients of one center form a
separate cluster. To analyze this type of multivariate survival data, two different techniques that
take the association between the individuals into account, are commonly used, namely frailty

models and copula models.

In frailty models, the interest lies on the hazard function of an individual, conditionally on an
unknown frailty term for the cluster containing this individual. In these models, we follow a
conditional viewpoint and investigate the influence of different covariates on the hazard function
of an individual, given the cluster. The frailty term for each cluster expresses that we assume
that different individuals in the same cluster behave in a similar but unknown manner. We
consider this frailty term as a realization of a random variable with a given frailty distribution
and allow it to vary over the different clusters. This approach is explained in detail in Duchateau
and Janssen (2008) and Wienke (2011).

To estimate the different parameters in frailty models, we make use of the conditional viewpoint
of these models. Hereby we assume that different individuals within the same cluster are treated
as independent of each other, conditionally on this common frailty term. In the construction
of the likelihood function of a frailty model, this assumption is utilized by first looking at
the conditional contribution of an individual within a cluster to the likelihood function and
afterwards integrating over the frailty distribution. In this way, the frailty model approach
has the advantage that it allows that the number of individuals within a cluster may vary
over the different clusters. However, a major disadvantage of the frailty model is that the
marginal survival functions in the frailty model contain the association parameter of the frailty
distribution (Goethals et al. (2008)). This has led to the correct observation by, e.g., (Hougaard,
1986, p. 676) that the association parameter in a frailty model can be obtained from the marginal
survival functions alone. Additionally, overdispersion in the data, as compared to the proposed

density function, is required in a frailty model in order to pick up association.

Copula models, on the other hand, are specified in terms of the marginal distribution of an
individual. The association between different individuals within a cluster is modelled by intro-
ducing a copula function that links the marginal survival functions together to obtain the joint

survival function.

To estimate the different parameters in copula models, often two stages are used. In the first
stage, the parameters of the marginal survival functions are estimated, and then inserted in the

copula function. In the second stage, the parameter(s) of the copula function are estimated.



Thus, both in the model specification and parameter estimation, the parameter(s) describing the
association is kept separate from the other parameters. Most reported copula models, however,
only use clusters in which the cluster size is small and constant over the different clusters as
it is then straightforward to define and estimate the marginal survival functions. For example,
Shih and Louis (1995) introduced a copula model for multivariate survival data and provided
estimation methods for the unknown parameters in a bivariate setting. Glidden (2000) and
Andersen (2005) extended the approach of Shih and Louis (1995) to include covariates into the
marginal survival function, but also here the clusters only had size two. Massonnet et al. (2009)
extended these models further for clusters of size 4 to model the time until infection in the
four different quarters of a cow udder. Although Glidden (2000) gives theoretical results for
the Clayton copula in a balanced design with a fixed cluster size N and Othus and Li (2010)
do the same in an unbalanced design for the Gaussian copula model, to our knowledge, copula
models in general have not been used for clustered multivariate survival data with a cluster
size of more than 4 or for a cluster size which differs over the clusters. The choice of a small
and constant cluster size is a direct consequence of the difficulty to write down the likelihood
function for the observed clustered survival data. For example, if the cluster size is equal to
two, there are 4 different contributions to the likelihood for the observed outcomes within the
cluster, depending on whether none, the first, the second or both individuals in this cluster are
censored. This leads to a likelihood function counsisting of 4 different terms where every term is
found by taking derivatives of the joint survival function over the uncensored components in an
observed couple. If the cluster size is three, the number of possible combinations increases to 8,
while a cluster size of 4 leads to 16 different combinations. In a general setting with a cluster
size equal to n, we have 2" possible combinations. Since a likelihood function also contains
2™ different possible terms and each term is found by taking derivatives of the joint survival
function over the uncensored components in a combination, it is a huge task to get an expression
for the likelihood function when a general n-dimensional copula function is considered for the
association between the different individuals within a cluster. In practice it is impossible to

calculate a closed form for all the derivatives of a copula function if the order n is large.

For the class of Archimedean copula functions, we will solve this numerical problem in this
manuscript and show that the construction of the likelihood function for this class of copula
functions simplifies considerably such that we can allow the cluster size to be moderate to large
and varying over the different clusters. The key to this solution is that the joint survival function
of an Archimedean copula function can be rewritten as a mixture distribution of independent
contributions in a similar way as in the frailty model approach. Although some of the expressions
of the Archimedean copula function resemble that of the frailty model, the two models differ in

an essential way due to their different inferential viewpoint, i.e., marginal versus conditional.

The article is organized as follows. In Section 2 we introduce a new formulation of the Archimedean
copula model by rewriting the likelihood contributions in terms of Laplace transforms. In Sec-

tion 3 we present the theoretical results concerning estimators arising from this model, starting



from parametric and semiparametric approaches. Section 4 gives an overview of a large class of
distributions for which the likelihood contributions are easy to generate. In Sections 5 and 6, we
report simulation results along with results for a data example. The data set and our code can
be found at our website (http://www.vetstat.ugent.be/research/ArchimedeanCopula/). Proofs

of asymptotic results are given in the Appendix.

2 Description of the model

We develop a copula model for clustered survival data in which the size of each cluster may be
different. Let K be the number of clusters (i = 1,..., K). In each cluster, we denote the lifetime
for the different individuals by a positive random variable T;;, 7 = 1,...,n; where n; is the
number of individuals in cluster i. For each individual, we assume that there is an independent
random censoring variable C;; such that under a right censoring scheme, the observed quantities
are given by

Xij = min(T35, Cyj)

6ij = I(Tyj < Cij)

The risk of failure may also depend on a set of covariates Z;;, which are possibly time-varying.

di=1,... K, j=1,...,n.

We assume that the joint survival function for the lifetime of the different individuals within

cluster ¢ is given by

S(tll77tln1’Z7,177Z7,n,) = P(T’z1>t2177T’zn,>tzn1’Zzla7Zzn,)
w0 [0g " (S(talZin)) + -+ 5" (Stin,| Zin,))]

where S(tij|Zi;) = P(Tij > tij|Z;;) is a common marginal survival model for the lifetime Tj;,
given Z;;. The generator @g : [0,00[— [0,1] of a parametric Archimedean copula family is a
continuous strictly decreasing function with ¢4(0) = 1 and @p(co) = 0. We denote by ¢, !
the inverse function of @y. Since we want the Archimedean copula function to be correctly
defined for any cluster size, we assume that this generator is completely monotonic. This means
that all the derivatives exist and have alternating signs: (—1)m$—2¢9(t) >0, for all t > 0 and
m =0,1,2,... (see Nelsen (2006)). The generator py is a Laplace transformation of a positive
distribution function Gy(z) with G¢(0) = 1 (Joe, 1997),

“+oo

wg(t) = /e_deg(x), t > 0.
0

Hence we can rewrite the joint survival function for cluster i as

400 —x_%é@gl(s(tiﬂzij))
S(L‘z‘l,.,.,tini|Zi1,---,Zim) = f e = dGG(x) (1)
0
+0o0 n; -1
= [ [[ev (S(tij\zij))ng(a;).
0 j=1
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In this way, the Archimedean copula function can be seen as a mixture distribution, consisting
of independent and identically distributed components which depend on a common factor that
has Gy as distribution. We use this structure to derive the likelihood function. The contribution
of cluster ¢, with cluster size n;, to the likelihood function corresponds to the derivative of the
n;-dimensional joint survival function over all uncensored individuals in this cluster. Since the
joint survival function does not change when the individuals within the cluster are permuted,
we note that only the number of uncensored individuals determines the derivative. Hence, the

contribution of cluster ¢ to the likelihood function is given by

o

=, =

S(@it, - xing | Zir, - Zin,)

where 0{0;; = 1} is the set of uncensored individuals in cluster i and d; = i di;, the size of
j=1
this set.

Using representation (1) of the joint survival function, this derivative is given by

+o00 i ) Sis

—z Y ¢y (S(wij|Zi5)) _ 7 El

L’i = /e j=1 0 g ’ H - _xlf(xl]’ZZ]) dG@(.’L’)
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where f = —dS/dt is the conditional density of the lifetime Xj;.

Combining the contributions over the different clusters, we get the following likelihood function

K T b4
- Z Y(S(zi512i5)) _ N
L — H/e 2. %y jl4ij : ;Tlf(x,]’ZzJ) dG@(x)
=17 oy(pg~ (S(xij| Ziz)))
K +oom_ 51']‘
_ H/He—wgl(smjlzij)) _xlf(xij‘zz'j) 0G ). @)
=17 j=1 ey(pg (S(wij|Zij5)))

In general it is difficult to evaluate expression (2) except for very specific choices of the dis-
tribution Gy. Since the generator g is the Laplace transform of Gy, there is an alternative

expression for this likelihood function which is found by using derivatives of this generator, i.e.

+o0o
goém) (t) = [ (—z)™e "™ dGy(z). Hence the likelihood function can be rewritten as
0

57;]*
(l’z'j\Zm‘) “
AT (xij|zij)))] Z(Pe iilZij) | - (3)

Remark: In the frailty model framework (Duchateau and Janssen, 2008, p.119), we note that
we find a similar expression for the joint survival function in frailty models, with Gy(x) as the
frailty distribution of the unknown frailty term in the cluster. Starting from the conditional

viewpoint in frailty models, we find a similar expression for the joint survival function as follows.



The joint conditional survival function for a cluster i is given by S(ti1, ..., tin; | Zi1s - - -, Zin;, Us)
with U; the frailty term with distribution Gg(u) and generator @g(-). Denote the conditional
cumulative hazard function for subject j from cluster ¢ by H(t;;|Z;j,U;) = He(ti;|Zij)U;. The

marginal joint survival function is obtained by integrating out the frailty term:

oS

Sf(t2177t2n1|Z7,1))Zan) = /S(tll))tlnAZZla7Z1n17ul)dG9(uz)
0

S(ti1|Zi1, ul) Ce S(tml |Zmi,ui)dG9 (uz)

exp(—u; Y Heltij|Zij))dGy(u;)
j=1

exp(—us S ¢ (S (51 7:7)))AG (us) (4)

J=1

I
0\8 0\8 0\8

due to the conditional independence assumption. The two joint survival functions (1) and
(4) are indeed similar, but note that S(t;;|Zi;) # Sf(tij|Zij). More specifically S¢(tij|Zi;) =
wo(H(tij| Zij)) and therefore, the marginal survival function in (4) contains the association

parameter. This an important distinction between the frailty model and the copula model.

3 The estimation procedures

In this section, we investigate a one- and two-stage parametric estimation method and a two-
stage semi-parametric estimation method to estimate the different parameters in this model.
Shih and Louis (1995) demonstrated how this can be done for a bivariate survival data set
and derived asymptotic properties of the estimators. Joe (1997, 2005) discussed a general
framework for studying asymptotic efficiency. We extend their results to clustered survival data

with clusters of varying and possibly large size.

For equal-sized clusters with cluster size n having the same covariate structure, baseline survival
functions can be estimated for each j'™ univariate margin, j = 1,...,n, where the j* subject
always has the same covariate information. Since in our application clusters have varying size,
we cannot order the components within a cluster and estimate the baseline survival of all ;'
components. We assume that all subjects have the same baseline survival, whatever the cluster,

and introduce subject specific covariate information.



3.1 One-stage parametric estimation

Let B be the parameter vector for the margins, containing distribution-specific parameters for
the baseline survival and covariate effects. We use the likelihood function L(3, ) as derived in
(2) and (3). Write Ug(B,0) = M Up(B,0) = M Solving

{ Us(B,0) =0
Ug(B,60) =0

simultaneously, we find the maximum likelihood estimate (,3,@) From maximum likelihood
theory (Cox and Hinkley, 1974), we know that under regularity conditions, v K (B —B,0— 0)
converges to a multivariate normal distribution with mean vector zero and variance-covariance

matrix I™1, where I is partitioned into blocks:

[ s lso |
Log  1og

Here, KIgg is the variance-covariance matrix of Ug, Klgg is the covariance vector between Ug

and Uy and K Iyy is the scalar variance of Uy, so

L Tos(T)pplas
Var(f) = — + ————— 5
0) = - 7 )
In practical applications, standard errors of parameter estimates can be retrieved from the

diagonal elements of the inverse of the Hessian matrix I.

3.2 Two-stage parametric estimation

Two-stage parametric estimation, also referred to as the method of inference functions for mar-
gins (Xu, 1996), has been used mainly for multivariate models whenever a multi-parameter
numerical optimization for maximum likelihood estimation is too time-consuming or infeasible.
In the first stage, 3 is estimated by B by considering all subjects as independent, identically

distributed random variables, i.e. solving

K n;
- 1 i Zz 1 ij Zz
=1 j=1

Under regularity conditions, vK (8 — B) converges to a multivariate normal distribution with
mean vector zero and variance-covariance matrix (I*)~!'V(I*)~!, where V is the variance-
covariance matrix of the score functions Uj and I* is the Fisher information of Up. The
use of the robust sandwich estimator is required since (I*)~! is not a consistent estimator of

the asymptotic variance-covariance matrix due to the correlation between survival times. In the



second stage, the association parameter 6 is estimated by plugging in the estimates for the mar-
gins into the likelihood expression (3), which is then maximized for the association parameter

f. The two-stage estimator for 6 is the solution to
Olog L —
0) = 0.

Theorem 1. Let  denote the solution to Ug(B,0) = 0 and let Oy be the true value of the asso-

ciation parameter. Under regularity conditions, v K(6 — 6g) converges to a normal distribution

Us(B,0) =

with mean zero and variance

— 1 Tos(T)~'V(T*) 11
Var(@):m+ 05(I") 12( ) P
06

(6)

The proof of Theorem 1 is provided in the Appendix. To estimate this quantity, we make
use of (I*)7'V(I*)~!, the robust variance obtained in the first step; I,," and Igy are obtained
from the Hessian matrix of the one-stage procedure, which can be estimated numerically by
performing one iteration of the one-stage optimization in which we evaluate the Hessian matrix

in the two-stage parameter results.

3.3 Two-stage semiparametric estimation

In the two-stage semiparametric estimation procedure, the marginal survival functions are esti-
mated using the Cox proportional hazards model (Cox, 1972). Formulas for the standard error
of the estimated covariate effect B and the estimated cumulative hazard A that account for

clustering can be found using a sandwich formula (Spiekerman and Lin, 1998).

In the second stage, maxy L(0; 8, A) is solved for 6.

Theorem 2. Under regularity conditions C.1-C.7 in the Appendiz, (9;,8,[X) 18 a consistent
estimator for (0o; By, No).

The results for 8 and A follow from arguments along the lines of Spiekerman and Lin (1998).
The consistency of 6 is proved in the Appendix. Also following Spiekerman and Lin (1998), we
can show that v/K (8 — B) converges to a mean zero normal distribution and that v/K (A — Ag)

converges to a mean zero Gaussian process.

Theorem 3. Under reqularity conditions C.1-C.7 in the Appendiz, K (0 — 8y) converges to a
normal distribution with mean zero and variance
Var(Z,)

W(bo)?

The proof of this theorem and the precise definition of Z; and W (fy), together with their

estimators, can be found in the Appendix.



4 Copula likelihood expression for distributions from the PVF
family

The power variance function family of distributions, denoted PVF(«,d,7), is a large class of

distributions for which Hougaard (2000) states that the Laplace transforms correspond to
5 e «
L(s) = exp | =—((v + )% =77)
with derivatives

k
E(k)(S) = (—1)k£(3) chvj(a)éj(’)’ + S)ja—k7
j=1

where the coefficients ¢y j(«) are polynomials of order k — j in «, given by the recursive formula

'k — )

W= —1
INOER Chok

Ck,l(a) =

crj(@) = cp_1j-1(a) + 1 () (k — 1 — ja)

This allows for a closed form expression of the copula likelihood (3).

Example 1: The one-parameter gamma distribution with density

xl/G—le—x/G

_T T g,
oT(1/6) "

go(x)
is found as the limiting case & = 0,0 = v = 1/6. Failure times are independent when 6

approaches zero. The Laplace transform is
L(s) = po(s) = (1+0s)/°

which is the generator of the Clayton copula. The Clayton copula has lower tail dependence,

which, in a survival context, corresponds to a higher association later in time.

Example 2: The choice o = 6, = 0,7 = 0 leads to the positive stable distribution with
density

(@) = —— > TEED ooyt o)
k=1

with 0 < 6 < 1. Feller (1971) shows that this density function can be found by Fourier inversion

of the Laplace transform
6

L(s) = pg(s) =e€*
which is the generator of the Gumbel-Hougaard copula. Small values of 6 provide large correla-
tion and survival times are independent as 6 approaches 1. The Gumbel-Hougaard copula has

upper tail dependence, implying a stronger correlation between the lower survival times.



Example 3: Another PVF distribution is obtained by choosing o = 1/2,8 = (20)71/2 v =
(20)~!. This is the inverse Gaussian distribution with variance 6. The density is defined by

with @ > 0. The Laplace transform is
1 1 1/2
£(5) = ols) = exp (5 ~(7+25) ) .

5 Simulation study

We generate 1000 data sets with 50, 200 or 500 clusters of size varying uniformly between 2 and
50. Survival times are simulated from respectively a Clayton copula with 6y = 0.2,0.5,1.0,1.5
or from a Gumbel-Hougaard copula with 6y = 0.2,0.5,0.65,0.8, and with, in both settings,
Weibull marginal survival functions S(t) = At? exp(’'Z), choosing p = 1.5, A\ = 0.0316 and
Z a dichotomous covariate with effect 5 = 3. The values of the association parameter 6 for
both copula models are chosen such that the according values of Kendall’s tau are comparable.
Data are generated using the sampling algorithm of Marshall and Olkin (1988). The censoring
distribution is also Weibull, with parameters (Ac = 0.0274, pc = 1.5) and (Ac = 0.1464, pc =
1.5) yielding censoring percentages of 25% and 50%, respectively. The performances of one-
stage parametric estimation, two-stage parametric estimation and two-stage semi-parametric
estimation are summarized in Tables 2, 3 and 4. For each copula, simulation results are listed
in increasing order of association. For the Clayton copula, higher values of 6 correspond to a
higher degree of association via 7 = % whereas the inverse link holds for the Gumbel-Hougaard
copula (7 =1 —#). For each degree of association, we report the mean estimated values of 6,
§ and 6 in the first row. Mean standard errors together with the coverage are reported in the
second row. Standard errors of one-stage parametric estimators are calculated from the inverse
Hessian matrix. In the two-stage parametric approach, standard errors are found via formula
(6). In the two-stage semiparametric case, we used the grouped jackknife to obtain standard
errors (Lipsitz et al., 1994; Lipsitz and Parzen, 1996). As in the work of Othus and Li (2010) we
noted that the variance expression in the two-stage semiparametric estimation method is rather
complicated to implement. We assessed the performance of the jackknife procedure in the two-
stage parametric model by comparing the standard error through the theoretical expression with
a jackknife alternative. Since the results were virtually the same, we only show the standard

error calculated from the theoretical expression.

Note that, as the number of clusters increases from K = 50 (Table 2) to K = 200 (Table 3),
standard errors are halved since they are proportional to 1/ VK. For the Gumbel-Hougaard

copula, the bias of the estimates are not noticeably affected by an increasing percentage of
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censoring, Only when we go from the one-stage parametric estimation method to the two-stage
estimation methods we have an increase in the bias. However the standard errors become a bit
larger when more censoring is present. For the Clayton copula, we observe that the bias of the
estimators increases more when the percentage of censoring increases than in the case of the
Gumbel-Hougaard copula. For the standard errors, we see in the Clayton copula similar results
as for the Gumbel-Hougaard copula. The combined effect of the increased bias and slightly
different standard errors for the Clayton model in comparison of the Gumbel-Hougaard model
explain why the coverages are smaller in the Clayton model than in the Gumbel-Hougaard
model. A general observation is that biases and standard errors tend to shrink as 6y approaches
independence. In each of Tables 2, 3 and 4, the largest biases are found in the semiparametric
cases where 6y has moved far away from independence. The transition from K = 50 to K = 200
and K = 500 leads to a reduction of the bias, which also follows from the asymptotic proofs
in the Appendix. However, when the number of clusters is small and the variability of cluster
sizes is large, the two-stage parametric and semi-parametric procedures are not recommended.
Although computationally more demanding, the one-stage parametric procedure yields the best

results in every setting.

6 Modelling time to first insemination in cows clustered in herds

In dairy cattle, the calving interval (the time between two calvings) should be optimally between
12 and 13 months. One of the main factors determining the length of the calving interval is
the time from parturition to the time of first insemination (Duchateau and Janssen, 2004). The
objective of this study, amongst others, was to quantify the correlation between insemination
times of cows within a herd. Insemination at a dairy farm is typically done by the farmer itself,
relying on his experience. In this way, we get some insight into this process. The data set
includes 181 clusters (farms) of different sizes, ranging from 1 cow to 174 cows. The censoring
percentage is 5.5%. The parity of the cow (0 if multiparous, 1 if primiparous) is added as a
covariate. In the parametric approach, we first assume a Weibull distribution for the times to

first insemination

S(t) = exp(—Aexp(8'Z2)t*)

and model the association structure by a Clayton copula and a Gumbel-Hougaard copula. In
Table 1, the results are listed for the parity effect and association parameter, using the one-
stage parametric, two-stage parametric and two-stage semiparametric estimation procedures.
In addition, a model with piecewise constant baseline hazard was also fitted, because it has the
advantage of a flexible baseline hazard - making it a good alternative for the semiparametric
model - but is also parametric , and thus the one-stage estimation procedure can be used.

Hereby cutpoints are chosen such that each time interval contains 5% of the events.

In both copula models, the results for the parity effect are similar for all estimation ap-
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Figure 1: Estimated survival curves for multiparous cows

proaches (see Table 1). The hazard ratio in the one-stage Weibull-Clayton model equals
0.92 (95% CI: [0.89,0.95]), and is 0.95 (95% CI: [0.92,0.97]) for the Weibull-Gumbel-Hougaard
model. Both the parametric Weibull and semiparametric two-stage approaches lead to a hazard
ratio of 0.94 (95% CI: [0.90,0.98]). For the PWE-Clayton and PWE-Gumbel-Hougaard models,
hazard ratios are 0.93 (95% CI: [0.90,0.96]) and 0.94 (95% CI: [0.92,0.97]), respectively. Within
each copula model, the parameter estimates for 6 vary over the different estimation techniques.
The lowest values of 6 are observed for the one-stage Weibull models and the highest for the
two-stage semiparametric models. Regarding the simulation results in Section 5, we emphasize
that the one-stage parametric procedure is most reliable for relatively small sample sizes. If the

Weibull assumption is questionable, a piecewise exponential model for the hazard function is

recommended.
Clayton copula Gumbel-Hougaard copula
Weibull Weibull PWE Semipar. Weibull Weibull PWE Semipar.
one-stage two-stage one-stage two-stage | one-stage two-stage one-stage two-stage
B —0.082 —0.066 —0.070 —0.060 —0.055 —0.066 —0.058 —0.060
(0.017) (0.022) (0.016) (0.021) (0.013) (0.022) (0.014) (0.021)
0 0.212 0.324 0.352 0.447 0.624 0.766 0.661 0.790
(0.015) (0.050) (0.034) (0.063) (0.016) (0.018) (0.013) (0.016)

Table 1: Estimation results for time to first insemination data

A visual check of the estimated marginal survival curves (see Figure 1) reveals why the difference

between the estimated association parameter 6 in the one-stage Weibull-Clayton and PWE-
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Clayton is so large (0.212 versus 0.352). The difference between the estimated marginal survival
functions is largest for later times, which are the times when the Clayton copula imposes a
higher dependency. If the Weibull assumption is incorrect, the estimated association parameter
will also lack accuracy. In this example, we used both a Clayton and a Gumbel-Hougaard copula
to illustrate our techniques. At this moment, we did not focus on a goodness-of-fit test for the

selection of the copula function. This will be done in the future.

7 Discussion

The current copula methodology only allows the modelling of multivariate survival data that are
grouped in clusters of small and equal size. A new formulation for the likelihood of Archimedean
copula models for survival data is developed, that allows for clusters of large and variable size.
The failure times within a cluster are assumed to be exchangeable and the whole data set is
used to estimate a common marginal baseline survival. The survival functions of subjects differ
through the incorporation of covariates (possibly time-dependent). For copula members of the
PVF family, a closed form expression of the likelihood exists, whereas other choices require
numerical integration. We investigated the parametric one-stage and two-stage approach as
well as the semiparametric two-stage approach and derived asymptotic results for the estimators
under a reasonable set of conditions. Simulation results show that all three methods work well
for cluster sizes ranging from 2 to 50. Even larger clusters can be attained, at the cost of larger
computing time. For samples with less than 100 clusters, the two-stage estimation approaches
are not recommended since they lead to larger bias and less coverage. As an alternative to
the flexible semiparametric model, a piecewise constant hazard (or, by extension, e.g. splines)
can be used while modelling the marginal survival function. This article is an extension of the
work of Shih and Louis (1995), who derived founding results for bivariate data, and the work of
Glidden (2000), who investigated the two-stage semiparametric model for the Clayton copula,

as it describes the use of copula functions for clusters with large and varying cluster size.
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4!

0% censoring

25% censoring

50% censoring

Copula Parametric Parametric Semiparametric Parametric Parametric Semiparametric Parametric Parametric Semiparametric
model T 6o one-stage two-stage two-stage one-stage two-stage two-stage one-stage two-stage two-stage
Clayton | 0.09 0.2 0.197 0.193 0.191 0.196 0.194 0.194 0.197 0.195 0.195
(0.043;93.1%)  (0.042;89.7%) (0.045; 85.9%) (0.047,92.0%)  (0.047;90.7%) (0.049; 88.9%) (0.055;92.1%)  (0.055;91.3%) (0.056, 88.9%)
0.2 0.5 0.498 0.486 0.463 0.496 0.489 0.479 0.495 0.491 0.485
(0.084;93.2%)  (0.091; 84.3%) (0.010; 76.8%) (0.091;92.9%)  (0.097; 88.1%) (0.105; 85.3%) (0.101;92.7%)  (0.106; 89.8%) (0.113; 87.8%)
0.33 1.0 0.997 0.973 0.875 0.996 0.981 0.938 0.997 0.990 0.959
(0.160;93.5%)  (0.176;81.9%) (0.174; 71.8%) (0.166;92.9%)  (0.182;86.9%) (0.195; 81.7%) (0.178;92.3%)  (0.194;88.9%) (0.205; 85.7%)
0.43 1.5 1.479 1.436 1.226 1.478 1.451 1.365 1.476 1.469 1.402
(0.234;92.1%)  (0.253;83.9%) (0.229;63.0%) (0.240;92.6%)  (0.262; 87.5%) (0.273; 81.3%) (0.252;91.7%)  (0.278; 88.5%) (0.287; 84.9%)
G-H 0.2 0.8 0.803 0.801 0.803 0.804 0.802 0.803 0.804 0.802 0.804
(0.034;93.6%)  (0.042;88.6%) (0.041; 89.0%) (0.036;94.3%)  (0.045;89.0%) (0.044; 87.7%) (0.039;94.9%)  (0.048;87.8%) (0.048; 86.0%)
0.35 0.65 0.656 0.655 0.661 0.656 0.656 0.662 0.656 0.656 0.664
(0.040;93.5%)  (0.048;89.4%) (0.049; 89.5%) (0.042;93.3%)  (0.051;89.2%) (0.052; 88.9%) (0.045;94.6%)  (0.055; 88.0%) (0.056; 86.4%)
0.5 0.5 0.507 0.507 0.521 0.508 0.508 0.522 0.507 0.509 0.525
(0.040;93.3%)  (0.046;91.2%) (0.047;90.4%) (0.041;93.6%)  (0.048;90.5%) (0.050; 90.2%) (0.043;94.3%)  (0.051;88.4%) (0.054; 86.9%)
0.8 0.2 0.205 0.208 0.247 0.205 0.209 0.250 0.205 0.211 0.258

(0.022;94.7%)

(0.023;92.3%)

(0.030; 68.5%)

(0.022;94.2%)

(0.025; 92.6%)

(0.032; 67.2%)

(0.023;95.1%)

Table 2: Simulation results for 50 clusters of varying sizes ranging from 2 to 50

(0.026; 89.7%)

(0.035; 60.9%)



qI

0% censoring

25% censoring

50% censoring

Copula Parametric Parametric Semiparametric Parametric Parametric Semiparametric Parametric Parametric Semiparametric
model T 6o one-stage two-stage two-stage one-stage two-stage two-stage one-stage two-stage two-stage
Clayton | 0.09 0.2 0.199 0.198 0.197 0.199 0.198 0.198 0.199 0.199 0.199
(0.021;94.4%)  (0.022;93.3%) (0.025;90.8%) (0.024;94.4%)  (0.024;94.0%) (0.025; 92.6%) (0.027,95.3%)  (0.028;94.8%) (0.029; 94.0%)
0.2 0.5 0.498 0.498 0.489 0.498 0.498 0.495 0.498 0.499 0.497
(0.042;94.3%)  (0.052;90.8%) (0.059; 88.8%) (0.045;94.6%)  (0.052;92.6%) (0.057; 92.0%) (0.050;93.3%)  (0.055;93.4%) (0.060; 92.5%)
0.33 1.0 0.994 0.990 0.953 0.993 0.990 0.978 0.994 0.992 0.984
(0.079;95.3%)  (0.101;90.8%) (0.110; 86.8%) (0.083;94.3%)  (0.099; 92.6%) (0.108;90.7%) (0.088;95.1%)  (0.102;93.4%) (0.109; 92.0%)
0.43 1.5 1.494 1.484 1.401 1.494 1.488 1.463 1.496 1.491 1.472
(0.118;94.2%)  (0.147;90.1%) (0.152; 82.2%) (0.121;94.4%)  (0.145;91.2%) (0.155; 90.4%) (0.127,94.8%)  (0.148;91.8%) (0.157;91.1%)
G-H 0.2 0.8 0.802 0.801 0.802 0.801 0.801 0.801 0.801 0.800 0.801
(0.017;95.8%)  (0.022;93.2%) (0.022;92.4%) (0.018;94.6%)  (0.024;92.4%) (0.024; 91.6%) (0.020;95.5%)  (0.026;92.2%) (0.026; 91.6%)
0.35 0.65 0.652 0.652 0.654 0.652 0.652 0.654 0.652 0.652 0.655
(0.020;95.2%)  (0.025;93.9%) (0.026; 93.0%) (0.021;95.0%)  (0.027;93.3%) (0.028; 93.4%) (0.022;95.4%)  (0.030;92.8%) (0.030; 93.0%)
0.5 0.5 0.503 0.503 0.507 0.502 0.503 0.508 0.502 0.503 0.509
(0.020;94.8%)  (0.024;93.8%) (0.024; 93.4%) (0.020;94.7%)  (0.025;93.7%) (0.026; 93.3%) (0.021;95.1%)  (0.028;93.2%) (0.029; 93.0%)
0.8 0.2 0.201 0.202 0.215 0.201 0.203 0.217 0.201 0.203 0.220

(0.011; 95.3%)

(0.012; 94.7%)

(0.014; 81.4%)

(0.011; 94.0%)

(0.013; 94.5%)

(0.015; 81.2%)

(0.011; 94.7%)

Table 3: Simulation results for 200 clusters of varying sizes ranging from 2 to 50

(0.013;93.9%)

(0.016; 76.9%)



91

0% censoring

25% censoring

50% censoring

Copula Parametric Parametric Semiparametric Parametric Parametric Semiparametric Parametric Parametric Semiparametric
model T 6o one-stage two-stage two-stage one-stage two-stage two-stage one-stage two-stage two-stage
Clayton | 0.09 0.2 0.200 0.200 0.199 0.200 0.200 0.200 0.200 0.199 0.200
(0.013;95.4%)  (0.014;94.2%) (0.016;92.6%) (0.015;95.3%)  (0.016;94.1%) (0.017;93.7%) (0.017;94.9%)  (0.018;95.2%) (0.019; 94.8%)
0.2 0.5 0.501 0.499 0.493 0.501 0.499 0.498 0.501 0.500 0.499
(0.027;95.4%)  (0.033;92.2%) (0.039; 89.9%) (0.029;94.9%)  (0.033;92.8%) (0.037;91.7%) (0.032;94.6%)  (0.035;93.4%) (0.038;93.2%)
0.33 1.0 0.999 0.994 0.973 1.000 0.996 0.990 0.999 0.997 0.992
(0.050;94.8%)  (0.065;91.8%) (0.072;89.1%) (0.053;94.1%)  (0.064; 92.9%) (0.070; 92.1%) (0.056;94.2%)  (0.065;93.0%) (0.070; 93.2%)
0.43 1.5 1.498 1.496 1.453 1.498 1.497 1.485 1.497 1.498 1.490
(0.075;93.8%)  (0.098;93.4%) (0.104; 88.8%) (0.077,94.3%)  (0.095; 93.7%) (0.101; 93.4%) (0.081;93.5%)  (0.095;93.4%) (0.102; 93.9%)
G-H 0.2 0.8 0.800 0.801 0.801 0.801 0.801 0.801 0.801 0.801 0.802
(0.011;93.6%)  (0.014;94.3%) (0.014; 92.9%) (0.011;95.5%)  (0.015;93.3%) (0.015; 93.0%) (0.013;95.4%)  (0.017;93.6%) (0.017;93.0%)
0.35 0.65 0.651 0.652 0.653 0.651 0.652 0.653 0.652 0.652 0.654
(0.013;95.4%)  (0.016;95.3%) (0.017;95.1%) (0.013;95.9%)  (0.017;93.7%) (0.018; 93.6%) (0.014;94.6%)  (0.019;93.8%) (0.020; 92.9%)
0.5 0.5 0.501 0.502 0.504 0.501 0.502 0.505 0.502 0.502 0.505
(0.013;96.9%)  (0.015;95.0%) (0.016; 94.8%) (0.013;94.9%)  (0.016; 93.8%) (0.017;93.4%) (0.014;95.8%)  (0.018;93.9%) (0.018;93.6%)
0.8 0.2 0.201 0.201 0.208 0.201 0.201 0.209 0.201 0.202 0.211

(0.007;95.7%)

(0.008;95.4%)

(0.009; 86.7%)

(0.007;95.9%)

(0.008; 95.4%)

(0.009; 86.1%)

(0.007;95.0%)

Table 4: Simulation results for 500 clusters of varying sizes ranging from 2 to 50

(0.009; 94.6%)

(0.010; 83.2%)
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Appendix: Theorems and proofs

Proof of Theorem 1. Let 3, denote the true parameter vector for the margins. Expanding the score function
Upg in a Taylor series around 3, and evaluating it at 3 = B, we get under regularity conditions of maximum
likelihood theory

* T * aU* na
Us(B) =0="Ups(B) + 22| (B~ Bo) +0p(VE).
=B,
Similarly,
- = oU, — oU, -
Us(B,0) = 0 = Us(By, 60) + 8—,89 (B~ Bo) + 5y (- 00) + 0p (VE).
(8,6)=(Bq,00) (B,0)=(Bo,00)
By the law of large numbers, as K — oo,
1 0Up 1 a { 2] }
- = — = — - —-I"=F|-—Uj
K =8, K ; aﬂ 75 IBO) 8ﬁ 1 B(ﬂo)
K
1 00Uy 0
- = == ~=2Ui,0(B0,00) = Top
K op (ﬁﬁ):(ﬁoﬁo) zz:: 9B ’
K
1 90Uy 0
- =7 — — 19,3790)—>199
K 09 (B,0)=(Bo,00) Kz:: 90 ’
Hence —
N /- B N R D
VE \ Uy(By, 00) Top Ioe 0 — 6o
Uz 0
By the central limit theorem, \/% 5(Bo) converges to multivariate normal with mean and
U9 (/807 00) 0
. . . A\ 0 . _ * _ * 2 B - 50
variance-covariance matrix 0 I with V = Var (ULB(,BO)) =F [Ul,ﬂ(ﬁo) ] Thus, VK 70
06 —bo

converges to multivariate normal with mean vector zero and variance-covariance matrix

. -1 . 17 oy —1xs (e 1T @) van) g,
I* 0 V o0 I* o _ (I) * Yl(l )* . T .
Ios  Igo 0 I Iog  Ioo —Igg(I")” V(") 1y Igg(I™) V2(I ) Ig¢

Tog Tgo Iz,

The lower right element of this matrix is the asymptotic variance of v K (0 — ) and we denote this by o>

2_ 1 o Lip(I") 'V(T') gy
Too T3

[
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Before we prove Theorem 2 and 3, we first introduce some notation.

Yij(t) = Iix,; >0
At = oAy Y, 5ij1{x”<u} Z Z SisI(x,,<t}
- n; n =7
0 S 300 Yis(w) explB'Zis ()] S IS S S0 Lixuex,) explB Zu (X))

Hiy = exp (— [ v exp[ﬂ’zm)]dA(u))

0

Hij = exp <
Hi;(t) = eXp<

Note that Hij = Hij(O).

p(= [ Vi) el 20l ))
[ Vit exsl 2 w)
[

) explB' Zu (w)d(A + (T — A))(u))

L(6; B,A) = H Li(0;8,A)

Ix(0) = K™ log L(6; B, A)

=K~ 2:1 {Z 52] log |: (H”))

Iko(0) = K~ " log L(6; By, Ao)
Ix(0) = K 'log L(6; B, A)
_ Olk (0) — K*1M

Uk (0) 50 50
= K71 Z {i:(;’j [(pl@ (909 ! (HZJ))] % [900 (4,0; (Hzg))} !
+ e (Z %o (Hw'))} - [wéd” < o (Hm)ﬂ}
Uxo(9) = 2400 _ Kﬂ%
Uic(0) = 220 _ o1 2108 0. )

We copy the following notation from Spiekerman and Lin (1998) where a®’ =1,a% =a and a®? = d'a:

S8, 1) 1223@ YexplB'Zi;j(1)]Zi; ()", s =E [S(T)(ﬁ, t)] (r=0,1,2)

sM(B,t) s (1)
(571") = W7 6(187 ) 8(0)(ﬁ t)
(2)
VE.0 = 3ot - BE0, e = S50 o

Assume the following regularity conditions where 7 > 0 is a constant (e.g. end of study time).

Cl. B is in a compact subset of R?
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C2. A(T) <

C3. 0 € v, where v is a compact subset of ©

C4. P(Ciyj >t Vte[0,7]) >d.>0fori=1,..., Kandj=1,...,n

C5. Write Z;;(t) = {Zij1(t),..., Zijp(t)}. Fori=1,....K,5=1...,n;,k=1,...,p

| Zi;1(0)] +/ |dZ;jk(t)] < Bz < co a.s. for some constant Bz
0

L;i(62;8, A
C7. A= [[v(By,u u)s'? (B, u)dAo(u) is positive definite.

C6. E{l (04,8, A } exists for all 61,0, € ©,i=1,... K

Proof of Theorem 2. The results for 3 and A follow from arguments along the lines of Spiekerman and Lin
(1998). We will now show the consistency of 0 using ideas of Othus and Li (2010).

To account for the fact that plug-in estimates of 3 and A are used in the likelihood for 6, we will need to
take a Taylor series expansion of the likelihood of § around B, and Ao. Since Ag is an unspecified function,
this expansion will need to include a functional expansion term. An expansion using Hadamard derivatives is
appropriate for this situation. Hereto, we must verify that the log-likelihood Ik (0) is Hadamard differentiable
with respect to A.

We find the Hadamard derivative of [x w.r.t. A at T—A € BV[0, 7] by taking the derivative of K ~*log L(0; 3, A+
t(I' = A)) with respect to ¢t en then putting ¢t = 0:

d -
77 [ g L(6; B, A + 1(T" — A))] =/0 Cre (6 M) (w)d(T — A)(w)
=0
where
(e (05 A)( 1ZZD,3Y” YexplB'Zi; (w)]
i=1 j=1
and
HOr% o5 “)( i @’1(Ha))
Dl = 5.__‘»09(909 (Hij)) 0 j=17%0 J —Hij
ij ij :

ehler (Hi)) ol (S0, 05 (Hyy)) [ #hles (Hi)'
The derivative of Ix () w.r.t. 3 is
G ( 1ZZD ([ vsz0) ol 2 wlirw)).

To prove consistency for 8, we will require ||Cx (6;A)||e and ||Cx(0;B)|| to be bounded. This can be obtained
when the common factor ||D.;||e is bounded and also the terms unique to (x(6;3) and (x(6;A) have to be
bounded. This requirement is not too restrictive, e.g. for the Clayton copula we have

(1+di0)H;;*
( ni+1+3 0 H 9)

Due to the definition of H;; and condition C2, this expression is bounded. By condition C5,

1D} ]l00 = |[8i; (1 +6) —

[|Yij exp[B Zij]||o  and H/ Yij(w)Zi;(u) exp[B' ZijuydA(u) are bounded.
0

An expansion of [x(6) around 8, and Ao can be written as

[ (0) = Lo (6) + Cxe(0: Bo)(B — By) + / " (6 Ao) (H)d(A — Ao)(t) + R.
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Another (intuitive) notation is:

U0 (B, A) = lic,0(Bo, No) + %lx,e(,@m/\o)(,@ —By) + %lx,e(,@m/\o)m —Ao) + R.

The remainder term R is of order o, (max{||8 — Bol,||A — Ao||}). This can be seen from the definition of
Hadamard differentiability, since

Hzm(ﬁ, Ao +t(A—Ao)) —Ilxoe(B,A) O

— —~lk.0(B,Mo)(A — Ao)

=0 t10
t A o astdo,

‘ [e')

uniformly in A — Ag in all compact subsets of D, the space of cumulative hazard functions. Since 3 is consistent
and A is uniformly consistent (Spiekerman and Lin, 1998), R = o, (1).

In order to prove 6 is consistent we will need to verify the uniform convergence of the log-likelihood with
the plug-in estimate of A to the expected value of the log-likelihood evaluated at the true value of A, denoted
lko(0):

sup |1 (8) — Ellxo(6)]] = 0p(1). (7)

ocv

This can be shown as follows:
Ik (8) = Ellxo(9)] = o (6) — Ellxo(6)] + Cx (65 80) (8 — By) + /OT Cx (05 A0) (1)d(A — Ao)(t) + R.
Due to the law of large numbers, for fixed 6,
Ixo(0) — Ellxo(0)] % 0. (8)

Since ||Cx (0; B)]| is bounded, say ||Cx (0; B)|| < Mi, we have

sup [Crc (0; B0) (B — Bo)| < M1 = Bl 9)
Since ||k (0; A)(u)||so is bounded, say [|Cx (0; A)(u)||loo < M2, we have
sup | [ G (6:0)(0(E — A0)(0)| < Mall& ~ . (10)
fev 0

Therefore

sup L1 (6) — Bllxco(6)] < sup|ixo(6) — Ellxo(®)]] + Mil| — Boll + Ma|A — Kol + .
(S4 (S92

Using (8), the consistency of 3, the uniform consistency of A and the fact that R = 0,(1), we get

sup |Ixc (69) — Ellxco(6)]] = 0,(1).

fcv

Finally, in order to verify that 6 is consistent, we will need to show that the expected log-likelihood is maximized
at the truth:

E[lKQ(G)] — E[lxo(ao)] < 0. (11)

Due to independence between clusters and the fact that all lower dimensional copulas can be regarded as margins

of the highest dimensional copula, the log-likelihood Ik (0) can be written as a sum of i.i.d. random variables

K
K™ "log Li(0; 8, A)
=1
with
ad

o (—1)% . )
Ll*( 1) a{aijzl}s(yllv---vy%”i)

—_
=g
B
ﬁA
=
oY
NgE
3
S
<
L
S
®
4
<
&
N——
v

n X
1 L@g (05! (e72vi2)))

Jj=1



where 9{d;; = 1} is the set of uncensored individuals in cluster i.

Take 6 # 6p. The law of large numbers, Jensen’s inequality and condition C6 imply that

1(121100 lko(0) — lxo(0o) = Ellxo(0)] — Ellxo(60)]

K
—F -E K”ZlogLi(Oo;,@on)

i=1

K
K1 Z log L;(6; By, Ao)

i=1

= E[log L1(0; By, Ao) — log L1(6o; By, Ao)]
L1(0; By, Ao) }

L1(00; By, Ao)

L1(0; By, o) }

L1 (00; By, Ao)

=F {log

<logF {
=log1l
=0.

The before last equality results from L1 (0; 8,, Ao) being the contribution of cluster 1 to the likelihood L(6; 3, Ao),

which is the joint density function of (y11,...,Y1,ny;0115 .-, 01,0, )-
Since @ maximizes [k (0), (7) implies that

I
Elixo(00)] < Ik (6) + 0p(1).
Subtract E[lxo(0)] from each side of the inequality to write

Ellxo(60)] = Ellxo(0)] < Ix(6) — Ellxo(0)] + 0p(1) < sup [k (0) — Ellxo(0)]] + 0p(1) = 0p(1). (12)
0co
Now take 6 such that |0 — 6y| > € for any fixed € > 0. By (11) there must exist some 7. > 0 such that
Ellxo(0)] + 7= < E[lxo(60)]-

It follows that
P(10 — 60| > ) < P(E[lxo(6)] + 7= < Ellxo(60)]).

Equation (12) implies that
P(E[lxo(6)] + 7= < Ellxo(60)]) — 0 as K — oo.

Therefore
Pl —6o] >¢) = 0as K — oo

which proves the consistency of 6.

Proof of Theorem 3. Take a first order Taylor series expansion of U K (é) around and 6o:

. Uk

Ux (6) = Ux (6) + (9 — 60) 20 (13)

6=0*

where 0* is between 0 and 0. It must be the case that UK (é) — 0 since § was taken to be the maximum of
L(6; 3,A). Therefore

VK (6 - 60) = % (14)

90 |g_g=
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We already showed that 0 consistently estimates 6o, so the law of large numbers implies that

Uk
00

L W) = lim Uk

& 50 (Fisher information).

0=6+ =0

We will show that the score equation U (6o) in the numerator of (14) follows a normal distribution. Hereto we
need a Taylor series expansion of Uk (6o) around B, and Ag. Because Ao is an unspecified function, we will use
the Hadamard derivative of Uk (6o) w.r.t. A at ' — A € BV[0, 7].

d [K,lalog L(6; B, A + (T — A))}

_ / " 4 (0: M) (w)d(T — A (u)
—0 0

dt 90
where
Ex (6 A)( -1 ZZDZJY'ZJ eXP[ﬂ’Zij(u)]
and
DU— 6M2[ / ( —1 (H))},l
iy — i 50/9 (@51 (H”)) 90 0 \Po ij
" 1 Hij
4 ij
H;

["D" (Z;ZNP; (Hijy) @b (‘Pe

Po
(péd»ﬁ*l) (Z;Lzl oy " (Hyj ) 1 P .
_ 0 }2 71( ))8_|: : )<Z‘P0 (Hij) >:|

)
- =)
‘Péd 2 (Z;;1 ‘P;l (Hij)) 90 o (tpg (Hij))

The derivative of Uk (0) w.r.t. 3 is given by

n;

Ex(0:8) = K330 | o) 2 () exol Zis () w).

i=1 j=1
We require ||€x(0; A)||o and ||€x(6;8)|] to be bounded. By condition C5, the terms unique to £x(0;A) and
£K(9§ ﬁ): ie
||Yij exp[B'Zij]||c and ’ ‘

/ Y (1) Z i () exp[B Z 5y dA (u)]

are bounded. The common term ||D ||oo is also bounded.

A Taylor series expansion of Ug (6o) around B, and Ao gives
U (60) = Uro(bo) + Ex (603 B) (B — By) + / € (605 Ao) (D)d[A(t) — Ao ()] + Gk,
0

where G is the remainder term for the Taylor series. Since A is v/K-consistent it can be shown that Gx =
op(K -1/ ).

Define the pointwise limit of £x (6, A)(t) as £(0,A)(t) and denote £(0;8) = E[(x(0;8)]. Since ||Ex(0; M)
and ||€x(0; B)|] are bounded, ||£(0; A)||s and ||£(0; B)]| are too. Therefore

VRO (60) = VE (Uxo (00) + 600 8B~ B9) + [ €00 o) OfA() - Ao<t>]) fop(l).  (15)
By Spiekerman and Lin (1998)
K
VEB-B,) —» AT Y w,

i=1
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where w;. is the i*" component of the score function for 8 under the independence working assumption, evaluated
at By:

w;. = El: /()T{Zij(u) — E(Bg, w)}dM;;(u)

with
Mis(t) = 8 ¥is (0 /Yu ) exp B4 2 (u)] dAow).
They also showed that

VE(Ro(t, B) = No(t) — Wt 1“2@
where W(¢) is a zero-mean Gaussian process with variance function
E [U1(t)°]
with . (w)
oy [ AMi(u) i a1,
and
t
h(t) = —/e(ﬁo,u)dAo(u).

0

That’s why

VE <UK0 (60) + £(00: Bo) (B — o) + / " £(80; o) (D A(t) — Ao (t)])
K K . K
=VK (Kl Z“”(‘%) +€(00; Bo) KT AT D Jwi + / £(60; Mo) (t)d [Kl PIRAC

1/2Z< (60) + £(00; By) A~ "w;. / £(6o; Mo) (1)dW(t ))

K
—KY2N" =

i=1

)

The central limit theorem implies that vEKUx (6y) converges to a normally distributed random variable with

mean zero and variance equal to the variance of =;.

Thus we have

VE(®D - o) = YEUx o) (16)
_ 90k
90 [g_p=
where
VEUK (60) 2 N(0, Var(Z1))
and A
oUk P
0 W (60).
0=0*

By Slutsky’s theorem, v/K (6 — 6y) converges to a normal distribution with mean zero and variance equal to

Var(Z1)
W (0o)?

The variance of Z; (note that Var(Z1) = E[Z?]) can be estimated by K ! Zfil 22 where Z; is obtained from Z;

replacing parameter values by their estimators.

W (00) can be estimated by the (minus) derivative of the pseudo score function U (6), evaluated in .
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