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Preface

This book studies and applies flexible models for survival data. Many de-
velopments in survival analysis are centered around the important Cox
regression model, which we also study. A key issue in this book, however,
is extensions of the Cox model and alternative models with most of them
having the specific aim of dealing with time-varying effects of covariates in
regression analysis. One model that receives special attention is the addi-
tive hazards model suggested by Aalen that is particularly well suited for
dealing with time-varying covariate effects as well as simple to implement
and use.

Survival data analysis has been a very active research field for several
decades now. An important contribution that stimulated the entire field
was the counting process formulation given by Aalen (1975) in his Berkeley
Ph.D. thesis. Since then a large number of fine text books have been writ-
ten on survival analysis and counting processes, with some key references
being Andersen et al. (1993), Fleming & Harrington (1991), Kalbfleisch &
Prentice (2002), Lawless (1982). Of these classics, Andersen et al. (1993)
and Fleming & Harrington (1991) place a strong emphasis on the counting
process formulation that is becoming more and more standard and is the
one we also use in this monograph. More recently, there have been a large
number of other fine text books intended for different audiences, a quick
look in a library data base gives around 25 titles published from 1992 to
2002. Our monograph is primarily aimed at the biostatistical community
with biomedical application as the motivating factor. Other excellent texts
for the same audience are, for example, Klein & Moeschberger (1997) and
Therneau & Grambsch (2000). We follow the same direction as Therneau
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& Grambsch (2000) and try to combine a rather detailed description of the
theory with an applied side that shows the use of the discussed models for
practical data. This should make it possible for both theoretical as well as
applied statisticians to see how the models we consider can be used and
work. The practical use of models is a key issue in biomedical statistics
where the data at hand often are motivating the model building and in-
ferential procedures, but the practical use of the models should also help
facilitate the basic understanding of the models in the counting process
framework.

The practical aspects of survival analysis are illustrated with a set of
worked examples where we use the R program. The standard models are
implemented in the survival package in R written by Terry Therneau that
contains a broad range of functions needed for survival analysis. The flexible
regression models considered in this monograph have been implemented in
an R package timereg whose manual is given in Appendix C. Throughout
the presentation of the considered models we give worked examples with
the R code needed to produce all output and figures shown in the book,
and the reader should therefore be able to reproduce all our output and
try out essentially all considered models.

The monograph contains 11 chapters, and 10 of these chapters deal with
the analysis of counting process data. The last chapter is on longitudinal
data and presents a link between the counting process data and longitudinal
data that is called marked point process data in the stochastic processes
world. It turns out that the models from both fields are strongly related.

We use a special note-environment for additional details and supplemen-
tary material. These notes may be skipped without loss of understanding
of the key issues. Proofs are also set in a special environment indicating
that these may also be skipped. We hope that this will help the less math-
ematically inclined reader in maneuvering through the book.

We have intended to include many of the mathematical details needed
to get a complete understanding of the theory developed. However, after
Chapter 5, the level of detail decreases as many of the arguments thereafter
will be as in the preceding material. A simple clean presentation has here
been our main goal.

We have included a set of exercises at the end of each chapter. Some of
these give additional important failure time results. Others are meant to
provide the reader with practice and insight into the suggested methods.

Acknowledgments
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1

Introduction

The intention with this chapter is to introduce the reader to the most
important issues dealt with in this monograph. As mentioned in the Preface
we aim at highly flexible models for survival data with special focus on
time-varying covariate effects having a statistical regression setup in mind.
This chapter should give some intuition into the main ideas underlying
the suggested methodology, and also a flavor of the use of the developed
R-functions implementing the models that we study.

1.1 Survival data

Survival analysis or failure time data analysis means the statistical anal-
ysis of data, where the response of interest is the time 7™ from a well-
defined time origin to the occurrence of some given event (end-point). In
biomedicine the key example is the time from randomization to a given
treatment for some patients until death occurs leading to the observation
of survival times for these patients. In behavioral studies in agricultural sci-
ence, one often observes the time from when a domestic animal has received
some stimulus until it responds with a given type of action. Returning to the
survival data, the objective may be to compare different treatment effects
on the survival time possibly correcting for information available on each
patient such as age and disease progression indicators. This leaves us with
a statistical regression analysis problem. Standard methods will, however,
often be inappropriate because survival times are frequently incompletely
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FIGURE 1.1: Ten patients from the PBC study on follow-up time scale (left
panel) and on age scale (right panel)

observed with the most common example being right censoring. The sur-
vival time T is said to be right censored if it is only known that T is larger
than an observed right censoring value. This may be because the patient
is still alive at the point in time where the study is closed and the data
are to be analyzed, or because the subject is lost for follow-up due to other
reasons. If T is the time to death from a given cause, then death from
another cause may also be regarded as a censored observation (competing
risks). Other types of incompleteness can also occur, which are described
in a general framework in Chapter 3. Below is a study used repeatedly in
this book.

Example 1.1.1 (PBC data)

The PBC dataset described in Fleming & Harrington (1991) originates from
a Mayo Clinic trial in primary biliary cirrhosis (PBC) of the liver and was
conducted between 1974 and 1984. A total of 418 patients are included in
the dataset and were followed until death or censoring. In addition to time
at risk and censoring indicator, 17 covariates are recorded for this study.
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These include a treatment variable, patient age, sex and clinical, biochemi-
cal and histologic measurements made at the time of randomization to one
of the two treatments. For a detailed description of all the covariates, see
Fleming & Harrington (1991). Below is a printout for the first 10 patient of
the dataset giving the information on the time to death (in days), whether
the recorded time is censored or not, and information on five explanatory
variables that are found to be important by Fleming & Harrington (1991).

> library(survival)

> data(pbc)

> attach(pbc)

> cbind(time,status,age,edema,alb,bili,protime) [1:10,]

time status age edema alb bili protime
[1,]1 400 1 58.7652 1 2.60 14.5 12.2
[2,] 4500 0 56.4463 0 4.14 1.1 10.6
[3,] 1012 1 70.0726 13.48 1.4 12.0
[4,] 1925 1 54.7406 12.54 1.8 10.3
[5,] 1504 0 38.1054 0 3.53 3.4 10.9
[6,] 2503 1 66.2587 0 3.98 0.8 11.0
[7,] 1832 0 55.5346 04.09 1.0 9.7
[8,] 2466 1 53.0568 0 4.00 0.3 11.0
[9,]1 2400 1 42.5079 0 3.08 3.2 11.0
[10,] 51 1 70.5599 12.74 12.6 11.5

The first patient has a lifetime (from time of randomization of treatment)
of 400 days. For the second patient, which is a censored case, we only know
that the lifetime is beyond 4500 (days), and so on.

We use a slightly modified version of these data where all ties are ran-
domly broken in the remainder of the book. We also center all contin-
uous covariates around their respective averages such that for example
log(Bilirubin) is a centered version of log(Bilirubin).

Figure 1.1 shows the survival times on two different time-scales. Figure
1.1 left panel is on follow-up time-scale, which is the time-scale of interest
in this study since we wish to study the lifetimes after inclusion in the
study, where a specific treatment is given. Age is of course an important
factor when studying the lifetimes and should therefore be corrected for
in a subsequent analysis of the importance of potential risk factors. The
starting point for all observations on the follow-up time-scale is zero, and
those censored later on are indicated with an open ball, whereas those that
are observed to die during the study are marked with a filled ball.

Figure 1.1 right panel shows the similar survival times on the age time-
scale. If age was used as the time-scale for the analysis, the data would have
delayed entry because the patient entered the study at different ages and
are alive at inclusion, and this must be dealt with in a subsequent analysis.
Otherwise there is a risk that long lifetimes will be over-represented (long
lifetimes have a higher probability of being sampled), which is referred to
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as length-bias. Working on the age time-scale, such data are also called
left-truncated since the subjects are sampled subject to being alive. O

One goal of an analysis of right-censored survival data could be to esti-
mate regression parameters that relate to the mortality and examine vari-
ous hypotheses about the impact of various risk factors. It is not clear at
first sight how to incorporate the censored observations into such a sta-
tistical analysis. Basing the statistical analysis on only the complete data
may give biased results, so the censored observations need to be taken
into account. It turns out that handling of censoring and other types of
incomplete survival data is surprisingly easy when basing the analysis on
models for the so-called intensity function (given that censoring fulfills a
certain condition). The intensity function is closely related to the hazard
function. Suppose that the distribution of the lifetime 7™ has density f and
let S(t) = P(T* > t) denote the survival function. The hazard function is
defined as

t 1
alt) = =1l <T* * >
Q S(t) 1}% hP(t T <t+h|T*>1),

which may be interpreted as the instantaneous failure rate among those at
risk. The survival function may be calculated from the hazard function by

S(t) :exp(—/O a(s)ds). (1.1)

The density, survival and hazard function provide alternative but equivalent
characterizations of the distribution of 7.

To illustrate how easy it is to estimate the hazard function even when
data are observed subject to right censoring consider the simplest possible
case where the hazard originates from an exponential waiting time distri-
bution, which we return to in Example 3.2.4.

Example 1.1.2 (Exponential distribution)

If the survival time 7* has constant hazard function «(t) = «, then T* is
exponentially distributed with mean 1/, see (1.1). Assume we observe in
the time interval [0, 7] and that the observation is right-censored at time
U = u A 7. We here consider U as fixed to avoid a more detailed discussion
of the censoring mechanisms at this stage. We then observe T' = T* AU
and A =I(T* <U).

Based on n i.i.d. replicates from this model, the likelihood function may
be written as

n T;
H a®i exp(— / ads) = a® exp(~T.a),
i=1 0
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where A. =", A; is the total number of observed deaths and 7. = 3. T;
is the total risk time. The maximum likelihood estimator for the mortality
rate « is thus

. A

b= .
Hence, right censoring is no problem when we estimate the intensity; we
should just relate the number of observed occurrences to the total amount
of risk time. O

If the focus is on the cumulative hazard function ( fot a(s)ds) or the
survival function, then these can be estimated non-parametrically using
the Nelson-Aalen estimator and the Kaplan-Meier estimator, respectively.
These classical procedures are described in Chapter 4.

It turns out that a convenient representation of the data is by the count-
ing process

N(t) = I(T" < 1),

which is zero until ¢ passes T, where it jumps to unity. A counting process
has a (unique) compensator A(t) so that

M(t) = N(t) - A1)

is a martingale, which can be thought of as an error process. The intensity
process A(t) is defined by

¢
A = / A(s) ds,
0
and it turns out that A(t) = Y (¢)«a(t), where
Yit)=It<T")

is called the at-risk process; it is one as long as the individual is at risk
meaning that T* has yet not occurred. The intensity process of N(¢) and
the hazard function are hence closely linked with the latter being the de-
terministic (model) part of the former. By this representation of the data
we have

N(t) = At) + M(2),

which can be thought of as

observation = model + error,

and indeed there is a central limit theorem for martingales, which facilitates
asymptotic description of the behavior of specific estimators and test statis-
tics. The above representation of data is further convenient when we only
observe incomplete data. Suppose for example that T is right-censored by
U so the observed data are

(T, A),
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where T'=T* AU denotes the minimum of the true lifetime and censoring
time and A = I(T* < U) is an indicator telling us whether we observe
T* or U. That is, we observe the smallest value of the lifetime and the
censoring time, and which of the two that has the smallest value. It turns
out (under independent censoring, Chapter 3) that the intensity process of
the observed counting process

Nit)y=I(T <t,A=1),
which jumps only if the lifetime is observed, is
A(t) = I(t < T)a(t),

so I(t < T™*) is replaced by the observed at risk indicator I(¢ < T'). The
multiplicative structure of the intensity is thus preserved with the deter-
ministic part still being the hazard function. The at risk indicator Y(¢) is
as mentioned changed to I(t < T) so the subject is at risk (for observing
the specific event of interest) as long as the event or censoring has not yet
occurred. The multiplicative structure of the intensity for right-censored
(and more generally filtered) data is a key observation since martingale
methods can then still be applied.

In many studies, as for example the PBC study, the main interest will be
to evaluate different explanatory variables effect on the lifetimes taking into
account that some of the lifetimes are censored (or otherwise incomplete).
Suppose we observe n i.i.d. (T;, A;, X;), where T; is the right-censored life-
time, A; is the indicator telling us whether T; is un-censored or censored,
and X; is a (vector) of explanatory variables. As argued above it is conve-
nient to build a regression model using the (conditional) hazard function as
target function. A very popular model is the proportional hazards model
(Chapter 6) of Cox (1972):

a;(t) = ao(t) exp(XIp),
where  denotes the unknown regression parameters and g (t) is the base-
line hazard function (the hazard function for an individual with X = 0)
that is left unspecified. The model is thus semiparametric. The regression
parameters can be estimated as the zero solution to the Cox score function
n
U(B) = (Xi— E(8,T))A,
i=1
where N .
- Yi(0)X; X
E(G.t) = Zzznl 3 ()X exp( X B)
Zi:l Yi(t) eXp(XZ- B)
with Y;(t) = I(t < T;), ¢ = 1,...,n. The Cox score function can also be
written as U (8, 00), where

U0 =3 [ (X~ B3.9)aN (o).
i=1
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which, evaluated at the true regression parameter Jy, is a martingale! One
can show (under some regularity conditions) that the estimator Bis asymp-
totically normal around the true value 3y using the martingale central limit
theorem. The theory of counting processes and martingales is described in
Chapter 2.

The nonparametric element, ag(t), of the Cox model makes the model
flexible since no specific distribution is assumed for the baseline group (de-
fined by X = 0). Owing to this, the easy interpretation of the regression
parameters as (log)-relative risks:

a(t, X1 = ]., XQ)

X o) = e (12)

where X; is one-dimensional and X = (X1, XJ)7?, and the availability of
software to perform estimation and inference in the model, the Cox model
has had tremendous success in applied work. In some applications, however,
the relative risks may not take the simple form (1.2) and there is therefore
a need for alternative models. A typical deviation from the Cox model is
that the covariate effects change with time. In a randomized trial that aims
to evaluate the effect of a new treatment, it may take some time before it
has an effect, or the treatment may have an effect initially, which is then
weakened with time. More generally, some risk factors will have a strong
prognostic effect right after being recorded but will gradually loose their
predictive power. We illustrate this by considering the TRACE study.

Example 1.1.3 (The TRACE study of AMI)

The TRACE study group, see Jensen et al. (1997), studied the prognostic
importance of various risk factors on mortality for approximately 6600 pa-
tients with acute myocardial infarction (AMI). The TRACE data included
in the timereg package is a random sample of 2000 of these patients.

The recorded risk factors are age, sex (female=1), clinical heart failure
(chf) (present=1), ventricular fibrillation (vf) (present=1), and diabetes
(present=1). It is well known that patients with vf present are at a much
higher risk of dying soon after being admitted.

To illustrate this point we fitted a standard Cox regression model with the
factors vf and sex, and compared the survival predictions with those based
on a completely non-parametric modeling (four Kaplan-Meier curves). These
estimates are shown in Figure 1.2 (a). We note that the constant relative
risk characterization is not consistent with the data. The Cox model gives
a poor fit to the data for subjects with the vf condition. The difference in
survival between males and females is captured well by the Cox model. Fig-
ure 1.2 (b) shows similar predictions based on the additive hazards model
with time-varying effects of vf and sex (explained below). These predictions
much better describe the mortality pattern since the model captures that
the effect of vf changes with time.
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survival
survival

time (years) time (years)

FIGURE 1.2: (a) Survival predictions based on Cox regression model com-
pared with non-parametric (Kaplan-Meier) estimates (step functions) for
four groups based on status of vf and sex. Full line (without vf, male),
broken line (without vf, female), dotted line (with vf, female), and broken-
dotted (with vf, male). (b) Survival predictions based on additive hazards
model with time-varying effects compared with non-parametric (Kaplan-
Meier) estimates for four groups. Full line (without vf, male), broken line
(without vf, female), dotted line (with vf, female), and broken-dotted (with
vf, male).

The additive hazards model assumes that the hazard for a subject can
be written in the form

a(t) = Bo(t) + X161(t) + XaBa2(1),
where X7 and X5 are indicators of the presence of vf and sex, respectively.

Figure 1.3 shows estimates with 95% pointwise confidence intervals of the
cumulative regression functions of the model:

t
/ﬁj(s)ds, j=0,1,2.
0
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FIGURE 1.3: Effects of vf and sex (female=1) based on time-varying addi-
tive hazard model with 95% pointwise confidence intervals.

The regression function estimates are thus the slopes of the cumulative
estimates, and note that, for this model, these can be interpreted as leading
to excess risk of dying. It is relatively easy to see from the figure that vf has
a strong effect initially and that its effect vanishes after approximately 3
months with the cumulative regression function estimate being essentially
constant. Females are seen to have a constant lower risk than males. O

The TRACE study demonstrates the need for survival models that are
flexible enough to deal with time-varying dynamics of covariate effects. One
obvious extension of the Cox model that can accommodate this is

ai(t) = ao(t) exp(XT B(2)), (1.3)

where the regression coefficients 3(t) are allowed to depend on time. A
natural question to ask then is whether in fact all these coefficients need to
depend on time or whether a treatment effect, for example, is reasonably
well described by the relative-risk measure. This leads to the submodel

ai(t) = ao(t) exp(XTB(E) + Zi7), (1.4)
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where some of the covariates (X) have time-varying effect and others (2)
have constant effect. Estimation and inference for these extended Cox mod-
els, (1.3) and (1.4), are described in detail in Chapter 6. These multiplica-
tive models are very useful but there are also other models that are simple
to use and may be well suited to deal with time-varying effects.

A model class with an alternative structure is Aalen’s additive hazard
regression models, where it is assumed that

ailt) = XT5(1),

that is the effect of the covariates acts on an absolute scale rather than
on a relative scale. The effect of the covariates is also allowed to change
with time. This particular aspect is very easy to handle for this model
because it fits nicely into the linear model structure of the counting process
representation of the data:

N(t) = A(t) + M(1).

Suppose we have n i.i.d. observations from the Aalen model and let N () =
(N1(t), ..., No(t)T, M(t) = (My(t),...,M,(t)T, and X(t) the n x p-
matrix with ith row

Vi) (X (1), ... Xip(1))

consisting of the at-risk indicator multiplied onto the p observed covariates
for the ith subject. Writing the model in differential form

dN(t) = X (t)dB(t) + dM (),
where

B(t) = /O B(s) ds

is the cumulative coefficients, immediately suggests that a reasonable (un-
weighted) estimator of B(t) is

B(t) = / (X(5)T X (5))"LX(5)TdN s)

since the error term, dM(t), indeed has zero mean. The estimator in the
last display looks complicated but is in fact nothing but a sum. It also turns
out (asymptotically) that

n'/2(B(t) - B(1)) = nl/z/o (X ()" X ()7 X (s)" dM(s),

which is a martingale, and therefore large sample results may be derived
using again the central limit theorem for martingales. As for the extended
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FIGURE 1.4: PBC data. Aalen-model with intercept, age centered around
its mean and edema (present). Estimated cumulative regression functions
with 95% pointwise confidence intervals (full lines) and 95% uniform con-
fidence bands (broken lines).

Cox model, it is of interest to investigate whether in fact we have time-
varying effect of a given covariate, X, say. That is, we wish to investigate
the hypothesis

Ho: Bi(t) =,

This is indeed possible using again martingale calculus. Let us see how it
works for the PBC data.

Example 1.1.4 (PBC data)

For ease of interpretation lets consider only the effect of age and edema on
survival. The Aalen model may be fitted in R using the package timereg
in the following manner. Before fitting the model, age is centered around
its mean and edema is scored 1 for edema present and 0 otherwise. The
function aalen fits the model, where below we restrict attention to the
first 8 years after start of the study. We see from Figure 1.4 that the re-
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gression coefficient associated with edema seems to change with time (the
cumulative does not seem to be a straight line) whereas the one associ-
ated with age appears to be constant with time. The curves along with the
shown estimates are 95% pointwise confidence limits (inner curves) and
95% uniform Hall-Wellner bands (outer curves). The Hall-Wellner band is
introduced in Chapter 2. The intercept curve corresponds to the cumulative
hazard function for a subject with average age (in the sample) and without
edema.

> data(pbc); attach(pbc)

> Age<-age-mean(age); Edema<-edema

> fit<-aalen(Surv(time/365,status) “Age+Edema,pbc,max.time=8)
Nonparametric Additive Risk Model

Simulations start N= 1000

> plot(fit,hw.ci=2);

> summary(fit)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_0: B(t)=0

(Intercept) 9.32 0.000
Age 3.19 0.027
Edema 4.78 0.000

Test for time invariant effects
sup| B(t) - (t/tauw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.06840 0.120
Age 0.00237 0.943
Edema 0.56700 0.000

int (B(t)-(t/tau)B(tau))~2dt p-value H_O: B(t)=b t

(Intercept) 1.44e-02 0.052
Age 1.34e-05 0.794
Edema 1.32e+00 0.000

Based on the depicted curves it would seem natural to estimate the effect of
age by a constant, and we therefore start by testing whether the effect of age
is constant. This test (and the test for the other effects) is obtained using
the summary function on the fitted object called £it, and we see indeed that
there is no reason to believe that the effect of age should change with time
while the same hypothesis concerning the effect of edema is clearly rejected.
Actually two types of tests are performed: a supremum and an integrated
squared test. It is described in Chapter 5 how these are constructed and
what their properties are. It is thus natural to go on with the simplified
model assuming constant effect of age. This model is fitted below and stored
in the object fit.semi and we see that constant effect of age is estimated
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as 0.0018 with an estimated standard error of 0.000584, giving a clearly
significant Wald test. The hypothesis of constant effect of edema is again
clearly rejected. This test is now performed in the simplified model where
the effect of age is set to be time-invariant.

> fit.semi<-aalen(Surv(time/365,status) “const (Age)+Edema,pbc,
+ max.time=8)

Semiparametric Additive Risk Model

Simulations start N= 1000

> summary (fit.semi)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O: B(t)=0
(Intercept) 13.5 0
Edema 4.7 0
Test for time invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.0667 0.001
Edema 0.5610 0.000

int (B(t)-(t/tau)B(tau))”2dt p-value H_O: B(t)=b t
(Intercept) 0.014 0.001
Edema 1.260 0.000

Parametric terms :
Coef. SE Robust SE z P-val
const (Age) 0.00178 0.000584 0.000582 3.05 0.00226

g

The additive Aalen model and its semiparametric version along with
goodness-of-fit and inference tools are described in Chapter 5.

Although the extended Cox model and the additive Aalen model are very
flexible (they are first-order Taylor expansions, around the zero covariate,
of fully nonparametric log-hazard and hazard functions, respectively), there
will sometimes be a need for other models. In Chapter 7 we consider com-
binations of multiplicative and additive hazard models. These models can
also be fitted in R using the timereg package.

Accelerated failure time and transformation models are described briefly
in Chapter 8. These are regression models that are developed from another
perspective than when one focuses on the hazard function, but they do
of course have a hazard function representation. They may represent good
alternatives to both the Cox and Aalen models, and will lead to other useful



14 1. Introduction

summary measures. These models are difficult, however, to extend to deal
with time-varying effects.

Chapter 9 contains a brief and selective description of clustered survival
data, again with special emphasis on how to deal with time-varying effects
and how the time-varying dynamic regression models discussed in the previ-
ous chapters can be implemented for this type of data. Finally, for survival
data, we have included a brief discussion in Chapter 10 on competing risks
models, again with special emphasis on models that are able to deal with
time-varying covariate effects.

1.2 Longitudinal data

The final chapter is on longitudinal data, which is somewhat different com-
pared to the rest of the material of this book. It is included, however, to
show that many of the same techniques used for survival analysis may in
fact also be applied to longitudinal data analysis. Longitudinal data for a
given subject (the ith) can be represented as

(T, ZF, Xa(t)

where T is the time-point for the kth measurement ZF of the longitudinal
response variable, and X;(t) is a possibly time-dependent covariate vector
(¢ x 1) associated with the ith subject. We study time-varying additive
models where the conditional mean m;(t) at time ¢ of the response variable
given what is observed so far is

m;(t) = Bo(t) + Br(t) Xir(t) + - 4 Bq(t) Xig (1), (1.5)

where Gy(t), ..., B4(t) are unspecified time-dependent regression functions.
For this model and a corresponding marginal model, we will show how
one can estimate the cumulative regression coefficient functions B(t) =

fot B(s)ds. Tt turns out that
¢

S zZFnTh <t) = / a(s)Y;(s) X[ (s) dB(s) 4+ martingale, (1.6)
k 0

where
XE(t) = (1, X (t), ..., Xig(t))

and with a(t) the conditional measurement intensity. We see that (1.6) has
the same structure as what was obtained for survival models, especially
the Aalen additive model. Indeed, a natural estimator of B(t) is easily
constructed from the above representation, and large-sample properties and
inference may be studied using martingale calculus again. The left-hand
side of (1.6) is called a marked point process integral, which is introduced
in Chapter 2. Let us close this section with an application showing the use
of the techniques developed for longitudinal data.
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FIGURE 1.5: Estimated cumulative coefficients functions for the baseline
CD4 percentage and the effects of smoking, age and previous response.
Curves are shown along with 95% pointwise confidence limits and 95%
Hall-Wellner bands

Example 1.2.1 (CD4 data)

The AIDS dataset described in Huang et al. (2002) is a subset from the Mul-
ticenter AIDS Cohort Study. The data include the repeated measurements
of CD4 cell counts and percentages of 283 homosexual men who became
HIV-positive between 1984 and 1991. Details about the design, methods
and medical implications of the study can be found in Kaslow et al. (1987).
All individuals were scheduled to have their measurements made at semi-
annual visits, but, because many individuals missed some of their scheduled
visits and the HIV infections happened randomly during the study, there
are unequal numbers of repeated measurements and different measurement
times per individual. We consider the model

m;(t) = Bo(t) + B1(t) X1 + Ba(t) Xiz + B3(t) Xis(t),

where X is smoking, X is age at HIV-infection and X3(t) is the at-time-¢
previous measured response. Both X5 and X3 were centered around their
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respective averages. The model (1.5) can be fitted in timereg using the
function dynreg as illustrated below.
> age.c<-age-mean(age)
> cd4.prev.c<-cd4.prev-mean(cd4.prev)
> indi<-rep(1,length(cd4$lt))
> fit.cd4<-dynreg(cd4~smoke+age.c+cd4.prev.c,data=cd4,
+ Surv(lt,rt,indi) ~+1,start.time=0,max.time=5.5,id=cd4$id,
+ n.sim=500,bandwidth=0.15,meansub=1)
> plot(fit.cd4,hw.ci=2)

The above plot command gives the estimated cumulative regression ef-
fects associated with the included covariates along with 95% pointwise con-
fidence limits and 95% uniform Hall-Wellner bands, Figure 1.5. Judging
from the figure, it seems that the effect of all the included covariates is
constant. This can be pursued with statistical tests as also illustrated be-
fore with the Aalen additive model for survival data. This is described in
Chapter 11. a



2
Probabilistic background

2.1 Preliminaries

Event time data, where one is interested in the time to a specific event
occurs, are conveniently studied by the use of certain stochastic processes.
The data itself may be described as a so-called counting process, which
is simply a random function of time ¢, N(t). It is zero at time zero and
constant over time except that it jumps at each point in time where an
event occurs, the jumps being of size 1.

Figure 2.1 shows two counting processes. Figure 2.1 (a) shows a counting
process for survival data where one event is observed at time 7 at the time
of death for a patient. Figure 2.1 (b) illustrates the counting process for
recurrent events data where an event is observed multiple times, such as
the times of dental cavities, with events at times 3, 4 and 7.

Why is this useful one could ask. Obviously, it is just a mathematical
framework to represent timings of events, but a nice and useful theory has
been developed for counting processes. A counting process N(t) can be
decomposed into a model part and a random noise part

N(t) = A(t) + M(1),

referred to as the compensator A(t) and the martingale M (¢) of the counting
process. These two parts are also functions of time and stochastic. The
strength of this representation is that a central limit theorem is available for
martingales. This in turn makes it possible to derive large sample properties
of estimators for rather general nonparametric and semiparametric models
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FIGURE 2.1: (a) Counting process for survival data with event time at time
7. (b) Counting process for recurrent events data, with event times at 3,4
and 7.

for such data. One chief example of this is the famous Cox model, which we
return to in Section 6.1. To read more about counting processes and their
theory we refer to Brémaud (1981), Jacobsen (1982), Fleming & Harrington
(1991) and Andersen et al. (1993).

When assumptions are weakened, sometimes the decomposition will not
result in an error term that is a martingale but only a zero-mean stochastic
process, and in this case asymptotic properties can be developed using
empirical process theory; see, for example, van der Vaart & Wellner (1996).

We shall also demonstrate that similar flexible models for longitudinal
data may be studied fruitfully by the use of martingale methods. The key
to this is that longitudinal data may be represented by a so-called marked
point process, a generalization of a counting process. A marked point pro-
cess is a mathematical construction to represent timing of events and their
corresponding marks, and this is precisely the structure of longitudinal data
where responses (marks) are collected over time. As for counting processes,
a theory has been developed that decomposes a marked point process into
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a model part (compensator) and a random noise part (martingale). As a
consequence of this, the analysis of longitudinal data therefore has many
parallels with counting process data, and martingale methods may be in-
voked when studying large sample properties of concrete estimators. Some
key references for additional reading about marked point processes are Bré-
maud (1981) and Last & Brandt (1995).

Before giving the definitions and properties of counting processes, marked
point processes and martingales, we need to introduce some concepts from
general stochastic process theory.

Behind all theory to be developed is a measurable space (2, F, P), where
F is a o-field and P is probability measure defined on F. A stochastic
process is a family of random variables indexed by time (X (t) : ¢t > 0). The
mapping t — X (t,w), for w € , is called a sample path. The stochastic
process X induces a family of increasing sub-o-fields by

called the internal history of X. Often when formulating models we will
condition on events that occurred prior in time. We could for example, at
time ¢, condition on the history generated by the process X up to time
t. In many applications, however, we will need to condition on further
information than that generated by only one stochastic process. To this end
we therefore define more generally a history (F; t > 0) as a family of sub-o-
fields such that, for all s < t, Fs C Fy, which means A € F, implies A € F;.
A history is also called a filtration. Sometimes information (filtrations) are
combined and for two filtrations F} and F? we let F} V F? denote the
smallest filtration that contains both F} and F7. A stochastic process X is
adapted to a filtration F; if, for every ¢ > 0, X (t) is Fi-measurable, and in
this case F;¥ C F;. We shall often be dealing with stochastic processes with
sample paths that, for almost all w, are right-continuous and with left-hand
limits. Such processes are called cadlag (continu & droite, limité & gauche).
For a function f we define the right-hand limit f(t4) = lims—¢ s>t f ()
and the left-hand limit f(t—) = lims_¢ s<tf(5).

A nonnegative random variable T is called a stopping time with respect
to Fy if (T < t) € F, for all t > 0. For a stochastic process X and a
stopping time 7', the stopped process X7 is defined by X () = X(t A T),
where a A b denotes the minimum of @ and b. A localizing sequence is a
sequence of stopping times T, that is nondecreasing and satisfies T,, — oo
as n — o00. A property of a stochastic process X is said to hold locally if
there exists a localizing sequence (T},) such that, for each n, the stopped
process X~ has the property.
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2.2  Martingales

Martingales play an important role in the statistical applications to be
presented in this monograph. Often we shall see that estimating functions
(evaluated at true parameter values) and the difference between estima-
tors and true values are (up to a lower-order term) martingales. Owing
to the existence of the celebrated central limit theorem for martingales of
Rebolledo (1980), there is an elegant and simple approach to derive a com-
plete asymptotic description of the suggested estimators. In the following
we give the definition of a martingale.

A martingale with respect to a filtration JF; is a right-continuous stochas-
tic process M with left-hand limits that, in addition to some technical
conditions:

(i) M is adapted to F, and (ii) E|M(t)| < oo for all ¢,
possesses the key martingale property
(ili) E(M(t)|Fs) = M(s) forall s <t, (2.1)

thus stating that the mean of M (¢) given information up to time s is M (s)
or, equivalently,

E(dM(t)|Fi—) =0 forallt >0, (2.2)

where F;_ is the smallest o-algebra containing all Fy, s < t and dM(t) =
M((t+dt)—) — M(t—). A martingale thus has zero-mean increments given
the past, and without conditioning. Condition (ii) above is referred to as
M being integrable. A martingale may be thought of as an error process in
the following sense.

e Since E(M(t)) = E(M(0)), a martingale has constant mean as a
function of time, and if the martingale is zero at time zero (as will be
the case in our applications), the mean will be zero. Such a martingale
is also called a zero-mean martingale.

e Martingales have uncorrelated increments, that is, for a martingale
M it holds that

Cov(M(t) — M(s), M(v) — M(u)) =0 (2.3)
forall0<s<t<u<w.

If M satisfies
E(M(t)|Fs) > M(s) forall s <t, (2.4)

instead of condition (2.1), then M is a submartingale. A martingale is called
square integrable if sup, E(M (t)?) < oo. A local martingale M is a process
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such that there exist a localizing sequence of stopping times (7},) such that,
for each n, M ™ is a martingale. If, in addition, M ™~ is a square integrable
martingale, then M is said to be a local square integrable martingale.

To be able to formulate the crucial Doob-Meyer decomposition we need
to introduce the notion of a predictable process. Loosely speaking, a pre-
dictable process is a process whose value at any time ¢ is known just before
t. Here is one characterization: a process X is predictable if and only if
X (T) is Fr_-measurable for all stopping times 7". The principal class of a
predictable processes is the class of Fi-adapted left-continuous processes.

Let X be a cadlag adapted process. Then A is said to be the compensator
of X if A is a predictable, cadlag and finite variation process such that X — A
is a local zero-mean martingale. If a compensator exists, it is unique. A
process A is said to be of finite variation if for all ¢ > 0 (P-a.s.)

t K
[ 104G) = sup > 1Ak - At < oo,
0 D iz

where D ranges over all subdivisions of [0,t]: 0 =ty < t; < --- < tg = t.
One version of the Doob-Meyer decomposition as formulated in Andersen
et al. (1993) is as follows.

Theorem 2.2.1 The cadlag adapted process X has a compensator if and
only if X is the difference of two local submartingales.

An important simple consequence of the theorem is that, if the cadlag
adapted process X is a local submartingale, then it has a compensator since
the constant process 0 is a local submartingale.

Let M and M be local square integrable martingales. By Jensen’s in-
equality, M? is a local submartingale since

B(M(t) | Fo) = (BM(t) | F))* = M?(s)

and hence, by the Doob-Meyer decomposition, it has a compensator. This
compensator is denoted by (M, M), or more compactly (M), and is termed
the predictable variation process of M. By noting that MM = }L(M—I—Z\Z)2 -
i(M - M )2, it is similarly derived that M M has a compensator, written
(M, M>, and termed the predictable covariation process of M and M.

The predictable covariation process is symmetric and bilinear like an
ordinary covariance. If (M, M) = 0, then M and M are said to be orthog-
onal. The predictable covariation process is used to identify asymptotic
covariances in the statistical applications to follow later on. This is partly
explained by the relationship

Cov(M(s), M(t)) = E((M, M))(t), s<t. (2.5)

Estimation of the asymptotic covariances on the other hand may be carried
out by use of the quadratic covariation process. This process is defined even
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when M and M are just local martingales. When M and M further are
of finite variation (as will be the case in our applications), the quadratic
covariation process of M and M, denoted by [M, M], has the explicit form

(M, M)(t) = > AM(s)AM(s). (2.6)

s<t

In the case where M = M, (2.6) is written [M](t) and called the quadratic
variation process of M. The two processes [M] and [M, M] are also called
the optional variation process and optional covariation process, respec-
tively.

For the process [M], it holds that M? — [M] is a local martingale as
was also the case with (M). An important distinction between the two
processes, however, is that [M] may not be predictable; in our applications
it will never be! In the applications, the predictable variation process (M)
will be determined by the model characteristics of the particular model
studied while the quadratic variation process [M] may be computed from
the data at hand and therefore qualifies as a potential estimator.

Another useful characterization of [M] is the following. When [M] is
locally integrable, then M will be locally square integrable and (M) will
be the compensator of [M]! Similarly, (M, M) will be the compensator of
[M, M]. This observation together with (2.6) enable us to compute both
the quadratic and predictable covariation process.

In the statistical applications, stochastic integrals will come natural into
play. Since we shall be dealing only with stochastic integrals where we inte-
grate with respect to a finite variation process, all the considered stochastic
integrals are ordinary pathwise Lebesgue-Stieltjes integrals, see Fleming &
Harrington (1991) (Appendix A) for definitions. Of special interest are the
integrals where we integrate with respect to a martingale. Such process
integrals have nice properties as stated in the following.

Theorem 2.2.2 Let M and M be finite variation local square integrable
martingales, and let H and K be locally bounded predictable processes.

Then [ HdM and deM are local square integrable martingales, and
the quadratic and predictable covariation processes are

[/HdM,/KdM] :/HKd[M,M],
</HdM,/KdM> :/HKd(M,M).

The quadratic and predictable variation processes of, for example, [(H dM
are seen to be

[/HdM] :/HQd[M}, </HdM> :/H2d<M>
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The matrix versions of the above formulae for the quadratic and predictable
covariation processes read

[/HdM,/KdM] = /Hd[M, MK", (2.7)
</HdM,/KdM> :/Hd(M,M>KT, (2.8)

where M and M are two vectors, and H and K are two matrices with
dimensions such that the expressions make sense. In this case [M, M] and
(M, M) should be calculated componentwise.

2.3 Counting processes

Before giving the definition of a counting process we first describe one key
example where counting processes have shown their usefulness.

Example 2.3.1 (Right-censored survival data)

Let T* and C be two nonnegative, independent random variables. The
random variable T* denotes the time to the occurrence of some specific
event. It could be time to death of an individual, time to blindness for a
diabetic retinopathy patient or time to pregnancy for a couple. In many
such studies the exact time T™* may never be observed because it may be
censored at time C, that is, one only observes the minimum 7" = T* A C of
T* and C, and whether it is the event or the censoring that has occurred,
recorded by the indicator variable A = I(T* < (). One simple type of
censoring that is often encountered is that a study is closed at some point
in time before all subjects have experienced the event of interest. In the
counting process formulation the observed data (T, A) are replaced with
the pair (N(¢),Y (¢)) of functions of time ¢, where N(t) = I(T < t,A =1)
is the counting process jumping at time T* if T* < C (Figure 2.2), and
Y(t) = I(t < T) is the so-called at risk indicator being one at time ¢t if
neither the event nor the censoring has happened before time ¢. Assume that
T* has density f and let S(t) = P(T* > t) denote the survival function. A
key concept in survival analysis is the hazard function

ft) 1
t =1 Pt <T*<t+h|T*>1), 2.9
a(t) S(t) lim, | P(t < +h|T" >1) (2.9)
which may also be interpreted as the instantaneous failure rate. O

The formal definition of a counting process is as follows. A counting
process {N(t)} is stochastic process that is adapted to a filtration (F%),
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FIGURE 2.2: The counting process N(t) = I(T < t,A = 1) with T* =
and C > T* (upper left panel) and corresponding at risk process (upper
right panel). The counting process N(t) = I(T < ¢t,A = 1) with T* > C
and C' = 2 (lower left panel) and corresponding at risk process (lower right
panel).

cadlag, with N(0) = 0 and N(t) < oo a.s., and whose paths are piecewise
constant with jumps of size 1.

A counting process N is a local submartingale and therefore has com-
pensator, A, say. The process A is nondecreasing and predictable, zero at

time zero, and such that
M=N-A

is a local martingale with respect to F;. In fact, M is a local square inte-
grable martingale (Exercise 2.5). It also holds that

EN(t) = EA(t),

and further, if EA(t) < oo, that M is a martingale (Exercise 2.6).
We shall only deal with the so-called absolute continuous case, where the
above compensator has the special form

A(t):/0 A(s) ds,

where the intensity process A(t) is a predictable process. The counting
process N is then said to have intensity process .
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By (2.6) is seen that the quadratic variation process of M is
[M] =N,
and, since it is locally integrable, the predictable variation process of M is
(M) = A

by the uniqueness of the compensator.
A multivariate counting process

N = (N,...Np)

is a vector of counting processes such that no two components jump simul-
taneously. It follows that

<Mj’Mj’> = [MJ’MJ"] =0, J 7&-7./’
where the M;’s are the associated counting process martingales.

Example 2.3.2 (Continuation of Example 2.3.1)

Let the history be given by
Fe=0{I(T <s,A=0),I(T<s,A=1):s5<t}.

As noted above, the counting process N (¢) has a compensator A(t). It turns
out that the compensator is

A = /0 ¥ (s)a(s) ds, (2.10)

and hence that N(t) has intensity process

This may be shown rigorously, see for example Fleming & Harrington
(1991). A heuristic proof of the martingale condition is as follows. Since
(2.10) is clearly F;-adapted and left-continuous, it is predictable. By the
independence of T* and C, dN(t) is a Bernoulli variable with conditional
probability Y (¢)a(t) dt of being one given F;_, see also Exercise 2.7. Thus,

EdN(t)| Fi=) =Y ()a(t)dt = dA(t) = E(dA(t) | Fi-),
which justify the martingale condition (2.2) for M = N — A. O

Let us see how the decomposition of a counting process into its compen-
sator and martingale parts may be used to construct estimators.
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Example 2.3.3 (The Nelson-Aalen estimator)

Let (T;,C;), 3 =1,...,n, be nii.d. replicates from the model described in
Example 2.3.2. Put N;(t) = I(T; < t,A; = 1) and Y;(¢t) = I(¢t < T;) with
T, =T NC; and A; = (T} < C;). Let F} be defined similarly as F; in
Example 2.3.1 and 2.3.2 and let F;, = \/, F;. Let further

n
N.(t) =D Ni(t), Ya(t) =) Yi(t).
i i=1
The counting process N.(t) is seen to have compensator

A(t):/O Y.(s)a(s) ds,

and, hence,
M.(t) = N.(t) — A(t)

is a local square integrable martingale with respect to F;. In the last display,
M.(t) = >, M;(t) with M;(t) = N;(t) — Ai(t), i =1,...,n.

Now, decomposing the counting process into its compensator and a mar-
tingale term gives

N.(t) = /O Yi(s)als) ds + M. (t)

and since dM.(t) is a zero-mean process, this motivates the estimating
equation
Y.(t)dA(t) = dN.(t),

where A(t) = fot a(s) ds. This leads to the Nelson-Aalen estimator

At) = /0 ;((Z)) dN.(s) (2.11)

of the integrated hazard function A(t), where J(t) = I(Y.(t) > 0), and
where we use the convention that 0/0 = 0. Notice that the Nelson-Aalen
estimator is nothing but a simple sum:

. A,
Aty =Y YA(T)

T, <t

One may decompose A(t) as

A(t) = /0 t J(s)dA(s) + /Ot Y.(s)
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By Theorem 2.2.2, it is seen that the second term on the right-hand side
of the above decomposition is a local square integrable martingale. Thus,

A(t) is an unbiased estimator of

/0 a(s)P(Y.(s) > 0) ds,

which already indicates that the Nelson-Aalen estimator will have sound
large-sample properties (under appropriate conditions). One consequence
of this is that E(A(t)) < A(t), and that the estimator will be close to
unbiased if there are subjects at risk at all times with high probability.

As we shall see later on, a lot more than (asymptotical) unbiasedness
can be said by use of the central limit theorem for martingales.

The Nelson-Aalen estimator may be formulated in the more general con-
text of multiplicative intensity models where, for a counting process N (¢),

it is assumed that the intensity process A(t) has a multiplicative structure
A(t) = Y (B)a(d),

where a(t) is a nonnegative deterministic function (being locally integrable)
while Y (¢) is a locally bounded predictable process. The extension thus
allows Y () to be something else than an at risk indicator and is useful to
deal with a number of different situations. The Nelson-Aalen estimator is
then L)
. J(s
At) = / dN (s),
0= [ Ve
where J(t) = I(Y(t) > 0). The estimator A(t) was introduced for counting
process models by Aalen (1975, 1978b) and it generalizes the estimator
proposed by Nelson (1969, 1972). O

The concept of a filtration F; may seem rather technical. It is important,
however, as it corresponds to what information we are given, which in
turn is used when specifying models. Sometimes we may be interested in
conditioning on more information than that carried by F;. This additional
information may give rise to a new filtration, G; say, such that F; C G,
for all t. Assume that the counting process N () is adapted to both F; and
Gt, and that N (t) has intensity A(t) with respect to G;. The intensity with
respect to the smaller filtration F; is then

Alt) = E((1) | i), (2.12)

which will generally be different from A(t) as we condition on less informa-
tion. The above result is the so-called innovation theorem.

The following two examples of counting process models, illustrates how
the innovation theorem can be used to adjust models to the amount of
available information.
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Example 2.3.4 (Clustered survival data)

Consider the situation where we are interested in studying the time to the
occurrence of some event. Suppose in addition that there is some cluster
structure in the data. An example could be the time to onset of blindness in
patients with diabetic retinopathy, see Lin (1994). Patients were followed
over several years and the pair of waiting times to blindness in the left and
right eyes, respectively, were observed. In such a study one should expect
some correlation between the waiting times within clusters. One approach
to model such data is to use a random effects model, where the random
effect accounts for possible (positive) correlation within the clusters. For
ease of notation we describe the model in the situation where there is no
censoring. Let T;; denote the ¢th waiting time in the kth cluster, and put
Nz' (t) = I(Tzk S t), Ek(t) = I(t S Tik)7 1 = 1,...,’(7,, k = 1,...,K.
Assume that Ty, = (Tik, ..., Tnk), k= 1,..., K are i.i.d. random variables
such that Tj, and T} (i # j) are independent given the random effect Zj.
Let F;* be the internal history of Ny, Ff = \/, F¥ and F, = \/, F}.
The Clayton-Oakes model (Clayton (1978); Oakes (1982)) is obtained by
assuming that N;x(¢) has intensity

ik (t) = Yir (t) Zra(t)
with respect to the enlarged filtration G;, where

G =\ Gt Gf =Ffvoa(Z);
k

and by assuming that the Z;’s are i.i.d. gamma distributed with expectation
1 and variance ~!. The random effect Zj, is also referred to as a frailty
variable, see Chapter 9. Besides carrying the information generated by the
counting processes, G; also holds the information generated by the random
effects. The filtration G; is not fully observed due to the unobserved random
effects. The observed filtration is F;, and we now find the F;-intensities
using the innovation theorem. One may show that

n+ N.k(t—)

E(Zy | Fi-) = . ,
(2l ) n+ Jo Yer(s)a(s) ds

where N.i(t) = >0 Nip(t) and Yop(t) = >0, Yie(t), k = 1...,K. The
Fi-intensity is hence

n+ N.k(t—)

har(8) = Yae 2 (n + [ Yar(s)a(s) ds>a(t)’

Estimation of A(t) = fot a(s)ds in this context may be carried out by
use of the EM-algorithm, which was originally suggested by Gill (1985)
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and further developed by Klein (1992) and Nielsen et al. (1992), see also
Andersen et al. (1993).

The above approach could be called conditional in the sense that the
intensity of N, (t) is modeled conditional on Zj. An alternative approach
that avoids joint modeling of data is the so-called marginal approach where
the intensity of N (t) is only specified with respect to the marginal filtra-
tion Fk. It is assumed that Ny (t) has F/*-intensity

Ya(t)a(t), (2.13)

whereas it is not assumed that the Fi-intensity is governed by (2.13) be-
cause that would correspond to assuming independence between subjects
within each cluster, which obviously would be wrong with data like those
mentioned in the beginning of this example. Estimation of A(t) using the
marginal approach is done by the usual Nelson-Aalen estimator ignoring
the cluster structure of the data. Standard error estimates, however, should
be computed differently. We return to clustered survival data in Chapter
9.

O

Example 2.3.5 (The additive hazards model and filtrations)

Consider the survival of a subject with covariates X = (X1, ..., X, Xpt1)
and assume that the corresponding counting process of the subject, N(t),
has intensity on the additive hazards form

p+1

V() =Y (1) | 3 Xja5()

with respect to the history F¥ Vo (p+ 1), where F}Y is the internal history
of N and o(i) = o(X1,...,X;) for i = 1,...,p + 1 the o-fields generated
by different sets of the covariates, In the above display, Y (¢) is an at risk
indicator and «;(t), j = 1,...,p + 1, are locally integrable deterministic
unknown functions.

If only the p first covariates are known, or used, in the model the intensity
changes, by the innovation theorem, to

N(t) = BT ()| FY Vo (p))
P
= S V(O X05(8) + Y (Dap (DE(Xpia Y (1) = 1, X1, 0o, X,).
i=1
The last conditional mean of X, 41 given that the subject is at risk (has

survived), and the observed covariates can be computed (under regularity
conditions) to be minus the derivative of log(f(¢)), where

£(t) = E(exp(~ / psr (8)d5Xp 1) X1, s X))
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is the conditional Laplace transform of X, i evaluated at f opr1. Under
certain assumptions, such as independence between the covariates, it is seen
that the additive structure of the intensity is preserved, see Exercise 5.1.
This example was given by Aalen (1989) O

2.4 Marked point processes

Later on we shall describe how nonparametric and semiparametric models
for regression data and longitudinal data may be analyzed fruitfully by the
use of martingale calculus. A key notion in this treatment is a generaliza-
tion of counting processes, or point processes, to marked point processes,
which will be introduced in the following. To a large extent we follow the
exposition of marked point processes given by Brémaud (1981), see also the
recent Last & Brandt (1995).

The idea is that instead of just recording the time points T} at which
specific events occur (as for the counting processes) we also observe an ad-
ditional variable Zj (the response variable in the longitudinal data setting)
at each time point Tj. To make things precise we fix a measurable space
(E, &), called the mark space, and assume that

(i) (Zk,k > 1) is a sequence of random variables in F,

(ii) the sequence (T, k > 1) constitutes a counting process

N(t)=> I(T, <t).
k

The double sequence (T, Zy) is called a marked point process with (Zy)
being the marks. To each A € £ is associated a counting process

Ni(A) =Y I(Tx < t)I(Zy, € A),
k

that counts the number of jumps before time ¢ with marks in A. The marked
point process is also identified with its associated counting measure defined
by

p((0,t] x A) = N¢(4), t>0,Aeé.

A marked point process counting measure thus accumulates information
over time about the jump times and marks just as in the simpler counting
process situation where there are no marks. Just as for counting processes it
is also useful to consider integrals with respect to the marked point process.
A marked point process integral has the following simple interpretation:

/t/ H(s,z)p(ds x dz) = > H(Ty, Z)I(T}, < 1).
0 E &
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The internal history of the marked point process is defined by
FP=0(Ns(A):0<s<t,Ae€é),

and we let F; be any history of p, that is, 7/ C F;. If, for each A € &,
N¢(A) has intensity A:(A) (predictable with respect to F;), we then say
that p(dt x dz) admits the intensity kernel A\i(dz). We let Ay = A\(F) and
assume that \; is locally integrable. A probability measure on (E, £) is then
defined by

Fy(dz) = Atgfz).

The pair (A, F;(dz)) is called the local characteristics of p(dt x dz). If the
history F; has the special form F; = Fo V FF, we have the following

FT,€ (A) = P(Zk S A‘]:Tk—) on {Tk < OO}7

where
ka_ = O'(Tj,Zj; 1 S k— 1,Tk)

is the history generated by the occurrence times and marks obtained before
time T}, and by T} itself. The important above characterization of the
second term of the local characteristics as the distribution of the current
mark given past history and the time of the current mark is proved in
Brémaud (1981).

Let F; be a history of p(dt x dz) and let P(F;) be the history generated
by the mappings

H(t,2) = C(t)14(2),

where C is a Fi-predictable process and 14(z) is the indicator of z being
in A, A € £ Any mapping H : (0,00) x Q x E — R, which is P(F;)-
measurable is called an Fi-predictable process indexed by E. Let p have

intensity kernel A\;(dz) and let H be a Fi-predictable process indexed by
E. We shall now consider the measure

q(dt x dz) = p(dt x dz) — A\ (dz)dt (2.14)

obtained by compensating the marked point process measure by its inten-
sity kernel. One may show, for all ¢ > 0, that

M(t) :/0 /EH(S,z)q(ds x dz) (2.15)

is a locally square integrable martingale (with respect to F;) if and only if

t
/ / H?(s,2)\s(dz)ds < 0o P—a.s.
0o JE
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We now turn to the computation of the quadratic variation and predictable
variation process of M given by (2.15). Since (2.15) is of finite variation,
the optional variation process is

= ZAM(3)2 = /0 /EH2(s,z)p(ds x dz).

s<t

The predictable variation process (M) is the compensator of [M], and by
the uniqueness of the compensator, we hence have

£ = /O t /E H2(s, 2)\ (d2)ds.

Let pi(dt x dz) and po(dt x dz) be two marked point processes with
intensity kernels A\;(dz) and p:(dz), respectively. Let H;, j = 1,2, be F-
predictable processes indexed by E where F; D FF' V FF?, and assume
that

¢ ¢
/ / H? (s, 2)\s(dz)ds < oo, / / H2 (s, 2)ps(dz)ds < 0o P —a.s.
0o JE 0o JE

Write M;( fo S Hj(s,2)qj(ds x dz), j = 1,2. Assume that the two
induced countlng process N;(t) and Na(t), have no jumps in common.
Proceeding as above one may then derive that [M;p, M2] = 0 and hence
<M1, M2> =0. AISO,

/ / Hiqi(ds x dz) / / Hsq:1(ds x dz)] / / HqHsp(ds x dz),

and

/ / H1(]1 dS X dZ / / ngl dS X dZ / / HiHy )\ (dz)d

where the dependence of the integrands on s and z has been suppressed.

The following example illustrates how i.i.d. regression data may be put
into the marked point process framework. Note how the techniques in the
example closely parallel the similar development of the Nelson-Aalen esti-
mator in the counting process setup.

Example 2.4.1 (Regression data)

Consider a sample (T3, Z;), i = 1,...,n, of n ii.d. regression data with Z;
being the (one-dimensional) response and T; the (one-dimensional) regres-
sor. Let

E(Z; |Ti =t) = ¢(1)
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and assume that T; has an absolute continuous distribution on [0, co) with
hazard function «(t). For simplicity we further assume for the moment
that this distribution is known, that is, the hazard function is assumed to
be known. Assume also that fot a(s)p(s)ds < oo for all t. Each (T}, Z;)
constitutes a marked point process p; and with

¢
/ / zpi(ds x dz) = Z,1(T; <),
0o JE

we have the decomposition

[ [ antas <= [ visaeotoras + [ [ s <o),

where the second term on the right-hand side of this display is a martingale
with respect to the internal filtration 7. Writing the above equation in
differential form and summing over all subjects gives

Z[Ezpi(dt « dz) = Y.(t)a(t) dd(t) +Z/Ezqi(dt «dz),  (2.16)

where Y.(t) = Y7, Y;(t) and ®(¢ fo s) ds. Assume that inf; a(t) > 0.
Since « is known, (2.16) suggests the followmg estimator of ®(¢):

//Y pzdsxdz)

Y.(Ti);(Ti)I(T <t). (2.17)

)= 1 M:

For this estimator we have
t
:/ J(s)d®(s) + M (t),
0

where J(t) = I(Y.(t) > 0) and

Z//Y gjsqzdsxdz)

which is seen to be a martingale with respect to the filtration spanned by
all the F}"’s. This implies that

/P £) > 0)dd(s)

just as in the Nelson-Aalen estimator case. The estimator will thus be close
to unbiased if there is a high probability that subjects are at risk at all
times. If ¢(t) is positive, then E(®(t)) < ®(¢). O
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2.5 Large-sample results

As mentioned earlier, one of the strengths of representing the data as either
a counting process or a marked point process is that we get martingales
into play and that a central limit theorem for martingales is available.
This theorem will be the main tool when we derive asymptotic results for
concrete estimators. The theorem is stated below.

We shall consider a sequence of RF-valued local square integrable mar-
tingales (M) (t) : t € T) with either

7T =[0,00) or 7 = [0, 7]

with 7 < co. For € > 0, we let ME(

martingale where M e(ln ) contains all the jumps of Ml(n) larger in absolute
value thane, [ =1,...k, ie.,

™ he the R¥-valued local square integrable

)= S AMMSI(AM™ (s)| > €), 1=1,....k

s<t

Note, that for counting process martingales of the form

- /O CH(s)dM(s)

with M(£) = N(t) — A(f) then
Z/%z\%ﬂwa@

A Gaussian martingale is an R*-valued martingale U such that U (0) = 0
and the distribution of any finite family (U(t1),...,U(¢;)) is Gaussian.
Write V (¢) for the variance-covariance matrix of U(t). It follows that

)

(i) (U)(#) = V(#) for t > 0;
) —

(i) V(¢
(iii) U(t) — U(s) is independent of (U(r); r < s) for s < t.

V(s) is positive semidefinite for s < ¢;

A stochastic process U with the only requirement that is has continuous
sample paths and normal distributed finite dimensional distributions is said
to be a Gaussian process.

We may then state one form of the martingale central limit theorem.

Theorem 2.5.1 (CLT for martingales). Let (M™(t) : t € T) be a se-
quence of R¥-valued local square integrable martingales. Assume that

(M™)(¢) Eit V(¢) forallt €T asn — oo, (2.18)

<M(n)>(t) Lo forallt €T, and e >0 as n — oo. (2.19)

el
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Then
M®™ B in (D(T))* as n — oo, (2.20)

where U is a Gaussian martingale with covariance function V. Moreover,
(M) and [M™] converge uniformly on compact subsets of T, in proba-
bility, to V.

The theorem is due to Rebolledo (1980). The result (2.20) says that we
have weak convergence of the process M(™ to U on the space (D(7))*
that consists of cadlag functions on 7 into R* and is endowed with the
Skorokhod topology, see e.g. Fleming & Harrington (1991) for definitions.

The condition (2.19) states that the jumps of M ™ should become neg-
ligible as n — oo (see (2.25)), which makes sense if M () shall converge
towards a process with continuous sample paths. Condition (2.18) says that
the (predictable) variation process of M (") becomes deterministic and ap-
proaches the variance function of the limit process as n — oo, which also
makes sense in light of (2.5).

To illustrate the use of the martingale central limit theorem, we consider
the Nelson-Aalen estimator (Example 2.3.3), and the i.i.d. regression set-up
(Example 2.4.1).

Example 2.5.1 (The Nelson-Aalen estimator)
Consider the situation with n possibly right-censored survival times as de-

scribed in Example 2.3.3. It was seen there that the Nelson-Aalen estimator
of the cumulative hazard function A(t) = fg a(s) ds takes the form

At) = /0 ; ((Z)) dN.(s),

where J(t) = I(Y.(t) > 0),

with V;(¢t) = I(T; < t,A; = 1) and Yi(¢t) = I(t < T;), i = 1,...,n, the
basic counting processes and the at risk indicators, respectively. With

A1) = /O J(s)dA(s),

it was also seen that



36 2. Probabilistic background

is a local square integrable martingale Recall that M.(t) = >0 M;(t)
with M;(t) fo s)ds. By writing

n2(A) - A1) = n1/2(<A*<t> ~A) + (A() - A1)
= n1/2 t S)— als)as nl 2 t J(S) S
| = vatsds ez [ an (),
(2.21)

we see that under regularity conditions the asymptotic distribution of the
Nelson-Aalen estimator on [0,¢], t € T is a Gaussian martingale if it can be
shown that the second term in (2.21) converges to a Gaussian martingale
and that the first term in (2.21) converges to zero uniformly in probability.

We assume that fo s)ds < oo for all t € 7, and that there exists a
function y(s) such that

sup [n71Y.(s) — y(s)| Lo, inf y(s) > 0. (2.22)
s€0,t] s€[0,¢]

It may now be shown that (Exercise 2.8)

sup |nl/? /OS(J(u) — 1Da(u) dul £,

s€0,t]
and we may hence concentrate on the martingale term
M(s) =n'/?(A(s) — A*(s).

We see that, for s < t,

(M)(s) = /05 n{gg)(u)a(u) du & /OS () 4,

and

(Me)(s) = /OS n—{gg)(u) a(u)[(n1/2 ;((Z)) > e) du 0

(Exercise 2.8). Thus,
n'/2(A(s) — A(s)) 2 U(s)

in D[0,t], t € T, where U is a Gaussian martingale with variance function

Moreover, a uniformly consistent estimator of the variance function is given
by the quadratic variation process
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In the case of simple random censorship, that is, the C;’s are i.i.d. with
distribution function Fe, say, (2.22) is fulfilled provided that Fo(t—) < 1,
which says that the censoring must not be too heavy. In this case, y(s) =
(1= Frp.(s))(1 = Fc(s)), where Fr, denotes the distribution function of the
survival times. g

Example 2.5.2 (Regression data)

Consider the i.i.d. regression setup of Example 2.4.1 where we observe i.i.d.
regression data where
Z; = ¢( ) +e;

and the residual terms eq, ..., e, are independent with zero mean such that
E(Z;|T; =t) = ¢(t). As noted there an estimator of ®(¢ fo s)ds was

given by
Z/ / Yi(s pZ (ds x dz),

which may be rewritten as

B(t) = /O T()d®(s) + M(2),

where J(t) = I(Y.(t) > 0) and

Z//Y O)jsqzdsxdz)

the latter being a martingale with respect to the filtration spanned by all
the FP’s. By imposing appropriate conditions we may show that

n!2(&(t) — () = n'2M(t) + 0p(1),

uniformly in ¢, and the asymptotic distribution of ®(¢) may hence be de-
rived by use of the martingale central limit theorem. We have, for all s < ¢,

L [T @@ e [ b
{ M)(s) /0 n*lY.(u)a(u)d /0 y(u)a(u)d’

U(s) =E(Z7 | Ti = s)
and y(s) is the limit in probability of n=!Y.(¢) assuming that inf;c7 y(t) >

0. Assume also that 1(t) < oo for all ¢t. The martingale containing the
jumps of absolute size larger than e is

(n1/200).( _”1/22/ / o |?L ( 1/2}2](5;;2;“) >6>qi(du><dz)

where
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and hence

J(u)

(M.)(s) = /0 | i (u)E(Z2I(n1/2Y:] (Z‘))ju) > e) 1T = w)du 50,

Exercise 2.11. Thus,
n'/2(d(s) — (s)) > U(s)

in DI[0,t], t > 0, where U is a Gaussian martingale with variance function

S
U
V(s) = / W(u) du
o y(u)a(u)
A uniformly consistent estimator of the variance function is given by the
quadratic variation process

=3 [ A e

_ (122
—”2 (V. (Ta(Tyye T =)

O

Once we have established convergence of our estimator as in the previ-
ous two examples, we can use their large-sample properties for hypothesis
testing and construction of confidence bands and intervals. Consider, for
example, the estimator i)(t) in the previous example that converged to-
wards a Gaussian martingale U (¢). Suppose that the limit process U(t) is
R-valued and hab variance process V(t). Then a (1—«) pointwise confidence
interval for ®(¢ fo s)ds, for fixed ¢, is

[8(2) = cap 02, &(1) + cap ()]

where n3(t) is an (uniformly consistent) estimator of V(t), like the one
based on the quadratic variation process, and c, /5 is the (1 —a/2)-quantile
of the standard normal distribution. Since we often will be interested in the
behavior of ¢(t), or, ®(¢), as function of ¢, inferences based on confidence
bands may be more informative than pointwise confidence limits. One type
of such confidence bands are the so-called Hall-Wellner bands (Hall & Well-
ner, 1980). These bands are uniform for some interval of interest that we
here denote as [0, 7]. Since

UV () PViin) + V)

is distributed as
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where BY is the standard Brownian bridge (see Exercise 2.2), it follows that
approximate 100(1 — «)% confidence bands for ®(¢) are given by

B(t) — doS(7)"/? (1 + é(t) > L O(t) + doS(7)Y/? (1 + é(t) )

where d,, is the (1 — a)-quantile in the distribution of

sup [B°(t)],
te[0,1/2]

see also Exercise 2.3. Tables of d, may be found in Schumacher (1984);
here we list some of the most used ones: dyo1 = 1.55, do.os = 1.27 and
do.1 = 1.13. Likewise, the hypothesis

Ho: ¢(t) = ¢o(t) forallt

may be tested by use of a Kolmogorov-Smirnov test that rejects at level «
if

sup [($(t) — o(1))E(r) 2 [E(r) + ()] 7| = da, (2.23)
t<t
where ®g(t fo ¢o(u) du. The Cramér-von Mises test rejects at level «v if

/T (@) - 2o()/572(n)\* (T )L (2.24)
, 14 1(1) 1+ =" '

where e, is the (1-a)-quantile in the distribution of f01/2 B°(u)? du and
f(t) = f](t)/f](T) For reference: eg.g; = 0.42, eg.05 = 0.25 and eg.; = 0.19;
a detailed table of e, may be found in Schumacher (1984).

Example 2.5.3

We here present a small simulation study to illustrate the use of confidence
bands and the performance of the Kolmogorov-Smirnov and Cramér-von
Mises tests. We generated data from the model described in Example 2.4.1
with T being exponential with mean one. The response variable is normal
distributed with mean ¢(t) and standard deviation 1/3. The true regression
function is ¢(t) = 1/(1 + t) resulting in the cumulative regression function
®(t) = log (1 +t). The sample size was first set to n = 100 and we then
generated 500 datasets. Figure 2.3 (a) shows the true ®(¢) (thick full line),
a randomly chosen estimate (thin dotted line) and the average of the 500
estimators (thick dotted line), which is almost indistinguishable from the
true ®(t). A slight bias is seen towards the end of the shown interval,
which has upper limit equal to 4.6 corresponding to the 99%-quantile of the
exponential distribution with mean one. According to the derived formulae
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FIGURE 2.3: (a) True cumulative regression function ®(¢) (thick full line);
average of 500 estimates of the cumulative regression function (thick dotted
line); a typical estimator of the cumulative regression function (thin dotted
line). (b) True cumulative regression function (thick full line) together with
95% pointwise confidence limits (thick dotted lines) and 95% Hall-Wellner
confidence bands (thick full lines); and 40 randomly chosen estimates of
the cumulative regression function (thin dotted lines).

this bias is due to the probability of being at risk towards the end of the
interval deviating slightly from 1. We notice that the estimator <i>(t)7 which
is given by (2.17), is a step function (like the Nelson-Aalen estimator) with
jumps at the observed values of ¢. Figure 2.3 (b) shows the true ®(¢) (thick
full line), 40 randomly chosen estimates (thin dotted lines), 95% pointwise
confidence limits (thick dotted lines) and 95% Hall-Wellner bands (thick
full lines) with 7 = 3, which corresponds to 95% quantile of the considered
exponential distribution. We see that the estimators are contained within
the confidence bands with the exception of one or two estimators.

We also look at the performance of the Kolmogorov-Smirnov test and
the Cramér-von Mises test under the null. We generated data as described
above with sample size n = 100,400 and computed the rejection probabil-
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ities for the two tests at level a = 1%, 5%, 10%. These are shown in Table
2.1, where each entry is based on 10000 repetitions.

n  Test statistic a=1% a=5% o=10%

100 KS 0.9 3.3 6.8
CM 1.0 5.1 10.2
400 KS 0.8 3.9 8.1
CM 0.9 4.9 10.6

TABLE 2.1: Rejection probabilities for the Kolmogorov-Smirnov test (KS)
and the Cramér-von Mises test (CM) computed at levels o = 1%, 5%, 10%

It is seen from Table 2.1 that the Cramér-von Mises test has the correct level
already at sample size n = 100. The Kolmogorov-Smirnov test is somewhat
conservative for n = 100 but approaches the correct level for n = 400. [

A useful result is the so-called Lenglart’s inequality, see Andersen et al.
(1993), which, in the special case of a local square integrable martingale
M, says that

o + P((M)(7) > 9) (2.25)

P(sup M| > ) < 1,

[0,7]

for any 7 > 0 and 6 > 0. Hence supyy . |M]| Loif (M)(7) Lo A typical
application of (2.25) is the following. Suppose that H,, is a sequence locally
bounded predictable stochastic processes such that

sup |H,| 0,

[0,7]
and that M, is a sequence of local square integrable martingales such that
(M) (t) = Op(1). We then have

t
sup| [ HndM,| £ o, (2.26)
[0,7] 0

since

( / H,dM,)(r) 5 0.

In some applications, however, we may not have that the H,’s are pre-
dictable. A useful result, due to Spiekerman & Lin (1998), says that (2.26)
is still true provided that

/ V=, ()] = 0,(1),
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that is, H, is of bounded variation. The result can be further relaxed by
noticing that the proof of Spiekerman & Lin (1998) remains valid if M,
is some process that converges in distribution to some zero-mean process
with continuous limits M. This extended version does not require any mar-
tingales, and is used in a couple of places in the proofs and is referred to
as the Lemma by Spiekerman & Lin (1998); see also Lin et al. (2000) and
Lin & Ying (2001).
Often we wish to conclude that

/tX(”)(s) ds—= /t f(s)ds asn— oo, (2.27)
0 0

where we know that X (") ()= f(t) for almost all t € [0,7] and [ |f ()| dt <
0o. A result by Gill (1983) says that (2.27) holds uniformly in ¢ if, for all
§ > 0, there exists a ks with [ ks(t) dt < co such that

lim inf P(| X (s)| < ks(s) for all s) > 1 — 4. (2.28)

We refer to (2.28) as Gill’s condition.
A related dominated convergence theorem says that with 0 < X,,(s) <
Y, (s) for s € [0, 7] and with v a measure such that

Ya(s) =Y (s),  Xn(s)=Y(s)

for v almost all s and
/Yn(s)dyi/Y(s)dV < oo (a.e)

then
/Xn(s)dz/i/X(s)dZ/.

The delta-method and its equivalent functional version are very useful for
deriving the asymptotic distribution in the case where a function (func-
tional) is applied to a random-vector (process) that converges in distribu-
tion.

The simple version states that if the p-dimensional random vector’s X,
X and fixed p satisfy that

n (X, - p) B X,

then if f is differentiable (f : R? — RY) at p with derivative f(x) (a p X ¢
matrix function), it follows that

a2 (X)) — F() B f(w)X.

This can be extended to functional spaces by the concept of Hadamard
differentiability (Andersen et al., 1993). Consider the functional spaces B =
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DI0,7]? and B" = D[0,7]? and let f : B — B’ with derivative f(w) at p (a
continuous linear map, f(u) : B — B’) such that

an(f(p+ ay he) = f(p) = f(p) - h

for all real sequences a,, — oo and all convergent sequences h,, — h in
B. The mapping f is then said to be Hadamard differentiable at u. If X,
and X are processes in B, u is a fixed point in B and f is Hadamard
differentiable at y, it then follows that

W2 (F(X) — f() B f(u) - X

The functional delta theorem can obviously be defined for all Banach spaces
and one typical application is one where the p-dimensional process B,, and
the g-dimensional vector 6, jointly converge such that

n2(By —b,0, — p) 2 (X1, X2)

and then )
02 (f(Bn,0n) — f(b, 1)) > f (b, p) - (X1, Xo)

for differentiable f.
We close this section by briefly mentioning the conditional multiplier cen-
tral limit theorem. Suppose that Xi,---, X, are i.i.d. real-valued random

variables and Gy, --- ,G, are independent standard normals independent
of X1, --,X,. Then if

n
n 23 x, BU
i=1
it follows from the conditional multiplier central limit theorem that also

77,71/2 ZGZXZ 2) U,

i=1

under suitably conditions (van der Vaart & Wellner, 1996) given almost
every sequence of Xy, -+, X,.

One practical use of this is that when X; are the residuals from some
regression model then it will often also be true that

77,71/2 ZGZXZ 2) U,

i=1

where X; are estimated based on the data, and this result can also be ex-
panded to functional cases where for example X; is a residual process on
DJ0, 7]. We will use this approach to approximate the asymptotic distribu-
tion for many estimators as suggested in the counting process situation by
Lin et al. (1993).



44 2. Probabilistic background
2.6 Exercises

2.1 (Poisson process) A Poisson process N(t) with intensity A(t) is a
counting process with

e independent increments and such that

e N(t)— N(s) follows a Poisson distribution with parameter fst Au) du
forall0 <s<t.

(a) Find the compensator A of N and put M = N — A. Show by a
direct calculation that E(M (t) | Fs) = M(s), where F; is the internal
history N. Is M a local square integrable martingale?

(b) Find the compensator of M?2.

2.2 (Brownian motion and Brownian bridge) The Brownian motion or
the Wiener process is the Gaussian process B such that EB(¢) = 0 and
Cov(B(s),B(t)) = s At for s,t > 0.

(a) Show that B has independent increments. Show that B is a martin-
gale and find the compensator of B2.

The Brownian bridge (tied down Wiener process) B%(¢) with ¢ € [0, 1] is the
Gaussian process such that EB°(t) = 0 and Cov(B%(s), B(t)) = s(1 — t)
for0<s<¢<I1.

(b) Show that the processes B%(t) and B(t) — tB(1) have the same dis-
tribution on [0, 1].

(c) Show that the processes B(t) and (1 +t)B°(¢/(1 +t)) have the same
distribution on [0, 00).

2.3 (Hall-Wellner bands) Consider the time interval [0, 7]. Let U(t) be a
Gaussian martingale with covariance process V (¢), t € [0, 7]. Show that

UV ()2 V(r) + V()™

has the same distribution as

(v s vin)

where B is the standard Brownian bridge.
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2.4 Let M; and M, be the martingales associated with the components
of the multivariate counting process N = (N7, N3) with continuous com-
pensators. Show that

(M, M) = [My, Ms] = 0.
2.5 Let M = N — A be the counting process local martingale. It may be

shown that A is locally bounded Meyer (1976), Theorem IV.12.

(a) Show that N is a local submartingale with localizing sequence
T, =nAsup{t: N(t) < n}.
(b) Show that M is a local square integrable martingale using the below
cited optional stopping theorem.
Theorem. Let M be a Fi-martingale and let T be an Fi-stopping
time. Then (M(t AT) :t > 0) is a martingale.
2.6 Let M = N — A be the counting process local martingale.

(a) Show that EN(t) = EA(¢) (hint: use the monotone convergence the-
orem).

(b) If EA(t) < oo, then show that M is a martingale by verifying the
martingale conditions.

(c) If sup, EA(t) < oo, then show that M is a square integrable martin-
gale.

2.7 Let N(t) = (N1(t),...,Nk(t)), t € [0,7], be a multivariate counting
process with respect to F;. It holds that the intensity

At) = (A1 (t), .-, A(?)
of N(t) is given (heuristically) as
Mi(t) = PNA(H) = 1] 7o), (2.20)

where dNy, (t) = Np((t+dt)—) — Np(t—) is the change in N}, over the small
time interval [t,t 4 dt).

(a) Let T™ be a lifetime with hazard «(t) and define N(t) = I(T* < t).
Use the above (2.29) to show that the intensity of N(¢) with respect
to the history o{N(s): s <t} is

A(t) = I(t < T")a(t).
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(b) Let T™* be a lifetime with hazard a(t) that may be right-censored at
time C. We assume that T* and C are independent. Let T =T*AC,
A=IT*<C)and N(t) = I(T <t,A =1). Use the above (2.29) to
show that the intensity of N(t) with respect to the history

o{I(T <s,A=0),I(T<s,A=1):s5<t}
is

A(t) = I(t < T)a(t).

2.8 Let M(s) and M.(s) denote the martingales introduced in Example
2.5.1.

(a) Verify the expressions for (M)(s), [M](s) and (M.)(s) given in that
example and show that they converge in probability as n — oo veri-

fying Gill’s condition (2.28).

(b) From the same example, show that:

sup |n'/? /OS(J(u) — 1Da(u) dul Zo.

s€[0,t]

2.9 (Asymptotic results for the Nelson-Aalen estimator) Let N (t) be
a counting process satisfying the multiplicative intensity structure A(t) =
Y(”)( ) (t) with a(t) being locally integrable. The Nelson-Aalen estimator

of fo s)ds is
- 1
"(t) = AN™(s).
: / v (s
Define A*(t fo s)ds where J (t) = (Y™ (t) > 0).
(a) Show that A (t) — A*(t) is a local square integrable martingale.

(b) Show that, as n — oo

sup | A™ (t) — A(t)] 5 0

s<t
provided that

S

¢
n P
Y(") (5) s)ds 20 and /0 (1 —J™(s))a(s)ds = 0,

as n — OoQ.
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(c¢) Show that the two conditions given in (b) are satisfied provided that

inf Y™ (¢) L oo, asn— oo
s<t

Define o%(s) = [; Z((Z; du, where y is a non-negative function so that a/y

is integrable over [0, ¢].
(d) Let n — oo. If, for all € > 0,

> 70 ()
n ; (n)(u)a(u)l(

n1/2/ (1—J™ (w))a(u) du50 and n
0
for all s < ¢, then show that

n'/2(AM — 4) By

on D[0,t], where U is a Gaussian martingale with variance function

a2

2.10 (Right-censoring by the same stochastic variable) Let T}, ..., T be
n 1.i.d. positive stochastic variables with hazard function a(t). The observed
data consist of (T3, A;)i=1,..n, where T; = T AU, A; = I(T; = T;). Here,
U is a positive stochastic variable with hazard function u(t), and assumed
independent of the T;’s. Define

N.(t) =) Ni(t), Ye(t) =) Yi(t)
3 i=1

(a) Show that A(t) — A*(t) is a martingale, where
A(t) = /O Kl(s)dN.(s), A*(t) = /O J(s)a(s) ds.

(b) Show that
sup [A(s) — A*(s)| 5 0

s<t

(¢) Is it also true that A(t) — A(t) £ o2
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2.11 Consider again Example 2.5.2.
(a) Verify the expressions for (n'/2M)(s) and (M.)(s).

(b) Show that (M.)(s) L 0 using Gill’s condition and that

lim | XdP =0,

n—oo A
n

where X is a random variable with E|X| < oo, A, is measurable and

An N\ 0.

2.12 (Simulations from Example 2.5.3) Consider the simulations in Ex-
ample 2.5.3. Work out the asymptotic bias for the simulations as a function
of time and compare with Figure 2.3.

2.13 (Counting process with discrete compensator) Let N be a counting
process with compensator A that may have jumps. Put M = N — A.

(a) Show by a direct calculation that

(M](£) = N(t) — 2 /O AA(s)dN(s) + /O AA(s)dA(s),

where AA(t) denotes the jumps of A(t).
(b) Show that

(M)(t) = A(t) — /O AA(s)dA(s).
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Estimation for filtered counting
process data

One particularly important aspect of counting process data is that the
processes will often be observed subject to certain restrictions. For both
recurrent events data and failure time data, these restrictions are most often
that the failure times are observed subject to right-censoring and/or left
truncation. These concepts will be explained in detail in this chapter, and
we also briefly mention other types of observation schemes that generally
lead to more complicated analysis. Right-censoring and left-truncation in
the form that we consider here do not constitute much difficulty in terms
of the analysis when the object of interest is the intensity. The key to this
is that, when the right-censoring and left-truncation are unrelated to the
counting process of interest, the intensity is unaffected for subjects at risk.

We start our discussion by introducing various observation schemes in-
cluding right-censoring and left-truncation and give conditions under which
these do not constitute any problems. Following this we take a look at the
likelihood function for counting process data to see how maximum likeli-
hood estimation may be carried out. Finally, we discuss how estimating
equations may be established for counting process data.

3.1 Filtered counting process data

For failure time data one of the most common types of incompleteness is
right-censoring, meaning that for some of the failure times we only know
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that they exceed some upper limit, referred to as the censoring time, which
may be different for the individual censored failure times.

Example 3.1.1 (Melanoma data)

For the melanoma data the interest lies in studying the effect of various
prognostic risk factors on time to death of malignant melanoma after re-
moval of tumor. The study was closed at the end of 1977 and the number
of deaths caused by malignant melanoma in the considered period was 57.
The rest of the 205 patients study did not experience the event of interest
in the study period but were right-censored mostly because they were still
alive at the end of 1977. Data from two patients are shown below.

days status sex age year thick ulc
204 1 1 28 1971 4.84 1
35 2 1 41 1977 1.34 O

The first of these two patients, a 28 year old man, was enrolled in 1971
and died (status=1) from the disease 204 days after removal of tumor.
The second, a 41 year old man, was enrolled in 1977 and was still alive
(status=2) when the study closed 35 days after his operation. Actually,
a few patients were censored because they died of something not related
to the disease of interest. Formally speaking, the correct framework for
considering this type of data is the competing risks model; see Chapter 10.

O

The ultimate goal of an analysis of right-censored counting process data,
and as a special case survival data, is to estimate the parameters that de-
scribe the intensity and perhaps also to examine various hypotheses. It is
not clear at first how to incorporate the censored observations into the
statistical analysis. Obviously basing the statistical analysis on only the
complete data can give biased results, so the censored observations need to
be taken into account. It turns out that handling of censoring and other
types of incomplete failure time data is easy when basing the analysis on
models for the intensity, at least if the censoring, and more generally fil-
tering, is so-called independent. Below we introduce the concept of filtered
counting processes and give the definition of independent filtering, that is
the class of filters that do not change the intensities for subjects at risk at
any point in time. This includes as a special case the definition of indepen-
dent right-censoring, a concept for which there exist various definitions in
the literature. Our treatment restricts attention to the case of independent
counting processes, although all the concepts can be defined more generally.

Consider a multivariate counting process N*(t) = (N7 (t),...,N(t))
adapted to the filtration (F;) and defined on a probability space (2, F, P).
We assume that the counting processes N;(t) are independent such that
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the information accumulated over time
*x n 7%
Fi = Via F

is made up of independent pieces of information F;* for the subjects.
The basic model is that IV has F;/*-compensator A}, where

AX(t,0) = /Ot i (s, 0) ds (3.1)

with # being some parameter of interest. Note that the filtration (F;*) may
carry information about covariates, which may be reflected in the compen-
sator (3.1). As argued above, N* will typically not be fully observable, but
only an incomplete version will be available. The observable part of N} ()
may often be expressed as

t
Nitt) = [ Cils) N7 (o),
0
where C;(t) denotes the ith so-called filtering process
Ol(t) = I(t S AZ)

We require, for simplicity, that the filtering processes are independent
across subjects. The principal example of filtering is right-censoring, where
A; = [0,U;] with U; some random censoring time, that is,

Ci(t) = I(t < Uy). (3.2)

In this case, N (t) is observed only up to the censoring time U;, and is
unknown thereafter.

The filtration F} contains the information on which we want to build
our model. Unfortunately we cannot observe F; fully due to various kinds
of incompleteness as, for example, right-censoring. What we do observe is
recorded by the observed filtration denoted by F;. The objective is now
to find the observed intensity, that is, the intensity A;(¢) of N;(t) with
respect to the observed filtration F;, and making requirements such that
the parameters of the intensity of interest can still be estimated consistently.
We define independent filtering as the situation where the intensity of the
filtered counting process is equivalent to the intensity of the underlying
counting process that is not fully observed, or phrased more explicitly, that
A*(t) = A(t) when C(t) = 1. Our definition is very general and encompasses
the cases of primary interest, namely right-censoring and left-truncation as
well as repeated combinations of these.

Definition 3.1.1 (Independent filtering) Let N* be a multivariate
counting process with compensator A* with respect to a filtration F;*, and
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let C be a filtering process. The filtering of N* leading to the observed
N = [ CdN* generated by C'is said to be independent if the compensator

of N with respect to the observed filtration F; is fot C(s)\*(s)ds. O

The above definition implicitly assumes that C'(¢t)A*(¢) is predictable with
respect to the observed filtration. Note that the expression “the observed
compensator” refers to the probability measure with respect to which things
are considered (observed); we denote this measure by Po. The condition of
independent filtering, for the individual processes, can also be written as

Ci(t)P(ANF (t) = 1| F}_) = Po(dNi(t) = 1| Fi_). (3.3)

The condition states that the probability of a jump for the unobserved
counting processes given full information and the observed counting pro-
cesses are equivalent and thus are unaltered by the filtering, that is, those
subjects at risk and under observation are representative for the entire
sample had there been no filtering.

Example 3.1.2 (Left-truncation)

In the case of left-truncated survival data we observe the lifetime T (as-
suming no censoring) and the truncation variable V only if 7* > V, and
then have Po(:) = P(-|T* > V). Assume that 7™ has hazard «(t) and let
N*(t) =1(T* <t) and C(t) = I(V < t). The observed counting process is
thus

N(t) = /Ot C(s)AN*(s) = I(V < T* < t).

Define
Fi=0(V,N(s): V<s<V+1i),

which corresponds to the observed filtration given that 7* > V. It may be
shown, assuming for example that T* and V are independent, that N(t)
has compensator A(t) = fot C(s)I(s < T*)a(s) ds with respect to F; and
computed under Py, the filtering thus being independent. See Exercise 3.5
for further results. d

Independent right-censoring is defined as independent filtering, where the
filtering processes are of the form

Cilt) = I(t < U)

with U;, i = 1, ..., n, positive random variables.

To check in specific situations whether a given type of filtering is in-
dependent, one needs to compute the intensity of IV with respect to the
observed filtration F;. A useful tool is the innovation theorem, which may
be thought of as a projection of an intensity from one filtration to another
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contained within the first one. Since F; C F; does not hold, we cannot
project from F;. We therefore define an enlarged history G; = VI Gi*
containing both the relevant information F; and the filtering processes.
We also make the requirement that the filtering processes are predictable
with respect to G;. In the case of right-censoring one may take

G =F;Vo(C(s+);0< s <t) (34)

with C(t) = (C1(t),...,Cr(t)) given by (3.2) since these processes are left-
continuous. In most cases we will then have that F: C Gf, but, if this is
not the case, we redefine G; so that it also holds the information carried
by F;. The relations between the different filtrations are thus

f;ggfgfta

but neither F; C F} nor F;" C F; hold. This construction ties in with the
definition of independent right-censoring given by Andersen et al. (1993)
(ABGK) cited below. One may try to generalize the ABGK definition to fil-
tering in an obvious way, but as we shall see later this may lead to undesired
classifications.

ABGK definition of independent right-censoring: Let N* be a mul-
tivariate counting process with compensator A* with respect to a filtration
F;, and let C be a right-censoring process predictable with respect to a
filtration G; O F;. The right-censoring of N* leading to the observed N
generated by C' is said to be independent if the compensator of N* with
respect to the enlarged filtration G; is also A*.

The ABGK condition for independent right-censoring can also be written
as

P(AN7 (1) = L[ F_) = P(dN7(t) = 1|G;2), (3-5)

saying that the probability of a jump in the next small time interval is
unaltered by the extra information about the filtering processes in the case
where we have full information available about the counting processes. This
definition refers solely to the underlying unobserved counting processes,
and requires that the filtering process does not carry any extra information
about the timing of the jumps of the counting process of interest. We give
some examples below to illustrate the use of the definition in terms of its
consequences for the observed processes. The ABGK definition is rather
indirect as it does not directly say anything about the intensity of the
observed counting process. Of course something has been said as one can
use the innovation theorem to compute the observed intensity. Below, in
Proposition 3.1.1, we show that, if C;(¢)A}(t) is predictable with respect to
Fi, then the ABGK condition implies independent filtering as defined in
Definition 3.1.1.
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Proposition 3.1.1 If C;(t) A} (t) is predictable with respect to the observed
history Fi, then the ABGK definition of independent right-censoring im-
plies independent filtering.

Proor. We have the decomposition
Ni(t) = Aj () + M (t),

where M (t) is a local square integrable martingale with respect to Gf
(ABGK condition), and therefore

/c ds+/c ) dM;(s)

/)\ )ds + M;(t),

where M;( fo M (s) is a local square integrable martingale
with respect to G{ since C (¢ ) is G; -predictable and bounded. From this,
it is seen that N;(¢) has the intensity process C;(t)A; (t) with respect to
G{, and therefore also with respect to F; by the innovation theorem (2.12)
since C;(t)A; (¢) is assumed predictable with respect to F. O

Filtering processes that are independent of the underlying counting pro-
cesses may not lead to independent filtering as seen in the following ex-
ample. If the ABGK definition is generalized to general filtering (replace
right-censoring by filtering in their definition), this may lead to an unde-
sired classification as in the below example.

Example 3.1.3 (Dependence on the past)

Consider a counting process N*(t) with intensity A\*(¢) = max(N*(t—),5).
We filter the process by the indicator C'(t) = I(t > V') where V is a stochas-
tic variable independent of N*. Owing to the assumed independence, this
type of filtering is independent according to the ABGK definition (gener-
alized to filtering). However, whether or not it is classified as independent
filtering according to Definition 3.1.1 depends on the observed filtration.
Consider two types of possible recorded information

Fi=0(V,N*(s) = N*(V),N*(V);V <s <V +1), (3.6)
Fi=0(V,N*(s) = N*(V);V <s <V +1t). (3.7)

the difference being that in (3.6) we observe N*(V) while this is not
recorded by (3.7). The intensity of the observed counting process N(t) =
fo $)dN*(s) can be computed using the innovation theorem:

Alt) = E(CON (0| Fi-),
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and is equal to C'(¢t)A*(¢) if (3.6) is the actually recorded information. If,
however, (3.7) is the recorded information, so we do not observe N*(V),
then the observed intensity differs from C(¢)A\*(t) and we do not have inde-
pendent filtering in that case! So when the intensity depends on the past of
the counting process (or possibly covariates), this type of filtering may lead
to an observed intensity different from the one of the underlying counting

processes N*. We also refer the reader to the discussion in Andersen et al.
(1993), p. 163. d

We now consider the special case of right-censored survival data in the
following example.

Example 3.1.4 (Right-censored survival data)

Let T* denote the survival time of interest and put N*(t) = I(T* < ).
Assume that the distribution of T* is absolutely continuous with hazard
function af(t). As we have seen earlier the counting process N* then sat-
isfies the Aalen multiplicative intensity model

N (L,0) = o’ ()Y (t)

with respect to F; = FN", where Y*(t) = I(t < T*) is the at risk indicator.
Let U denote the censoring time, which is assumed independent of the
failure time. If the filtration F; also contains information about covariates,
then one may relax the above independence assumption to a conditional
independence assumption given the covariates. We only observe the failure
time T if it exceeds the corresponding censoring time U, and information
about this. We thus observe

T=T"ANU and A=I(T<U).
The independent censoring condition of ABGK (3.5) then reads
PE<T* <t+dt|T*>t)=Pt<T"<t+dt|T*>t,U>t) (3.8)

and is equivalent to (3.3), which is seen to hold due to the assumed in-
dependence. By the way, condition (3.8) is often taken as the definition
of independent right-censoring; see, for example, Fleming & Harrington
(1991) p. 27. The observed filtration under the considered filtering is given
by

Fi= a((N(s), Y (s+));0 < 5 < 1),

Y(t) =C@)Y*(t) and C(t) = I(t < U). Since we have independent filter-
ing, the observed counting process N (t) has intensity process

At 0) = a® ()Y (t) (3.9)
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with respect to F;. It is seen from (3.9) that the multiplicative intensity
structure is preserved and the deterministic part is unchanged. The only
difference is that the at risk indicator Y*(¢) = I(t < T') is replaced by the
observed at risk indicator Y'(t) = C(t)Y*(t) = I(t <T A C). Therefore, as
we shall see in the subsequent section, to do maximum likelihood estimation
for right-censored survival data, assuming that the right-censoring does not
carry information about the parameters of interest, one should simply use
the observed intensity in the computations. O

The right-censoring may depend on covariates as long as the condition
is satisfied conditional on these covariates. We give the details for this in
the case of independent survival data for simplicity.

Example 3.1.5 (Right-censoring depending on covariates)

A somewhat surprising result is that censoring depending on covariate val-
ues is independent as long as the covariate(s) influencing the censoring is
included in the statistical model. That is, we use a filtration also carrying
the information generated by the covariate(s). In the melanoma example,
it would for instance be independent censoring to censor each year the
oldest patient still at risk as long as we include age in our model, as was
also pointed out in Andersen et al. (1993). We now give a formal proof
assuming for ease of notation that the covariate is one-dimensional. As-
sume we have n independent subjects and let X; denote a one-dimensional
bounded covariate (age at entry) for the ith subject, i = 1,...,n. Fur-
ther, let N*(t) = (Ny(¢),...,N}(t)) where Nf(¢t) = I(T} < t), and let
FN" = 6(N*(s);0 < s < t) and F* = o((X1,...,X,)). We assume that
N* has F} = (FN" V F?®)-compensator A*, where

ANE) = /O Ni(s,0) ds

with
Ni(t,0) = Y7 (o] (t,X0), Y7 () =1(t < T)).

Define U; = min{j € N : Y;(j)(X; + j) = maxy (Y (j)(Xr + j))}, where
Yi(t) = I(t < T; AUj;), that is, the ith patient is censored the first year
he or she is the oldest among those still at risk. Let G = F; V F}* where

#=0(C(s+);0 < s <t), C(t) = (C1(t),...,Cn(t)) with Ci(t) = I(t <
U;). Since the censoring is deterministic when we have conditioned on
(X1,...,Xp) there is no extra randomness in G; compared with F;* and
therefore the compensator of N;*(t) with respect to G; is also A}(¢). Since
Ci(t)A:(t,0) = Y;(t)al (t, X;) is predictable with respect to the observed fil-
tration, it follows that the filtering induced by this type of right-censoring
is independent. Note, using the innovation theorem, that the intensity with
respect to F{¥~ (omit conditioning on the covariate) is:

BN (1,0)| FY) = Y7 (DBl (X)) | T: > t) = Y (Halt),

7
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say. The intensity of N;(t) with respect to the observed filtration F; that
does not hold information about the covariate is

E(Ci(t)A;(t,0) | Fy) = Y;()E(QS (t, X;) | T; > t,U; > t) (3.10)

using that the censoring fulfills the ABGK-condition of independent cen-
soring when we do condition on the covariate. Since the censoring carries
information about the covariates, (3.10) differs from Y;(¢)a(¢), and the cen-
soring is therefore dependent if we do not include the covariate in the model!

O

Example 3.1.6 (Simple and progressive type I censoring)

Simple type I censoring where all U; are equal to a deterministic fixed
time point ug is independent since no extra randomness is introduced by the
censoring, leaving the compensator unchanged. Progressive type I censoring
refers to a situation often encountered in clinical studies where patients are
enrolled over (calendar) time with separate entry times W;. At entry a
treatment is applied and the life time T; since entry is then of interest.
Suppose the study is closed at time ¢y such that we only observe, for each
subject, T; A U;, I(T; < U;) with U; = to — W;. This is called progressive
type I censoring. If we include the entry times in the filtration, then this
censoring is deterministic and therefore independent. If the entry times are
not included in the filtration but have an impact on the failure times, this
censoring is dependent. O

Example 3.1.7 (Missing covariates. Complete case analysis)

We consider n independent subjects and let X;(t) = (X (¢),. .., Xip(t)),
i =1,...,n, denote a p-vector of bounded covariates for the ith subject.
The covariate processes are assumed to be right-continuous and we put
F = o((X1(5).-. . Xa(8)):0 < 5 < 1). Let N*(t) = (Ni(b)..... N3 ()
denote a multivariate counting process where N (t) = I(T; < t). Assume
that N* has (FN~ V Ff)-compensator A*, where

t
AX(t,0) = / i (s, 0) ds
0

with
A (t,0) = Y (H)af (8, Xi(t=)), Y (t) = I(t < T).

Suppose that some of the covariates may be missing from a certain point
in time and onwards, and that the individual is withdrawn from the study
if that happens, that is, the individual is censored at that point in time.
One may ask whether or not this “complete case analysis” leads to inde-
pendent censoring. The answer is that the generation of missing values in
the covariates is allowed to depend on the past and present but not on the
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future. The result is formulated below in the case where we assume that
no additional censoring takes place, but can also be obtained in the case
where we also have ordinary independent right-censoring.
Let
H;;(t) = I(X;;(t) is available), j=1,...,p,

and
Hio(t) =I(H;;(t) =1forall j=1,...,p).

Define right-censoring times U; caused by the incomplete covariate mea-
surements by

Ui =inf{t >0: Hij(t) =0 and Y;(t) =1},

with the convention inf{@} = co. The probability of missing some compo-
nents of X; (say X/) is allowed to depend on X/, so-called non-ignorable
non-response (NINR); see Little & Rubin (1987). Let

CH(t) = (CY (1), ..., Cr(t))
denote the filtering process defined by C}(t) = I(t < U;), and let
Fi=0(C"(s+);0<s<t).

It may be shown (Martinussen, 1997) that the right-censoring caused by
C" is independent if the following conditional independence condition is
fulfilled:

VBeF': PB|FN VF)=PB|FN VF?) as. (3.11)

on D! = (T; > t), i = 1,...,n. The intuition behind (3.11) is that the
generation of missing values in the covariates is allowed to depend on the
past and present but not on the future as mentioned earlier.

If the covariate is time-independent and one-dimensional we have

U = 0 if X; is missing
’ 400 otherwise

and the censoring corresponding to the complete case analysis is hence
independent if

for some parameter ¢. Therefore, despite that X; may be missing NINR,
the parameters describing the relationship between the failure time and the
covariate are estimated consistently when the probability of having missing
covariate information only depends on the covariates themselves. An un-
derlying assumption is of course that it is possible to estimate consistently
in a complete data analysis (full covariate information), that is, the model
should be correctly specified in the first place. O
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3
1
L)

Subject number

Time

FIGURE 3.1: Left-truncation: Subject 1, 3 and 4 are at risk from time V' =4
and onwards. Subject 2 and 5 are never included in the sample since only
individuals with event times larger than V are included. Left-censoring:
Subject 1, 3 and 4 are at risk from time V' = 4 and onwards. For individual
2 and 5 it is only known that the event time is smaller than V.

The second most important type of incomplete information for counting
processes data, and failure time data in particular, is left-truncation. A
failure time T™* is said to be left-truncated by the (possibly random) V if
we only observe T™* conditionally on T* > V, see Figure 3.1. If time to
miscarriage is to be studied and a sample of pregnant women is recruited
at a certain point in time (the period that they have been pregnant may
vary from woman to woman) and followed on in time, then we have a
sample of left-truncated waiting times as it is known for these women that
the time to miscarriage (if it ever happens) is beyond the period they have
been pregnant at the sampling date. We define left-truncation for counting
process data similarly, but for the concept to be of value and leading to
independent filtering one needs to condition on past performance of the
counting process. This simplifies for the failure time data case with time-
invariant covariates, where the past information about the counting process
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reduces to information about the subject being still at risk, whereas in the
general counting process case one needs to condition on all relevant parts
of the history to obtain independent filtering.

We define left-truncation as filtering with respect to the observed prob-
ability measure that is conditional on past information and with filtering
processes on the form

Ci(t) = I(t > V;),

where V; are random variables for ¢ = 1,...,n. The requirement for inde-
pendent filtering in this case reads

Ci(DNL(L) = Po(dNi(t) = 1|F)).

Owing to the repeated conditioning argument, this condition will be true if
the observed filtration contains the relevant information about Af(¢) from
the truncation time and up to time t.

Example 3.1.8 (Left-truncated survival data)

Recall that N*(t) = (Ny(t),..., N} (t)) is adapted to the filtration (Fy)
and where we in the failure time data setting can define N*(t) from i.i.d.
failure times T7, ..., T such that N} (t) = I(T;* < t). The basic model is
that N* has (F;)-compensator A* with respect to a probability measure

P where .
A*(t,@):/ A (s,0)ds
0

with 6 being some parameter. In addition to the survival times we are
also given i.i.d. truncation times Vi,...,V, such that T; > V;. The most
important difference from the right-censoring case is that events are seen
conditional on the truncation event.

We start by noting that the observed counting processes can be written
as

Ni(t) = / Ci(5) AN} (s),

where C;(t) = I(t > V;).

Independent filtering is somewhat more complicated in this setting be-
cause the relevant probability measure is conditional on the event A =
Ni=1,...»(T; > V;). To check for independent filtering we therefore have to
validate that

Ci)PE<T!<t+dt|F )=Po(t <T}<t+dt|Fi), (3.12)
or that

Ci)PH<T! <t+dt|T; >t)=Pt<T; <t+dt|T; >t,TF >V, V).
(3.13)
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Condition (3.13) simply states that being included in the study after time
V; should contain no information about the intensity at any point in time
where the subject is at risk.

There is an equivalent condition in the case of general counting process
data, but it is important to point out that the conditioning should include
all relevant information from the past of the observed counting processes
in addition to the truncation variable for the left-truncation to lead to
independent filtering. Therefore one would typically need to condition on
the behavior of the process prior to it being included in the study, and this
would often constitute a practical problem.

In the case of i.i.d. survival data that we consider here, however, things
simplify because the only relevant information about the past is contained
in the fact that the subject is at risk, and the independent filtering condi-
tion (Definition 3.1.1) is fulfilled even though an unconditional probability
measure is used when the at risk indicator is defined as

Yi(t) = Ci(t)Y;*(t) = I(T; > t,t > V).
Using the observed intensity for inference it is seen that the individuals
are at risk from their (individual) truncation time and onwards. This is
referred to as delayed entry . O

Right-censoring and left-truncation will often be combined in survival
studies. This corresponds to a filtering process on the form C;(t) = I(V; <
t < U;) and where the intensity is observed subject to the information
contained in .7-"{}‘

Example 3.1.9 (Left-censoring and current status data)

Left-censoring occurs when observation of the primary outcome (e.g. time
to failure) is prevented by some lower limit V; for the ith unit, see Figure 3.1.
The filtering processes in this situation are also given by C;(t) = I(t > V;),
i = 1,...,n. Left-censoring is frequently encountered in bioassays due to
inherent limit of detection of the response of interest; see, for example,
Lynn (2001) for an example of left-censored plasma HIV RNA data. If the
filtering induced by the left-censoring is independent and the basic model is
an Aalen multiplicative model, then the observed ith intensity is Y;(t)a? (¢)
with Y;(¢t) = I(V; < t <T}), and inference based on the observed intensity
will be valid, but clearly not efficient as the left-censored units are not used
at all in the analysis. If the left-censored units are not used in the analysis,
then one should use the left-truncated version of the complete observa-
tions induced by the observed at risk indicators; otherwise one introduces
a length-bias as higher observations are selected for analysis (by excluding
the low ones). Usually, for such data, more traditional parametric likelihood
based analyses are applied using all available information.
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An observation scheme more often encountered in survival analysis is
the so-called current status data. Such data arise when the only knowledge
about the failure time is whether the failure occurs before or after a (ran-
dom) monitoring time. For instance, in carcinogenicity experiments, where
one is interested in time to tumor onset, one only knows at the time where
the animal is sacrificed whether or not tumor is present. Current status
data are examined in Exercises 3.10 and 6.9. O

One aspect of interest in AIDS studies is the time from infection (HIV)
to outbreak of clinical AIDS. When following prospectively a cohort of
infected individuals, the problem arises that the time at first infection of
the individuals is unknown as they were all infected prior to the start of
follow-up. This is a so-called prevalent cohort (Brookmeyer & Gail, 1987),
and here it is not possible to apply the delayed entry technique since the
time origin is unknown.

3.2 Likelihood constructions

Consider a counting process N* adapted to a filtration (F;) leading to the
intensity A*(t). Denote the ith jump time of N*(t) by 7 and let 7;* be
infinity if N(t) does not make ¢ jumps. For convenience we let 75 = 0. The
compensator A*(t) = fot A*(s) ds makes M* = N* — A* into a (local square
integrable) martingale. We think of the intensity as being on a parametric
form such that A*(t) = A*(¢,0), but do not make the notation explicit.

The likelihood function for a counting process observed up to time ¢ is
given as

L(0,) = HA*(T;) exp(—/ot)\*(s)ds)
_ H exp(~ / X-(s)ds)N*(77) b exp (— / . A*(s)ds) -

(3.14)

Equation (3.14) gives the intuition behind the likelihood function; each
term contributes the probability of experiencing no events between [7;* ;, 7|
and then experiencing an event at time 7;° all conditional on the past of the
process, and with the last term specifying the probability of experiencing
no events from the last jump time to the end of the observation period
conditional on the past of the counting process. The likelihood function is



3.2 Likelihood constructions 63

proportional to

L(0,t) = [] dA*(7}) p exp (- /O t dA*(s)>

_ E[[{;A*(s)}”*(s) exp (— /O t dA*(s)) . (315)

where AN*(t) = N*(t) — N*(t—). We shall see later that (3.15) is a con-
venient form of the likelihood to work with.

For a multivariate counting process N* = (N7, ..., N}) with intensity
process A* = (A},..., A;), the likelihood function reads

¥ AN (s ex—t*ss
~ T mlum»

h s<t

where A (s) = >, Aj(s). The log-likelihood function up to time ¢ for a
multivariate counting process can be written elegantly as

1(0,1) = log(L(6, 1))
_ZU log( A (s )dN,*;(s)—/OtAZ(s)ds},

thus implying that the score process has the form (assuming that the deriva-
tive may be taken under the integral sign)

8

_ZU g 108N () dNG: (s /aexk ]

The score evaluated in the true parameter value, 8y, can then under weak
regularity conditions be written as

U (6.1 Z/%MM)WM)

thus being a martingale 1f 0 log(A5(t)), h =1,....,k, are locally bounded
and predictable. In the above display,

Mh( / )\hueo

Given i.i.d. observations of counting processes N/ (t), ¢ = 1,...,n, the

U(o,t) =

maximum likelihood estimate  is computed by solving

2 (0,1) Z/aelog)\* )dN; (s /89 =0.



64 3. Estimation for filtered counting process data

Under regularity conditions, n'/ 2(@ — 6p) is asymptotically normal with
variance

T (6o,1), (3.16)

where the j, k-element of the information matrix Z is given as the mean of
the second derivative of minus the log-likelihood evaluated at the true 6,
that is the j, k-element is

62
90,00,
evaluated at . The information matrix may be estimated consistently by
the observed information I(6,¢) with elements

n t 82 t 82
. =_n1 * * *
Lu(0.) = =0~ | a6.96, BN AN + [0 xi(s) s

Zjk(6,t) = E( In(0,1)),

evaluated in é, or by the optional variation process with elements
L
a * *
0,910 = 3 [ (g 0B ()72 ani (o)
i=1

also evaluated in 6. Recall that for a p x 1 vector a, a®? = aa”. Additional
details can be found in Borgan (1984).

As mentioned in the previous subsection one usually only observes an
incomplete version of the underlying counting process N* due to filtering
with the prime example being right-censoring. If the filtering is independent
(see Definition 3.1.1), then it is still possible to apply likelihood techniques
for inference using expression (3.15) with A* replaced by A = CA*:

10,5 = T \()} exp( /0 A(s)ds) (3.17)

T <t

corresponding to that we observe N, and where the 7;’s denote the jump
times of the observed counting process. The observed information will of-
ten, however, be larger than that generated by the filtered counting process
and, in that case, the expression (3.17) is referred to as a partial likelihood.
For example, in the case of right-censored failure times, the full likelihood
also contains terms adhering to the censoring variables, and (3.17) will in
that case only be the part corresponding to the right-censored failure times
(Exercise 3.6). If the partial likelihood is equivalent to the full likelihood,
meaning that the omitted part does not depend on the parameters of in-
terest, then the filtering is said to be noninformative. If we also have infor-
mation on covariates, then the considered likelihood function is conditional
on the covariates.

The following example develops the partial likelihood for right-censored
survival data.
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Example 3.2.1 (Partial likelihood for right-censored survival data)

Consider a survival time T, a right-censoring variable U and let A =
I(T < U) be the censoring indicator and define T' = T* A U. Denote the
hazard function of the survival time by «(t). If the filtering induced by
the right-censoring is independent, then the partial likelihood (3.17) of the
filtered counting process is

L(,00) = a(T)? exp(—/0 a(s)ds).

The following example considers left-truncated survival data.
Example 3.2.2 (Partial likelihood for left-truncated survival data)

Consider a survival time 7* with hazard function a(t) and a left-truncation
variable V', such that we only observe T* conditionally on 7* > V. In the
case of independent filtering the partial likelihood related to the survival
time conditional on being observed is given as (ignoring the dt-term)

a(t) exp(— fot a(s)ds)
exp(— fOV a(s)ds)

—a(t)exp(~ [ a(s)ds)

14

P(T* elt,t+dt)|T* >V) =

which is equivalent to the expression (3.17) for the filtered counting process.
O

Almost all survival data will be right-censored so left-truncation is typi-
cally not present alone. The partial likelihood in the case of right-censored
and left-truncated survival data is considered in the next example.

Example 3.2.3 (Left-truncated and right-censored survival data)

Consider a survival time T* with hazard function «a(t), a left-truncation
variable V| and a right-censoring variable U. We observe T'=T* A U and
the censoring indicator A = I(T™* < U) conditionally on T* > V.

If this filtering induced by the censoring and truncation is independent,
then the partial likelihood of the filtered counting process is

T

o(T)™ exp(— / a(s)ds).

v
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Example 3.2.4 (Exponential distribution)

If the survival time 7™ has constant hazard A, then T* is exponential
distributed with mean 1/\. Assume we observe in the time interval [0, 7] and
that we have independent right-censoring by U = U* AT with U* a positive
random variable. The observed counting process N(t) = fg Y (s)dN*(s)
then has intensity Y (¢)A, where Y (t) = I(t <UAT*) and N*(t) = I(T* <
t). The score function is

U()\):/ 1dN(t)—/ Y(t)dt:A—T,
0o A 0 A
where T =T* AU and A = I(T =T%*), and

I(\) = 2
With n i.i.d. observations from this model, the maximum likelihood esti-

mator of A is therefore A

——
T.
which is the ratio of number of events (occurrences) A. = Y | A; and the
total at risk time (exposure) T. = > T;. The standard error is estimated
consistently by
( A.)1 /2
T.

0

The following example deals with the case where the intensity is piecewise
constant. It thus generalizes the results of the previous example and gives
important intuition about intensity estimation.

Example 3.2.5 (Piccewise constant intensities)

Consider a filtered counting process N (t) adapted to a filtration (F;) lead-
ing to the intensity A(t). Let ag = 0, a1, ..., ar, = 7 be an increasing sequence
of numbers such that the sets 4; = [a;—1,a;], | =1,.., L partition the inter-
val [0, 7]. We assume that the intensity is piecewise constant and is defined
by

L
At) =Y ()> NI(te A,
=1

where Y'(¢) is an at risk indicator, and we now wish to estimate the positive
parameters \;, [ =1,.., L. For left-truncated (with truncation time V') and
right-censored (with censoring time U) survival data with survival time T
the at risk indicator equals Y (t) = I(V <t < U)I(T* > t).
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We assume that n i.i.d. counting processes are observed over the obser-
vation period [0, 7], and denote the ordered jump-times of the ith counting
process by 7i;, j =1,...,N;(7). Let € = (A1,...,Ar). The likelihood func-
tion is

Lo,71) = H{ H A(7i5) }exp(— / Ai(s)ds)
i T <T
L
= H At exp(—NEy),
=1

where

Oy :Z/ dN;(s ZI 7ij € la-1, @),

In the above display, O; is the number of events (occurrences) and Ej is the
total at risk time (exposure) in the interval [a;_1,a;]. The log-likelihood
and the /th component of the score function equals

L
) =Y {Olog(\) — NEi},

1
UZ(Q,T):Ol —El,
Al

respectively. The maximum likelihood estimate is thus

« O,
A= )
E,
which is the occurrence/exposure rate for the Ith interval. The derivative
of the score equals
O
diag(—
a( )\lz)
and the inverse of the observed information can thus be estimated by

2

A
diag( !

O,
Oy ) = diag(

EQ)
The abymptotlc variance of n1/2()\l A1) is therefore estimated by O;/E?.
Note that /\1, .. /\ 1 are asymptotically independent.

It is Standard procedure to consider the log-transform of the rates as a
means of improving the normal approximation to the small sample distri-
bution of the estimates. With p; = log(\;),

n'2(fy — )
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is asymptotically normal with zero-mean and a variance that is estimated

consistently by
1

Oy

using here for example the delta-method, see Section 2.5. O

Example 3.2.6 (Weibull distribution)

Consider the setup from Example 3.2.4, but so that T follows a Weibull
distribution yielding the hazard function

oa*(t) = Ay(A) 1

with A,y > 0. The exponential distribution is obtained by taking v = 1.
The score equations (based on one observation) for the two parameters are

v

T amy =0, A(i +1og(AT)) — (AT)” log(AT) = 0.

that needs to be solved iteratively. Note that

/ o (s) ds = ()

so that the log-cumulative hazard function is linear in log(t). If a (p-
dimensional) covariate, X, is present, one may use the Weibull regression
model that has hazard function

My(A) P exp(XT ), (3.18)

where the 3 denotes the regression parameters. An individual with the zero
covariate thus has the baseline-hazard function on the Weibull form. The
hazard (3.18) may be written as a so-called proportional hazards model

Xo(t) exp(XT3),

where Ag(t) is an arbitrary unspecified baseline hazard. For proportional
hazards, the covariates act multiplicatively on the baseline hazard. Propor-
tional hazards models are described in much detail in Chapter 6. Another
type of model is the accelerated failure time model, where the hazard has
the form

Xo(exp(XT9)t) exp(X T ¢)

using ¢ to denote the regression parameters. For this model the covariates
act multiplicatively on time so that their effect is to accelerate or decelerate
time to failure relative to Ag(¢). We return to this model in Chapter 8. By
writing (3.18) as

Ny (exp{XT(8/7)}t)" " exp{XT(8/7)},
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T T T T T T
5.5 6.0 6.5 7.0 7.5 8.0

log(days)

FIGURE 3.2: Melanoma data. Straight line estimates of log Nelson-Aalen
curves for males and females based on Weibull regression model.

the Weibull model is also an accelerated failure time model with ¢ = 3/7,
see also Exercise 3.7.

Let us fit the Weibull regression model to the melanoma data using sex
as explanatory variable. This may be done in R using the function survreg.

> fit.Wei<-survreg(Surv(days,status==1) “sex,data=melanoma)
> fit.Wei

Call:

survreg(formula = Surv(days, status == 1) ~ sex)
Coefficients:

(Intercept) sex

9.1156248 -0.6103966
Scale= 0.9116392
Loglik(model)= -564 Loglik(intercept only)= -567.2

Chisq= 6.29 on 1 degrees of freedom, p= 0.012
n= 205
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The estimates reported by R are those estimating the parameters in (3.24)
(Exercise 3.7) so 3 = 0.6104/0.9116, 4 = 1/0.9116, and A = exp(—9.1156).
Figure 3.2 displays the log of the Nelson-Aalen estimators (computed for
each sex) and plotted against log time. The straight line estimates are
obtained using the above estimates from the Weibull regression. It seems
that the Weibull regression model gives a reasonable fit to the melanoma
data when we only include sex as explanatory variable O

3.3 Estimating equations

In some cases, it turns out that the likelihood score equations may be
hard to use if not impossible. Therefore, rather than basing estimation
on the likelihood, one may instead establish various estimating equations
based on the observed counting processes. Let N;(t) be a (possible filtered)
counting process adapted to a filtration F} leading to the intensity \;(t), i =
1,...,n, such that the counting processes are independent and identically
distributed. As in the previous sections we think of the intensity as being
on a parametric form such that A;(t) = X\;(¢, ).

To estimate 0 one may compare the counting process N;(t) with its com-
pensator A;( fo (s,60) ds keeping in mind that the difference between
the two is a (local square mtegrable) martingale with zero-mean. Formally
one may consider the estimating equation

Uo,t) = Z/o Wi(s,0)D;(s,0)(dN;(s) — A\i(s)ds) =0, (3.19)
where
0
D;(t,0) = 89)\i(t’9)

and W;(t,0) is some weight function. Because of the martingale property,
this estimating equation will have mean zero when evaluated in the true
parameter, fy. Note also that the estimating equation having zero-mean
only requires that W;(t, ) and D;(t,0) are predictable and locally bounded
processes.

The estimating equation (3.19) looks a lot like the score function that
was equal to

Z/ o7 108N (5)) (dNi(s) = () ds),

and the two are equivalent when W;(t,0) = 1/X;(t,0). -
Under regularity conditions it follows that the solution to U(6,t) = 0, 0,
is asymptotically normal such that n'/2(# — ) converges in distribution
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towards a multivariate normal distribution with zero-mean and variance
given by

“H(t,00)V (t,00) 1 (2, 00), (3.20)

where

1(t,09) = B(— /0 Wi (s, 00) DE2(s, 0y)ds) (3.21)

is the mean of —9U (,t)/060 evaluated in 6y and

t 90 / W2 S 90 (S 00) ( )ds) (322)

is the variance of U(fo,t). Note that the formula simplifies when W;(t) =
1/Xi(t) (the maximum likelihood case) where I(t,0y) and V (¢, 0p) are equal.

The above quantities defining the variance may be estimated by plugging
in the estimated # and using the i.i.d. structure. The mean of the deriva-
tive of the estimating equation is estimated consistently by the observed
information

10) = - *1Z/W50D®2(50)

The variance of the score can be estimated consistently by the observed
second moment

nooet
Z/ W2(s,0)D®?(s,0)\i(s,0) ds,
or by the optional variation process with elements
n t B B
> [ W 8)DF s, ai(o)
or by a robust estimator
n t _ _ _
S Wil O)Di(s,B)AN:(s) — Ao, ) s}
i=1 70

The structure of these estimating equations are very useful and used
for essentially all models considered in Chapters 5, 6 and 7 on regression
models for survival data. None of these models are purely parametric but
luckily it turns out that the estimating equations can be extended to deal
with both nonparametric and semiparametric models. A general treatment
of estimation and inference in semiparametric models is given by Bickel
et al. (1993).
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We here consider the basic principles in developing a score function that
may be used for semiparametric intensity models and focus on the par-
ticular situation where the nonparametric terms are unspecified functions
of time. To give a simple exposition we focus on the situation where the
intensity is additive. Based on this special case we develop some impor-
tant heuristics that lead to useful efficient score equations for all models
considered in this monograph.

Consider the additive hazard model suggested by Aalen (1980), where

Xi(t) = Yi(6) X[ (1)(), (3.23)

where X;(¢t) = (X;1(t), ..., Xip(t)) is a p-dimensional predictable covariate,
Y;(t) is the at risk indicator, and 8(t) = (B1(t), ..., Bp(t))T is a p-dimensional
regression coefficient function of locally integrable functions. We deal with
this in detail in Chapter 5. To estimate the infinite-dimensional parameters
of this model, one considers all parametric sub-models of the form §(t) =
Bo(t)+nb(t), where 1 is one-dimensional parameter and b is a given p-vector
of functions, and look for an estimator that makes all scores with respect
to 1 equal to 0, see Sasieni (1992b) and Greenwood & Wefelmeyer (1990).
The estimating equation then reads

Ut =3 / Wi(s,m)Di(s, ) (dNi(5) — Ai(s) ds),
=1

where
Di(t,n) = Y;(t) X[ (1)b(1)

and where we ignore the precise choice of W;(t,n) for now and set it to 1.
As noted earlier W;(t,n) = 1/X;(t) makes the estimates equivalent to the
maximume-likelihood estimates. Then the score equation reads

Un,t) = Z/O Yi(s) X (5)b(s)(dNi(s) — Yi(s) X[ (5)B(s)ds)
i=1

and should equal zero for all choices of b(t) (within a class of suitably
regular functions). For the estimating function to equal zero for all choices
of b(t) it follows that the increments must equal zero, that is

n

Y V)X ()(dNi() - Vi) X[ (1)B(t)dt) = 0.
i=1

With B(t) = fOt B(s)ds, we solve the score equation to obtain

n

dB(t) = (zn: Vi) X (0)Xi(6) ™ Y Yi(t) X (£)dNi(1),
i=1

i=1



3.3 Estimating equations 73

or

n n

B(t) :/0 (D Yi(s) X ()Xu(s) 71 Y Yils) X (s)dNi(s).

i=1 i=1

It is relatively straightforward to develop the large sample properties of
this estimator, see Section 5.1.
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3.4 Exercises

3.1 (Continuation of Example 3.1.4)

(a) Show that the independent censoring condition of ABGK (3.5) re-
duces to (3.8) in the case of right-censored survival data as described
in the example.

(b) Assume that T and U are conditionally independent given an ex-
planatory variable X, and that the distribution of 7* and U depends
on X. Show that the right-censoring induced by U is independent.

(¢) Assume that T* and U are conditionally independent given X, but
that we never observe X. So N*(t) has intensity A*(¢) with respect
to F; = FN". Is the filtering of N*(t) generated by U independent?

3.2 Let Tl,;. ,Tp, be iid. finite lifetimes with hazard function a(t).
Assume that T; is right-censored at time U;, where

Up=o00, Ui=Ui-1ANTj_1,i>2.
We thus observe T; = T; AU; and A; = I(Ti <U;),i=1,...,n.
(a) Show that this censoring is independent.
Let Ty =Ty A+ AT

(b) Compute the Nelson-Aalen estimator A(t) for estimation of A(t) =

fot a(s) ds on the set where Tjy) = T1.

(¢) Show that T}, is observed if and only if T}, = T(l).
(d) Can the situation arise where all T1,...,T, are observed?
(e) Show that Ty A--- T}, = T(l) and that A(t) always jumps at T(l).

(f) Compute the jump size of A(t) at T(l).

3.3 (Progressive type II censoring) Let T™ be a lifetime and X a covari-
ate vector such that the hazard of T*, conditional on X, is a(t; X). Let
(17, X1), ..., (T}, X,) be n independent copies of (T*, X) and let ..., 1,
be some given integers such that ry 4 - - - 7,, + m = n. We consider the life-
times 17, ..., T, as the failure times of n units. The progressively type 11
censored sample is obtained in the following way. Let T{;) denote the first
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failure time. At time 7y we remove (censor) at random 7 units. We de-
note the second observed failure time by (), and at that point in time we
remove at random ro surviving units. This process continues until, at the
time T{,,) of the mth observed failure the remaining surviving units are
removed. Let I; denote the set of numbers of the units censored at time
T(;) and the number of the unit failing at time T(;), i =1,...,m.

(a) Argue that the observed filtration is
Fi=o{(Tuy, ;) :i <mand Ty < t}, t>0.
Let T; = T if i € I, and put A; = 1 if T; is an observed failure time, and
A; =0 otherwise. Let N;(t) = I(T; <t,A;=1),i=1,...,n.
(b) Show that N;(t) has intensity
N(tX) = I(t < Ta(t; X)

with respect to F%, that is, the censoring is independent.

3.4 (Failure intensity depending on censoring value) Let T* be a failure
time and put N*(t) = I(T* < t). Suppose that the filtering of N*(t) is
induced by C(t) = I(t < U), where U is a positive stochastic variable with
density f. As usual we let T'=T* AU denote the observed waiting time.
Assume that

B(AN*(t)|Gr) = I(t < T*)(C(t)as (t)dt + D()R(U)az(t)dt),

where G} is defined by (3.4), o1 (¢) and az(t) are to deterministic functions
D(t) =1—C(t), and h is some function.

(a) Compute the intensity of N* with respect to F;. Is the censoring
independent according to the ABGK definition?

(b) Compute the intensity of N with respect to F;. Is the censoring in-
dependent according to Definition 3.1.17

(¢) Is the classification of the considered censoring depending on which
definition that is used?

3.5 (Left-truncated survival time) Let the survival time T™* be left-truncated
by the random V and consider the setup described in Example 3.1.2.

(a) Show that this filtering is independent if the conditional density (as-
sumed to exist) of (T*, V) given T* > V may be written as f(t*)g(v)
for t* > v.



76 3. Estimation for filtered counting process data

Assume from now on that T and V are independent or that the condition
in (a) holds.

(b) Let 7 = o(I(V < s),I(V < T < s):s <t). Show that N(¢) has
compensator A(t) with respect to F; when computed under Po.
(c) Let
Fr=cV,IV<T<s),IT>V):V<s<V+1t).

Show that N(t) has compensator A(t) with respect to F; when com-
puted under P or Pp.

3.6 (Right-censoring: full likelihood function) Let (T3, A;), i =1,...,n,
be independent replicates of (T, A) described in Example 3.1.4, and assume
the distribution of U is absolute continuous with hazard function pu(?).
Define

n n

N@t)=) I(T;<t,A;j=1) and Y(t)=>» I{t<T).

i=1 i=1

(a) Show that the likelihood function based on observing (T3, A;), i =
1,...,n, can be written as

H {ae(Ti)Aief JoFi o () dt} H {M(Ti)lfAie*foTi wu(t) dt} )

(b) Show that the expression in (a) is proportional to the partial likeli-
hood (3.17) defined from N.

(c) Assume that pu(t) = Baf(t) (Koziol-Green model). Show that the
censoring is now informative, but that the estimator, é, obtained by
maximizing the partial likelihood defined from N is still consistent.
Derive its asymptotical distribution.

(d) Show, under the assumption of (c), that A is ancillary for 6.

3.7 (Weibull regression model) Let T have hazard given by (3.18).
(a) With Y = log(T*), show that
Y =a+ 87X +oW, (3.24)

where a = —log()\), 0 = 771, 3 = —of3, and W has the extreme
value distribution:

P(W > w) = exp(— exp(w)).
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(b) Based on the Weibull regression fit, estimate the survivor function
P(T* > t) for the melanoma data for males and females, and give
the associated 95% pointwise confidence intervals.

(c) Make the plots of the estimated survivor functions and their confi-
dence intervals.

3.8 (Gompertz distribution)  Let T* be a survival time with hazard func-
tion

At) = vt (3.25)
with p,v > 0. This distribution is called the Gompertz distribution. For

v < 1, the hazard is decreasing with ¢ and it does not integrate to co, that
is, there is positive probability of not experiences the event under study.

(a) If' Y has a log Weibull distribution truncated at zero, then show that
Y has a Gompertz distribution.

(b) Derive the score equations for (u,v) based on n ii.d. right-censored
(independent censoring variables) survival times that follow the Gom-
pertz distribution, and give a consistent estimate of the asymptotic
variance of the maximum likelihood estimator.

(c¢) Fit the Gompertz distribution to the melanoma data considering only
the females.

The hazard function (3.25) may be extended to
A(t) = A+ pv';
the associated distribution is called the Gompertz-Makeham distribution.

(d) Fit now the Gompertz-Makeham distribution to the melanoma data
still considering only the females. Is there an improved fit?

3.9 (Missing covariates) Assume that X7 and X5 are two covariates that
take the values {0, 1} and have joint distribution given by P(X; = 0| X3 =
0) =2/3, P(X; =0|Xy=1) =1/3 and P(Xy = 1) = 1/2. Let A(t) be a
locally integrable non-negative function, and assume that the survival time
T given X; and X5 has hazard function

A(t) exp(0.1X; + 0.3X5).

(a) Assume that only X is observed. What is the hazard function of T
given X;7 Similarly for Xs.
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(b) Assume that A(t) = X and that i.i.d. survival data are obtained from
the above generic model. Find the maximum likelihood estimator of
A and specify its asymptotic distribution.

(c) Assume now that a right-censoring variable C' is also present and that
C given X has hazard function A exp(0.1X7). Assuming that only X;
is observed at time 0 specify how one should estimate the parameter
of the survival model.

(d) As in (c) but now assume that only X5 is observed.

3.10 (Current status data with constant hazards) Let T* denote a fail-
ure time with hazard function

where 6 is an unknown parameter. Let C' denote a random monitoring
time independent of T* and with hazard function p(t). The observed data
consist of (C,A = I(C < T%*)). Such data are called current status data
since at the monitoring time C' it is only known whether or not the event
of interest (with waiting time 7™*) has occurred.

(a) Derive the intensity functions of the counting processes
Ni(t) = AI(C < 1), Na(t) = (1— A)I(C < 1)

[hint: Use the heuristic formula for the intensity given in Exercise
2.7].

Let (Ci, A;), i = 1,...,n, be n independent replicates of (C,A = I(C <
T)).

(b) Derive the likelihood function L; for estimation of § when we observe
over the interval [0, ¢].

Let U.(0) denote the score function. Let further N;.(t) = >, Nj;(t), where
Nj;i(t) is the ith realization of the above generic N, (t), j = 1,2, correspond-
ing to observing the ith subject.

(¢) Show that

Ut(9):/0t se”” ng.(s)—/Otle.(s),

1—e 9
and that this is a martingale (considered as a process in t).

(d) Compute the predictable variation process (U;(6)).
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(e) Derive under suitable conditions the asymptotic distribution of the
maximum likelihood estimator 6 of 8, and give a consistent estimator
of the asymptotic variance.



4

Nonparametric procedures for survival
data

In this chapter we give a brief outline of the most important fully non-
parametric tools for the analysis of survival data. The non-parametric tech-
niques have established themselves as important tools of survival analysis
due to their simplicity and the fact that their properties are well studied
and understood.

4.1 The Kaplan-Meier estimator

When studying the lifetimes of a population, one often has data that are
incomplete, typically in form of a right-censored versions of the survival
times. It turns out that even though one does not fully observe the survival
times, one can still estimate the distribution of the survival times as well
as the cumulative hazard function.

We here describe the Nelson-Aalen and Kaplan-Meier estimator in the
situation of right-censored survival data. Let T* be a survival time with
survival distribution S(t) = P(T* > t) and hazard function a(t) and let
C be a right-censoring time that leads to independent censoring. We thus
observe T = T*AC and the censoring indicator A = I(T* < C'). Denote the
n independent observation form this generic model by (73, A;),i =1,...,n.

In the one-sample case it is often of interest to estimate the survivor
function
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or the cumulative hazard function

which both may be viewed as infinite dimensional parameters when nothing
is assumed about the distribution of the survival time (except that a hazard
function exists). Note that S(t) = exp(—A(t)) = [[,«,(1 — dA(s)), see
Andersen et al. (1993) p. 256, and these two quantities therefore contain
the same information on different scales.

Without censoring one might compute the mean and standard deviation
to characterize the survival (possibly log-transformed), but with censoring
present one aims at estimating the entire survival distribution. In that case
it will typically be difficult to summarize the results by computing means
and standard deviations, but various percentiles can often be estimated
from the data.

N(t):ZNi(t), Y(t):zm(t), M(t):N(t)—/OY(s)a(s)ds,

where the latter is a local square integrable martingale.
The Nelson-Aalen estimator (Aalen, 1975, 1978b; Nelson, 1969, 1972) is
an estimator of the cumulative hazard function A

At) = /0 }‘f((?) dN(s), (4.1)

where J(s) = I(Y(s) > 0) and with the convention that 0/0=0. The
Nelson-Aalen estimator is an unbiased estimator of (the stochastic)

A*(t) = /0 J(s)dA(s),
and it follows directly that
A2(A(t) — A*(t)) = n'/? /0 ;i)) dM(s)

is a local square integrable martingale. It turns out, under regularity con-
ditions, that n'/ 2(/1 — A) converges in distribution towards a Gaussian
martingale on [0, 7[. The variance of n'/2(A — A) is estimated consistently
by the optional variation estimator

bJ(s)
n/o Y2(s)dN(S)’

see Example 2.3.3 for additional details.
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The Kaplan-Meier estimator (Kaplan & Meier, 1958) of S is

sty =11 (1 - AA(S)) =11 (1 - Afg?) : (4.2)

s<t s<t

where /1(15) denotes the Nelson-Aalen estimator. The estimator can be inter-
preted as a product of successive conditional probabilities. Let 71, ..., Tn ()
be the jump times of N in [0, ¢]. The factor

(1 - Y(lrm)

may be interpreted as the conditional probability of surviving the interval
(T, Tkt1] given surviving [0, 7%]. Also, since

S =1- /0 S(s—)dA(s),

a natural estimator is one that solves this equation with A replaced by
the Nelson-Aalen estimator. The solution to this equation is exactly the
Kaplan-Meier estimator. Finally, the Kaplan-Meier estimator may also be
derived as a nonparametric maximum likelihood estimator, see Johansen
(1978).

The asymptotic properties of the Kaplan-Meier estimator may be inferred
very elegantly from the properties of the Nelson-Aalen estimator by use of
product integration (Andersen et al., 1993). A more traditional approach
is based on the following relation

S(1) " S(s5=)J(s)

S+(t) 1= /0 ()Y (s) dM (s) (4.3)
for t € [0,7), where S*(t) = exp (—A*(t)) with A*(¢t) = fot J(s)a(s) ds.
Equation (4.3) may be established by noting that both sides of (4.3) are
right-continuous in t, zero for ¢ = 0 and that they have the same increments
(Jacobsen, 1982). Based on (4.3) one may then show, under appropriate
conditions, that S is uniformly consistent on compact intervals and, for
each t € [0,7), that n!/2(S—S) converges in distribution towards —S-U on
DI[0,t], where U is a Gaussian martingale. The variance of S(t) is estimated
consistently by

() = S(1)2 /0 Y2(s)dN(s),

which is naturally arrived at by calculating the quadratic variation of the
martingale term on the right-hand side of (4.3). An alternative consistent
estimator of the variance is

(1) = $(1)? / {Y (5)(¥ (s) = N(s))} " dN(s),
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which is the so-called Greenwood’s formula (Greenwood, 1926), see also
Exercise 4.4. It seems from the literature that (¢) should be preferred to
3(t) in practice, see Andersen et al. (1993) and Therneau & Grambsch
(2000).

The asymptotic results may be used to construct pointwise confidence
intervals as well as confidence bands. The standard 100(1—«)% pointwise
confidence interval is

[S(t) = ca2Z®"/2,5(0) + a2

where ¢, /7 is the (1 — a/2)-quantile of the standard normal distribution.
In practice, however, it is better to use various transformations to improve
the approximation to the asymptotic distribution. The default in R is the
log-transform that gives the 100(1 —«)% pointwise confidence interval

2(15)1/2 ~ 2(15)1/2 }]

lg(t) exp{—ca/2 > b S(t)exp{cass (4.4)

S(t) S(t)

In some situations it may be preferable to use other transformations such
as cloglog or logit that transforms ]0, 1] to R.

The Kaplan-Meier curve may be used to estimate quantiles of the un-
derlying lifetime distribution, and the lower and upper confidence interval
curves (4.4) can be used to construct confidence intervals, see Exercise 4.2.

Example 4.1.1 (Melanoma data.)

The data concern survival with malignant melanoma (cancer of the skin)
and was collected by K. T. Drzewiecki and reproduced in Andersen et al.
(1993). In the period 1962-77, 205 patients had their tumor removed and
were followed until the end of 1977. The time variable is time since operation
and the number of deaths in the considered period was 57. The Kaplan-
Meier estimator for this data sample may be obtained in R by use of the
function survfit.

> library(survival); library(timereg)

> data(melanoma)

> attach(melanoma)

> fit.all<-survfit(Surv(days,status==1))

The Kaplan-Meier curve along with 95% confidence limits is obtained by
> plot(fit.all)

resulting in Figure 4.1. The censored observations are marked on the curve
but can be omitted by

> plot(fit.all,mark.time=F)

Kaplan-Meier curves for groups of subjects are obtained by
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FIGURE 4.1: Melanoma data. Kaplan-Meier curve along with 95% pointwise
confidence limits.

> fit.sex<-survfit(Surv(days,status==1) sex)
> plot(fit.sex,mark.time=F)

which results in Figure 4.2 showing the curves for males and females. [

One may use the Kaplan-Meier estimator with associated 95% pointwise
confidence interval to estimate specific quantiles of the underlying survival
distribution. The Kaplan-Meier estimator S (t) with associated 95% point-
wise confidence interval for the melanoma data is depicted in Figure 4.3. Let
Sr(t) and Sy (t) denote the curves corresponding to the lower and upper
limit of the confidence interval. As an illustration consider the 80% quan-
tile, tg.s, of S(t) for the melanoma data. This quantile can be estimated
by

fo.s = inf{t >0 S(t) < 0.8} (4.5)

with associated 95% confidence interval
[inf{t >0 Sp(t) < 0.8}, inf{t >0 Sy (t) < 0.8} (4.6)

as illustrated on Figure 4.3.
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FIGURE 4.2: Melanoma data. Kaplan-Meier curves for males (lower curve)
and females (upper curve).

4.2 Hypothesis testing

4.2.1  Comparisons of groups of survival data

Suppose we have a categorical explanatory variable (or several), giving rise
to a grouping of the subjects into K groups. The objective is to investigate
the effect of this variable on the survival, that is, to compare survival be-
tween groups. This may be done nonparametrically, for example by use of
the so-called log-rank test, which is one of the tests described below.

The nonparametric tests may be derived very elegantly from the counting
process setup as follows. The hazard function for a subject in the kth group,
k= 1...,K, is denoted a(t), and we want to construct tests for the
hypothesis

Hy: oy =... = ag.

To do this we assume that independent survival data from the K groups
are available such that N, for ¢ = 1,...,ny represent independent survival
data (possibly filtered by independent filtering) with intensity given by
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FIGURE 4.3: Melanoma data. Kaplan-Meier estimator with 95% pointwise
confidence interval. Estimate of the 80% quantile with 95% confidence in-
terval.

Yiray with at risk indicators Yjx. The total group of patients n = Zk N
are assumed independent.

Within each group one can then estimate the cumulative hazard function,
and a test may now be constructed by comparing the group specific Nelson-
Aalen estimators to the Nelson-Aalen estimator computed under Hy using
all groups. To be specific, the kth group specific Nelson-Aalen estimator is

mmzﬂnbmm» (4.7)

where

Vi) = S Vilt), Nt = 3 Nao),

denote the number of subjects at risk at time ¢ in group k, and the sum of
the individual counting processes within group k, respectively. The Nelson-
Aalen estimator, under the null, of A(t) = fot a(s) ds, where v denotes the
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common hazard function, is

where Ji(t) = I(Yx(t) > 0). The key to derive the test statistics is that

aute) = Ao = ([ vt as = [0 9l ds)

([ e = o)
K t
:;/0 Ji(s) (123(’;) - Y@) dM;(s)

is a (local) square integrable martingale under the hypothesis, and therefore
should fluctuate around zero if the hypothesis is true. In the above display,
0, means I(j = k). Let

m:mm=4%ww&—&wx

where wy(t) is some (predictable) weight function to reflect specific aspects
of the data. We here restrict attention to the case

w(t) = Ya(tyw(t),

where w(t) is a predictable weight function. With this choice of weight
function we find that

Yi(t)

=y N0

R = [ wlofamo

Note the constraint
K
Sor=o
k=1

which is also satisfied on the incremental level: >, dRy(t) = 0.
With R = (Ry,...,Rxg_1)" then n'/?R is [under some mild regularity
conditions, see Andersen et al. (1993)] asymptotically normally distributed
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around zero with some covariance matrix ¥ with elements j; being the
limit in probability of

n < / o (Od(Ay — A, / wn(t)d(A; - Az><t>> (7)

0 0

Yi(t)

:n/o U)k(t)wl(t)Jk(t)Jl(t) 5kl - Y(t)) Y,(t)a(t) dt,

1
Yi(t)Y.(2) (
which may be estimated consistently by

Yi (1)

A~ T 1
Sa=n [ n@uOR0R0y o (50310

) dN,(t). (4.8)
If the hypothesis is true, then
Q=nRT"S™'R (4.9)

is asymptotically x2-distributed with K — 1 degrees of freedom. The Ry is
not included in the above construction of the test since 3 would then be
singular.

One may now construct various tests by choosing different weight func-
tions. The log-rank test is obtained by choosing wy () = Y5 (¢)I(Y.(t) > 0).
For this particular choice of weight function we may write the Ry’s as

Ry = O — Ey,

where Oy, = Nj(7) is the observed number of failures in group k and

By = /0 " Yi(h)dA()

is referred to as the expected number of failures under the hypothesis.
This is a little imprecise since Ej is stochastic (and can hence not be an
expected number) but the terminology is used since, under the hypothesis,
E(Ry) = 0, and therefore E(E)) = E(O).

Example 4.2.1 (Melanoma data.)

We illustrate the nonparametric tests by use of the melanoma dataset. We
here focus on the covariate: sex of the patient (coded 0 for female and 1
for male). The log-rank test for testing the hypothesis of no difference of
the two groups with respect to survival may be obtained in R by use of the
function survdiff.

> library(survival)
> library(timereg)
> data(melanoma)
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> attach(melanoma)
> survdiff (Surv(days,status==1) “sex)

Call:

survdiff (formula = Surv(days, status == 1) ~ sex)
N Observed Expected (0-E)~2/E (0-E)~2/V

sex=0 126 28 37.1 2.25 6.47

sex=1 79 29 19.9 4.21 6.47

Chisq= 6.5 on 1 degrees of freedom, p= 0.011

We see that too many males die than expected if the hypothesis of no
difference should be true, and the hypothesis is rejected with a p-value
of 0.011. The survdiff function actually implements the S-p family of
Harrington & Fleming (1982) (see (4.10) below) with the default of p =
0 giving the log-rank test. The Peto & Peto modification of the Gehan-
Wilcoxon test is obtained by putting p = 1.

> survdiff (Surv(days,status==1) “sex,rho=1)

Call:

survdiff (formula = Surv(days, status == 1) ~ sex, rho = 1)
N Observed Expected (0-E)~2/E (0-E)~2/V

sex=0 126 23.4 31.6 2.14 7.09

sex=1 79 25.2 17.0 3.98 7.09

Chisgq= 7.1 on 1 degrees of freedom, p= 0.00776

O

The log-rank test is the most powerful test against the alternative of pro-
portional hazards meaning that the hazard functions at any given time of
an individual in one group is proportional to the hazard function at that
time to the hazard function of an individual in the other group(s). This
alternative is equivalent to the Cox model assumption, which we return
to in detail in Chapter 6. Actually, the log-rank test may be derived as a
model based (score)-test under the assumption of proportional hazards, see
Exercise 6.1.

Other tests may be better to detect other alternatives. Harrington &
Fleming (1982) introduced a class of tests by letting

wi(t) = Ya(t)S(t—)PI(Y.(t) > 0), (4.10)

where S (t) is the Kaplan-Meier estimator, see Section 4.1, computed under
the hypothesis and p is a fixed number between zero and one. Taking p =0
gives the log-rank test and p = 1 gives the so-called Peto & Peto modifica-
tion of the Gehan-Wilcoxon test. This class of tests is implemented in R,
see the above example.
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The log-rank test and the entire family of S-p tests are well suited for
detecting differences that are consistent over the considered time-range,
and will be efficient against particular alternatives. Sometimes, however
one would like an omnibus test that will detect any type of departure from
the null hypothesis of equal intensities across the groupings.

In the two-sample case the Kolmogorov-Smirnov test may also be used.
We briefly outline how it may be implemented, and how it differs from
the log-rank test. We consider the two sample-situation, and thus wish to
investigate the hypothesis

HO L = Q9.
The log-rank test consider the asymptotic distribution of

! Ya(s) Yi(s)
/0 J1(s)J2(s) <Y(s) dN1(s) — Y. (s) dN2(8)> ,

where J(s) = max(J1(s), J2(s)). If one, however, wishes to compare the
two intensities without using any prior knowledge on where to look for
differences, it seems natural to compare the two Nelson-Aalen estimates

A(t) :/o J1(8)J=2(s) <Y11(8) dN1(s) — Yzl(s)ng(s)> )

To obtain the log-rank test one should weight these differences with w(t) =
Y1(s)Y2(s)/Y.(t). An omnibus test may be constructed by considering a
statistic like
L A®)]
sup
tel0,7] J(t)

where 02(t) is an estimator of the variance of A(t). Another omnibus test
could be constructed by inspecting the uniform Hall-Wellner band, see
Chapter 5.

Example 4.2.2 (A Kolmogorov-Smirnov Two Sample Test.)

As in the previous example we consider the melanoma dataset, and wish
to test if there is a significant difference in survival depending on sex.

The Kolmogorov-Smirnov test outlined above can be computed by using
the additive hazard regression function aalen() that we describe in further
detail in Chapter 5. The syntax for computing the Kolmogorov-Smirnov
test-statistic and plotting the Nelson-Aalen estimates is as follows.

> data(melanoma)

> fit<-aalen(Surv(days/365,status==1) ~ 1 + factor(sex),
+ melanoma)

Nonparametric Additive Risk Model

Simulations start N= 1000
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FIGURE 4.4: Nelson-Aalen estimates with 95% confidence intervals (full
lines), and 95% Hall-Wellner confidence bands (broken lines). Intercept
gives the estimate for females, and factor(sex)1l gives the difference in the
estimates for males and females.

> summary (fit)
Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O: B(t)=0
(Intercept) 4.87 0.00
factor(sex)1 2.67 0.07
Test for time invariant effects

sup| B(t) - (t/tauw)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.0416 0.741
factor(sex)1 0.1090 0.422

int (B(t)-(t/tau)B(tau)) ~2dt p-value H_O: B(t)=b t
(Intercept) 0.00245 0.841
factor(sex)1 0.03280 0.249
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> plot(fit,xlab="Time (years)",hw.ci=2)

The Kolmogorov-Smirnov test results in a p-value of 0.07, and a non-
significant difference at the 5 % level.

Figure 4.4 shows the Nelson-Aalen estimate for females (the intercept
in the model) and the difference between the Nelson-Aalen estimates for
males and females (the effect of sex). Note, that the difference between
the two Nelson-Aalen estimates is essentially a straight line with positive
slope, thus indicating that the hazard function for males is consistently
higher than that for females. The full lines give the estimate with 95%
pointwise confidence intervals, and the broken lines give the 95% Hall-
Wellner confidence band. The confidence band suggest that the difference is
borderline significant, with zero just escaping the confidence region around
time 8. Thus giving a different conclusion than the Kolmogorov-Smirnov
test.

The difference between the Nelson-Aalen estimates suggests that males
have an excess hazard that is constant over time. Looking a bit ahead,
formal tests for this are given in the output as “Tests for time invariant
effects” thus resulting in p-values of either 0.42 or 0.25, depending on which
of the two test-statistics that are applied. O

4.2.2  Stratified tests

Above we saw how various nonparametric tests could be applied to com-
pare the survival of some K groups of subjects. Often it is an explanatory
variable that gives rise to the groups being compared and we are then in-
vestigating the effect of this explanatory variable on the survival. It is often
of interest to control for other potentially important factors when compar-
ing differences across the primary variable. This may also be done in a
nonparametric fashion and is termed a stratified analyses.

Suppose we have L strata, which may be formed from the other factor(s)
that we want to control for. The hazard function for a subject in the kth
group, k =1..., K, in the Ith stratum, l = 1..., L, is denoted ay;(t), and
we want to construct tests for the hypothesis

HO L = ... = 0K (4.11)

for all [ = 1..., L. This is done by comparing the group specific Nelson-
Aalen estimators in each stratum to the Nelson-Aalen estimator computed
under Hy. Let

Ry = /OT wig () d( A — A (1),

where wy; (t) is a weight function, and

Anlt) = /ot Ykll(S)del(s)’ Ap(t) = (o)

o Yale) 0
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with Jg(t) = I(Ykl(t) > 0), Y,l(t) = Zk Ykl(t), N,l(t) = Zk Nkl(t), and
with Y (t) and Ng(t) being the number at risk at time ¢ in group k in
stratum [, and the sum of the counting processes of group k£ and stratum
[, respectively.

Put R, = (R, ..., Rrk—1,)" and let 3, denote the estimate of the vari-
ance of R;. A test of Hy for [ fixed, that is, within the Ith stratum could
be carried out using

RIS 'R,
which is asymptotically x2-distributed with K —1 degrees of freedom under
the hypothesis of equal hazard functions in the [th stratum. We want,
however, to combine the information across strata. This may of course be
done in several ways, but it is common practice to base the test on the sum
of the R;’s. Hence, let R = 3, R; and ¥ = 3, 3. A class of (stratified)
test statistics of (4.11) is then given by

RTSR, (4.12)

which is also asymptotically y2-distributed with K — 1 degrees of free-
dom under the hypothesis and given some mild regularity conditions, see
Andersen et al. (1993). The stratified log-rank test is obtained by taking
Wi (t) = Y () 1(Ya(t) > 0).

Example 4.2.3 (Melanoma data. Continuation of Example 4.2.1.)

We saw in Example 4.2.1 that there seemed to be a significant different
survival between males and females in the melanoma dataset. Let us in-
vestigate this more closely. The variable ulc indicates (0 for absent, and
1 for present) whether the tumor was ulcerated, and it is well known that
this is an important factor. It may hence be a good idea to control for this
variable before comparing the survival of the two sexes. The commands

> fit.sex.ulc<-survfit(Surv(days,status==1) “sex+ulc)
> plot(fit.sex.ulc)

give the Kaplan-Meier plots for the four combinations of sex and ulceration
shown in Figure 4.5. There still seems to be a difference between the survival
of the two sexes. A formal test of this is given for example by the stratified
log-rank test, which may be obtained as follows.

> survdiff (Surv(days,status==1) “sex+strata(ulc))

Call:

survdiff (formula = Surv(days, status == 1) ~ sex + strata(ulc))
N Observed Expected (0-E)"2/E (0-E)"2/V

sex=0 126 28 34.7 1.28 3.31

sex=1 79 29 22.3 1.99 3.31

Chisq= 3.3 on 1 degrees of freedom, p= 0.0687
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FIGURE 4.5: Melanoma data. Kaplan-Meier curves for female and males
without ulceration (full curve and dotted curve), and for females and males
with ulceration (broken curve and broken-dotted curve).

We see that the evidence of a difference is not as convincing now where we
have controlled for ulceration, the test statistic now being 3.3 compared
with 6.5 obtained in the analysis where we did not stratify. O

By taking the sum of the R;’s as in the above test statistic it is obvious
that this test will only have good power against alternatives where the
deviations from the hypothesis go in the same direction in all strata, see
Exercise 4.7 for a test that avoids this.

4.3 Exercises

4.1 (Smoothing of the Nelson-Aalen estimator) Consider the multivari-
ate counting process N = (Ny,...N,)T, where N;(t) has intensity \;(t) =
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Yi(t)a(t). The Nelson-Aalen estimator of A(t) = ft

0
A(t) = /O Y‘ts) dN.(s),

where N.(t) = >0 Ni(t), Y.(t) = >0, Yi(t).

We shall now consider estimation of a(t) by kernel smoothing of A(t).
Let K (t) be a kernel function that is a bounded function vanishing outside
[—1,1], and let b,, denote the bandwidth that is a positive parameter. The
kernel estimator of a(t) is

a(s)ds is

t— N
a(t) = bt / K %YdA(s).
bn
This estimator was proposed and studied by Ramlau-Hansen (1983a,b).

(a) Find the compensator of &(t) and compute Ea(t).

(b) Let 0 < t1 < t2 < t. Assume that K is of bounded variation and that
a is continuous on [0,t]. Let b, — 0 and assume that

inf b2Y.(s) £
s€[0,t]

as n — 00. Show that

sup |&(s) — a(s)] Zo.
sE[t1,t2]

(¢) Let a be continuous at ¢ and let y be a function, positive and contin-
uous at t, so that

sup  [nT1Yi(s) —y(s)| 20,
SE[t—e,t+e]

for an € > 0. Show, as n — oo, b, — 0, and nb,, — oo, that
n'2,/2(6(t) - a(t)) 2 N(0,7(1)),

where

alt) :b;l/K(tl;s)dA(s), (1) = 3((3 /,IKQ(S) ds.

We shall now assume that « is twice continuously differentiable on [t; —
¢, to + ] for t1 < tg, ¢ > 0, and that

1 1 1
/ K(t)dt =1, / tK(t)dt =0, ky= / 2K (t)dt > 0.
—-1 -1 -1
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(d) Show that the bias of the estimator is
A 1 2 1 2 -1
Ea(t) — aft) = ana (t)k2 + o(b2) + o(n™7),

te [tl —C,tg-ﬁ-C}.

We shall now consider the problem of picking an optimal bandwidth. As
criteria we use the mean integrated squared error

2

MISE(d) = B / (@(t) — a()? dt.
ty

Modulo a lower order term one may decompose MISE(&) as

to

MISE(&) = / " (&) — a(®)? dt + / B[(a(t) — a(t))2] dt,

t1 t1

which may be interpreted as the sum of a squared bias term and variance
term.

(e) Show under appropriate conditions that

/ " (@) — af)? dt = [ " a2 dt + o)
and
t2 N ~ 2 _ -1 ! 2 2 a(t) -1
/tl E[(a(t)—a(£))?] dt = (nby) / (02 / o deol(nh) ).

where y(t) is the limit in probability of n=1Y.(¢).

It follows that the bias and the variance terms are balanced for (nb,)~! ~
b2, which implies an optimal choice of bandwidth is equal to b, ~ n=1/5,

(f) Minimize (ignoring lower order terms) the expression of MISE(&)
with respect to b, to obtain the optimal bandwidth
1/5

byopt = ks /° (/11 K(t)? dt /: Z‘g)) dt) (/j o/’(t)th)_ n=1/5,

One may aim at estimating bn,opt using a twice differentiable kernel func-
tion to estimate the term .
2
/ o (t)? dt.
ty

1/5

The term

is easily estimated by
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(g) Another way of estimating MISE goes as follows. Verify that

MISE = E/tz a(t)*dt — 2E /tz a(t)a(t) dt + /tQ a(t)? dt,

t1 t1 t1

where the latter term does not depend on the bandwidth and thus
can be ignored. The first term is easy to estimate from &(t). Show
that the second term is estimated approximately unbiased by the
cross-validation estimate

_ T — Tk 1 1
-2 b K(Y ) :
; " bn }/:(Tj) Y:(’Tk,)
where the sum is taken over j, k so that j # k and t; < 73 < o
denotes the jump times in the specified interval.

(h) Compute &(t) for the females and males of the Melanoma dataset
using the Epanechnikov kernel

K(z) =0.75(1 — 23 I(-1 <2 < 1).

Consider only the time-interval from 1 to 6 years.

4.2 (Estimation of quantiles)

(a) Show that the estimator (4.5) is consistent and derive the asymptotic
distribution of n'/?(tg.s — to.s) (use the delta-theorem).

(b) Show that (4.6) is an asymptotic 95% confidence interval for ¢y s.

4.3 (Kaplan-Meier as NPMLE)  Consider n i.i.d. survival times T; with
right-censoring times C; such that we observe X; = T; AC; and 6; = I(T; <
C;), for simplicity we let the survival times be ordered such that X7, ...., X4
are the d ordered death times, the remaining censored survival times are
denoted X1, ...., X;,. We assume that the underlying survival time has
continuous survival function Gr(-), with Gp(0) = 1.

Let D be the set of functions that have jumps at the observed death times
and that can be identified with a vector of probability masses p = (p1, ..., pd)
that are located at the ordered death times (such that > p; < 1,p; > 0).
The survival function related to the probability masses are given

d

Gt)=1-) I(X; < t)p;.

i=1
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Denote G(X;) = P(U > X;) = G;.
The nonparametric maximum likelihood estimator for the survivor func-
tion G € D is given as

d n
L(G,Xl,...,Xn,(Sl,...,&n) = le H G(XZ)
i=1  i=d+1
(a) Show that L is maximized for the product-limit estimator.

(b) Show that the maximizer of the above likelihood cannot be made
larger by including monotonic decreasing survivor functions.

(¢) Rather than maximizing the likelihood directly one may apply the
EM-algorithm. Assume that full data consist of all survival times
being fully observed, and work out the E and M step of the EM
algorithm.

(d) Returning to (a) reparameterize the problem by considering the dis-
crete hazard rather than p; such that

and maximize the likelihood.

(e) Write down the EM-algorithm for the hazard parameterization.

4.4 (Greenwood’s formula) Consider the counting processes: N;,i =1,...,n,
so that N;(t) has compensator

M®=AK®M®,

where A may have jumps. The Nelson-Aalen estimator of A(t) is

At) = /0 Yis) dN(s),
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where AA denotes the jumps of A, see Exercise 2.13, and that (4.13)
is estimated consistently by

1
(s)?

which gives an alternative estimator of the variance of the Nelson-
Aalen estimator.

| IO 6 = AN @) N ).

Let S(t) = exp(—A(t)), S*(t) = exp(—A*(t)), and
5 AN(s)
so-TI(1-5):

v
denotes the Kaplan-Meier estimator of S(¢).

(b) Use (4.3) to show that

~ ¢ ~ _ 2 s
< 5 _1>(t)= /O (‘Zﬁs(s))> ;((s))(l—AA(s))dA(s),

and use this, and the fact that
. AN()\ 4
= 1 — —
50 = (1- ) ) )

to arrive at the Greenwood estimator of the variance of the Kaplan-
Meier estimator.

4.5 (K-sample test) The test-statistic given in (4.9) could be denoted
by Qx to stress that it is constructed based on Rj,...Rx_1 hence not
using Rk . Now make the same construction leaving out R; and denote the
corresponding test statistic @;, 7 =1,..., K — 1.

(a) Show that Q1 = = Qk.

4.6 (Hypothesis testing) Consider the set-up in Section 4.2.1.

(a) Compute the optional variation process for (R, ...., Rx_1) and com-
pare with the variance estimator given by X given by (4.8).

(b) Verify that for the log-rank Ry = Oy, — E), where O, = Ni(7) and
that E(Ek) = E(Ok)
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(¢) We focused only on the special weight-function wy(t) = Yi(t)w(t),
where w is a weight function. Consider now the general case where wy,
are arbitrary weight-functions and derive the asymptotic distribution
of (Ry,...,Rk) that need not be singular.

(d) Consider the PBC data in R (survival-package) and compute the
log-rank and the Kolmogorov-Smirnov test to evaluate the effect of
edema on survival. Also, make Kaplan-Meier plots and estimate the
cumulative hazard function for the two groups.

4.7 By taking sum of the R;’s in the test statistic (4.12) it is obvious that
this test will only have good power against alternatives where deviations
from the hypothesis go in the same direction in all strata. A test that
does not require this is one based on for example the absolute values |R],
l=1,...,L, and such a test statistic could be

S () (Em).

(a) Do the stratified log-rank test for testing effect of x2 based on the
following dataset, where time holds the right-censored waiting times
and status is the indicator of whether time is a true event (status
equal to one).

n<-400

x1<-rbinom(n,1,0.5)

x2<-rbinom(n,1,0.5)
hazard<-1+0%x1-0.2%x2+0.4*x1*x2
time.star<-rexp(n,1/hazard)
Cen<-rexp(n,0.25)
time<-apply(cbind(time.star,Cen),1,’min’)
status<-as.numeric(time.star<=Cen)

(b) Perform the test (4.14) on the same dataset. Here you need to simu-
late the asymptotic distribution of the test statistic.
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Additive Hazards Models

The additive hazards model, or the additive Aalen model, was introduced
by Aalen (1980). It is a very flexible nonparametric model, which has esti-
mators on explicit form. The model is simple to implement and its proper-
ties are well understood. It seems, however, to be somewhat overlooked in
practice, probably due to the fact that the model only contains nonpara-
metric terms, and that the handling of these terms for inferential purposes
is not fully developed.

The additive Aalen model assumes that the intensity for the counting
process N (t) conditionally on a p-dimensional covariate,

X(t) = (X1 (t), .o, Xp ()"
is of the form

At) =Y (X (t)B(1) (5-1)
=Y () (X2 (£)B1(t) + . + Xp(8)Bp (1)),

where 8(t) = (B1(t), ..., B,(t))T is a p-dimensional regression coefficient.
In principle Y'(¢) may be any locally bounded predictable process but we
think of it as the at risk indicator. The theory that follows may likewise
be developed in a general counting process setup, but we think of it in a
survival analysis setting, that is, Y (¢) is the at risk indicator and X7 (t)3(t)
is a conditional hazard function. We see from (5.1) that the effect of the
covariates may thus change with time as the regression coefficient is allowed
to depend on time. The additive Aalen model is very flexible and can be
seen as a first order Taylor series expansion of a general intensity around
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the zero covariate: for a general hazard function «a(t, X (¢)) depending on
X (t) we have

a(t, X(t) = a(t,0) + XT(t)o/ (t, X*(t))

for X*(¢t) on the line segment between 0 and X (¢).
It turns out that the cumulative regression coefficient

B(t) = /O B(s)ds

is easy to estimate and that the estimator converges at the usual n'/?-rate.
We will aim at this parameter instead of the regression coefficient itself.

The full flexibility of the additive Aalen model being completely non-
parametric is sometimes superfluous, and this can make it more difficult
than really necessary to report findings for a data set. Also when data are
limited one can only hope to extract major contours of the data. Some
regression coefficients may for example be approximately constant with
time. In practice it will indeed often be of interest to test if a treatment
effect is time-varying or constant with time. A very useful sub-model of
the additive hazards model (5.1) is the semiparametric additive hazards
model, suggested by McKeague & Sasieni (1994) and denoted as the ad-
ditive semiparametric risk model. It assumes that the intensity is on the
form

At) =Y (OXT()B() + 27 (1)), (5:2)

where (X (t), Z(¢t)) is a (p 4+ ¢q)-dimensional covariate, Y (¢) is the at risk
indicator, 8(t) is a p-dimensional time-varying regression coefficient and ~y
a g-dimensional time-invariant coefficient. Hence the effect of some of the
covariates may change with time while the effect of others is assumed to be
constant. This model also leads to estimators on explicit form, which are
easy to compute.

The semiparametric additive hazards model is needed to investigate if the
time-varying regression coefficients of the semiparametric model (5.2) are
in fact significantly varying with time. To perform a test of the hypothesis
Hy : Bp(t) = 7vg+1, one needs to compare the two semiparametric models

At) =Y ()X @)B(t) + 27 (t)7)
and
A(t) = Y (O)(X1(8)B1(8) + - + Xp1(D)Bp1(8) + Xp ()41 + Z7 (£)7).

The following example illustrates how the methodology developed later in
this chapter may be used in practice. Details concerning the estimators and
inferential procedures follow. We apply the aalen-function (timereg) that
can fit the models (5.1) and (5.2).
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FIGURE 5.1: PBC-data. Estimated cumulative regression functions with
95% pointwise confidence intervals based on Aalen’s additive model.

Example 5.0.1 (PBC-data, continuation of Example 1.1.1)

We wish to examine the predictive effect on survival of the covariates: age
(years), albumin (g/dl), bilirubin (mg/dl), edema (present/not present),
and prothrombin time (seconds). We consider the additive hazards model
framework and start by fitting Aalen’s additive hazards model where all
components of the model have nonparametric time-varying effects. We fit
the model with age, edema, bilirubin, log(albumin) and log(protime) using
the timereg library. All covariates are centered around their averages in
the version of the PBC data that we use.

> library(survival)

> library(timereg)

> fit<-aalen(Surv(time/365,status) “Age+Edema+Bilirubin+
+ logAlbumin+logProtime,pbc,max.time=8)

Nonparametric Additive Risk Model

Simulations start N= 1000

> summary (fit)

Additive Aalen Model
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Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_0: B(t)=0

(Intercept) 8.85 0.000
Age 3.35 0.022
Edema 3.89 0.002
Bilirubin 5.64 0.000
logAlbumin 3.77 0.008
logProtime 3.12 0.029

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.13000 0.139
Age 0.00297 0.829
Edema 0.47000 0.005
Bilirubin 0.03430 0.369
logAlbumin 0.29200 0.883
logProtime 0.96200 0.002

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O0: B(t)=b t

(Intercept) 5.72e-02 0.037
Age 1.86e-05 0.665
Edema 8.73e-01 0.000
Bilirubin 1.85e-03 0.420
logAlbumin 7.92e-02 0.963
logProtime 3.10e+00 0.001

> plot(fit,xlab="Time (years)");

The output contains a number of summary statistics. First we see, using
a supremum test, that all covariate effects are significant. Figure 5.1 de-
picts the estimated cumulative regression coefficients with 95% pointwise
confidence intervals. It appears from these that the effect of at least age
and log(albumin) is constant with time as the estimated cumulatives are
approximately straight lines. Below, this is studied further.

We now start to simplify the model by a number of successive tests
with the purpose of reducing the number of nonparametric components.
First, we note that the log(albumin) does not seem to have a time-varying
effect (p=0.88, using the supremum test), which, as mentioned above, is
consistent with the cumulative estimate being approximately a straight
line in Figure 5.1. Fitting the model with the effect of log(albumin) being
constant (output not shown) we find that the effect of age is also constant
(p=0.86). The model where both log(albumin) and age have constant effects
shows that the effect of bilirubin also can be described as being constant
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(p=0.56). The reduced semiparametric model is then fitted resulting in the
below output.

> fit.semi<-aalen( Surv(time/365,status) “const (Age)+Edema+
+ const(Bilirubin)+const(logAlbumin)+logProtime,pbc,

+ max.time=8)

Semiparametric Additive Risk Model

Simulations start N= 1000

> summary (fit.semi)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 21.80 0.000
Edema 3.28 0.011
logProtime 2.80 0.057

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.101 0.001
Edema 0.439 0.000
logProtime 0.937 0.001

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O: B(t)=b t

(Intercept) 0.0419 0.001
Edema 0.7890 0.000
logProtime 2.5200 0.002

Parametric terms :

Coef. SE Robust SE z P-val
const (Age) 0.00201 0.000579 0.00060 3.47 5.16e-04
const (Bilirubin) 0.02070 0.003870 0.00328 5.34 9.24e-08
const (logAlbumin) -0.22800 0.069200 0.06170 -3.29 9.89e-04

> plot(fit.semi,score=T,xlab="Time (years)",ylab="Test Process")

The fit of the semiparametric model shows that edema and log(protime)
have effects that are significantly time-varying (p<0.001 and p=0.001, us-
ing the supremum test-statistic). The impact of the remaining covariates
is characterized by their constant effects. Increasing age by one year, for
example, leads to an estimated increased intensity of 0.002 (0.00058). O
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5.1 Additive hazards models

We now give the estimators associated with the Aalen additive model and
describe their asymptotic properties. The model was originally suggested
by Aalen (1980) and further studied in Aalen (1989, 1993). Asymptotic
properties were given by McKeague (1988) and Huffer & McKeague (1991).

The model states that the intensity for the counting process N(t), t €
[0,7], T < o0, of a subject with a p-dimensional predictable bounded co-
variate, X (t) = (X1(t),..., X,(¢))T, and at risk indicator, Y (¢), is of the
form

A(t) =Y (1) X7 (£)B(1), (5.3)

where 3(t) = (B1(t), ..., Bp(t))T is a p-dimensional locally integrable regres-
sion coefficient (fot |Bj(s)lds < oo for j = 1,...,p). One may relax the as-
sumption about the covariates being bounded to only require that they are
locally bounded, but as this seems to of very little importance in practice
it will not be pursued here.

It turns out that it is very easy to estimate the cumulative regression
coefficients

t
B(O) = [ o(s)ds
0
of the additive Aalen model. Let
(N:(1), Yi(t), Xi(1)), i=1,....m,

be independent replicates of the above model, that is, the intensity \;(t)
for the ith counting process N;(t) is on the form (5.3). Define

N(t) = (N1(t), - Na(®)", A1) = (1), M)

the n-dimensional counting process of all subjects and its intensity. We also
organize the covariates into a design matrix of dimension n X p:

X(t) = (Yi()X1(t), ..., Y () X, (8)) T

Further denote the n-dimensional cumulative intensities as A(t) = fot A(s)ds
such that M (t) = N(t) — A(t) is a n-dimensional martingale. We thus have
that

dN(t) = A(t)dt + dM(t)
= X (t)B(t)dt + dM(t), (5.4)
and since the increments of the martingale are uncorrelated and have zero
mean, this equation suggests that the increments of 3(t)dt, which we write
suggestively as dB(t), can be estimated by simple multiple linear regres-

sion techniques. To solve the multiple linear regression problem define the
generalized inverse of X (¢) as the p x n matrix

X7(t) = (XTOWHXE) T XT(OW (), (5:5)
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where W(t) is a predictable n x n diagonal weight matrix. We make the
convention that X ~(t) is zero when the inverse does not exist, and let J(t)
be one when the inverse exists and zero otherwise. The generalized inverse
satisfies the relation

XX (1) = IO,
where I, is the p x p identity matrix. Equation (5.4) leads to the estimator

dB(t) = X~ (t)dN(t),

which can be written in integral form as

B(t) = /0 X~ (s)dN(s). (5.6)
Note, that
B(t):/o J(s)dB(s)+/0 X~ (s)dM(s),

which implies that, if the rank of X (¢) is full for all ¢ (asymptotically at
least), then B(t) is essentially an unbiased estimator of B(t), since the mean
of the martingale fot X~ (s)dM(s) is zero. But more can be said since, given
some regularity conditions, the root-n difference between the estimator and
true cumulative regression function converges in distribution to a Gaussian
martingale, see the below Theorem 5.1.1.

Define for j,k,l=1...p, t €[0,7],

Roji(t) = Y Yi(t)Wi(£) X5 (£) Xk (8),
Rsjri(t) = iYi(t)Wf(t)Xij (1) X (t) X ().

The matrix Ro(t) = XT(t)W(¢)X (t) has elements Roj(t), j,k =1 ...p.
The regularity conditions needed are formulated below.

Condition 5.1
(8) SDye 0, EVA(DWE(E) X4y (1) Xk (1) Xa (1)) < o0 for all k.1 = 1. ..y
(b) ra(t) = E(Y;(H)W;(t) XP?(t)) is non-singular for all ¢ € [0, 7].
d

Given that Condition 5.1 is fulfilled we have the following results, which
follow using functional forms of the strong law of large numbers (Andersen
& Gill, 1982).
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Lemma 5.1.1 If Condition 5.1 holds, then there exist continuous func-
tions rojk (t) and 73,1 (t) such that as n — co

sup \n_lejk (t) — T2k (t)‘ £> 0,
te[0,7]

_ P
sup |TL IRSjkl(t) — ’I"gjkl(t)‘ =0,
te(0,7]

for gk l=1...p.

We can now give the asymptotic result concerning the estimator of the
cumulative regression coefficients.

Theorem 5.1.1 If Condition 5.1 holds, then, as n — oo,

D

n*’*(B — B)2U (5.7)

on DI[0, T]P, where U is a Gaussian martingale with covariance function

B(t) = /O 6(s)ds (5.8)

with
o(t) =y (O E [Yilt)WE () X2 (0) X (H)8()] 3 (8). (5.9)

PrROOF. The key to the proof is the following decomposition
n'2(B(t) = B(t)) = M(t) + Z:(t) + Za(t),

where

NI(t) = n~ 2 / J(3)(ra(s)) " X7 (s)W () dM (s),

Z1(t) =n‘”2/0 J(s) {(n""Ra(s)) ™" =73 ()} X7 ()W (s)dM(s),
Zg(t):n1/2/0 (J(s) — 1)8(s) ds.

We want to show, as n — oo, that Z1(t) and Z2(t) converge uniformly to
zero in probability and that M (t) converges in distribution to a Gaussian
martingale with the postulated covariance function. The latter is estab-
lished using the martingale central limit theorem, see Theorem 2.5.1. We
deal with these three terms separately below.

Since (1 — J(t)) < 1 — J with J = I(n~ "' Ra(t) invertible for all ¢ € [0, 7])

we have

up | Za(0)] < '/ 1(F,) / " 1Bt dt, (5.10)
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where

K, = (3t: n " Ra(t)is singular) C (sup |[n" " Ra(t) — r2(t)|| > €) = Ln
t

for some € > 0. The right-hand side of (5.10) therefore converges to zero
in probability since B(t) is assumed locally integrable, P(L,) — 0, and

n'21(K,) £ 0 when I(K,) 5 0.
The jth component of Z1(t) is a square integrable martingale and may be

written as
21t ‘”22 / $)Vyi()dM(s),

where
g

Vi) = > {(n" " Ra(8)) ™" =3 ' (1)}, Yi(®) Xa () Wi(t).

=1

Using the inequality of Cauchy-Schwarz we get

(Z1;)(r —n_IZ/ J(Vi( dt</ Gj(

where

- i J{(n'Ra)" =y } X (n ZYX”X,;QW )ﬁk,

k,l=1 =1
and where we have suppressed dependency on time in the expression on
the right-hand side of the latter equality. Since inversion of a matrix is a

continuous operation we have for all ¢ that G;(t) £ 0 as n — oo. Since
the random functions in G;(t) converges in probability towards continuous
functions, we also have that

/ G;(t)dt 50
0

as n — oo using Gill’s lemma (2.27). It then follows, as n — oo, that
sup | Z1;(1)] 2 0
t

by use of Lenglart’s inequality (2.25).

The process M(t) is local square integrable martingale with predictable
variation process

n

(M)(1) = Tfl/o J(s)rs " (s) (Z Yi(S)Wz‘(SJZXi(S)®2XiT(S)ﬁ(S)> ry ' (s)ds

=1

that converges in probability to ®(¢) uniformly in t as n RS using
similar arguments as above. The process containing all the jumps larger
in absolute value than e of the jth component of M (t) is

- Zl/o nV2V5(s)I(In” 2 Vi(s)| > €)dM(s),
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where

Since

In 2Vt < p- sup| (r2(t));," In =2 sup [¥i (1) Wi(0) Xu(1)| = H 2,
as n — 0o, we have
(Mje)(t) <n™' i/t VA(s)Ni(s) dsI(H > €) 20
P
as n — 00, which completes the proof. O

The cumulative regression coefficients, B(t), are, as we have just seen, easy
to estimate nonparametrically and with the uniform asymptotic description
given in Theorem 5.1.1 they furthermore provide an excellent basis for
doing inference. In Section 5.2 we give a detailed description of how this
theorem may be used for testing hypothesis such as Hy : 5;(t) = 0, that
one of the components is non-significant, or Hy : 3;(t) =+, that one of the
components is constant with time.

The variance of the estimator (5.6) is easily estimated. Since, under Con-
dition 5.1,

n*?(B(t) — B(t)) = n!/? /OtX(s)dM(s) +0,(1), (5.11)

and a uniformly consistent estimator of the variance function is therefore
given by optional variation process of the martingale in the latter display:

t
d(t) = n/ X~ (s)diag(dN(s))(X ~(s))T, (5.12)
0
or by the empirical version of the asymptotic variance (5.8),

&J(t) = n/o R;l(S)XT(s)W(s)diag(XiT(s)dé(s))W(s)X(s)Rgl(s).
(5.13)

That the latter estimator of the variance is uniformly consistent follows
using Lenglart’s inequality (2.25). The optional variation process (5.12)
estimator is slightly simpler to implement than (5.13) and is the one imple-
mented in the aalen-function. In Section 5.6 we give yet another variance
estimator, which is also simple to compute and in addition possesses some
robustness properties.

A pointwise (1 — «) confidence interval for B(t) can be constructed as

Bj(t) £ V2o - @12(1),
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FIGURE 5.2: PBC-data. Estimated cumulative regression function along
with 95% pointwise confidence intervals based on the optional variation
standard errors.

where ®,;(t) is the jth diagonal element of ®(t) and Cay2 is the (1 —a/2)-
quantile of the standard normal distribution. In the next section we show
how to construct confidence bands, and how to perform inference about
the regression coefficients.

Example 5.1.1 (PBC-data)

Reconsider the PBC data from Example 5.0.1. The estimated cumulative
effect of edema is depicted in Figure 5.2. The optional variation standard
errors are used to give the shown 95%-pointwise confidence intervals.

> plot(fit,xlab="Time (years)",specific.comps=3)

These intervals are useful for doing inference at fixed (and preplanned)
time-points. They are not well suited for inferential purposes about the
shape of the entire curve, however. A simple test for significance of edema
could for example be based on the cumulative estimate at time 8, and then
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the effect edema is deemed non-significant. If we, on the other hand, test
the effect at time 2, then we conclude that it has a significant effect. This is
obviously due to the changing behavior of the effect of edema with an initial
excess risk that vanishes around time 2 to just before time 6 and then in
the final part of the interval suggests a negative excess risk corresponding
to a protective effect. We shall address these questions in more detail later.

O

We motivated the estimator B (t) by the least squares arguments, which
goes back to the original paper Aalen (1980), but it turns out that the
estimator can also be thought of as an approximate maximum likelihood
estimator. The (partial) log-likelihood function can be written as

n

Z{ / log(Ai (t))dN;(t) — / )\i(t)dt}

i=1

—Z{/log )X (1) (t))dNi(t)—/E(t)XE“(t)ﬁ(t)dt}.

Taking derivative with respect to ((t) (heuristically) leads to the score
equation

XT(t)diag(Y;(t)/Ni(t)) (AN (t) — X (t)dB(t)) = 0.
Solving with respect to dB(t) while assuming that A;(¢) is known leads to
dB(t) = (XT (W (6)X (5) " XT(OW (N (),

with W (t) = diag(Y;(t)/Ai(t)). This equation can be written on integral
form as

B(t) = /0 (XT ()W ()X (s)) " X T (s)W (s)dN (s). (5.14)

A formal derivation of the score for the infinite dimensional parame-
ter B(t) was carried out by Greenwood & Wefelmeyer (1991) and Sasieni
(1992b), see also the description at the end of Chapter 3.

The estimator (5.14) is not a real estimator since it depends on the
unknown parameter 3(t). One solution is to plug in estimates based on the
unweighted estimator:

(i) First, obtain initial estimates, 3(t), of 4(t) by smoothing (5.6) with
W (t) =1, see (5.15) below.

(ii) Secondly, use the weighted least squares estimator with weights W(t) =
diag(Y;(t)/Ai(t)), where Ai(t) = Yi(t) X7 (1)B(1).
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Huffer & McKeague (1991) and McKeague (1988) showed that with a uni-
formly consistent estimator of ((t) the asymptotic properties stated in
Theorem 5.1.1 are still valid, and that the properties of the estimator are
equivalent to those for known weights. This is true even for non-predictable
estimates of the subject specific intensities, but then many technical prob-
lems are encountered, and it is therefore often assumed that a predictable
smoothing based estimator of G(t) is used.

To estimate the optimal weights A;(t) smoothing techniques must be
applied. A simple estimator of 3(t) is

B(t) = /O 2K(t_bu)d3(u) (5.15)

where b €]0, 00[ and K is a bounded kernel function with compact support
[—1, 1] satisfying that [ K(u)du =1 and [uK (u)du = 0, see Exercise 4.1
for more details on kernel smoothing. An often applied kernel function is
the Epanechikov kernel

Standard considerations can be applied to decide on the degree of smooth-
ing, see e.g. Simonoff (1996) and references therein. The simple kernel esti-
mator (5.15) can be improved by an estimator that avoids edge problems,
such as for example the local linear estimator, see Fan & Gijbels (1996).

Greenwood & Wefelmeyer (1991) and Sasieni (1992b) showed that the
estimator with weight matrix W (t) = diag(Y;(t)/XI (t)53(t)) is efficient,
and since the estimator with consistently estimated weights has the same
asymptotic properties this estimator is efficient as well. It is important to
realize, however, that the result about efficiency is an asymptotic result. It
is our experience that in practice the unweighted estimator, W (t) = I, does
as well as the maximum likelihood estimator. This is also supported by sim-
ulations in (Huffer & McKeague, 1991) showing that the efficiently weighted
estimator does not improve on the unweighted least squares estimator un-
less one has a very large dataset. Obviously, one appealing property of the
unweighted estimator is that one does not need to bother about choosing
some smoothing parameter. The smoothing needed in the maximum likeli-
hood estimator can in fact be quite a nuisance to carry out in practice. One
problem often encountered is that some of the estimated intensities, Xi(t),
may become negative or very close to zero. The former is unacceptable and
the latter may result in an unreliable estimator of B(t). Such problems are
hard to tackle in a satisfying way and are often dealt with in an ad hoc
manner.
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5.2 Inference for additive hazards models

In this section we present some approaches for conducting inference in the
additive hazards model. The material here may be viewed as a special case
of the later Section 5.4 on inference for the semiparametric additive haz-
ards model, but since all formulas are considerably simpler for the additive
hazards model this section will provide a good introduction to some of the
main ideas without the notation getting to heavy.

Various hypotheses about the regression coefficients may be of interest
and it is often possible to construct a sensible test-statistic based on the es-
timated cumulative regression coeflicients to investigate a given hypothesis.
Although one at first sight might find it unappealing to work with the cumu-
lative regression coefficients rather than the regression coefficients directly,
the cumulative coefficients are much better suited for inferential purposes.
The uniform asymptotic description of order n'/? leads to a simpler theory
than is possible for procedures based directly on B(t) One problem with
inferential procedures based on ﬂA(t) is that the asymptotic distribution of
B(t) will have a bias part and variance part. Although a uniform confi-
dence band can be constructed for 3 (t), along the lines of for example Fan
& Zhang (2000b), one drawback is that B(t) converges at a slower rate than

B(t).
In the following we consider the two hypotheses
Ho : ﬁp(t) =0,
Hoz : Bp(t) =1,

where we, without loss of generality, formulate the hypothesis for the pth re-
gression coefficient function. Both these hypotheses are about the functional
behavior of the regression coefficient function and the stated equalities are
for the entire considered time range [0, 7]. Obviously, these hypotheses may
also be of relevance for multiple regression coefficients simultaneously and
even though we only cover the one-dimensional case, all the procedures can
be generalized to a multivariate setting.

The hypotheses above can be translated directly into hypotheses about
the cumulative regression coefficients:

H01 : Bp(t) =0
H02 : Bp(t) = ’yt.

The hypothesis Hp; differs from Hgy since the null hypothesis Hyps involve
semiparametric models. The null of Hyy is exactly the semiparametric risk
model, which we describe in detail in Section 5.3. When evaluating Hys in
this section, however, we will do so without fitting the model under the
null, that is by considering only the properties of the process ép(t).

We start by considering the hypothesis Hy;, which, as already indicated,
can be evaluated by the Hall-Wellner confidence band given in (5.16) below.
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Alternatively, one may consider a maximal deviation test statistic such as

Tis = sup |B,(t)]
te(0,7]

or modified versions of it that take the variability of B,(t) into account;
we illustrate this in Example 5.2.1. If B,(t) is expected to be monotone,
then one may simply use Bp(T) to test the null hypothesis, but this test
statistic will obviously have low power if B,(7) = 0 but so that Hy; is not
true. On the other hand the test statistic, T} g, will have low power if 3, (t)
differs only substantially from 0 towards the end of the time period [0, 7],
and then a test statistic like

sup ‘Bp(s) - Bp(t)‘
s,t€[0,7]

should be better at detecting departures of (5, (f) from the null hypothesis.

The latter test statistic and Tyg are easy to compute but approximate
quantiles are more difficult to obtain. Under the additive Aalen model and
Condition 5.1 we established that U™ = n/2(B — B) converges in distri-
bution towards a Gaussian martingale U with variance function ®(t). Since
the mappings that map (U™ (t) : t € [0,7]) into the suggested test statistics
are continuous (see Exercise 5.7), it follows that the test statistic n'/ 2Ty,
e.g., has a limiting distribution that is equivalent to sup,¢jo ;1 |Up(t)|, where
U, denotes the pth component of U, and we can therefore obtain approxi-
mate asymptotic quantiles by using the asymptotic distribution U with an
estimate of the variance function ®(¢). This distribution must then be simu-
lated based on <i>(t) Alternatively, one can transform the process to obtain
a known limit distribution. The Hall-Wellner band is based on the fact that
for the Gaussian martingale, Uy (), with covariance function ®,,(t),

(I’pp(T)l/2

Ul g, ) + 1)

has the same distribution as
BO < épp(t) >
(I’pp(T) + (I’pp(t)

where B is the Brownian bridge. This leads to the Hall-Wellner band

Bp(t) :I:nfl/Qda . i)pp(T)lﬂ (1 + :AII))pp(t)

pp(T

) ) tel0,7], (5.16)

where i)pp is the pth diagonal element of & and d, is the the upper a-
quantile of sup,e(g 1/2) |B°(t)].
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The confidence band may be used for testing hypotheses such as Hg; by
observing whether or not the zero function is contained within the band.
Note, however, that the hypothesis that the regression coefficient is time
invariant, Hgo, cannot be evaluated by looking at the band, because the
uncertainty of not knowing ~ is not reflected.

Before we move on to discuss how to test the hypothesis Hgpo, we first
present a general resampling approach, which can be used to evaluate the
variability of various test statistics. Considering the martingale term in
(5.11) and using the i.i.d. structure we may write it as

n~1/?2 zn:ei(t), (5.17)

where
q(t):/o (n’lX(s)TX(s))’lXi(s)dMi(s), (5.18)
and
M;(t / Y;i(5)X;(s)TdB(s).

For simplicity we have used the un-weighted version of the estimator. When
n is large, (5.17) is essentially equivalent to a sum of the independent and
identically distributed martingales

—1

) = [ [BOUXE )] Xi(s)ad ). (5.19)

The variance of n'/2(B(t) — B(t)) may therefore be estimated consistently
by

where

€i(t) =/O (n™' X" (5)X (s)) " Xi(s)dM;(s), (5.20)
with
M;(t) / Yi(s)X;i(s)TdB(s).

The above representation of n'/2(B(t) — B(t)) as a sum of i.i.d. terms may
also be used to simulate its limit distribution.

Theorem 5.2.1 Let G, ...,G, be independent and standard normally dis-
tributed. Under Condition 5.1 and with the additional assumption that
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Y;i(t)Xi(t) are uniformly bounded with bounded variation, it follows that
n'/2(B(t) — B(t)) has the same limit distribution as

n

Ar(t) =n2Y &G,

i=1

conditional on the data (N;(-),Y;(), Xi(-))i = 1,...,n. Further, U(t) is a
consistent estimator of the asymptotic variance of n'/?(B(t) — B(t)).

Proor. We start by showing that the i.i.d. representation leads to the
same asymptotic distribution. The process n'/2(B(t) — B(t)) is asymptot-
ically equivalent to

n 2y " et)
=1

where only an op(1) term due to lack of invertibility has been removed,
see Theorem 5.1.1, and where €; was defined in (5.18). We now show that
the i.i.d. representation has the same asymptotic distribution by showing
that

VY @) — (1) = op(1)

where €; is defined in (5.19) and op,(1) is uniformly in ¢ € [0,7]. This
difference is equivalent to

TL*1/2Z;/0 é(s)Xi(s)dMi(s):/0,6(8)(1]\;[(8)

with
5(t) = [BYA(OXZ2 @)~ —n(X"X) " (1)
and with

M(t) :n*lﬂz/o Xi(s)dM;(s).

It is a consequence of the central limit theorem for random processes that
M converges in distribution towards a zero mean continuous Gaussian
process, or by the martingale central limit theorem due to its uniformly
bounded second moments. That the random process converges in the non-
martingale case can be shown by using the central limit theorem for all
finite dimensional distributions and establishing tightness. It follows by
the assumptions that § is bounded in variation and that it converges uni-
formly to zero in probability, therefore applying the Lemma by Spieker-
man & Lin (1998) given in Chapter 2 it follows that f, ddM converges
uniformly to zero. For more on this detail see also Lin et al. (2000). Note,
that the key-assumptions are the convergence to zero in probability of the
bounded variation process § and the convergence in distribution of M. A
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consequence is that the asymptotic variance of n'/?(B — B) is given by
E(€%?). Note also that the asymptotic covariance function of n'/?(B — B)
is E(&(s)el (t)).

We now consider A;(t) conditional on the data and proceed as Lin et al.
(2000) where additional details can be found. First, its conditional mean
is 0 and its variance equals W(t). It therfore suffices to show that W(s,t)
converges to U(s, t) almost surely (that the finite dimensional distributions
converge), and that A;(t) is tight.

We know that

U(s,t) =n"" Za(s)e?(t),

converges to W(s,t) uniformly when the second moments are uniformly
bounded because of the central limit theorem. We consider the one di-
mensional case for notational simplicity and show that ¥(¢) converges to
()

n! Z {(&@ —e) + (e =} (1) (5.21)

converges uniformly to zero. Then it follows that
U(t) - (t)

converges uniformly to zero since

n

\il(t) =U(t)+n " Z {(& — Ei)}Q (t)+2n"" Zgi(t) {(&i — &)} (1)
=1 =1

by use of Cauchy-Schwarz on the last term and (5.21). This follows by

showing that

n! Z(éi —e)’(t)

and

Tty (e —&)3(t)
=1
both converges uniformly to zero almost surely for almost all sequences of
the data.
An alternative proof using modern empirical process theory is to use the
conditional multiplier central limit theorem (see van der Vaart & Wellner
(1996), Theorem 2.9.6) to see that

n

n 2N & ()G (5.22)

i=1

has the same asymptotic distribution as n'/2(B — B) both conditional and
unconditional on the data. Then the result follows after showing that A;
(with the estimated residuals) has the same asymptotic distribution as
(5.22) for almost all sequences of the data.

O
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FIGURE 5.3: PBC-data. Estimated cumulative regression functions with
95% confidence intervals (solid lines). Hall-Wellner bands (broken lines)
and simulation based bands (dotted lines).

This resampling approach for the additive Aalen model was suggested in
Scheike (2002).

A uniform confidence band and a test for Hoq : By(t) = 0 may now be
constructed based on replicates of A;(t) by repeatedly generating normal
variates {GZ(-k) }i=1,...n while holding the observed data fixed. Using the test
statistic T g, one can approximate its distribution by sampling of Aq(t), t €
[0, 7], using the empirical distribution of

sup [Aug,p(t)]
te(0,7]
where Ayy p(t) denotes the kth resample of the pth component. Alterna-
tively, a variance weighted test statistic is

Tis = Fis(n'*(By(t) — By(1)), Wpp(t))
D \nl/QBp(t)l
t€[0,7] \ilzl),/)Q(t)
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where W, (t) is the pth diagonal element of ¥(t), and now Fis (A1 (t), U, (1))
will have the same asymptotic distribution as T7ig.

Example 5.2.1 (PBC-data. Example 5.0.1 continued)

The estimate of the cumulative regression coefficients related to edema is
depicted in Figure 5.3 along with 95% confidence bands. The Hall-Wellner
band is shown with broken lines and the band based on Tig (obtained by
the above resampling technique) is shown with dotted lines. The pointwise
confidence intervals are given for comparison (solid lines). The two types
of bands are obtained as follows:

> plot(fit,xlab="Time (years)",hw.ci=2,sim.ci=3,specific.comps=3)

Note that the shape of the two confidence bands differ considerably. The
Hall-Wellner band being wide initially and narrower later in contrast to
the simulation based band. Both bands show that the effect of edema is
significant having the zero-function outside the bands. The p-value associ-
ated with the resampling based approach is the one reported in the output
shown in Example 5.0.1. O

To test Hoo : Bp(t) = 7, we consider the following simple test statistics

. ~ A t
Tos = F2S(n1/2(Bp —By)) = n'/? sup |By(t) — Bp(7) |,
te[0,7] T
and
T ~ t
T =n [ (By(t) - By(r) e,
0

the idea being that B, (7)/7 is an estimate of the underlying constant under
the null hypothesis. The basic test process in this context is

n2(By(t) - By(r) )

T

for t € [0, 7], that under the null should have the same asymptotic distri-
bution as the resampled processes

A () —AI(T):

By fitting the model under the null hypothesis, as is done in Section 5.4,
one could also use

n'/? sup [B,(t) —4tl,
tel0,7]
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n/T(Bp(t) — 4t)2dt.
0

We here consider only the test statistics, Tos and Toy, which only involves
By(t).

One potential drawback of the above test statistics is that they depend
on the considered time-interval and a test for constant effect over [0, 7] may
be accepted even though one finds that the null hypothesis is rejected on
a smaller time-interval [0, 7] with 7 < 7.

The test statistic Tbg, for example, has an asymptotic distribution that
can be derived directly as a consequence of the asymptotic distribution
of n'/2(B — B) in Theorem 5.1.1. The quantiles of this distribution are,
however, difficult to obtain, and must be simulated based on one of the
estimators of the variance function such as ®, ® or . This may be circum-
vented using the Khamaladze transformation of the test statistic yielding
an asymptotic distribution with quantiles that can be found in standard
tables. Further details are given in the below note.

The resampling approach motivated by Theorem 5.2.1 is conceptually
simpler to carry out as the asymptotic distribution of Fhg(n'/ 2(ép —B,))
according to the theorem can be approximated by Fas(Aq).

Note. Khmaladzes transformation.
Suppose we are interested in testing the hypothesis Hoz : Bp(t) = v. As-
sume that the hypothesis is true and define

Vi(t) = 02 (By(6) = By(r) )
=2 (By(0) = By(t)) = n*/* (By(r) = By(r) |

By Theorem 5.1.1 it follows that Vp(t) converges in distribution towards
a Gaussian process Vp(t) that may be decomposed as

Volt) = Up(t) = Up(r)

where U, is a Gaussian martingale as described in Theorem 5.1.1. The
process V), is not a martingale, however, but it may transformed to one
using the so-called Khmaladzes transformation, see Appendix A for more
details. The martingale property of V}, is destroyed by the second compo-
nent on the right-hand side of the latter display. The idea of Khmaladzes
transformation is to project the process into the orthogonal space spanned
by that component hence removing it. In this situation it reads (Appendix
A)

O =v0- [ 0, ()05 () { | ¢51<u>d¢pp<u>¢;l<u)}l
x[@www»
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where ®,(t) is the variance of Up(t) and ¢,(¢) is the pth component of
¢(t) given in (5.9). An empirical version is

Ui e.r) = V- [ ()35 () {/ (z;%u)dépp(u)é;l(u)}_l

o [7dt wdvy (), (5.23)

s

where ®(t) is the optional variation estimator, and ¢(t) is obtained by
inserting empirical quantities in the expression of ¢(t), see (5.9). To do
this, one needs to estimate (3(t) for example by smoothing of B(t) The
basic message is now that the limit distribution of V,’(t,7) is the same
as Up(t). Some technical difficulties arise, however, when trying to show
convergence on the whole of [0,7]. What may be shown easily is that
Vp*(t,Tg) converges weakly in D([0,71]),71 < 72 < 7, to the Gaussian
martingale Up(t). Based on this result one may then construct various
tests such as the Kolmogorov-Smirnov test and the Cramér-von Mises

test.

The Kolmogorov-Smirnov test rejects at level « if
sup (Vi (8, 72) [ (n@pp) /2| > fa (5.24)
t<t1

where fq is the (1-«)-quantile in the distribution of supg<,<; |B(z)| with

B the standard Brownian motion and ®,, = ®,,(71). Specific values of
fo are fo.o1 = 2.81, fo.05 = 2.24 and fo.1 = 1.96 (Schumacher, 1984).

The Cramér-von Mises test rejects at level av if

[T )z o

where e, is the (1-a)-quantile in the distribution of f01/2 B°(u)? du with

B the standard Brownian bridge and I'(¢) = ®,,(t)/®,,. Specific values
of eq were given in Chapter 2.

Example 5.2.2 (PBC data. Example 5.0.1 continued)

Considering the estimates depicted in Figure 5.1 it is not clear based on
the pointwise confidence intervals shown there which of the components
that have time-varying effects. The uniform bands depicted in Figure 5.3
also inappropriate to test for constant effects because the bands do not
reflect the uncertainty of the estimate of the constant effect such as Tog and
Ty that we consider in the following. The table of statistics and p-values

are

for

testing for time invariant effects obtained in Example 5.0.1 are

Test for time invariant effects
sup| B(t) - (t/tauw)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.13000 0.139
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FIGURE 5.4: Test processes for testing constant effects with 50 simulated
processes under the null. Processes shown for edema and log(albumin).

Age 0.00297 0.829
Edema 0.47000 0.005
Bilirubin 0.03430 0.369
logAlbumin 0.29200 0.883
logProtime 0.96200 0.002

int (B(t)-(t/tau)B(tau))"2dt p-value H_0: B(t)=b t

(Intercept) 5.72e-02 0.037

Age 1.86e-05 0.665

Edema 8.73e-01 0.000

Bilirubin 1.85e-03 0.420

logAlbumin 7.92e-02 0.963

logProtime 3.10e+00 0.001
Call:

aalen(Surv(time/365, status) ~ Age + Edema + Bilirubin + logAlbumin +
logProtime, pbc, max.time = 8)
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Both Ths and Tsr lead to very similar p-values, and it is seen that the
intercept, edema and log(protime) do have effects that vary with time. We
plot the processes used for computing the test-statistics Tog and T5; with
50 random realizations under the null of constant effects for edema and
log(albumin) (Figure 5.4).

> plot(fit,xlab="Time (years)",ylab="Test process",score=T,
+ specific.comps=3)
> plot(fit,xlab="Time (years)",ylab="Test process",score=T,
+ specific.comps=5)

The two plots of the test-statistic processes indicate that edema has a time-
varying effect, and that log(albumin) has a performance consistent with the
null of time-invariant effect. As seen above the simulation based p-values
were 0.005 for edema and 0.88 for log(albumin) thus clearly rejecting the
hypothesis of constant effect of edema. O

5.3 Semiparametric additive hazards models

The additive Aalen model (5.3) is very flexible with all regression coef-
ficients being time-varying. In many practical settings, however, it is of
interest to investigate if the risk associated with some of the covariates is
constant with time, that is, if some of the regression coefficients do not
depend on time. This is of practical relevance in a number of settings when
there is a desire to look more closely at the time-dynamics of covariates ef-
fects, such as for example treatment effects in medical studies. Also, when
data is limited it is sometimes necessary, as well as sensible, to limit the
degrees of freedom of the considered model to avoid too much variance,
thus making a variance-bias trade-off to get more precise information.

McKeague & Sasieni (1994) considered the semiparametric additive in-
tensity model

Ai(t) = Yi(OL{X ] (H)B() + ZT (t)7}, (5.26)

where Y;(t) is the at risk indicator, X;(¢) and Z,(t) are predictable locally
bounded covariate vectors of dimensions p and ¢, respectively, 5(t) is a p-
dimensional locally integrable function and ~ is a ¢-dimensional regression
vector. Lin & Ying (1994) considered the special case of this model where
p=1 and

N(t) = Yi(O{80) + 2 (¢}, (5.27)

which parallels the proportional hazards model of Cox (1972), see Section
6.1. The added generality of the general semiparametric risk model (5.26)
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by McKeague & Sasieni (1994) is, however, at no extra cost in terms of
added complexity in estimation. From a practical point of view it is prefer-
able with a more elaborate model that can describe time-dynamics of co-
variate effects when needed, rather than forcing all covariate effects to have
constant effects. Much of the literature on semiparametric additive hazards
models, that we also term semiparametric additive hazards models, have
focused on the simple version (5.27) of the model apparently being unaware
of the important parallel development for the general version (5.26) of the
model. McKeague & Sasieni (1994) derived explicit formulas for approxi-
mate maximum likelihood estimators of the cumulative B(t) = fot B(s)ds
and ~ for model (5.26). The estimators may be motivated by least squares
reasoning or as solutions to approximate score equations similarly to what
was done for the general additive Aalen model in the previous section.

As for the additive Aalen model we organize the design vectors into
matrices

X(t) = (Y1) X1(t), ..., Yo () X0 (8))T

and
Z(t) = (Yi(t) Z1(t), ., Ya (1) Z0 ()"

The martingale decomposition of the counting process is

dN(t) = \(t)dt + dM (t)
= X(t)dB(t) + Z(t)ydt + dM (1), (5.28)

which suggests, since the martingale increments are uncorrelated with zero-
mean, that dB(t) and v can be estimated from the least squares equations

XT (W (t)(dN(t) — A(t)dt) = 0, (5.29)

/ ZT (W () (AN (t) — A(t)dt) = 0, (5.30)

where W (t) is a diagonal weight matrix. These equations can be solved
successively as follows. Solving (5.29) for fixed ~ gives

dB(t) = X~ (t) {dN(t) — Z(t)ydt} . (5.31)

Plugging this solution into (5.30) and solving for v as well as integrating
we get

A= {/OT ZT(t)H(t)Z(t)dt}_ /OT 2T () H (AN (1), (5.3)
where
H(t)=W(t)I - X)X (t)),

and with the convention that H(t) is zero when the matrix inverse does not
exist. The matrix X ~(¢) is the generalized inverse of X () defined in (5.5).
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Note that the matrix H(¢) projects onto the orthogonal space spanned by
the columns of X (¢). By using (5.31) with 4 inserted in place of v we get
the following estimator of B(t):

B(t) = /0 X~ (s)(dN(s) — Z(s)4ds). (5.33)

The asymptotic properties of the estimators B (t) and 4 are given in the be-
low theorem. Before giving the results we need some regularity conditions.

Condition 5.2 With X; = (X;,Z;) and | = p+¢
(a) sup,cio. - E(Wi(t)Y;(£)Xi; (£) Xk (£) Xim (£)) < o0 for all j, k,m =1, .., 1;

(b) ra2(t) = E(Yi(t)Wi(t)(f(i)‘X’Q(t)) is non-singular for all ¢ € [0, 7].

d
Theorem 5.3.1 If Condition 5.2 holds, then, as n — oo,
ni2(5 - ) BV, (5.34)
where V' is a zero-mean normal with variance ¥, and
n/2(B-B)(t) BU{X) asn— oo (5.35)

in D[0, 7], where U(t) is a zero-mean Gaussian process with variance ®(t).

PRrOOF. The key to the proof is the following decomposition:

T -1 T
n?(5—~) = {n_l/ ZTHZdt} n_1/2/ ZTHAM + 0,(1) (5.36)
0 0

where the o, (1) term is due to the possible non-invertibility of the involved
matrices. This term is handled in the same way as in Theorem 5.1.1. To
show that n'/ 2(’7 — ) is asymptotically normal with the suggested co-
variance matrix, it therefore suffices to use the martingale central limit
theorem and to show that the matrix n~* fOT ZT H Zdt converges in prob-
ability, the latter being a simple consequence of the i.i.d. assumption and
Condition 5.2.

Similarly, it follows that

n*?(B(t) — B(t)) =n'/? /t X~dM — /t X~ Zds n'?(3 =) + 0p(1).
’ ’ (5.37)
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The second term that arises from the asymptotic distribution of n'/2(§—~)
can be written as a martingale using the above (5.36). It is a simple con-
sequence of the i.i.d. assumption and Condition 5.2 that fot X~ Zds con-
verges uniformly in probability towards a deterministic matrix function,
that we may denote by p(t). We can use the martingale central limit the-
orem to deal with the martingale (n'/? fo X~dM,n"/? f ZTHAM). Tt
is now a simple application of the continuous mapping theorem to get the
asymptotic distribution of n'/2(B — B). If the weights Wi (t) = Y;(£)/Ai(t),
i=1,...,n, are used, then

<n*1/2/ ZTHdM,nW/ X~dM)(t) =0
0 0

so in that case the covariance between the two leading terms in the above
(5.37) is equal to zero. O

Note that the asymptotic distribution of nl/z(B — B) is not a Gaussian
martingale due to the term % in (5.33). This has consequences for the
construction of confidence bands. The asymptotic variance of the estimators
(5.32) and (5.33) are easily derived from martingale decompositions of the
estimators. First note that

n'/2(§ = y) = C7 "My (1) + 0p(1), (5.38)

=p ! ’ T 1 :n_1/2 t T(s S S).
= /0 ZTOHBZ(E)dt, Mi(?) /O 27 (s)H (s)dM (s)

(5.39)
Similarly, it follows that
n'/2(B(t) — B(t)) —n1/2/ X~ (s)dM (s)
/ X~ (8)Z(s)ds n'/? (4 — ) + 0p(1)
=My(t) — P(t)CT My (7) + 0p(1),
where
0= [ X @z M) = [ X-(aM(s). (50

The variances in Theorem 5.3.1 are estimated consistently, under the as-
sumptions of the theorem for example by the optional variation processes.
There exist theoretical expressions for the variances similarly to the expres-
sion for Aalen’s additive model (5.8) but since the expressions are of little
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practical use we omit them. The optional variation estimators for ¥ and ®
have the form

S =C; My (r)Cr (5.41)
b(t) = [Ms] (t) + P(t)CyH [My] (1)Cy P (1)
— [Ma, My) () CT PT(t) — P()CT Y [My, M) (t). (5.42)

The optional variation processes and optional covariation processes are
computed as

[Mi] () =n*1/0 Z7(s)H (s)diag(dN () H(s) Z(s),

M) (1) = n / X~ (s)ding(dN (s)) X (s),

t

[My, Mo (t) = / Z%(s)H (s)diag(dN (s))(X ()"
0

The predictable variation estimator is obtained by replacing diag(dN (t))

by diag(XT (¢)dB(t) + Z}'(t)7dt) in the above expressions. This expression

is more difficult to compute because it involves Lebesgue integration, and

the optional variation estimator is therefore preferred in practice.

Example 5.3.1 (PBC-data.)

In Example 5.0.1 we considered the semiparametric additive hazards model
with log(albumin), age and bilirubin having constant effects. The estimates
and their standard errors were

Parametric terms :

Coef. SE Robust SE Z P-val
const (Age) 0.00201 0.000579 0.00060 3.47 5.16e-04
const (Bilirubin) 0.02070 0.003870 0.00328 5.34 9.24e-08
const (logAlbumin) -0.22800 0.069200 0.06170 -3.29 9.89e-04

Call:
aalen(Surv(time/365, status) ~ const(Age) + Edema +
const(Bilirubin) + const(logAlbumin) + logProtime, pbc,
max.time = 8)

This gives a simple summary of these effects, while the model still allows
the needed complexity for the remaining two effects that are shown in
Figure 5.5 together with the estimated cumulative baseline. The shown
95% pointwise confidence intervals (full lines) are based on the optional
variation formula just given, and the 95% confidence bands (broken lines)
are based on a resampling technique described in Section 5.6. The plots are
obtained by
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FIGURE 5.5: PBC-data. Estimated cumulative regression coefficients in the
semiparametric additive hazards model with 95% pointwise confidence in-
tervals (solid lines) and 95% confidence band (broken lines).

> plot(fit.semi,sim.ci=2,xlab="Time (years)")

Compare with the appropriate plots given in Figure 5.1 and note that
both the estimates and the standard errors are almost equivalent. Given
that the straight line approximations fit so well one might have expected
a gain in efficiency for the nonparametric components, but these appear
to be estimated just as well in the full model with all components being
nonparametric for this particular dataset, see also Exercise 5.8. (|

We motivated the estimator by least squares arguments similarly to what
was done for the Aalen additive model in Section 5.1, but the original
work by McKeague & Sasieni (1994) derived the estimator as an approx-
imate maximum likelihood estimator. The log-likelihood function of the
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ii.d. counting processes can be written as

n

S ([ 1oB(XT (0B + ZF @p)aNi(e) ~ [ Vo)X (05(0) + 2T (D)),

i=1
Taking derivatives with respect to §(t) and - leads to the score equations
X (H)diag(Yi(£)/ (D)) (N (£) — X ())dB(t) — Z(D)ydt) =0,

/ Z(t)ding(Yi(6)/ X () (AN (£) — X (DdB(t) — Z(tyydt) = 0.

These are on the same form as the least squares score equations (5.29) and
(5.30) if the A;(t)’s in the above displays are assumed known. McKeague
& Sasieni (1994) showed that with these weights and even with consistent
estimates of the weights these estimators are asymptotically efficient. Effi-
cient estimates can thus be constructed by a two-step procedure similarly
to what was done for the simple additive hazards model. For practical use
we recommend, however, using the unweighted estimators, that is, to take
W (t) = I in the expressions (5.32) and (5.33).

The estimator of v was derived by integrating the score equation (5.30)
before solving it. An alternative estimator 4 may be constructed by solving
for the increments ydt and then cumulate these increments. This alterna-
tive estimator has certain robustness properties as shown in the following
examples. The alternative estimator is

1

5= /T{ZT(t)H(t)Z(t)}_lZT(t)H(t)dN(t), (5.43)
T Jo

and then an alternative estimator of B(t) is given by
t
B(t) = / X~ (s)(AN(s) — Z(s)7ds). (5.44)
0

These estimators have the same asymptotic properties as 4 and B(t)
and are thus also efficient, see Exercise 5.12, when efficiently weighted. The
matrix inverse in (5.43) may make 4 numerically more unstable than 4, but
there are also some advantages of the alternative estimators as illustrated
in the following two examples.

Example 5.3.2 (The alternative semiparametric estimator)

One advantage of the alternative estimator is that it results in something
sensible even if it is not specified correctly which of the effects that are
time-varying. To realize this consider the additive hazards model on Aalen
form, where

(1) = XT (Dalt) + 27 (1) (1).
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Then one can estimate the cumulatives of « and I6] by the least-squares
Aalen estimator (5.6). The estimator for the B(¢ fo s)ds component
of the model can be written as

E}(If):/o {27 (s)H(5)Z(s)} ™' 2" (s)H (s)dN (s)

with H = (I — XX ™), see Exercise 5.12. Therefore 7, that is 7' B(1),
makes sense even if 5(¢) is not constant over the considered time interval.
|

A similar point to the one just made in the previous example can be
formulated as a robustness property in the case of a misspecification of
which of the effects that are time-varying.

Example 5.3.3 (Misspecified additive models)

In models with time-varying effects, such as the semiparametric additive
hazards model, the primary interest may be on one covariate while it is
still important to correct for another. We here consider two covariates and
wish to investigate what consequences it has if the model is misspecified in
terms of which of the covariates that has time-varying effect. Assume that
the true hazard is on the form

A(t) = Z(t)Bo(t) + X ()0

We assume that the nonparametric effect 5y(¢) is non-constant. We shall
now take a closer look at the consequences of working with the incorrectly
specified model

A(b) = X(DB() + Z(t)y.

We start by estimating the parameters of the misspecified model, by using
the usual un-weighted estimates of v and B, (5.32) and (5.33), respectively,

5=cp! / " 2T () H(1)dN (1),
/ X~ (5)(dN(s) - Z(s)7ds),

where H(t) = (I — X(¢)X~(t)). The martingale decomposition under the
true model gives

y=n"12CT My (1) + nte ! /T ZT () H () Z(t)Bo(t)dt
0
B(t) =Mj(t, 7) + Yot

/X (5)Bo(s)ds — n= P()C /ZT VH(5)Z(5)Bo(s)ds,
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where
Ms(t, ) :/0 X~ (s)dM(s) +n"2P@t)Cy My (7).

We see that 4, apart from the martingale term, is a weighted average of
Bo(t), so, when [y(t) is non-constant with time, 4 is not an unbiased (or
even consistent) estimator of [ Bo(t)dt. The nonparametric estimate B(t)
will not be a consistent estimator of vt unless

/0 X7 (s)Z(s)Bo(s)ds = nflP(t)Cfl/ ZT(s)H(s)Z(s)fo(s)ds

0

and this will typically not be the case when (y(¢) is non-constant. Note,
however, that if X ~(¢)Z(t) are small for all ¢ € [0, 7], indicating that X (¢)
and Z(t) are almost uncorrelated for all ¢ then the two integrals will both be
close to zero. Also, if By(t) does not vary to much then the two expressions
will be close to each other.

If we instead use the alternative estimator (5.43) of v, we get that

=t [ om0 z0y 7 or0m0 + o [ o
0
B(t) =yot +n"~ 1/2Mz()

— 1P / (ZTHOZ0)) " 270 H (M ()

/X Bo(s)ds — P 71/ﬁ0

Therefore 4 is an unbiased (assuming that the involved inverses exist) esti-
mator of 771 fOT Bo(t)dt even though the applied model is misspecified. The

nonparametric estimate B(t) will still not be a consistent estimator of ot

unless
/ X~ (5)2(5)Bo(s)ds = P(t)r~" / Bo(s)ds
0 0

If X~ (t)Z(t) is small for all ¢t € [0, 7], or if By(t) does not vary too much,
then the two expressions in the later display will be close to each other.

Consider the simple case with time-fixed covariates X;(t) = Y;(¢)X; and
Z;(t) = Y;(t)Z; with the at risk indicator Y;(¢) absorbed into the design.
Even if X; and Z; are independent, then X;(t) and Z;(t) will be correlated
(if v # 0 and B # 0) for those subjects at risk at a particular point in time.
This is due to the correlation induced by the subjects being at risk.

We conclude that it is important to carefully investigate if each of the
effects of the covariates are time-varying before reducing to the semipara-
metric model. A simple strategy is to start with the flexible model that
allows all effects to be time-varying and then investigate if some of the ef-
fects are well described by constants and then successively simplifying the
model as appropriate. O
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5.4 Inference for the semiparametric hazards model

The semiparametric additive hazards model is easy to fit when it has been
decided if covariate effects are time-varying or constant with time. In Sec-
tion 5.2 we showed how to test if a covariate effect was significant and to
test if a covariate had a time-invariant effect using the full Aalen additive
model as starting point. The test for time-invariance was limited to con-
sidering just one covariate, and even though we could have constructed a
multidimensional version of the test, it is often natural and preferable with
successive test for time-varying effects that is testing one component at a
time using the reduced model as the starting point for the next analysis
and test. In this section we show how to perform such successive test for
deciding if effects are time invariant or not. This question is of great prac-
tical importance in many settings as already illustrated in the introductory
Example 5.0.1.
Within the semiparametric model

Xi(t) = Yi({XT (0)B(1) + ZF ()7}
we shall focus on the two hypothesis

Ho1 : Bp(t) = 0 or equivalently B,(t) = 0;

Hoo @ Bp(t) = Yg+1 or equivalently B, (t) = vg+1t;

where we, without loss of generality, consider only the last nonparametric
component of the model. Note, however, that the effect of the Z-covariates
is now constant in contrast to what was assumed in Section 5.2.

Considering Hp; we may apply Theorem 5.3.1 directly to obtain a con-
fidence band for B, (t). The asymptotic distribution of n'/2(B,(t) — B,(t))
is a Gaussian process, but is does not have independent increments, and
therefore the standard Hall-Wellner band can not be applied directly. One
could apply the Khmaladze transformation to obtain a well described limit
distribution. We use, however, a resampling approach that is easier to im-
plement in practice (Scheike, 2002).

The resampling approach is based on the following decomposition into
i.i.d. residuals. First, note that

n'2(§ =) =Cy a2 Z €2; + 0p(1),
i=1

where Cy was given in (5.39) and

€2 = /OT {Z:(t) = (Z(OTXO)X )X ()7 Xi(t)} dM;(t),
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using the un-weighted version of 4. The basic martingales (residuals) are
given by

Mi(t) = Ni(t) - / Yi(s) (X ()dB(s) + Z7 (s)yds).

The sum of the residuals is asymptotically equivalent to a sum of i.i.d.
terms

s = [ {20 BOGOZOXTO) B0 X0 XT(0) 7 Xil0)} adie)

where we use that the limit of for example n=1Z7(t)X(t) is given by
B(Y() Z:(0)XT (2)).

This implies for example that the variance of n'/?(4—~) can be estimated
consistently by

n~! Z e, (5.45)

where €5; is estimated using

NE(t) = Ni(t) - / Yi(s) (X (5)dB(s) + 2 (s)7ds)

in the expression for ey;. Further, and more interestingly, we can also make
an i.i.d. decomposition of the nonparametric estimator. Note that

n

n!2(B(t) = B(t)) = n 2y esilt) + op(1),

i=1

where

63i(t) = 64i(t) — P(t)Cl_16Qi,

1

€4i(t) :/0 (n'XT(s)X(s))  Xi(s)dM;(s),

with Cy and P(t) defined in (5.39) and (5.40), respectively. The asymptoti-
cally equivalent i.i.d. decomposition is obtained by a modification similarly
to what was applied to go from ey; to €z;. This suggests that the variance
of n*/2(B(t) — B(t)) can be estimated by the robust variance estimator

n

W) =n S ES20), (5.46)

i=1

again substituting MZ in the expressions for e3; and 4. In Section 5.6
we discuss which robustness properties the estimator W(t) possesses. The
following theorem justifies the resampling approach utilized later in this
section.
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Theorem 5.4.1 Under the conditions of Theorem 5.3.1 and with Gy, ..., Gy
independent standard normals, it follows that

Ag = C’fln_l/2 Z €2;G,
=1

n

As() =n~1/? Z €3i(1)Gi,

i=1

has the same asymptotic distribution as n'/2(3 —~, B— B). Further, (5.45)
and (5.46) are consistent estimators of the variance of n2(4 — v) and
n'/2(B — B), respectively.

Proor. Follows along the lines of the equivalent theorem for the additive
Aalen model, Theorem 5.2.1. g

Example 5.4.1 (PBC-data.)

Consider the semiparametric model, as in Example 5.0.1, where age, biliru-
bin and log(albumin) have constant effect. The remaining two covariates,
edema and log(protime), have time-varying effect. In Figure 5.6 we depict
95% confidence intervals for the cumulative coefficients based on the robust
standard errors (broken lines) and those based on the optional variation
process (solid lines). For this dataset the two types of confidence intervals
are almost equivalent.

> for (i in 1:3) {

+ plot(fit.semi,xlab="Time (years)",specific.comps=i,

+ robust=2,pointwise.ci=0)

+ plot(fit.semi,xlab="Time (years)",specific.comps=i,
pointwise.ci=1,add.to.plot=T) }

g

The resampling theorem may be used to construct a confidence band for
the pth component of B. We use the following simple functional

. - nt/2B, (¢
Tis = FIS(nl/Q(Bp - Bp)a \II;D;D) = Ssup ‘ A P( ) |a
tefo,r] Ypp(t)

where W,,(t) is the pth diagonal element of W(t). To approximate the
quantiles one may make simulations based on the limiting distribution of
n'/2(B,(t) — B,(t)) or by using the above resampling theorem that implies

that F1g(As, Up,) has the same asymptotic distribution as Tig.
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FIGURE 5.6: PBC-data. Estimated cumulative regression coefficients in
semiparametric additive hazards model with 95% confidence intervals based
on robust (broken lines) and optional variation (solid lines) variance esti-
mates.

The key point of this section is to construct a formal procedure for testing
the hypothesis

Hoz : Bp(t) = vg+1-
A simple test, based on B%, only, is to compute

. A A t
Thg = Fzs(’nl/z(Bp - Bp)) = n1/2 S}lp] |Bp(t) - BP(T)T |
tel0,7

The asymptotic properties of this test statistic may be simulated as a direct

consequence of Theorem 5.4.1, by computing Fbs(As). An alternative to
this test statistic is

Tg[ = Fg[(nl/z(Bp - Bp)) = n/OT(Bp(t) - BI)(T) )2dt’
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that under the null equals Fby (n1/2(Bp — B,)). The test-process associated
with these two test statistics is

which will carry much information about the type of deviation from the
null hypothesis.

A more complicated test statistic is based on both B, (-) and 4,1, where
B,(-) is obtained in the full model and 4, is computed under the null-
hypothesis, see Martinussen & Scheike (1999) and Scheike (2002) for similar
ideas in a regression set-up. To distinguish the design under the model with
freely varying §,(t) and under the semiparametric null, we let the designs
under the null be denoted X (¢) and Z(t), and use a similar notation for
other quantities defined under the null.

Two functionals to test the null are

1/2

nt? sup |B,(t) — Agi1t]

tel0,7]

and -
w [ Byl =gty

One may also consider test statistics where the variance is taken into ac-
count. To approximate the quantiles of these test statistics make an i.i.d.
representation and note that n'/2(B,(t) — 4,11t) is asymptotically equiva-
lent to a Gaussian process that can be approximated by

n
n 2N " esi(t),
=1
where
esi(t) = eqi(t) — tP(t)Cy ey,

and where the last term is computed under the null. Further, similarly
to Theorem 5.3.1, it can be shown that the asymptotic distribution of
nt/2(B,(t) — 4g41t) (and =237 e5;(t)) is the same as the asymptotic
distribution of

A4(t) = n71/2 Z é5i(t)Gi,
=1

where G, ..., G, are independent standard normals. Therefore the quantiles
of the two test-statistics may be obtained from random samples of Ay(+).

The suggested test statistics are easy to modify in the current framework.
For example the test statistic

W2 sup |(Bylt) — By(s)) — Sgsalt — 9)
s,t€[0,7]

may be better to detect local departures from the null around s.
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FIGURE 5.7: Test processes for time-varying effects with 50 random pro-
cesses under the null.

Example 5.4.2 (PBC-data.)

This example illustrates the use of the test statistics Tog and To;. Consider
the semiparametric model, as in Example 5.0.1, where log(albumin), age
and bilirubin have constant parametric effects. The computed test statistics
are given in the below output with p-values being approximated based on
1000 replications.

> fit.semi<-aalen( Surv(time/365,status) const (Age)+Edema+
+ const(Bilirubin)+const(logAlbumin)+logProtime,pbc,

+ max.time=8)

Semiparametric Additive Risk Model

Simulations start N= 1000

> summary(fit.semi)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects
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sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 21.80 0.000
Edema 3.28 0.011
logProtime 2.80 0.057

Test for time invariant effects
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.101 0.001
Edema 0.439 0.000
logProtime 0.937 0.001

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O0: B(t)=b t

(Intercept) 0.0419 0.001
Edema 0.7890 0.000
logProtime 2.5200 0.002

Parametric terms :

Coef. SE Robust SE Z P-val
const (Age) 0.00201 0.000579 0.00060 3.47 5.16e-04
const (Bilirubin) 0.02070 0.003870 0.00328 5.34 9.24e-08
const (logAlbumin) -0.22800 0.069200 0.06170 -3.29 9.89e-04

> plot(fit.semi,score=T,xlab="Time (years)",ylab="Test Process")

The observed test-processes may be used to learn where the departure from
the null is present. Figure 5.7 shows the underlying process along with 50
resampled processes. The behavior of the observed test-process for edema
indicates, just as the estimate of the effect of edema, that the effect of
edema is much higher initially. Note, that the figures are consistent with
the computed supremum test-statistic.

Sometimes the observed test-process will deviate from the behavior under
the null without it being reflected in the test-statistics considered here. The
supremum test-statistic will tend to be large at places with large variation,
and sometimes one should rather look for departures between the observed
test-process and the null at places with small variation. One way of remedy-
ing this is to use a modified version of the test-statistics that takes the vari-
ance into account. These are computed using the option weighted.test=1
as shown below.

> fit.semi.w<-aalen( Surv(time/365,status) “const(Age)+Edema+
+ const(Bilirubin)+const(logAlbumin)+logProtime,pbc,

+ max.time=8,weighted.test=2)

Semiparametric Additive Risk Model

Simulations start N= 1000

> summary (fit.semi.w)

Additive Aalen Model

Test for nonparametric terms
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FIGURE 5.8: Weighted test-processes for time-varying effects with 50 ran-
dom processes under the null.

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O0: B(t)=0

(Intercept) 21.80 0.000
Edema 3.28 0.015
logProtime 2.80 0.044

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_0: B(t)=b t

(Intercept) 13.30 0.000
Edema 5.21 0.000
logProtime 3.42 0.006

int (B(t)-(t/tau)B(tau))"2dt p-value H_O: B(t)=b t

(Intercept) 396 0.000
Edema 115 0.000
logProtime 57 0.002

Parametric terms :
Coef. SE Robust SE z P-val
const (Age) 0.00201 0.000579 0.00060 3.47 5.16e-04
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const (Bilirubin) 0.02070 0.003870 0.00328 5.34 9.24e-08
const (logAlbumin) -0.22800 0.069200 0.06170 -3.29 9.89e-04

> plot(fit.semi.w,score=T,xlab="Time (years)",ylab="Test process");

The weighted version of the observed test-processes are shown in Fig-
ure 5.8. They result have a behavior quite similar to the unweighted case
for this dataset as is evident from comparing Figure 5.7 and Figure 5.8. The
weighted test-statistics shows a somewhat erratic behavior at the start and
end of the time-interval. This is due to the fact that the test-statistic that is
almost zero is divided with a standard error that is also almost zero. This
can be remedied by not considering the edge area’s, in the above exam-
ple weighted.test=2 thus ignoring the first and last two jump times edge
points. Note, however, that the weighted supremum test-statistic may lead
to different conclusions, because the different summary statistics reflect
different types of departures from the null. O

Example 5.4.3 (Time-varying U-shaped risk function)

In this example we consider another type of hypothesis:

Hoz : Bp(t) = 08p-1(1);

supposing that the ratio between two of the regression functions is constant.
This is of interest to investigate if one encounters a so-called U-shaped
relationship between mortality and certain risk factors such as body mass
index (BMI, weight in kilograms divided by square of height in meters) with
low and high BMI being unfavorable. It then becomes an issue whether the
nadir, which is the value of the covariate associated with the lowest risk,
remains stable by advancing time during which the risk factor may change
at the individual level.

The Aalen model is well suited to investigate such questions since the
influence of each covariate in the model can vary separately with time
thus allowing a possible nadir (related to a given covariate) to vary with
time. To be specific: If X;,(¢) is set to X2, (¢), the nadir of the quadratic

ip—1
relationship between the covariate X;,_1(t) and the intensity X;(¢, X;(t))

is
_ Bp—1 (t)
26p(t)

and since we are interested in investigating a possible time-dependency of
such a nadir, the null-hypothesis Hos : (p(t) = v0p—1(t). is of interest.
Below we address estimation of v and testing of the hypothesis of constant
nadir, see Martinussen & Sgrensen (1998) for further details. The following
notation will be used: for a (p x I)-matrix A, A; denotes the (1 x {)-matrix
consisting of the ith row in A, A; denotes the (i x I)-matrix consisting of
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the first ¢ rows in A, and /Lj denotes the (1 x j)-matrix consisting of the
first j elements in the ith row of A. Solving the parametric score equation
(differentiate the log-likelihood function with respect to ) yields

Here,

Y/P(t) = (Ylp(t)7 R 7YTLP)T’ Y/I)—l(t) = (Yljzj—l(t)a ) YnT;)—l(t))Tv

By () = [ Bprds, and W) = fyor()ding(1/A(0).

The expression given by (5.47) cannot be used as an estimate of 7 since
it depends on the unknown regression functions. However, replacing the
weight matrix W (t) by the identity matrix I,,, B, i(t) and B,_1(t) by
the estimates under the unconstraint Aalen additive model leads to the
following unweighted least squares estimator

&z( /O Yp(t) Yp(t)dBp—l(t)> /O J()Y,(t) HE)dN(t), (5.48)

where H(t) = (I,, — }71',,1(15)(}/*(15));)_1). To test the null-hypothesis one
may consider the maximal deviation test statistic:

Ts = sup Bp(t) — ’yép_l(t)’ .

tel0,7]

Under the null-hypothesis we have that

n!2(By(t) = ABp-1(1)) =n'2(By(t) — 7Bp-1(t)) = Bpoa(t)n'* (5 — )

where
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FIGURE 5.9: Time-dependent nadir of risk with 95% pointwise confidence
limits. The straight line estimate is given by 4. Adapted from Martinussen
& Sgrensen (1998).

with M(t) = (My(t),..., Mn(t))T, M;(t) = N;(t) — fot Ai ds the basic mar-
tingales, and v* the (1 x p)-vector (0,...,0,—v,1)

In Martinussen & Sgrensen (1998) this method was applied to data from
the Copenhagen City Heart Study. The dataset that were analyzed con-
sisted of 8443 women. The time scale is age and failures beyond age 85
were excluded, that is, 7 = 85. The following covariates are considered:
Xi1=1, X;2=ex-smoker (1 if yes, 0 otherwise), X;3=smoker (1 if yes, 0 oth-
erwise), X;4 = log (BMI) — constant and X;5 = X2 the quadratic term
defining the U-shape of interest. The applied model is thus

Ai(t, Xi (1)) =Yi(@){B1(t) + Ba(t) Xia(t) + B (t) Xis(t)
+ Ba(t) Xia(t) + Bs () X7 (1)}
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The estimated cumulative regression functions were smoothed using the
Epanechnikov kernel with bandwidth 15 years to get estimates of the re-
gression functions. In Figure 5.9 we have used these estimates to obtain a
plot of the evolution of the nadir related to BMI (recall that the nadir at
time ¢ is —(4(t)/205(t)). The included pointwise confidence limits are based
on the confidence limits for the regression functions. Since the estimates of
the regression functions are biased, see Exercise 4.1, these limits should be
interpreted with some caution.

From Figure 5.9, it seems that the nadir could be constant within the in-
terval where the estimate is well determined. Using (5.48), a time-invariant
nadir is estimated to a body mass index at 26.2 kg/m?, which seems ac-
ceptable judging from Figure 5.9. The distribution of the teststatistic Ts
were simulated and it was found that the null-hypothesis is acceptable with
a p-value of 0.24. It therefore seems reasonable to conclude that an age-
independent nadir is in agreement with the data, and is estimated to be
26.2 kg/m?. O

5.5 Estimating the survival function

We now show how to estimate subject specific survival using the semi-
parametric additive survival model. Note, that the Aalen additive hazards
model is a special case of this taking ¢ = 0 in the semiparametric model.
Assume that a subject with covariates Xg and Zj, that do not depend on
time, have additive hazard function

Xo(t) = Xg B(t) + Z5 -
The survival probability is given as
So(t) = So(B,7,t) = exp(—Xg B(t) — Zg tv)
that obviously can be estimated by
So(t) = So(B,4,t) = exp(—X§ B(t) — Zj 7).

It is a consequence of Theorem 5.3.1 and the functional delta method that
the continuous functional n'/ 2(§0 —5Sp) has an asymptotic distribution that
is easy to derive (see Exercise 5.13). It can be shown, under Condition 5.2,
that n'/ 2(5”0 —Sp) converges towards a zero-mean Gaussian process U with
variance function @ on [0, 7| (see Exercise 5.13). A Taylor series expansion
yields (up to op(1)) that

n'/2(So(B,4,t) — So(B,7,1)) =
= So(B,7, ) { X 2(BW) - BE) +12{n 23 -7}, (5.49)
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The last expression on the right hand side of (5.49) can be written as
Xg {Ma(t) = P()Cy My (r)} + 25 C M (7),

see (5.39) and (5.40). Based on this martingale decomposition we may give
a optional variation process estimator of its variance, see Exercise 5.13,
which we here denote by T(t) without deriving an explicit formula. The
variance function @ can then be estimated consistently by

Q) = S5(1)T(1).
This will lead to pointwise (1 — a)-confidence intervals of the form
go(t) + n_l/zca/gél/z(t).

where ¢, /7 is the (1 — a/2)-quantile of the standard normal distribution.
The above method to construct confidence intervals is in principle straight-
forward. Below, however, we outline a resampling approach that is simpler
to implement and also will lead to a confidence band.

With the notation from Section 5.4 we derived in Theorem 5.4.1 that
n/2(4 — ~) and n'/2(B — B) are asymptotically equivalent to

n

Ay =n~1/? Z €2,:GY,

i=1
n

Ag(t) = n71/2 Z égvi(t)Gi,
=1

where G, ..., G, are independent and standard normally distributed. There-
fore, applying the functional delta method to these asymptotically equiv-
alent resampling processes will lead to an equivalent limit distribution,
which may be used to construct a confidence band. We now make an i.i.d.
representation of the term

Xgn'2(B = B)(t) + tZgn'/* (5 — )
from (5.49). Define
e5,i(t) = X¢ €3,4(t) + tZ] €a,.
It follows that that n'/2(Sy — Sp)(t) has the same asymptotic distribution
as

As(t) = =So(t)n~ "> " é5.i(t)Gi. (5.50)
=1

It also follows that

n

Q(t) = S(tn~" Y &i(t),
i=1
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FIGURE 5.10: PBC-data. Survival prediction with 95% pointwise confidence
intervals (solid lines) and 95% confidence band (broken lines).

is a consistent estimator of the variance of n'/ 2(5'0 — Sp), and an approxi-
mate (1 — a)-confidence band is on the form

So(t) + Can™2Q (1),
where Cy, is the (1 — a)-quantile of

A(t) |

S
sup | .
tef0,7] |621/2(t)

with A%(t) the kth resampled process, k = 1,..., K.
Example 5.5.1 (Survival prediction for PBC-data)
Consider the PBC-data using the semiparametric additive hazards model

with edema and log(protime) having timevarying effect and with age, biliru-
bin, and log(albumin) having constant effect.
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We first fit the model to get the i.i.d. representation, and then compute
the approximate constant to construct a 95% confidence band based on
resampling.

> fit<-aalen(Surv(time/365,status) “const (Age)+Edema

+ +const(Bilirubin)+const(logAlbumin)+logProtime,max.time=8,

+ pbc,resample.iid=1)

Semiparametric Additive Risk Model

Simulations start N= 1000

> # fit$B.iid and fit$gamma.iid contains i.i.d. representation
> x0<-c(1,0,0); z0<-c(0,0,0);
> delta<-matrix(0,144,418);
> for (i in 1:418) {deltal,il<-x0 %=} t(fit$B.iid[[i]])+
+ fit$cum[, 1] *sum(z0*fit$gamma.iid[i,]);}
> 50<-S0.add<-exp(- x0 %%, t(fit$cum[,-1]1))
> se<-apply(delta”2,1,sum)".5
> ### pointwise confidence intervals

> plot(fit$cum[,1],50,type="s",ylim=c(0,1) ,xlab="Time (years)",

+ ylab="Survival")

> lines(fit$cum[,1],S0-1.96%S0*se,type="s");

> lines(fit$cum[,1],S0+1.96*S0*se,type="s")

> ### uniform confidence bands

> mpt<-c()

> for (i in 1:418) {

+ g<-rnorm(418); pt<-abs(delta %*% g)/se; mpt<-c(mpt,max(pt[-11)); }
> Cband<-percen(mpt,0.95);

> lines(fit$cum[,1],S0-Cband*SO*se,lty=2,type="s");

> lines(fit$cum[,1],S0+Cband*SO*se,lty=2,type="s")

The 95% uniform band shown in Figure 5.10 is as expected wider than the
95% pointwise confidence interval. The estimated survival function is for a
subject without presence of edema and with average values for all the other
covariates. g

5.6 Additive rate models

The additive Aalen model (5.3) or the semiparametric version (5.26) of it
are models for the intensity of the observed counting processes. The inten-
sity gives the instantaneous risk of an event given the history. Considering
the Aalen model, as we set it up, as an example, the intensity is equivalent
to

A(t)dt = E[AN (t)|o(N(s), X (), Y (s), s € [0,£])],

with dN(t) = N((t + dt)—) — N(t—). The intensity should therefore reflect
the dependence on the past of N(t), Y (¢) and X (¢). If, for example, the



150 5. Additive Hazards Models

covariate process exhibit a path that indicates a particularly high risk, this
should be reflected in the expression for the intensity. In applications it may
be a difficult task to understand the subject matter well enough to correctly
specify the intensity, although it may be possible to construct a sufficiently
good approximation. The consequences of working with the intensity are
reflected in the formulas for the variances of the suggested estimators. If
the intensity is misspecified, these variance estimates will be biased. This
section describes a framework for remedying this problem by constructing
models for the rate of the counting process instead. The rate function at
time ¢ given the at risk indicator and selected covariates of interest, X (¢),
is assumed to be on the Aalen additive form

EA®Y (1), X(8)) =Y ()X ()" 5(1), (5.51)

where the important distinction is that the p-dimensional X (¢) does not
necessarily reflect the entire history but is only known to give an unbiased
linear prediction of the rate in the sense of (5.51). The model may be stated
in alternative fashion as giving the instantaneous probability of an event
given the at risk indicator and the selected covariates, such that

E@N @)Y (), X (1) = Y ()X (1) B(t)dt.

Note that the model may be used for both survival and recurrent events
data. It is important to stress that the traditional analysis, which is based
on the assumption that the specified model is the intensity, rely on stronger
assumptions than the rate model.

The semiparametric version of the rate function is

EQOIY (1), X(1), Z(1)) = Y (O)(X ()" B(t) + Z(6) ). (5.52)

The key message of this section is that the usual estimators given in Sec-
tions 5.1 and 5.3 are valid also in the rate context, but that the martingale
based standard error estimates, for example the optional variation esti-
mators, may be biased and therefore should be applied with caution. The
inferential procedures based on the resampling approach, however, contin-
ues to be valid. Note, that in the case of survival data with fixed covarites
the rate and the intensity will be the same. In Scheike (2002) a simulation
study indicated that the martingale standard errors typically perform quite
well even when the considered model is in fact a rate model. Since the ro-
bust standard errors are just as easy to compute, however, we recommend
them for general use.

We summarize the results for the semiparametric rate model (5.52) in
the following two theorems.

Theorem 5.6.1 If Condition 5.2 holds and the rate model is on the semi-
parametric risk form (5.52), then, as n — oo,

n'2(5 —7) B, (5.53)
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where V is a zero-mean normal with variance X, and
n'/2(B - B)(t) B U(t) (5.54)

in D[0,7]P, where U(t) is a zero-mean Gaussian process with variance .
Further, U(t) given in (5.46) is a uniformly consistent estimator of U(t).

Just as in the intensity case we can approximate the asymptotic distri-
butions in the above theorem by resampling of the residuals and we can
estimate the variance of the estimators consistently by the squared residual
estimators.

Theorem 5.6.2 Under the conditions of Theorem 5.6.1 and with Gy, ..., Gy,
independent standard normals, it follows that

n

Ay =n"12) "G,

i=1

Az(-) =n~1/? Z €3;(-)Gs,
=1

distributed, has the same limit distribution as n'/>(§ —~, B - B). Further,
(5.45) and (5.46) are consistent estimators of the variance of n'2(5 —7)
and n'/?(B — B), respectively.

Note that the terms

M;(t) = Ni(t) — /OtE(S)(XiT(S)dB(S) +Z{ (s)yds), i=1,...,n,
are no longer martingales but that
NE () = Ni(t) - / Vi) (XE()B(s) + ZF(3ds), =1,

used in the above variance estimators still make sense in the rate context.

5.7 Goodness-of-fit procedures

Although the additive Aalen model is very flexible, it is still important to
check that the model provides an adequate fit to the data. The true model
may for instance not be additive, the effect of some covariates may not be
linear on the scale where they are included and various interactions may
have been overlooked. We consider only how to access the goodness-of-fit
of the additive Aalen hazards model because the semiparametric additive
hazards model is considered a submodel of this model. To evaluate the fit of
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the model we consider various martingale residuals and then check if their
behavior is consistent with what should be expected under the model.
We start by considering the underlying martingale residuals

M(t) = (My(t), ..., M, (t))T
with
M;(t / Y;i(5)X;(s)TdB(s).

The martingale residuals are estimated by

NI(t) = N(t) — /0 X (s)dB(s
—/ X (s)X 7 (s)dN(s) :/ G(s)dN(s)
0 0

where G(t) = I—X ()X ~(t) and considering only the time-range where the
design has full rank. Under the additive Aalen model the residual vector is

an exact martingale
t
Mt):/ G(s)dM (s)
0

because G(t)X(t) = 0. The particular structure of the residuals implies
that

XT()dM(t) = XT(t)G(t)dM(t) = 0.

In the case with covariates that are constant with time, thus leading to
X (t) = diag(Yi(t)) X (0), it follows that

XT(0)dM(t) = XT(0)G(t)dM (t) = X T (t)G(t)dM (t) = 0.

One special implication of this (for models with an intercept term) is that

S Vit (1) =
=1

that is, the estimated martingale increments are zero when summed over
the subjects at risk.

To validate the model fit one possibility is to sum the residuals depending
on the level of the covariates (Aalen, 1993). Define therefore an n x m
matrix,

K(t) = (K{(#),....K; ()",

possibly depending on time. A K-cumulative residual process is then de-

fined as
/ KT (s)dM(s / K (s M(s).
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A typical choice of K is to let it be a factor with levels defined by the
quartiles of the considered covariates, as we do in the below Example 5.7.1.
The variance of Mg (t) can be estimated by the optional variation process

(M (1) = /O K" (5)G(s)diag(dN (s))G(s) K (s).

We give an alternative robust variance estimator in (5.55) below.

Plotting the observed cumulative residual process Mk (t) with 95% point-
wise confidence intervals or 95% Hall-Wellner confidence band will give an
indication of whether or not the observed residuals are consistent with the
model. When a large number of residuals are computed it is convenient with
a p-value to help summarize how serious a departure from the null that is
seen. We therefore suggest to compute the test-statistics sup | Mg (¢)|, and
approximate its distribution under the model by resampling. Resampling
can also be used to construct confidence bands, the key is to establish an
i.i.d. representation of the cumulative residual process. To do this simply
note that

Mg (t) = Z/O (Ki(s)" = K ()" X (s)(X ()" X () 7' Xi(s)) dM;(s),

The asymptotic distribution of Mk (t) is equivalent to the asymptotic dis-
tribution of

> .G /0 (Ki(s)" = K(s)" X (s)(X ()" X () ™" Xi(5)) dM;(s)
=1

where Gy, ..., G, are independent standard normals.

To estimate the variance of Mg (t) a simple estimator based on the i.i.d.
decomposition is given by

n t ®2

S| [ 70 - KT XXX X)) 655

i=1 L0
It may be shown that the resampling approximation has the same asymp-
totic limit as n~'/2Mp (t) and that the variance estimator is consistent.

One may also consider the following test statistics to evaluate the per-
formance of the cumulative residuals:

sup (M ;(1)], / (Mg ()2,
te(0,7] 0

for j =1,...,m, where Mg ; denotes the jth component of the vector M.

Example 5.7.1 (PBC-data)

We consider the additive hazards model with the covariates edema, biliru-
bin, log(protime), age and log(albumin). To evaluate the fit we transformed
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FIGURE 5.11: Observed cumulative residuals for quartiles of bilirubin with
95% confidence intervals (solid lines) and 95% Hall-Wellner confidence
bands (broken lines).

all continuous covariates into factors with 4 levels defined by the quartiles,
and computed the cumulative martingale residuals. We only show the result
for bilirubin. The covariate log(albumin) indicated some minor problems
with the fit, and we quantify this further in the below Example 5.7.2. All
other covariates did not give any indication of a poor fit.

> fit<-aalen(Surv(time/365,status) “Age+Edema+Bilirubin+

+ logAlbumin+logProtime,max.time=8,pbc,residuals=1,n.sim=0)
Nonparametric Additive Risk Model

> X<-model.matrix(“-1+cut(Bilirubin,quantile(Bilirubin),

+ include.lowest=T) ,pbc)

> colnames(X)<-c("1. quartile","2. quartile","3. quartile","4. quartile");
> resids<-cum.residuals(fit,pbc,X,n.sim=1000)

Cumulative martingale residuals for Right censored survival times
> plot(resids,hw.ci=2)

> summary(resids)

Test for cumulative MG-residuals
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Grouped Residuals consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

1. quartile 4.334 0.582
2. quartile 5.175 0.365
3. quartile 3.471 0.873
4. quartile 6.273 0.172
int ( B(t) )2 dt p-value H_0: B(t)=0
1. quartile 40.070 0.544
2. quartile 58.986 0.392
3. quartile 21.707 0.826
4. quartile 111.898 0.182

The cumulative residuals with confidence intervals and bands, Figure
5.11, clearly indicate that the fit is acceptable for all levels of bilirubin.

For the PBC data example it is well established that when fitting a Cox
model one should use log-bilirubin to get an acceptable fit of the propor-
tional model. This is in contrast to the conclusion for the additive model,
and to show that the use of log-bilirubin leads to a poor fit for the additive
hazards model we computed the cumulative residuals for this model for the
quartiles of bilirubin.

> nfit<-aalen(Surv(time/365,status) “Age+Edema+logBilirubin
+ +logAlbumin+logProtime,max.time=8,pbc,residuals=1,n.sim=0)
Nonparametric Additive Risk Model

> X<-model.matrix("-1+cut(Bilirubin,quantile(Bilirubin),

+ include.lowest=T),pbc)

> colnames(X)<-c("1l. quartile","2. quartile","3. quartile",
+ "4. quartile");

> resids<-cum.residuals(nfit,pbc,X,n.sim=1000)

Cumulative martingale residuals for Right censored survival times
> plot(resids,score=1)

> summary(resids)

Test for cumulative MG-residuals

Grouped Residuals consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

1. quartile 13.045 0.002
2. quartile 9.980 0.050
3. quartile 13.888 0.022
4. quartile 8.885 0.007
int ( B(t) )"2 dt p-value H_0: B(t)=0
1. quartile 666.869 0.002
2. quartile 268.896 0.063

3. quartile 659.609 0.032
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FIGURE 5.12: PBC-data. Observed cumulative residuals for quartiles of
bilirubin and 50 random realizations under the model using log(bilirubin)
in the model.

4. quartile 255.224 0.014

Figure 5.12 shows the cumulative test processes with 50 random simula-
tions under the null, which is summarized into p-values in the output. All
quartiles indicating that there are severe problems with the fit. This sug-
gests that the effect of bilirubin is not additive when it is log-transformed.

O

These K-cumulative residual plots are useful, but it is somewhat incon-
venient that one needs to group the continuous covariates. An alternative
procedure similar in spirit but avoiding this grouping was suggested by Lin
et al. (1993) in the context of the Cox model, see Section 6.2. We adopt it
here in the case of the additive Aalen model.

Considering the first continuous covariate of the model we show how
one can construct a cumulative residual process that will carry information
about the fit of the model as a function of the level of the covariate. We
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start by considering a cumulative residual process
M.(t, 2) /KT YdM (s /KT (s)dM (s).

where K, (t) is an 1 x n matrix with elements I(X;1(¢t) < z)fori=1,...,n
focusing here on the fit with regard to the first covariate X;. Integrating
over the entire time span we get a process only in z:

/KT t)dM (¢ /KT (t)dM (t). (5.56)

This process has a decomposition similarly to Mg developed above, and
resampling may thus be used to validate the fit of the model. One may also
consider the process as a function of both z,¢, and a resampling scheme
to approximate its asymptotic distribution is also possible in this case. A
different version, but very similar in spirit, was given by McKeague & Utikal
(1990a) and McKeague & Utikal (1990b) who considered double cumulative
processes as a general mean for doing goodness-of-fit for structured models.

Example 5.7.2 (PBC-data, Example 5.7.1 continued)

We again consider the additive risk model with the covariates edema, biliru-
bin, log(protime), age and log(albumin). The following commands compute
the cumulative residuals (5.56) versus the covariates (with more than two
levels).

> resids<-cum.residuals(fit,pbc,cum.resid=1)

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> plot(resids,score=2);

> summary(resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

Age 5.730 0.796
Bilirubin 10.250 0.170
logAlbumin 7.838 0.356
logProtime 4.603 0.890

The output suggests that all covariates lead to a performance that is con-
sistent with the model. Figure 5.13 shows the cumulative residuals with 50
resampled processes under the model. Age, log(bilirubin) and log(protime)
show observed cumulative processes that behave as they should under the
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FIGURE 5.13: Observed cumulative residuals versus continuous covariates
and 50 random realizations under the model.

null; but log(albumin) shows a performance that is not completely consis-
tent with the performance expected under the model. Note that the devia-
tion from the null is not dramatic and that the supremum test-statistic is
insignificant.

We finally show the similar plots for an additive hazards model with

log-bilirubin.

> resids<-cum.residuals(nfit,pbc,cum.resid=1)

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> plot(resids,score=2);

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model
sup| hat B(t) | p-value H_0: B(t)=0

Age 5.154 0.914
logBilirubin 12.588 0.004
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FIGURE 5.14: Observed cumulative residuals versus continuous covariates
and 50 random realizations under the model.

logAlbumin 8.485 0.248
logProtime 4,387 0.936

The output and Figure 5.14 clearly show that there are problems with
the fit of the model indicated by the extreme behavior of the residuals
cumulated versus log(bilirubin). O

5.8 Example
In this section we show a worked example of how to use the semiparametric
additive hazards model to predict the survival of patients with myocardial

infarction based on the TRACE data (Jensen et al., 1997).

Example 5.8.1 (TRACE Data)

The TRACE study group, see Jensen et al. (1997), studied the prognos-
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FIGURE 5.15: TRACE-data. Estimated cumulative coefficients along with
95% confidence intervals

tic importance of various risk factors on mortality for approximately 6600
patients with myocardial infarction. The TRACE data included in the
timereg package is a random sample of 1877 of these patients. In this
example we consider 1000 of these patients and this is the tTRACE data
set used below.

The risk factors that we consider are age, sex (male=1), clinical heart
failure (CHF) (present=1), ventricular fibrillation (VF) (present=1), and
diabetes (present=1). Some risk factors were expected to have strongly
timevarying effects, in particular, ventricular fibrillation. The effect of dia-
betes was also expected to decay with time. The considered time scale was
time since prognosis, and the total number of deaths in an 7 year period
after prognosis was 958, and of these, 115 took place within the two first
months. We start by fitting an additive hazards regression model with age
centered around its mean

> age.c<-tTRACE$age-mean (tTRACE$age)
> fit.trace<-aalen(Surv(time,status==9) diabetes+chf+vf+sex+age.c,
+ tTRACE,max.time=7,residuals=1)
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Nonparametric Additive Risk Model
Simulations start N= 1000

> plot(fit.trace)

> summary(fit.trace)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 6.15 0.000
diabetes 4.09 0.000
chf 7.72 0.000
vE 4.79 0.000
sex 2.11 0.427
age.c 11.10 0.000

Test for time invariant effects
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.05040 0.598
diabetes 0.14300 0.483
chf 0.13000 0.003
vE 0.46200 0.000
sex 0.05530 0.703
age.c 0.00742 0.001

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O0: B(t)=b t

(Intercept) 0.003520 0.613
diabetes 0.023600 0.598
chf 0.049400 0.003
vi 0.499000 0.000
sex 0.003500 0.749
age.c 0.000142 0.001

Figure 5.15 and the output clearly show that VF has a strongly time-
varying effect. The effect of VF is highly predictive initially (the first 3
months approximately) and then its predictive effect disappears. Thus, if
this serious condition is survived, then the prognosis is similar to other
subjects without the prognosis. It seems also that the effect of age and
CHF varies with time whereas the effect of diabetes and sex result in a
constant increase in the hazard. One may therefore consider a model with
the effects of these latter two covariates being summarized by constant
excess risk parameters.

Before considering the semiparametric submodels we do some goodness-
of-fit analysis of the model and here for illustration purposes focus on how
age should be included in the model. We therefore make the cumulative
residual plot versus age.
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FIGURE 5.16: Cumulative residuals versus age with 50 random realizations
under the model for age (left panel) and exp(age.c/10) (right panel).

This reveals that the effect of age is not well-described by the model; the
corresponding cumulative residual plot is given in Figure 5.16 left panel.
When age enters the model on exponential scale (exp(age.c/10), (cumula-
tive residual plot is shown in Figure 5.16 right panel), the Aalen model with
all covariates having time-varying effects seems to give an adequate fit to
the data. One can then go on testing successively whether the effect of the
covariates can be described as being constant with time. This is acceptable
for the covariates diabetes, sex and exp(age.c/10). The results from this
model is reported below.

> age.c<-tTRACE$age-mean (tTRACE$age)

> fit.trace.semi<-aalen(Surv(time,status==9) “const (diabetes)+chf
+ +vf+const (sex)+const(I(exp(age.c/10))),tTRACE,

+ max.time=7,resample.iid=1)

Semiparametric Additive Risk Model

Simulations start N= 1000

> summary(fit.trace.semi)

Additive Aalen Model
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FIGURE 5.17: Survival function estimates for two females without diabetes
with VF (thick solid line) and without VF (thin lines). Subject without
VF condition is shown with 95% confidence intervals (solid lines) and with
95% confidence band (broken lines).

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 5.30 0.000
chf 5.78 0.000
vi 4.60 0.001

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.032 0.195
chf 0.155 0.000
vE 0.447 0.000

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O: B(t)=b t
(Intercept) 0.00237 0.132
chf 0.07580 0.000
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vf 0.46300 0.000

Parametric terms :

Coef. SE Robust SE z P-val
const(diabetes) 0.1200 0.02970 0.04140 4.02 5.82e-05
const (sex) 0.0301 0.01270 0.01880 2.36 1.81e-02

const (I(exp(age.c/10))) 0.0619 0.00744 0.00995 8.32 0.00e+00

Finally, we compute estimates of the survival function for two females with
the chf conditions, with average age, without diabetes and with (solid thick
line) and without the vf condition (solid thin line), respectively. These
survival function estimates are depicted in Figure 5.17 where it is seen that
VF is indeed a serious condition with a marked impact on survival. The R
output shows how to compute the survival estimates and make the uniform
confidence band.

> age.c<-tTRACE$age-mean (tTRACE$age) ;

> fit<-aalen(Surv(time,status==9) “const(I(exp(age.c/10)))+vi+chf

+ +const(sex)+const(diabetes) ,tTRACE,max.time=7,n.sim=0,resample.iid=1)
Semiparametric Additive Risk Model

> # fit$B.iid and fit$gamma.iid contains i.i.d. representation
> x0<-¢(0,0,1); z0<-c(1,0,0);

> delta<-matrix(0,length(fit$cum[,1]),500);
> for (i in 1:500) {deltal,i]<-x0%*%t(fit$B.iid[[i]])+
+ fit$cum[, 1] *sum(z0*fit$gamma.iid[i,]);}
> S0<-exp(- x0 %*% t(fit$cum[,-1]1)- fit$cum[,1]*sum(z0*fit$gamma))
> se<-apply(delta”2,1,sum)".5

> ### pointwise confidence intervals

> plot(fit$cum[,1],50,type="1",ylim=c(0,1) ,xlab="Time (years)",
+ ylab="Survival")

> lines(fit$cum[,1],50-1.96%S0*se,type="s")
> lines(fit$cum[,1],S0+1.96%S0*se,type="s"

> x0.VF<-c(1,1,1);

> S0.VF<-exp(- x0.VF %x*J, t(fit$cum[,-1]1)- fit$cum[,1]*sum(z0xfit$gamma))
> lines(fit$cum([,1],S0.VF,1lwd=2)

> ### uniform confidence band

> mpt<-c()

> for (i in 1:500) {

+ g<-rnorm(500); pt<-abs(delta %*% g)/c(se);mpt<-c(mpt,max(pt[-11)); }
> Cband<-percen(mpt,0.95);

> lines(fit$cum[,1],S0-Cband*SO*se,lty=2,type="s");

> lines(fit$cum[,1],S0+Cband*SO*se,lty=2,type="s")
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5.9 Exercises

5.1 (Aalen, 1989) Let N(t) = I(T < t) have intensity according to
Aalen’s additive model:

AP () = V() (ao(t) + a1 () X1 + - + ap(t) X)),
where X7,..., X, denote time-invariant covariates.

(a) Assume that X, is independent of the other covariates. Show that
the intensity of N with respect to the filtration spanned by N and
the covariates Xi,...,X,—1 is

APTD (1) = Y (1) (a0 ()~ f (Ap(t)) ap () +ar () Xa+ - Fap-1 () Xp-1),

where f, denotes the logarithm of the Laplace transform of X, (as-
sumed to exist), A,(t) = fot ap(s)dsand Y(t) =I(t <T).

(b) Assume now that (X,...,X,) have a multivariate normal distribu-
tion. Show that A(P—1)(#) is still an additive intensity.

Consider now the situation where we only condition on one covariate, Z,
and assume that the intensity is A(¢) = Y (¢)(ao(t)+a(t)Z). The covariate Z
is, however, not observed as we only observe X = Z+e (error in covariate).

(¢) Assume that Z and e are independent and normally distributed with
mean 4 and 0, and variances 0% and o2, respectively. Show that the
conditional intensity given X is

Y (t)(ao(t) + (1 = p)a(t)(p — 0ZA(t)) + pa(t)X),

where A(t) = fot a(s)ds and p = 0% /(0% + 02).

5.2 In this exercise, we shall consider the estimator in Aalen’s additive
model when p = 1, that is we consider the model

Ai(t) = B (2)Yi(2).

(a) For this model, write out the matrix X (¢), and compute X ~ (¢) taking
Wi(t) = 1.

(b) Compute the (unweighted) estimator for By (t) = fot B1(s) ds. Does it
hold generally that this estimator, B, (t), is always the same as the
Nelson-Aalen estimator?
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(c) Determine
X7(t) = (XOTWEHXE) X)W (),

where W;(t) = I(Y;(t) > 0)/X;(t). Comment on the estimator B (t)
that is obtained now. Note by the way that W;(t) is set to W;(t) =
Yi(t)/Xi(t) in Chapter 5, which is the same as above in the case where
Yi(t) is an at risk indicator.

5.3 (Melanoma-data) In this exercise, we wish to apply the additive
Aalen model to the melanoma data. We consider the effect of sex, ulceration
and log(thickness).

(a) Consider first only the covariate sex using the Aalen additive model
with unweighted generalized inverse of X (¢). The covariate sex (X;) is
coded as 1 if the ith individual is a male and 0 otherwise. Show that
the estimators obtained in this situation, By (t) and B (t) + Ba(t),
are the Nelson-Aalen estimators for the female and male groups, re-
spectively. Now fit the Aalen additive model in this situation using
the aalen-function. What is the conclusion regarding the effect of sex
based on this analyis?

(b) Include now also the covariates ulceration and log(thickness) into the
analysis. Specify the Aalen additive model in this situation, and fit it
to the data.

(c¢) Simplify the model as appropriate focusing first on time-varying ef-
fects of the covariates. Specify a final model. Has your conclusion
regarding the effect of sex changed?

5.4 (Melanoma data. Excess and relative mortality) In this exercise we
shall compare the mortality of the melanoma patients to the population
mortality. The population mortality w;(t) (taking into account age and
sex) obtained from life tables published by the Danish Central Bureau of
Statistics (Table A.2 in Andersen et al. (1993), p. 714). The melanoma data
and the associated population mortality are given in the dataset mela.pop
in the timereg-package. Let a;(t) be the hazard rate t years after operation
for the ith patient. The models for relative mortality

ai(t) = aft)pi(t) (5.57)

and for excess mortality

ailt) = (D) + i(t) (5.58)
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with u;(t) the population mortality are both contained in the model

ai(t) = (t) + a(t)pi(t), (5.59)
as noted by Andersen & Veeth (1989).

(a) Argue that the model (5.59) is an example of Aalen’s additive hazards
model.

(b) The Table A.2 in Andersen et al. (1993) gives, as described above,
the population mortality u;(t) taking into account age and sex. Think
about how the data set mela.pop is prepared so that the model (5.59)
can be fitted using the aalen-function from timereg using the id-
option. Explain the first 10 lines in the data set mela.pop.

(c) Use the model (5.59) to investigate (using the data in mela.pop)
whether the models (5.57) and (5.58) provide a sufficient description
to the melanoma data [simplify first to an appropriate semiparametric
version of the additive Aalen model].

(d) Formulate and investigate the hypothesis that the mortality for the
melanoma patients are identical to the general Danish population.

5.5 (Aalen, 1993) Consider n i.id.
(Ni(t), Yi(t), Xi)
with X; = (X1, ..., X;,) so that Ni(¢) has intensity
Ai(t) = Yi(t)(Bo(t) + Br(t) Xir + -+ + Bp(t) Xip).

(a) Show that the vector of martingale residuals processes

Mres(t / X(s

where X (t) is the design matrix and B(t) denotes the usual least
squares estimator of B(t fo s)ds, is a (vector) martingale.

(b) Show that
X(O)TMres(T) = 07

meaning that there are no linear trends in the martingale residuals
with respect to the covariates.
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5.6 (Tests in Aalen’s additive hazards model) Consider n i.i.d.
(Ni(t), Yi(t), Xi)
with X; = (Xj1,..., Xip) so that N;(t) has intensity
Ai(t) = Yi(t)(Bo(t) + Bi(t) Xo1 + -+ + Bp(t) Xip),
that is, Aalen’s additive intensity model is assumed.

(a) Show that the unweighted least squares estimator of B(t) may be
written as

B(t) = /(Xy(t)TG(t)XY(t))_le(t)TG(t)dN(t),

where Xy (¢) is the n X p-matrix with ith row Y;(¢)(Xi1,..., Xip),
and G(t) = I —1(t)1~(¢) with 1(¢) = (Y1(t), ..., Ya(t))? assuming in
these expressions that the inverses exist.

Tests of the hypothesis
Hy: Bij(t) =0 forallt

and for j € J C {1,...,p} with |J] = ¢(< p) may be based on

Z,(t) = / L;(5)dB; (s),

where L;(t) denotes a (predictable) weight process. One choice of weight
function is to take L;(t) equal to the reciprocal of the (j + 1)th diagonal
element of (X (¢)T X (t))~!, where X (¢) denotes the usual design matrix of
the Aalen model.

(b) Derive, under Hy, the asymptotic distribution of
T(t)=Z()"S@®) ' 2(t),
where Z(t) = (Z1,... Zy(t))7T,

$(t) = / diag(L(s))d[B](s)diag(L(s))

with diag(L(t)) the diagonal matrix with jth diagonal element equal
to Lj (t)

Consider now the situation where we have three treatments and want to
judge their effects on survival. We then have p = 2 and the covariates are
indicator variables of two of the three treatments. A somewhat unpleasant
property is that the value of the above test depends on which group is taken
as the baseline if the applied weight functions vary with groups.
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(c¢) Show by a direct calculation that the value of the test statistic T(t)
depends on which group is taken as the baseline group in the case
where the weight functions vary with groups (as for example the
weight function described above).

We finally consider the situation where one wishes to test that a factor
leads to constant excess risk for all groups.

(d) Make precise suggestions for what hypotheses that may be of interest.

(e) Suggest a test-statistic that can evaluate the hypotheses, and think
about alternative parameterizations and the consequences thereof.

5.7 (Tests for Hp; and Hpz) Consider n ii.d. (N;(t),Yi(t), X;) with X; =
(Xi1, ..., Xip) so that N;(t) has intensity

Ai(t) = Yi(t)(Bo(t) + Bi(t) Xo1 + -+ + Bp(t) Xip),

that is, Aalen’s additive intensity model is assumed. Let B denote the Aalen
estimator of the cumulative regression functions for the Aalen additive
intensity model.

(a) Consider the two test statistics for Hoi:

sup |B(O)] sup |B(s) - B(t)|

te(0,7] s,t€[0,7]
Derive the asymptotic distribution of the two test-statistics under
Ho (use the continuous mapping theorem).

(b) Answer the same question for two test statistics for Hoa:

sup |B(t) — B(r)/| sup [(B(s) = B(1)) — (s = )B(7)/7].
te[o,7] 5,t€[0,7]

5.8 (An alternative estimator for the semiparametric model) Consider n
iid. (Vi(¢),Yi(t), Xi, Z;) so that N;(¢) has intensity

Xi(t) = X )B@1) + Z (t)y,

on the semiparametric risk form. One may consider the joint covariate
vector X; = (X, Z;) and fit the larger model

N(t) = V()X (Halo).

Then A(t) = fot a(s)ds may be estimated by A the Aalen estimator of the
cumulative regression functions. We denote the coefficients related to X by
Ay and the coefficients related to Z by Az, such that A = (A;, A2), and
A= (44,4A9).
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(a) To estimate ~ of the semiparametric model one may use

Aw :/0 w(t)dAs(s),

where w(t) denote a weight matrix. Derive the asymptotic distribu-
tion of 4, and find the optimal weights.

(b) Show that 4, for the right choice of w may be efficient.

(¢) Which estimator would you expect to be superior. Do a small simula-
tion study that compares the performance of the unweighted 4 (5.32)
and the un-weighted ~,,.

5.9 (K-cumulative residual processes) Consider n i.i.d. (N;(t),Yi(t), X;)
so that N;(t) has intensity

X (1) = XT(05(1).

Define, a n x m-matrix, K (t). The K-cumulative residual process is then
defined as

/KT YdM (s /KT (s)dM(s).

(a) Derive the asymptotic distribution of My and provide a consistent
estimator of its variance under Condition 5.1.

(b) Show that the resampling version given in Section 5.7 has the same
asymptotic distribution as Mg and that the (5.55) is a consistent
estimator of its variance.

5.10 (Constant additive regression effects (Lin & Ying, 1994)) Consider
the multivariate counting process N = (Ny,...N,)T so that N;(t) has
intensity

Xi(t) = Yi(t)(ao(t) + 87 Z:)

where the covariates Z;, ¢ = 1,...,n (p-vectors) are contained in the given
filtration, Y;(t) is the usual at risk indicator, ag(t) is locally integrable

baseline intensity and 3 denotes a p-vector of regresslon parameters. Let
M;(t) = N;(t) — Ai(t), i = 1,...,n, where A;(t) = fo . Define

also N.(t) = Yo | Ni(t), Y.(t) = ZZ L Yi(t), ong fOOéo ds The
processes are observed in the interval [0, 7] with 7 < co.
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(a) Suppose first that 8 is known. Explain why a natural estimator of
AO (t) is

Ao(t,ﬁ):/o Y.ts) dN.(s)—;/o ?EZ;ﬁTZi(s)ds, (5.60)

where Y;(t)/Y.(t) is defined as 0 if Y.(¢) = 0.

By mimicking the Cox-partial score function the following estimating func-
tion for estimation of 3 is obtained:

=3 / " Zi(t) (AN (8) — Yi(t) dAo(t, B) — V()BT Zi(t) dt),

in the case where 3 again is supposed unknown.

(b) Show that the above estimating function can be written

Z / (O)(dN() — Yi(O)F" Zi(t) do),
where

Z(t) =Y Yit)Z:(t)/ Y Yilt)
=1 =1
(¢) The value of 3 that satisfies U(8) = 0 is denoted 3. Show that

= (Z/OTYi(t)(z@«( ))#*dt) Z/ ) dNi(2),

(5.61)
when 1" [ Yi(t)(Zi(t) — Z(t))®? dt is assumed to be regular.

(d) Show that U(3) can be written as U(3) = M(r), where

Z/ ()) dMi(s),

and that M (t) is a (local) square integrable martingale and find its
predictable variation process.

() Show, under suitable conditions, that n~2U(8) converges in distri-
bution towards a p-dimensional normal distribution for n — oo, and
identify the mean and variance. Show that the variance is estimated
consistently by

Z/ ()52 dN; ).
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(f) Show that

(3~ B) = Z / Yi(t)(Zi(t) — Z(0)*2 dt) " (U (B)),

and, under suitable conditions, that this stochastic variable converges
in distribution towards a p-dimensional normal for n — oo. Identify
the mean and variance of the limit distribution, and show that the
variance is estimated consistently by A='BA~!, where

_ 1 = T - ) _ 9
9> [ vz - zwy a

The above estimator (5.61) corresponds to (5.32) with W(t) =

5.11 (Additive hazard breakpoint model, Chen et al. (2002)) Let T be
a failure time, U the latent treatment effectiveness lag time, and Z =
(WT,RT)T a p-vector of covariates. Assume that the conditional hazard
function for the failure time 7" given Z and U is

At| Z,U) = xo(t) + TR+ I(U < t)5TW,

where 0 = (87,7T)T is a p-vector of regression parameters and A\o(t) is an
unknown baseline hazard function. The above hazard function is \o(t) +
vT'R before U and \o(t) +~+T R+ BTW after, and 3 therefore characterizes
the full effect of W (treatment) after the individual (unobserved) lag time.

(a) Show that the observed hazard function has the form
At 2) = Xo(t) +7" R+ BT WH(t),
so the additive hazard structure is preserved. In the above display

Hi = Jo exp (—BTW (t — u)) dG(u)

Jo exp (=BTW(t —u)) dG(u) + 1 — G(u)
with G denoting the distribution function of U.

Suppose G is known.

(b) Derive estimating equations for estimation of (v, 3).

5.12 (Semiparametric model)

(a) Work out expressions for the theoretical values of the variance for
(5.32) and (5.33).
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(b) Construct an estimator of the covariance between (5.32) and (5.33),
and show it is consistent.

(¢) Derive the asymptotic distribution of the alternative estimators for
the semiparametric model given by (5.43) and (5.44).

(d) Validate that the estimator B(t) from Example 5.3.2 is equivalent to
the least squares estimator for the model

5.13 (Estimating the survival function) Assume that we observe n i.i.d.
subjects in the time period from [0, 7] that are assumed to originate as
outcomes from the semiparametric risk model. We start by computing the
usual un-weighted estimates B and 4. Consider a subject with covariates
Xo and Zj that for simplicity do not depend on time.

(a) Show that the mapping
So(B,7,t) = exp(~Xg B(t) — tZ; )

is a continuously differentiable mapping and that the functional delta
method can be applied to derive the asymptotic distribution of Sp.

(b) Show that the resampling scheme is on the form given in equation
(5.50) leads to the same asymptotic distribution and the squared
residual process is a consistent estimator of the variance of Sy.

(c) Give an explicit formulae for the optional variation based estimator
of the variance of Sy — Sy.
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Multiplicative hazards models

In the previous chapter we studied hazards models where the effect of
covariates were modeled on an additive scale. In some cases it may be
more appropriate with models where the effect of covariates are modeled
on a multiplicative scale. The multiplicative hazards models encompass
the famous proportional hazards model, or the Cox model as it is also
called. The Cox model was introduced by Cox (1972) in the context of
survival data, and Andersen & Gill (1982) extended it to the counting
process framework and gave elegant martingale proofs for the asymptotic
properties of the associated estimators, which we return to later in this
chapter. Others that have contributed to establishing asymptotic results
for the model are Tsiatis (1981) and Nees (1982).
The Cox model assumes that the intensity is of the form

A(t) = Y ()Xo (t) exp(XT(1)0) (6.1)

where X (t) = (X1(t),...,Xp(t)) is a p-dimensional bounded predictable
covariate vector and Y () is the at risk indicator. In principle Y (¢) may be
any locally bounded predictable process but we think of it as the at risk
indicator. The parameters of the model are the p-dimensional regression
parameter 3 and the nonparametric baseline intensity function Ag(¢) that
is assumed to be locally integrable: fOT Ao(t) dt < oo with 7 denoting the
timepoint where the study is stopped. The intensity A(¢) for an individual
with covariate vector equal to zero is Ag(t), which explains why it is called
the baseline intensity. It is important to realize that no structure is imposed
on Ag(t), which gives the model a great deal of flexibility. In a survival study
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it means that no assumption is made on the distribution of the lifetimes of
the baseline population (those with zero covariate values).

A key assumption in (6.1) is that the relative risks are constant with
time. Consider for a moment the special case where p = 1 and X7 is time-
invariant, for example a treatment indicator. The relative risk is the ratio

At X1+ 1)

o = (), (62)

which is seen not to depend on time because only the baseline intensity
reflects dependence on time. If there is more than one covariate in the
model, we get the same type of result if we compare two individuals with
the same covariate vector except that they differ on X (with the value 1)
as above.

Example 6.0.1 (PBC-data. Continuation of Example 1.1.1)

Let us consider the PBC data again and use the Cox model with the co-
variates identified in Fleming & Harrington (1991) as being important:
age, edema, log(bilirubin), log(albumin) and log(protime). The Cox model
is easily fitted in R using the function coxph:

> fit.pbc<-coxph(Surv(time/365,status) “Age+Edema+logBilirubin

+ +logAlbumin+logProtime,pbc) ;

> fit.pbc

Call:

coxph(formula = Surv(time/365, status) ~ Age + Edema +
logBilirubin + logAlbumin + logProtime, data = pbc)

coef exp(coef) se(coef) z P
Age 0.0383 1.0390 0.00768 4.98 6.2e-07
Edema 0.6599 1.9345 0.20588 3.21 1.4e-03

logBilirubin 0.8971 2.4525 0.08269 10.85 0.0e+00
logAlbumin  -2.4574 0.0857 0.65733 -3.74 1.9e-04
logProtime 2.3489 10.4736 0.77408 3.03 2.4e-03

Likelihood ratio test=234 on 5 df, p=0 n= 418

The estimated regression coefficients (the 3’s) are given in the first column
of the output from coxph and the estimated relative risks in the second
column. The covariate edema is binary with the value 1 for an individual
with presence of edema (swelling). Thus, comparing two individuals that
have the same covariate values except on edema gives an estimated effect
of edema (controlled for the other covariates) in terms of the relative risk
that is estimated to 1.979. So, keeping the value of the other covariates
fixed, presence of edema almost doubles the risk (relying for the moment
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on the assumption that the Cox model gives a satisfactory fit to the data).
This result is significant according to the associated p-value (we return to
how this value is computed in a moment). Similar interpretation can be
given for the other covariates. Age is given in months, so increasing age by
one month gives an estimated relative risk of 1.037 (still keeping everything
else fixed), and so on. O

The assumption that the relative risks are constant with time may be
reasonable in some settings but fails in others. The Cox model may thus
not reflect all important aspects of the data and may even give misleading
summaries. It is therefore important to have good diagnostic tools to check
the adequacy of the model in specific applications; we return to goodness-of
fit tools later in this chapter. The fit of the model, however, is typically not
examined that carefully in practice. The PBC data are one example of data
that are not well described by the Cox model in its simplest form because
of the strongly time-varying effect of some of the covariates, see Example
6.0.2 below.

A natural extension of the Cox model to accommodate time-varying co-
variate effects is

A(t) = Y (t)ho(t) exp(X T ()B(1)), (6.3)

where 3(t) = (61(t), ..., Bp(t)) is a p-dimensional time-varying regression
coefficient that satisfies certain smoothness conditions. This model has been
studied by a number of authors, e.g., Zucker & Karr (1990), Murphy & Sen
(1991), Grambsch & Therneau (1994), and more recently by Pons (2000),
Martinussen et al. (2002), Cai & Sun (2003) and Winnett & Sasieni (2003).

The extended version (6.3) of the Cox model is very flexible and can
be derived as a first order Taylor series expansion of the log of a general
conditional intensity given covariates. The flexibility of model (6.3) may
in some situations not be needed for all covariates, however. Therefore we
also consider the important semiparametric version of the model:

A(t) =Y (t)do(t) exp(XT ()B(t) + Z7 (1)), (6.4)

where (X (t), Z(t)) is a (p+ ¢q)-dimensional covariate and the parameters of
the model are the nonparametric p-dimensional 5(¢) and the g-dimensional
regression parameter 7. This model was studied in Martinussen et al. (2002)
and Scheike & Martinussen (2004). The semiparametric model (6.4) is as
easy to fit as (6.3) and has the ability to summarize covariate effects as
much as the data or subject matter suggests. For small to medium sized
data the fully nonparametric version of the extended Cox model (6.3) with
all covariate effects being time-varying may further be difficult to fit, and
the semiparametric model can then give a more reasonable compromise
between model complexity and size of the data.

Further, as we also described for the additive hazards model in Chap-
ter 5, the semiparametric model is crucial when inferential procedures are
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developed. We shall consider procedures for testing if covariate effects in
the semiparametric model are time-varying or time invariant, such as the
hypothesis

Ho : (1) = o1.

Investigating this hypothesis amounts to comparing the fit of the two semi-
parametric models

M) = Y(8)ho(t) exp(XT(£)B(t) + 27 (1))

and

A(t) =Y (£)Mo(t) exp (X (1) B (1) 44 Xp-1 () Bp1 () +-Xp (141 +27 (1)7)-

It turns out, as for the additive hazards model, that the cumulative regres-
sion function

B(t) = /0 B(s) ds

is easy to estimate and well suited for inference. With such inferential pro-
cedures to compare the above two semiparametric models we can do suc-
cessive testing of time-varying effects. For a given dataset we may start
with the model where all effects are allowed to be time-varying. Using that
model we may then investigate for each of the covariates whether their ef-
fects could be time-invariant. If this is acceptable for at least one of them,
we go on with the reduced model where this covariate has time-invariant
effect while the others are still allowed to have time-varying effects. Using
the simplified model, the question about time-invariance is then investi-
gated again for the remaining variables with possible time-varying effects,
and so on until further simplification of the model is unacceptable. We illus-
trate this procedure using the PBC data in the following example using the
timecox-function that can be used for fitting the models (6.3) and (6.4).

Example 6.0.2 (PBC data)

Consider the PBC data. We restrict attention to the first 8 years days
of the study. The reader might compare with Example 5.0.1 where we
considered the Aalen additive hazards model for these data. We consider
the covariates: age, edema, log(albumin), log(bilirubin) and log(protime).
First we fit the flexible model with all covariates having nonparametric
time-varying effects.

> fit<-timecox(Surv(time/365,status) “Age+Edema+logBilirubin

+ +logAlbumin+logProtime,pbc,max.time=8);

Nonparametric Multiplicative Hazard Model

Simulations start N= 1000

> plot(fit,ylab="Cumulative coefficients",xlab="Time (years)");
> summary (fit)
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FIGURE 6.1: Estimated cumulative regression functions with 95% pointwise

confidence intervals.

Multiplicative Hazard Model
Test for nonparametric terms

Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 43.40
Age 4.52
Edema 4.32
logBilirubin 10.40
logAlbumin 5.15
logProtime 6.24

Test for time invariant effects

0.
.000
.001
.000
.000
.000

O O O OO

000

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 2.0700
Age 0.0353
Edema 5.4000
logBilirubin 0.7170

logAlbumin 3.4200

0.000
0.940
0.000
0.559
0.851
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logProtime 12.7000 0.004

int (B(t)-(t/tau)B(tau)) ~2dt p-value H_O: B(t)=b t

(Intercept) 1.79e+01 0.000
Age 1.29e-03 0.976
Edema 7.41e+01 0.000
logBilirubin 9.16e-01 0.478
logAlbumin 1.12e+01 0.943
logProtime 5.28e+02 0.000

The output contains information about the nonparametric effects and Fig-
ure 6.1 displays the estimated cumulative regression coefficients with 95%
pointwise confidence intervals. Later in this chapter we return to how these
are actually computed.

The cumulative estimates with the pointwise confidence intervals clearly
indicate that all effects are significant, and this is also reflected by the
supremum test for significant effects in the output. The p-value for the
significance of edema, for example, is p=0.001.

The tests for time-invariant effects shows that some of the effects are
well described by constant effects. Two tests are computed and we here
focus on the supremum test and return later to a discussion of the inte-
grated squared difference test. The supremum test for time invariant effects
shows that age (p=0.940), and log(albumin) (p=0.851) are well described
by constant multiplicative effects. We therefore consider the model where
log(albumin) has constant effect (output not shown) and for this model it
is found that age (p=0.98) and log(bilirubin) (p=0.29) have a constant ef-
fect. Now considering the model with age and log(albumin) having constant
effects and testing for constant effect of log(bilirubin) gives the p-value of
0.303. We therefore fit the model where age, log(albumin) and log(bilirubin)
have constant effects while the other effects are allowed to be time-varying.

> fit.semi<-timecox (Surv(time/365,status) “const (Age)+Edema
+ +const(logBilirubin)+const(logAlbumin)+logProtime,

+ pbc,max.time=8)

Semiparametric Multiplicative Risk Model

Simulations start N= 1000

> summary (fit.semi)

Multiplicative Hazard Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 32.10 0
Edema 4.58 0
logProtime 5.50 0

Test for time invariant effects
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sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 2.08 0.000
Edema 5.09 0.000
logProtime 12.40 0.006

int (B(t)-(t/tau)B(tau)) 2dt p-value H_O: B(t)=b t

(Intercept) 19.4 0.000
Edema 72.8 0.000
logProtime 508.0 0.001

Parametric terms :

Coef. SE Robust SE Z P-val
const (Age) 0.0377 0.00931 0.00921 4.05 5.2e-05
const(logBilirubin) 0.8210 0.09840 0.08200 8.34 0.0e+00
const (logAlbumin) -2.4500 0.67300 0.60600 -3.64 2.7e-04

The fit of the semiparametric model, which has been validated by suc-
cessive testing, shows that edema and log(protime) have effects that are
significantly time-varying (p<0.001 and p=0.006) and that the effects are
significant (p<0.001 and p<0.001).

The constant log-relative risk of age, log(bilirubin) and log(albumin)
are estimated to (with estimated se’s in parenthesis) 0.038 (0.009), 0.821
(0.098) and -2.450 (0.673), respectively. Note that these effects fits well
with the slopes of the cumulative coefficients in Figure 6.1. Compare also
with the output from the Cox regression analysis given in Example 6.0.1.

O

6.1 The Cox model

The Cox regression model is by far the most used regression model for
counting process data, and has been studied in an enormous number of
papers. It assumes that the intensity is of the form

A(t) = Y (D)ho(t) exp(XT (1)), (6.5)

where X (t) = (X1(t),...,Xp(t)) is a p-dimensional bounded predictable
covariate and Y'(¢) is an at risk indicator. The parameters of the model are
the p-dimensional regression parameter 3 and the nonparametric locally
integrable baseline hazard function Ag(t). A key assumption is as mentioned
earlier that the relative risks are constant with time, see (6.2).

In the following we show how to estimate the log-relative risk param-
eter 8 and the cumulative baseline hazard function Ag(t) = fot Ao(s)ds,
and describe the asymptotic properties of these estimators based on i.i.d.
replicates from the Cox model. Assume thus that n independent copies
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(N;(t),Y:(t), X;(t)), i = 1,...,n, are being observed in some time interval
[0,7], T < 0o, and that each N;(t) has intensity on the Cox form (6.5).

The regression parameter 3 is estimated as the maximizer to Cox’s partial
likelihood function (Cox, 1972, 1975)

exp (X7 (1)3))
D=T("is”) o0

where

So(t. ) =Y Yi(t) exp(X] (t)B).
=1

Define the first and second order partial derivative of Sy(t, 5) with respect
to G:

D_Yilt) exp(X[ (0B)Xi(0),
> Yit) exp(x] (¢

51(t,8) =

Sa(t, B) = exp(X; ()5)Xi(£)**.

The estimator B is thus found as the solution to the score equation U (B) =
0, where
® =3 [ - B mavi) (67)
i=1

Sl (ta ﬁ)

SO (ta ﬁ) ’

There are several ways of arriving at (6.6) and (6.7) as natural estimation
functions, some of which we describe below.

An appealing interpretation of (6.6) is that it can be seen as profile
likelihood function where the cumulative baseline hazard function has been
profiled out. If the value of (3 is fixed then a natural estimator of Ag(t) is
the Nelson-Aalen type estimator

Ro(t, ) = / SO(; 5 0N-(0) (6.8)

where N.(t) = >, Ni(t). The estimator (6.8) can be interpreted as the
maximizer, for fixed value of 3, of the likelihood function

TTTT ((@a(exp (i8> @) exp (- [ ot 90aa(t)  (69)

with
E(t, ) =

with respect to the jumps AAg(t). Replacing dAg(t) in (6.9) with dAy(t, 3)
gives Cox’s partial likelihood function (6.6).
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The score function (6.7), which is the derivative of log L(/3) with respect
to B, may also be obtained from a least squares principle. Let

N(t) = (Ni(t), .., Na(1)"
denote the multivariate counting process with intensity
A(t) = (Aa(t), o, Aa(t)7
and organize the covariates into a design matrix of dimension n X p:
X(t) = YiO)X1(t), o, Y () Xn(t)T.

Further denote the n-dimensional cumulative intensities as A(t) = fot A(s)ds
such that M (t) = N(t) — A(t) is a n-dimensional (local square integrable)
martingale. The martingale decomposition of dN(t) then reads

AN (t) = M(t)dt + dM(t) = diag(exp(XZ (£)3))Y (t)dAo(t) + dM(t), (6.10)

where
Y(t) = (Yi(t), .., Ya(t)"

is the at-risk vector. Since the increments of the martingale are uncorrelated
and have mean 0, equation (6.10) suggests that estimation of A\o(t)dt and
0 can be done by considering the least squares score equations

/ XTdiag(\;)W1 {dN — diag(exp(X} 3))YdAo} = 0, (6.11)
YT diag(exp(X] 3))Wa{dN — diag(exp(X] 3))YdA¢} = 0, (6.12)

where Wi (t) and W(t) are diagonal weight matrices, and where we have
suppressed the dependency on time in the display. It may be shown that the
optimal choice of Wi (t) and Wh(¢) is diag(Y;(¢)/Ai(t)). The least squares
score equations (6.11) and (6.12) can be solved successively as follows.
Solving (6.12) for fixed g3 gives

Rolt) = /0 Y (s)dN(s), (6.13)
where Y~ (t) is the generalized inverse
Y7 (t) = (Y7 (t)diag(exp(X7 (1)8))Y (1) 'Y (1)

of Y(t). Observe that (6.13) is equal to (6.8). We make the convention
that Y~ (¢) is 0 when the inverse does not exist. Inserting this solution into
(6.11) and solving for 3 gives

/ X7 ()(dN (1) — diag(exp(XT (H)8)Y (DY~ (DAN() =0,  (6.14)
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which is nothing but U(8) =

Given 3, as the solution to U(8) = 0, we estimate Ag(¢) from (6.8) by
the Breslow estimator

Ro(t) = Aot B) = /O . L (s, (6.15)

Before we describe the asymptotic properties of these estimators we need
some conditions taken from Andersen & Gill (1982). Let minus the deriva-
tive of the score with respect to § be denoted by I(5) = I(r, 3), where

1(t.9) = Z / (G - B9 ) anico

:/0 V(s,B)dN.(s) (6.16)
with
V(t,B) = Zzgg — E(t, 3)®2. (6.17)

We use the notation fy to denote true value of § defining the Cox model
(6.5).

Condition 6.1 There exists a neighborhood B of Gy so that
(a) E SUPyc(o,7],8¢B Yi(8)| X5 (8) X (2)| exp(XiT(t)ﬁ) < oo for all j,k =
1,..,p;
(b) P(Y;(t) =1forallte[0,7]) > 0;

(¢) The limit in probability of n™* [ V/(t, 80)So(t, Bo)dAo(t) is positive
definite and is denoted .

O

These conditions are sufficient to show that B is a consistent estimator, see
Andersen & Gill (1982) and Andersen et al. (1993). The asymptotic prop-
erties of 8 needed to do inference about §y is given in the below theorem.

Theorem 6.1.1 If Condition 6.1 holds, then, as n — oo,

n2U(8y) 2 N(0, %),
n2 (B — o) B N(0,57Y),

and ¥ is estimated consistently by n~'I(f3).
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PRrROOF. The key to the proof is that the score evaluated in the true point
Bo is a (local square integrable) martingale (evaluated in 7):

U(f) = Z / E(t, fo))dMi (1) (6.18)

since the compensator of U(3y) given by (6.7) is

> [ - B V) exp(XT (@)t =

SO(t7 /80)

The predictable variation process of n~/2U(fo) is
(n” 20 (Bo)) = ! Z / B(t, 50)*2Yi(t) exp(XT (1)0)dAo()

- /0 V(t, 50)So(t, Bo)dAo(t) £ ¥.

The Lindeberg condition of the martingale CLT may also be seen to
be fulfilled so it follows that U(Bo) converges in distribution to a nor-
mal variate with zero-mean and variance Y. Furthermore, n=*(U(8)) is
the compensator of n~*I(3) so, by Lenglart’s inequality, it follows that
the difference between these two converges to zero in probability. Also,
n~'I(B) —n~'I(Bo) converges to zero in probability and n~'I() is thus
a consistent estimator of X.

A Taylor series expansion of the score gives

n'?(B - o) = (n ' 1(5%)) " 'n” U (o),

where 3 is on the line segment ‘between (o and ﬁ Consistency of B and
the results above give that n'/? (8— o) converges to the postulated normal
distribution. O

By Theorem 6.1.1 it follows directly that the Wald test statistic
(8 = Bo)TL(B)(5 ~ fo)
for test of the hypothesis Hy : 8 = f3y is asymptotically x? with p degrees

of freedom. It also holds true, using standard arguments from asymptotic
theory, that the likelihood ratio statistic

(Bo)
—2log ( L(ﬂ) )

U(Bo)"1(B0) U (Bo)

both are asymptotically x? with p degrees of freedom under the null.

and the score test statistic
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Note. The above test statistics can be used to investigate Ho : 8 = (o
that is called a simple hypothesis. In practice one is rarely interested in
testing all parameters equal to a fixed value, but rather testing some of
the parameters equal to a fixed value leaving the remaining parameters
unrestricted. The above test statistics can easily be accommodated to such
a situation, which is a special case of so-called differentiable hypotheses.
This is summarized below and may be shown using arguments from stan-
dard asymptotic theory for maximum likelihood estimation.

Let ¢ be a mapping from an open subset of R?, ¢ < p, into the domain
of B so that ¢ is three times continuous differentiable and the p x g-
matrix D, ¢(7) has full rank . Write ¢(4) as ¢. Under the (differentiable)
hypothesis

Ho : B = ¢(7)

one may show that the likelihood ratio test statistic

(1)

the Wald test statistic

and the score test statistic
U($)1(¢)"'U()

are asymptotically equivalent and asymptotically y>2-distributed with p—g¢
degrees of freedom.

Example 6.1.1 (Continuation of Example 6.0.1)

Consider again the output from the Cox regression analysis in Example
6.0.1:

> fit.pbc<-coxph(Surv(time/365,status) "Age+Edema+logBilirubin
+logAlbumin+logProtime,pbc) ;

> fit.pbc

coef exp(coef) se(coef) z P
Age 0.0362 1.037 0.00806 4.49 7.0e-06
Edema 0.6828 1.979 0.21483 3.18 1.5e-03
logBilirubin 0.8643 2.373 0.08493 10.18 0.0e+00
logAlbumin  -2.4641 0.085 0.67562 -3.65 2.7e-04

logProtime 2.6637 14.349 0.85476 3.12 1.8e-03
Likelihood ratio test=215 on 5 df, p=0 n= 418

The test made for effect of the individual covariates is the Wald-test (z? is
the Wald test statistic). The likelihood ratio test for testing overall effect of
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the covariates is also given. Compare with Example 6.0.2 to find that the
effect of the covariates that were well described there as having constant ef-
fects are almost equivalent to those of the standard Cox regression analysis
shown above. The linear approximations based on the above estimated co-
efficients to the cumulative coefficients curves associated with edema and
log(protime), given in Figure 6.1, are seen to be poor, however. The ef-
fect of these two covariates on survival, based on the above Cox-regression
analysis, is therefore hard to interpret. O

Using martingale calculus again, one may also derive the asymptotic behav-
ior of the Breslow-estimator. This is summarized in the following theorem.

Theorem 6.1.2 If Condition 6.1 holds, then, as n — oo,

n 2 (Ro(t, B) — Mo(t)) 2 U (1)

where U(t) is a Gaussian process with zero-mean and covariance function
®(t) that is estimated consistently by

(/ So(s, ) 2dN.(s)

/E B)TdAo(s, B)(n~ (3 /E B)dAy(s B)).

PROOF. A detailed proof can be found in Andersen et al. (1993) but
the following sketch makes it clear how the proof proceeds. Define J (t) =
I(So(t,B) > 0). Since

AO(t7B) = Ot SOJ((S%)

/so gy So(: fo)dAo( /so (®)

So(t, B) — So(t, Bo) = Si(t, %) (B — Bo)

with 8* on the line segment between Bp and B, one obtains

dN.(s)
and

n'?(Ao(t, B) — Ao (t)) = — /01 J(8)E(s, Bo) " dAo(s)n' (6 — Bo)

n~ /2 t J(s) S €
+ /O e S0t oy M (8) F €l1), (619)

where €(t) converges to zero in probability uniformly in ¢. Also

n'?(3—=Bo) = (n""1(Bo)) ' V2U(Bo)+E = (n I(Bo))'n P M () +e,
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. P
where € — 0, and

Z / 5, 40))AM;(s).

Finally note that

(3, / ' SOJ (S)ﬁo)dM.(s))(t)

Bls,fo) 5, v _
—Z/ 7)Y IS Dy exp(xi () D)o s) = 0

so that the covariance between the two leading terms on the right hand
side of (6.19) is zero. O

It is clear from (6.19) that the limit distribution of n'/2(Ag(t, 3) — Ao(t))
cannot be a Gaussian martingale due to the term (ﬁ —Bo) destroying the in-
dependent increments requirement. The estimator of the variance function
may be used to construct pointwise confidence intervals but not to construct
confidence bands as for example the Hall-Wellner band. Such a band may,
however, be constructed using an i.i.d. decomposition of nl/z(f\o(t,ﬁ) —
Ao(t)), see Chapter 7.1 for a treatment of this in a more general setting.
These band and confidence intervals may be computed using the cox-aalen
function, see Appendix C, as illustrated in the below example. One may
also approximate the joint asymptotic distribution of

(w200~ 51, 2(ha(e, )~ Aol

which is of importance when we for instance want to construct confidence
band accompanying survival predictions

Sxy() = exp(= | exp(X(t)" BdAa(t, )
0

for an individual with covariate vector Xg, see again Chapter 7.1 for a
treatment of this in a more general setting.

Example 6.1.2 (Estimated cumulative baseline function for PBC-data)

Consider again the PBC-data. We want to apply the Cox model to this
dataset and further to show the estimated cumulative baseline function
along with 95% confidence intervals and simulation based 95% confidence
band. Recall that the baseline function Ag(t) is the hazard function for an
individual with zero covariate values. Before applying the Cox model it
may therefore be sensible to center the continuous covariates around their
average value to obtain a Ag(¢) that is the hazard function for an individual
with average covariate values (for the continuous variates).
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(Intercept)

0.6
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0.5

0.4

Cumulative baseline function

0.2

0.0

Time (years)

FIGURE 6.2: Estimated cumulative baseline hazard function along with
95% pointwise confidence intervals (full lines) and 95% simulation based
confidence bands (broken lines)

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)+
+ prop(logBilirubin)+prop(logAlbumin)+prop(logProtime),

+ pbc,n.sim=1000,max.time=8) ;

Cox-Aalen Survival Model

Simulations start N= 1000

> plot(fit,sim.ci=2,robust=0,xlab="Time (years)",

+ ylab="Cumulative baseline function")

The cox.aalen function is described in further detail later in Chapter 7.1
and can fit the Cox regression model as a special case. The shown estimated
cumulative hazard function, see Figure 6.2, estimates Ag(t) = fot Ao(s) ds
with Ag () the hazard function for an individual with no swelling (edema=0)
and with average values for the other applied covariates. O

The asymptotic results for the estimators of the parameters of the Cox
model derived above are the basis for inference. These results are asymp-
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totic but seem to work very well also in small samples as reported in the
literature where a huge amount of real datasets have been analyzed using
the Cox model. Many simulation studies have also been made to investigate
the performance of the estimators and their properties, and in general these
results are very reassuring. The maximization of the partial likelihood func-
tion (6.6) may, however, break down in some situations. This was studied
by Jacobsen (1989) who gave a necessary and sufficient condition ensuring
that (6.6) attains its maximal value at a unique point 3. This is summarized
in the following note.

Note. Let ti1,...,tx denote the jumps of >, Ni(t) on [0,7], R; is the
risk set at time ¢; (includes the individual that is going to fail at ¢;) and
k; is the individual that fails at ¢;, 5 = 1,..., K. The partial likelihood
function (6.6) attains its maximal value at a unique point B if and only if
there is no 6 € R?, 6 # 0, such that for all j, k € R; \ kj:

P P
Z&lel(tj) > Z&le].l(tj). (6.20)
=1 =1

In words, at each failure time the individual that fails must not be extreme
in the risk group as described by (6.20), that is, there must be no linear
combination of the p covariates such that the value of the linear combina-
tion for the failing individual exceeds or equals the value for all other at
risk at that time. For the pbc-data it would be impossible to maximize the
partial likelihood if the failing subject at each failure time has an extreme
linear combination of the covariates used in the model. For example, at
each failure time the failing subject must not have the largest value of
protime among those at risk, or the sum of log(protime) and log(albumin)
(using the log-transform of these covariates in the model), and so on.

As mentioned earlier the assumption that the relative risks are constant
with time may not hold in practice. There are various ways of circumventing
this assumption, but most of them somewhat ad hoc. Below we describe
two of the most commonly applied approaches.

e If the proportional hazards assumption is questionable for a given
categorical covariate, X1, one may extend the model to the so-called
stratified Cozx model:

A(t) =Y (£) Aok () exp (B2 Xa(t) + - - - + Bp Xy (1)), (6.21)

when X; = kwith £ =1,..., K denoting the K possible values of X;.
The baseline intensity function Ag is thus replaced by K baseline in-
tensity functions Ag1, ..., Aok, one for each strata defined by X;. The
baseline functions may reflect various nonproportional developments
of the relative risks with time. If the specific covariate is continuous,
this method is not really satisfying since one needs to construct the
strata (more or less arbitrarily).
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e A typical violation of the model in practice is time-dependent ef-
fects of the covariates. This phenomenon can actually, to a certain
degree, be modeled within the Cox model by use of time-dependent
covariates. Suppose for a moment that X; is the only covariate in
the model, that it is continuous, and that it is suspected to have a
time-dependent effect. Suppose further that the relative risk changes
at some specific points in time as for example after one year and two
years. A possible model is then the Cox model with the covariates
X1, Xo(t) = X1I(1 <t) and X5(t) = X11(2 < t). Hence

ﬁ1X1 t<1
51 X1 + B2 Xa(t) + BsX3(t) =< (B + B2)Xa 1<t<?2
(Br+ P2+ 03)X1 2<t

so (2 gives the change in the interval from 1 to 2, and (3 gives the
additional change in the last interval. This approach may of course be
extended to include other covariates, and may in some applications
capture what is going on. The down side is that the cut points (here
1 and 2) will not be known a priori but need to be chosen in an ad
hoc manner.

We now consider the situation where regression effects are estimated
using Cox’s maximum partial likelihood estimator but the underlying true
model may not be the Cox model.

Example 6.1.3 (Misspecified proportional hazards model)

Consider the situation where some true intensity regression model holds
for a particular dataset and the Cox model is fitted to the data. If the
true model is not the Cox model, then what does the maximum partial
likelihood estimator converge to? This was investigated by Struthers &
Kalbfleisch (1986). Let (N1, ..., N,) be n i.i.d. counting processes obtained
from right-censored life-times. Suppose that the intensity with respect to
the observed filtration is

}/i(t)a(taXi)’ (622)

where the covariates X;, i = 1,...,n, are time-invariant and contained in
the given filtration and Y;(t) is the usual at risk indicator. Assume for sim-
plicity that X; is one-dimensional, ¢ = 1,...,n. Note that (6.22) needs not
be of the Cox-form. Under some standard regularity conditions, Struthers
& Kalbfleisch (1986) showed that Cox’s maximum partial likelihood esti-
mator ﬁ is a consistent estimator of 0%, where §* is the solution to the
equation h(8) = 0 with

no = [ (51“) - Sl“’ﬁ)) so(t) dt, (6.23)

So(t) So(t,ﬁ)
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where s;(t) = E(S;(t)), s;(t,8) = E(S;(t, 8)) with

=n En:Xini(t)Oé(t, Xi), S;(t,B) = nt En:XZYZ(t) exp(X;0),

i=1

j =0,1. Lin & Wei (1989) further showed that nl/Q(B — [*) is asymptoti-
cally normal and gave a consistent estimator of variance-covariance matrix,
see Exercise 6.7.

Note that 8* will depend on the censoring pattern due to the term so(t)
n (6.23). This led Xu & O’Quigley (2000) to consider an alternative to the
Cox score equation:

-y / W)X — B(t,5) dNi(0),

where W (t) = S(t—)/ > Yi(t) with S(t—) the left-continuous version of the
Kaplan-Meier estimator of the marginal survivor function. If the censoring
is independent of the life-times and covariates, then the solution to U(B) =
0 will converge to a quantity § that does not depend on the censoring
pattern. If the true model is

a(t,Xi) = 040( )eXp( Zﬁ( ))

and the limit in probability of (6.17) evaluated in 3 = ((t) is denoted by
v(t, B(t)), then [ is approximately equal to

Jo p(t) dF(t)
fo £)dF(t)

which may be interpreted as an weighted average of ((t) over [0,7]. In

the above display F'(t) = 1 — S(t). Although this approach is appealing

it is usually preferable to make as few assumptions as possible about the

distribution of the censoring times. Also it may seem more satisfactory to

take the model with time-dependent regression coeflicients as a starting

point and then try to simplify the model as appropriate, see Section 6.6.
Lin (1991) also considered a weighted Cox-score function

-y / W)X, — Bt ) dNi(h),

where W (t) is some predictable weight function. Assume that W (t) con-
verges uniformly in probability to a non-negative bounded function w(t).
Similarly to above one may show that the solution, B, to Uy(B) =0 con-
verges in probability to a quantity (3, that solves the equation h,,(8) = 0

with
_ Tw si(t)  si(t,B) 5
hetd) = [0 (30 = ) w0
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Lin (1991) then derived a test based on the asymptotic distribution of

nt/ z(ﬁw - B) that is consistent against any model misspecification of the
Cox model under which h,,(5*) # 0, see Exercise 6.8. O

The nonparametric element, A\g(t), of the Cox model makes the model
quite flexible and for many applications it may be a sensible model to use.
In fact in applied biomedical work there seems to be just this regression
model for survival data, and the biomedical researchers are so used to the
model and how to interpret its parameters that they will settle for nothing
else. This is somewhat unfortunate if the Cox model does not fit the data
since the summaries obtained from the model can then be misleading. In
any case it is pertinent to investigate whether the model gives an acceptable
fit to the data (as it is for any model). This is the topic of the next section
where some diagnostic tools are discussed.

6.2 Goodness-of-fit procedures for the Cox model

The Cox regression model
At) =Y (1) do(t) exp(X T (1))

can fail in various ways. The functional form of the individual covariates
may be misspecified, the link function, exp, may be misspecified meaning
that the relationship between the intensity function and the linear predic-
tor X1 ()3 may not be log-linear, and the regression coefficients may not
be constant with time (the proportional hazards assumption). In practice
one often encounters covariate effects, such as treatment effects, that are
weakened with time.

We focus on the proportional hazards assumption that has been the study
of much work. One of the simplest procedures to examine if the proportional
hazards assumption is violated is to make plots of the estimated cumulative
baseline hazards in the stratified model (6.21). Consider again the stratified
model where the stratification is based on X (¢):

At) = Y (1) Aor () exp(B2Xa(t) + - - - + 5 X, (1)),

when X;(t) = k with £ = 1,..., K denoting the K possible strata. If
the Cox model is correct, then the estimated cumulative baselines AOk(t)
of the stratified Cox model should be approximately proportional. One
usually make the plots (t,log(Aox(t))), k = 1,..., K, noting that these
curves should be approximately parallel. These plots may be quite difficult
to use in practice, however, since it is unclear how large deviations from
the null (parallel curves) are acceptable. An improvement to this procedure
is instead to plot the differences between these curves because these can
fairly easy be provided with confidence intervals as illustrated in the next
example.



194

Difference in log cumulative hazard

Edema

Time (years)

Alb: 2.quartile

6. Multiplicative hazards models

Difference in log cumulative hazard

Alb: 1.quartile

Time (years)

Alb: 3.quartile

Difference in log cumulative hazard
1
1

Difference in log cumulative hazard
r

Time (years)

Time (years)

FIGURE 6.3: Estimated log-cumulative hazards difference along with 95%
pointwise confidence intervals. The straight lines (dashed lines) are based
on the Cox model.

Example 6.2.1 (Proportional hazards assumption for the PBC-data)

We wish to check the proportional hazards assumption for the PBC-data
using the plots

(t, log(Aox(t)) — log(Ao (1)),

based on the stratified Cox model. Under the model these curves should be
approximately constant and equal to the estimated coefficients under the
model. Confidence intervals may be obtained using the cox.aalen function
and some additional calculations. We focus on the covariates edema and
albumin to illustrate the technique. The latter covariate is continuous and
is therefore grouped using here four groups based on the quartiles of the
covariate. The cox.aalen function gives the estimated variance covariance-
matrix for Ao (t), k= 1,..., K as follows:

k=2,... K, (6.24)

> fitl<-cox.aalen(Surv(time,status)”-1+prop(Age)+factor (Edema)
+prop(logProtime)+prop(logAlbumin)+prop(logBilirubin),
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covariance=1)

focusing here on edema and where we have centered the other covariates.
One may then apply the delta-method (see Chapter 2) to obtain 95% con-
fidence intervals for the curves (6.24) as shown in Figure 6.3 along with the
straight line estimates based on the Cox model. The plot for edema indi-
cates that the proportional hazards assumption may not hold for edema.
The plots for the grouped version of albumin are also shown, and for this
covariate there seems to be no indication of lacking fit of the Cox model
if we include albumin as a categorical variable in the model based on the
quartiles of the variate. O

Checking this property for all covariates will give some insight into whether
the proportional hazards assumption is violated. Considering the perfor-
mance of this procedure in the model defined by the extended Cox model
with time-varying coefficients

A(t) = Y (t)Ao(t) exp(XT (£)B(1)) (6.25)

it is apparent that the procedure will do quite well in the one-dimensional
case where the stratified baselines can be used to approximate the shape of
B(t). With more than one covariate in the model, however, it is unclear how
the individual plots will reflect the departure from the null. There are two
other obvious drawbacks with this approach. First, if a covariate is contin-
uous, then one needs to define some strata (more or less arbitrarily) based
on the covariate values, but it is a different model that one really wishes
to check, namely the one where the covariate is included as a continuous
variate. Secondly, the model is checked one covariate at a time assuming
that the model is okay for all the other covariates, which might obviously
not be the case. If none of these plots indicate departure from the null,
however, then this of course suggests that one may have some confidence
in the model.

We now describe a class of tests that are often performed in practice along
with the graphical procedure just discussed. We are looking for deviations
from the Cox model of the type (6.25). Write, for the moment, the time-
varying regression coeflicients as

Bi(t) = Bj +0;9;(1), (6.26)

where g;(t) is considered as known and assumed to be predictable. Exam-
ples are g;(t) = log(t), g;(t) = N.(t—) but we return to that in a moment.
The interest is in testing the hypothesis Ho : 6 = 0 with 8 = (61, ...,6,).
Note that, when the g;’s are known functions (predictable), then the model
with coefficients (6.26) is still a Cox model and the asymptotic results de-
veloped in the previous section may be invoked to test the hypothesis Hy.
It turns out indeed that the score test statistic gives many of the suggested
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goodness of fit tests in the literature when the g;’s are chosen appropri-
ately as pointed out by Therneau & Grambsch (2000). If we denote the
score function by U = (U{,UL)T (suppressing the dependency on (3, 9)),
where the first component is the derivative of partial likelihood with re-
spect to (3, and the second component is the derivative with respect to 6.
Similarly let (Ix;)g,1=1,2 denote the empirical information matrix written
as a block matrix reflecting that we have two parameter vectors in play.
Denote the inverse of the empirical information matrix by (I kl) ki=1,2. The
score test statistic may thus be written

Ill 1'12 U
(UlTa U2T) (1'21 122) (U;) i

which reduces to
T(G) = U3 (8,0)1%*(5,0)Us(3, 0)

when evaluated in (8, 0), where 3 denotes the maximum partial likelihood
estimator under the null and G(t) is the vector of g;’s. The score test T'(G)
is asymptotically x2 with p degrees of freedom under the null. Different
choices of G(t) lead to most of the suggested test-statistics for proportion-
ality of the Cox regression model, see Therneau & Grambsch (2000) for
more details. Instead of computing the above score test one could of course
also use the likelihood ratio or the Wald test.

One typical application of this type of testing is to let g;(t) = log(t) (Cox,
1972) for j = 1,...,p. If this is done multivariately, and all components
have departures from proportionality of this type, the test will give a good
idea about the lacking fit of the Cox model. It is a standard procedure to
consider the covariates one at a time, and then test for departures of g(t)
type (log for example), thus assuming that only 6,, say, differs from 0 and
then testing Ho : 6, = 0. This leads to an asymptotically x? with 1 degree
of freedom if the null is true.

Example 6.2.2 (Continuation of Example 1.1.1)

Consider again the PBC data. To test if there is a departure from propor-
tionality given by the log-function we fit the model

> cox<-coxph(Surv(time/365,status) “Age+Edema+logBilirubin
+ +logAlbumin+logProtime,data=pbc);

> time.test<- cox.zph(cox,transform="1log")

> print(time.test)

rho chisq P
Age 0.00147 2.92e-04 0.986372
Edema -0.24982 9.46e+00 0.002103

logBilirubin 0.07891 8.44e-01 0.358245
logAlbumin 0.02139 7.87e-02 0.779066
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logProtime  -0.24983 6.93e+00 0.008472
GLOBAL NA 2.35e+01 0.000266

The combined GLOBAL test, which is an approximation to the above T'(GQ)
with the g;’s chosen as the log-function, suggests strongly that there is de-
parture from the standard Cox form with p < 0.001. The individual covari-
ate tests point to that it is edema and log(protime) that have departure
from constant effects. These findings are in line with the results obtained
from the successive type of testing done in Example 6.0.2. O

The tests against specific deviations from the Cox model using prespec-
ified g;-functions may give an indication of a possible lack fit of the Cox
model, but it is important to realize that the individual tests associated
with each covariate in the model are only valid if the Cox model is true
for all the other covariates. One should therefore be cautious with these
procedures. Scheike & Martinussen (2004) showed that the test for individ-
ual components can be far from the nominal level when other components
do not have proportional effects. For many applications the sample size
will be small and the degree of non-proportionality will not be dramatic
and the individual testing of components may therefore do quite well. An-
other problem with this testing procedure is that one has to specify the
g;-functions so one needs to have a clear idea about the type of departure
from proportionality to look for, which we believe is seldom the case in
practice. Different g;’s may result in different conclusions.

Lin et al. (1993) and Wei (1984) suggested an important class of test
statistics based on cumulative residuals. These test statistics can be de-
signed to investigate different departures from the model including mis-
specification of the link function and the functional form of the covariates.
The martingales under the Cox regression model can be written as

Mi(t) = Nit) — /O Yi(s) exp(XT(5)B)ho(s)ds

— Ni(t) - / Yi(s) exp(X7 (5)8)dAo(s)

and these can be estimated using the estimates from the Cox model, see
Section 6.1, leading to

NL (1) / Yi(s) exp(XT (s)3)dAo(s)

Vi) ep(XT(s)5) | dN-(9)
- o

The idea is now to look at different functionals of these estimated residuals
and see if they behave as they should under the model. Note for example
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that the score function, evaluated in the estimate ﬁ, and seen as a function
of time, can be written as

t) :; /O X;(s)dM;(s)

A closer analysis of the score process evaluated at B shows that n=1/2U (ﬁ, t)
is asymptotically equivalent to the process

V2 (Mi(t) = 1 BT (7, B)Ma (7)) (6.27)

where

= o 00) = Y [ (6lo) el B ()
i=1 i=170

with e(, o) the limit in probability of E(t, p). The asymptotic distribution
of (6.27) may be evaluated using a resampling procedure. The distribution
of the process n=/2M(t) (t € [0,7]) is asymptotically equivalent to

-Wz/ (s, 3))AN; (5) G

where (1, ..., G, are independent standard normals. The key reasoning is
that the M;’s are i.i.d. with variance F(N;) and therefore can be approxi-
mated by G;N;. Alternatively to this resampling approach one may also, as
in Lin et al. (2000), establish that n=/2M,(t) is asymptotically equivalent
to

fwz/ (5, 6)dE(5)G:.

The last martingale residual resampling approach has certain desirable ro-
bustness properties, see Section 6.8. With the ability to assess the behavior
of the observed score process under the null, the Cox model, one can pro-
ceed to suggest some appropriate test statistics like

sup |U;(G,t)| or (6.28)
te[0,7]
wp | DD
telo,r—o] var(U (ﬁ t))
where ¢ is a small positive number to avoid numerical problems at the edges,

and var(U(3,t)) is a consistent estimator of the variance of the observed
score process such as

l, j=1...,p, (6.29)

n

Z (Mh (t,8)I"\(r, B)Mu(T))m,

i=1
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FIGURE 6.4: Score processes (unweighted) with 50 simulated processes un-
der the model.

where
W) = [ (X,(5) = B(s, ) aE(o)

Note that these test statistics are easily modified and evaluated by the
resampling approach.

Example 6.2.3 (Continuation of Example 1.1.1)

The Lin, Wei, and Ying score process test for proportionality, (6.28), has
the advantage that no specific functional form needs to be specified when
looking for lack of fit of the model for a specific covariate. The test can be
computed as follows using the cox.aalen function. The shown output is
slightly edited.

> fit.cox<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)
+ +prop(logBilirubin)+prop(logAlbumin)+prop(logProtime),

+ weighted.test=0,pbc);

Cox-Aalen Survival Model
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Simulations start N= 500
> summary(fit.cox)
Cox-Aalen Model

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 P-val
prop(Age) 0.0383 0.00701 0.00926 0.00768 4.88e-08
prop(Edema) 0.6600 0.20000  0.24500 0.20600 9.54e-04
prop(logBilirubin) 0.8970 0.07590 0.08820 0.08270 0.00e+00
prop(logAlbumin) -2.4600 0.67900 0.64100 0.65700 2.98e-04
prop(logProtime) 2.3500 0.64300 0.94700 0.77400 2.59e-04

Test for Proportionality
sup| hat U(t) | p-value H_O

prop(Age) 108.00 0.350
prop (Edema) 10.90 0.002
prop(logBilirubin) 12.50 0.170
prop(logAlbumin) 1.48 0.324
prop(logProtime) 2.29 0.004

The output differs slightly from the results from the standard coxph func-
tion because the ties are handled differently. To plot the score processes,
see Figure 6.4, just do as follows.

> plot(fit.cox,score=T,xlab="Time (years)")

When the score processes are evaluated under the null using the unweighted
supremum test-statistic we see that there is lacking fit of the Cox model
with respect to edema and log(protime). Also for log(albumin) the model
shows lacking fit towards the end of the time-period, see Figure 6.4, but this
is not reflected in the unweighted supremum test statistic. We also compute
the weighted version of the supremum test statistics taking the variance of
score processes into account (6.29), see Figure 6.5. The following output is
edited just focusing on the weighted score process.

> fit.cox.w<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)
+ +prop(logBilirubin)+prop(logAlbumin)+prop(logProtime),

+ pbc,weighted.test=1)

Cox-Aalen Survival Model

Simulations start N= 500

> summary (fit.cox.w)

Cox-Aalen Model

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 P-val
prop(Age) 0.0383 0.00701  0.00926 0.00768 4.88e-08
prop(Edema) 0.6600 0.20000  0.24500 0.20600 9.54e-04
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FIGURE 6.5: Score processes (weighted) with 50 simulated processes under

the model.

prop(logBilirubin) 0.8970 0.07590
prop(logAlbumin)  -2.4600 0.67900
prop(logProtime) 2.3500 0.64300

Test for Proportionality

sup| hat U(t) |
prop(Age) 1.82
prop (Edema) 9.42
prop(logBilirubin) 3.08
prop(logAlbumin) 2.27
prop(logProtime) 3.94

0.08820
0.64100
0.94700

p-value H_O

0.08270 0.00e+00
0.65700 2.98e-04
0.77400 2.59e-04

> plot(fit.cox.w,score=T,xlab="Time (years)",ylab="Test process")

These tests lead in this case to similar conclusions as the unweighted test

statistics.

O
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The supremum tests outlined above are appealing in that no arbitrary
grouping of (continuous) covariates or specific deviations from proportion-
ality are needed. The tests do, however, suffer the drawback that the model
is assumed to be correct with respect to all the other covariates when the
proportionality assumption is investigated for a specific covariate. One may
therefore overlook important features of the data as well as not being able
to pin point exactly where a possible lack of proportionality is present.

Lin et al. (1993) also suggested to consider the two-dimensional cumula-
tive residual process

Meft2) = [ KT (s)avi(s)

where K, (t) is an n x 1 matrix with elements I(X;1(¢t) < z)fori=1,...,n
focusing here on the first continuous covariate X, say. Thus cumulating
residuals versus both time and the covariate values. The cumulative residual
process M. is useful to study possible misspecification of the functional form
of covariates and the interaction with time. To summarize things further
one may integrate over the entire time span to get a process only in z:

M,(z) = /O ’ KT (t)dM(t), (6.30)

which can be plotted against z. The cumulative residual processes may
also be decomposed into a sum of i.i.d. components making resampling
possible to approximate their asymptotic distributions. We illustrate the
use of M.(z) in the following example.

Example 6.2.4 (PBC-data: cumulative residuals)

We shall see that the cumulative residuals do reveal information about
misspecification of the functional form of the covariates. To make this point
for the PBC data we compare the fit of the models, where it is assumed
that either bilirubin or log(bilirubin) leads to constant relative risk. First
consider the model with log(bilirubin):

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)

+ +prop(logBilirubin)+prop(logAlbumin)+prop(logProtime)

+ ,max.time=8,pbc,residuals=1,n.sim=0)

Cox-Aalen Survival Model

> resids<-cum.residuals(fit,pbc,cum.resid=1);

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model
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FIGURE 6.6: PBC-data. Observed cumulative residuals versus continuous
covariates with 50 random realizations under the model.

sup| hat B(t)

prop(Age) 6.857
prop(logBilirubin) 9.030
prop(logAlbumin) 7.998
prop(logProtime) 5.525

> plot(resids,score=2)

| p-value H_O: B(t)=0

0.694
0.172
0.450
0.814

We know that there is lacking fit for the model with respect to edema and

log(protime) but the summary statistics and Figure 6.6 suggest that the

functional representation of the covariates seems to be sensible enough.
Consider now the model where we use bilirubin on its original scale as a

covariate in the model:

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)
+ +prop(Bilirubin)+prop(logAlbumin)+prop(logProtime),
+ max.time=8,pbc,residuals=1,n.sim=0)
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FIGURE 6.7: PBC-data. Observed cumulative residuals versus continuous
covariates with 50 random realizations under the model.

Cox—-Aalen Survival Model

> resids<-cum.residuals(fit,pbc,cum.resid=1);

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

prop(Age) 6.139 0.788
prop(Bilirubin) 27.530 0.000
prop(logAlbumin) 6.045 0.830
prop(logProtime) 7.983 0.356

> plot(resids,score=2)



6.3 Extended Cox model with time-varying regression effects 205

The summary statistics and Figure 6.7 clearly suggest that bilirubin should
not be included in the model on its original scale. O

In Section 6.6 we suggest a model based approach for successive testing
of timevarying effects based on the semiparametric model (6.4).

6.3 Extended Cox model with time-varying
regression effects

The Cox model is far the most used model in applications. As stressed
in the two previous sections it relies on some assumptions that should be
checked in each application. Taking another perspective one may extend
the Cox model relaxing some of the assumptions. Ideally one can hope for
inferential tools that can be used to investigate whether the more general
model can be simplified, eventually perhaps to the Cox model. There are
many ways to extend the Cox model. One extension that seems natural,
however, is the model where the relative risk parameters are allowed to
depend on time so that the effect of a treatment, say, can change with
time. We study the Cox model with time-varying regression coefficients in
this section and we shall see indeed (Section 6.6) that inferential tools can
be developed, which allow for investigating whether the Cox model is an
acceptable submodel to use in specific applications.

The Cox model with time-varying regression coefficients is a very flexible
model, and it will give a good first order approximation to most hazards
models. The model assumes that the intensity has the form

At) = Y (t)ho(t) exp(X T ()B(1)), (6.31)

where Y (t) is the at risk process and X (¢) a p-dimensional predictable
bounded covariate vector. The baseline Ao(¢) function still gives the in-
tensity for an individual with covariates equal to zero. The regression co-
efficients of the Cox model have been replaced by a vector 5(t) of time-
dependent regression functions.

Most work on this model (see references in the beginning of this chapter)
aims directly at estimating (3(¢) utilizing smoothness assumptions. Large
sample properties for these estimators have been derived but due to pres-
ence of bias in the estimation it has been difficult to develop inferential
tools such as confidence bands. This problem has, however, been overcome
in the recent paper by Tian et al. (2005) who used a resampling method to
construct confidence bands. This procedure seems to work but one should
still keep in mind that estimators of () converge at a slower rate than
the usual n'/2-rate, which inevitably will lead to less powerful inference.
Murphy & Sen (1991) studied a histogram sieve estimator of 3(¢) and then
integrated this estimator to obtain an estimator of the cumulative time-
varying effects, B(t) = fot B(s)ds. Practically, the histogram sieve estimator
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may be difficult to use since one needs to choose a suitable number of time
segments and endpoints, see Murphy (1993) for an example. In this sec-
tion, we focus also on the cumulative regression coefficients because these
quantities can be estimated at the usual n'/2-rate. Since most hypotheses
about the regression coefficients, such as time-invariance, can be directly
transferred to hypotheses concerning the cumulatives it is in most cases no
limitation to work with the cumulatives. A further benefit, when working
with the cumulatives, is that martingale calculus may be invoked to estab-
lish large sample properties of the suggested estimators. One may establish
convergence over the entire time span in contrast to pointwise convergence
so that for example uniform confidence bands may be easily constructed.
We shall assume that A\g(t) > 0 and rewrite the model as

() = Y (1) exp(XT (H)B(2)), (6.32)

where the baseline has been absorbed into the design vector. We prefer to
work with this parameterization because it leads to simpler formulas, but
return to a discussion of how to deal with the more standard parameteri-
zation (6.31) later in this section.

Assume that n independent copies (N;(t), Yi(t), X;(t)), i = 1,...,n, are
being observed in some time interval [0, 7], 7 < co, and that each N;(¢) has
intensity (6.32). Let

N(t) = (N1(t), - Na(t)"
denote the multivariate counting process with intensity
M) = (M (t), s An(t)T
and organize the covariates into a design matrix of dimension n X p:
X(t)= Vi) X1(t), ..., Y () X0 (1)

Further denote the n-dimensional cumulative intensity as A(¢ fo
such that M (t) = N(t) — A(t) is a n-dimensional (square mtegrable) mar-
tingale.

We base the estimation on the log-likelihood function

{/x (70 a0~ [ Vit espCX ) Bt}

Taking the derivative with respect to 3(t) leads to the score equation (writ-
ten on differential form)

X ()T (AN(t) — M(t)dt) = 0. (6.33)

Equation (6.33) will be the starting point for our estimation procedure
although it has no solution as it is written here, because the first term
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represents a pure jump process while the second is absolutely continuous.
We use it, however, to construct an iteration procedure based on an initial

estimate, 3. For this we need the second derivative of the log-likelihood
function

- {Z Yi(t)eXi<t>TB<t>Xi<t>Xi<t>T} dt = —A(t) dt,
i=1

where A = Aj with

Ag(t) = XTOW(HX ()
and W (t) = diag(A;(t)). A Taylor series expansion of (6.33) gives the iter-
ation step

Bnew(®) = A1) + A X7 (dN() - Ay dt),  (6.34)

where ) is A evaluated with 0= B The iteration steps will not lead to
a solution, as already pointed out, and we need to bring in some smooth-
ness assumptions to obtain a solution. We integrate the linearized equation
(6.34) to estimate the cumulative regression coefficients instead. This leads
to the iteration step B*+1) = ¢(B®)) where

o(B)(t) = / B(s)ds + / A(s) "X (s)TdN (s)

_ /t A(S)*lX(s)TS\(s) ds, (6.35)
0

and introduce smoothness of the underlying regression coefficients through

the estimation of §(t). For simplicity, G(¢) is taken to be a simple kernel
estimator of §(t), that is,

i) = [ (7)) abto),

with b the bandwidth parameter and K a uniformly continuous kernel with
support [—1, 1] satisfying

/K(s) ds =1, /sK(s) ds = 0.

The iteration scheme may be summarized as follows:
e Start with an initial B(O)(t);
e Use the iteration step (6.35) to obtain B™M (t);

e Smooth B () to obtain 1) (¢) and apply (6.35) again. Iterate until
convergence.
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The properties of the obtained estimator are described in the following
theorem. The norm ||C|| of a matrix C is here defined as max; ; |Cj;|. Let
A(t) = Ag, (t) with Bo(f) the true regression function.

Condition 6.2
(a) The regression function ((t) is three times continuously differentiable;
(b) The bandwidth b is of order n=%, where 1/8 < a < 1/4;
(c) Convergence of n=1A(t):

sup [[n~ A(t) — a(t)]| = 0,
te[0,7]
where a is non-singular with continuous components.

0

Theorem 6.3.1 Assume Condition 6.2. Then, with a probability tending
to 1 as n — oo, (6.35) has a solution g(B) = B such that |B — B| =
O,(n=Y2). Furthermore,

n1/2(B—B)2>U as n — 0o

in D[0,7]|P, where U is a zero-mean Gaussian martingale with variance
function

d(t) = /O a™(u) du. (6.36)

Proor. In this proof we focus on only establishing the asymptotic nor-
mality result. That (6.35) has a solution ¢g(B) = B such that ||B — B|| =
Op(n~/?) is shown in Martinussen et al. (2002) using the fix point theo-
rem.

We can decompose the counting process as
dN(t) = A(t) dt + dM (1), (6.37)

where M is a (local square integrable) vector martingale. By use of the
martingale central limit theorem and Condition 6.2 (a), it may be seen
that

n'/? / A(s) 7' X (s)" dM(s) > U as n — oo, (6.38)

where U is a zero-mean Gaussian martingale with covariance function
given by (6.36). The latter point follows since the predictable variation
process of the martingale in (6.38) is

n </Ot A(s) ' X (s)" dM(s)> =n Ot A(s) ' X (s)TW ()X (s)A(s) " ds

/'(nflA(s))*lds,

0
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which converges in probability to the expression (6.36). The asymptotic
distribution of B is obtained from equation (6.35) starting from B. Since
g(B) = B, we have

B() - B(t) :/Ot A(s) " X (s)" dM(s)
+ LA {4 - A {36 - s} as
= [ A X" ans) + 0G5 - AP

where A(t) = Ap(t), A™(t) = Ap~(t) and with 8"(t) on the line segment
between (3 and B(t). If

(i) nm/o (A(s)™" = A(s) )X ()" dM (5) = 0p(1),

such that A can be replaced by the predictable A, and

(i) n'20(|8 - BI1*) = op(1),

then the proof follows from (6.38).

To show (ii), it suffices to choose b such that

13 = Bll = op(n™1*). (6.39)

To this end we split the error of ﬁ — (3 into a bias part and a random part,

b0 50 = [ v () 1) B - Bw) + 50 - 50

B(t) = /b_lK (“ N t) dB(u)

denote the smoothed derivative of B(t). Hence

where

18 = BIl < O(~'|B = B]|) + O
and (6.39) is seen to be met with
b=n""7, 1/8 < a<1/4,

which is Condition 6.2 (b).

To show that (i) is valid, we Taylor expand the matrix function A(¢)™'.
For ease of notation we consider only the one-dimensional case. Let

C(t) = X ()" diag(Xi ()W (£) X (t).
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We then obtain for the leading term of (i):

/A(t)_IC’(t)b_l /K (“ N t) d(B — BYw)A®) X (1) dM (1)
:/A(t)_IC(t)b_Q/Kd (“ ) t) (B = B)(u) dud(t) ' X (£)T dM(t)
=b 2 //A(t)*lc(t)Kd (“ ; t) AT X ()T dM(t)(B — B)(u) du

<||B- B|p? /’/A(t)_lC(t)A(t)_le (“;t) X()" dM(t)

du

’

where K is the derivative of K. Since B is a smoothed version of B the
above change of integrals effectively smoothes the martingale rather than
B and the martingale central limit theorem applies. By use of Lenglart’s
inequality it is seen that (i) holds, and the proof is complete. O

Winnett & Sasieni (2003) studied a related procedure that estimates 3(t)
and establishes a stronger consistency than the one given by the above
theorem. It also follows that with a probability tending to one that the
solution is unique within a ball of radius O(n~?) from B where 2a < § <
1/2,1/8 < a< 1/4.

It is worth pointing out that, if a consistent starting point is given, then
it suffices with one iteration step to obtain efficiency. That the estimator
is in fact efficient follows by comparing the estimator’s variance with the
information bound for this model, see Sasieni (1992b).

Consistent estimates of the variance function ®(t) are provided either by

t
n/ A(s)"tds,
0
where A(t) = Aj(t), or by the optional variation process
t A A
n / A(s)~1 X (5)T diag (dN(s)) X (s)A(s)"
0

with the latter referring to the martingale decomposition

n2(B(t) - B(t)) = n1/2/0 A(s)" X ()T dM(s) + 0,(1).

Example 6.3.1 (PBC-data. Example 6.0.2 continued.)

The optional variation standard errors are used to give 95% pointwise con-
fidence intervals in Figure 6.8 obtained by the command.
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Edema

Cumulative coefficients
o
1

-10

T T T T T
0 2 4 6 8

Time (years)

FIGURE 6.8: PBC-data. Estimated cumulative regression function with 95%
pointwise confidence intervals for edema.

> fit<-timecox(Surv(time/365,status) “Age+Edema+logBilirubin

+ +logAlbumin+logProtime,pbc,max.time=8)

> plot(fit,xlab="Time (years)",ylab="Cumulative coefficients",
+ specific.comps=3)

Even though the pointwise confidence intervals are useful in evaluating
the cumulative effect at specific timepoints, they are not well suited for
inferential purposes about the shape of the entire curve. A simple test
for significance of edema could for example be based on the cumulative
estimate at time 6, and then edema is deemed non-significant. If we, on the
other hand, test the effect at time 2, we conclude that it is significant. This
is obviously due to the changing behavior of the effect of edema. Later we
construct confidence bands. O

In the note below the asymptotic properties for the estimators within the
standard parameterization (6.31) are sketched.
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Note. We now give some details to indicate how similar asymptotics is
obtained with the standard parameterization (6.31). Write thus the model
as

Xi(t) = Ao (1)Yi(t) exp(Xi(8)"B(8)) = do(t)i(8), (6.40)

where ¢;(t,8) = Yi(t) exp(X;(t)T5(t)). The score equations for 5(t) and
dAo(t) are

XT(t) (dN(t) — diag(exp(X] (t)ﬁ(t)))Y(t)dAo(t)) =0, (6.41)
Y7 () (dN(t) — diag(exp(XT (t)ﬁ(t)))Y(t)dAo(t)) -0, (6.42)

and solving these successively, as for the Cox model (see Section 6.1), we
get

¢ 1
t):/o So(s’ﬁ(s))dN.(s), (6.43)

where

So(t, B(t)) = > Yi(t) exp(X{ (£)B(t)).

i=1

With this solution inserted into (6.41) and solving for 5(t) we obtain

X" (£)(dN () — diag(exp(X{ (£)B(t))Y (£)(So(t, B(¢)) " dN-(t)) =(0- :
6.44

With an initial estimator (\o(t), 3(t)) and ¢i(t) = ¢:(t,3) we get the
updating step for the cumulated parameter vector:

~ t b —1 1 v T
(t) = / B(s)ds + / B 5 X6~ XEYANG), (6.99)

where )
D(t) = (X(t) — X(t))" diag(d:(t)) (X (t) — X (1)),

and X (t) is the matrix with rows

Z@ )" /S0(B(1), 1)

The asymptotic variance of the estimator may be estimated consistently

by
/ GoOP(®)} " dt,

where the quantities in the last display are those based on the final estima-
tor (at convergence). See Scheike & Martinussen (2004) for more details
on this approach.
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Grambsch & Therneau (1994) considered the scaled Schoenfeld residuals
(Schoenfeld, 1982) based on estimates from the Cox model to learn about
the behavior of 3(t). With

®2
E(t,B) = S1(t,8)/So(t. B); V(t,5) = i‘zg’g; B {gl(t,g)} ,

the scaled Schoenfeld residual is defined as

i, = V7 (b B)r(B),

where
ri(B) = Xy (tr) — E(tr, )
with X(;) the covariate vector of the subject with an event at time #j

and /3 denoting the usual maximum partial likelihood estimator under the
Cox model. Using a Taylor-series expansion, Grambsch & Therneau (1994)
noted that direct smoothing of the scaled Schoenfeld residuals added onto
ﬁ, T+ ﬁ, gives a way of estimating ((t). Their estimator may be seen
as a one-step estimator based on the initial time-constant estimator B, the
maximum partial likelihood estimator. Since ﬁ is not a consistent estimator
of the time-varying regression function 5(t) it is not possible to show that
such a one-step procedure will give a consistent estimator. The procedure
may do well in practice, however, if the regression functions do not vary
too dramatically. Winnett & Sasieni (2001) considered variations of how to
smooth the residuals.

6.4 Inference for the extended Cox model

Considering the general version of the extended Cox model (6.31) with
time-varying regression coefficients, we shall present various approaches
for making inference about the regression coefficients of the model. We
have already presented some goodness of fit procedures for the standard
Cox model, but now focus more specifically on how to carry out inference
about the time-varying regression coefficients of the extended Cox model.
Although some of the methods are related, the hypotheses considered in this
section are more specific and precise as they relate to a specific model. The
earlier goodness of fit procedures in reality all considered the hypothesis
that all the time-varying regression coefficient are constant Hy : ((t) =
0. In contrast to this we now wish to consider the regression coefficients
individually and investigate the two hypotheses

H01 : ﬂp(t) = 0;
Hoo : ﬁp(t) = ﬁp?
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focusing on the pth regression coefficient without loss of generality. It is
important to notice that the other regression coefficients are allowed to
vary with time. The main reason for developing the efficient estimates and
deriving the asymptotics for the cumulatives is that evaluating the two
above hypotheses is easy in this framework. Testing the significance of the
regression coefficients will equivalently lead to construction of confidence
bands. Simultaneous Hall-Wellner (1 — «) confidence bands over the period
from [0, 7] are given by

By(t) + n=12d, &, (r)1/2 (1 N gpp((t)))

where ®,,(t) is the pth diagonal element of ®(t) and d, is the (1 — a)-
quantile of sup,eg1/9) |B°(t)| with BO(t) the standard Brownian bridge.
This is a simple consequence of the asymptotic properties of the cumulative
regression coeflicients.

An alternative to the Hall-Wellner band may be constructed using resam-
pling, which is based on obtaining an i.i.d. representation of the estimator.
We start by observing that

n/2(B(t) — =n~1/? Z Qi(t) + 0,(1 (6.46)

where

and
Mi(t) = Ni(t) — /0 Yi(s) exp(XT (s)3(s))ds

are the basic martingales (Scheike, 2004). The leading term of the right-
hand side of (6.46) is, for large n, essentially a sum of independent and
identically distributed zero-mean random variables and its covariance may
be estimated by

b(o) =Y Q5

where
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with M;(t) obtained by insertion of estimates into M;(t). If (G, ..., Gp) are
independent and standard normally distributed, then it can be shown that

Ay (t) =n"1/2 i:@i(t)Gi
=1

has the same limit distribution as n'/2(B(t)— B(t)). Let the jth component
of the kth realization of A;(t) be denoted as A’fyj (t).

To test the hypothesis, Hops : 5,(t) = 0, one may then use a simple
test statistic depending on n'/2(B(t) — B(t)) and then approximate its
distribution by the resampling approach sketched above. A simple test is
based on computing the test statistic

W2 sup (B, — Py, (6.47)
tel0,7] T

To approximate percentiles for the observed test statistic under the null,
compute

k-
sup —
tefo] P T

for a large number of realizations k =1,..., K.

Similarly, construction of simultaneous confidence bands and a test for
Hy: B,(-) =0, or equivalently Hyo: B,(-) = 0, can be based on the maximal
deviation test statistic

n'/2B,(t
Tis= sup | 1/2p( )\ (6.48)
tefo,r] Dpp (1)
Percentiles can be approximated from realizations of Aj(t)
AT (1)
sup |A11/12) | (6.49)

Example 6.4.1 (PBC data. Example 6.0.2 continued)

The estimate of the cumulative regression coefficient for log(bilirubin) can
be provided with 95% confidence bands. Figure 6.9 gives the Hall-Wellner
band as well as the band based on T;g obtained by the above resampling
technique.

> plot(fit,xlab="Time (years)",ylab="Cumulative coefficients",
+ sim.ci=2,hw.ci=3,specific.comps=4)
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logBilirubin

Cumulative coefficients

0 2 4 6 8
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FIGURE 6.9: PBC-data. Estimated cumulative regression function with 95%
confidence bands for log(bilirubin). Hall-Wellner band (dotted curves) and
simulation based band (broken curves).

Note that the shape of the two confidence bands differ considerably. The
Hall-Wellner band being wide initially and narrower later in contrast to
the simulation based band. Both bands show, however, that the effect
of log(bilirubin) is significant having the constant function 0 outside the
bands. The p-values for the simulation based approach for the significance
of the individual effects are those reported in the output shown in Exam-
ple 6.0.2. It is not clear based on Figure 6.9 if the cumulative coefficient is
consistent with a constant multiplicative effect or if the corresponding re-
gression coefficient is significantly time-varying. The cumulative coefficient
is somewhat flat initially, then steeper in its increase and finally flatten-
ing out. The uniform bands depicted in Figure 6.9 cannot be used to test
the hypothesis of constant effect because it does not reflect the combined
uncertainty about the possible constant effect. To test this hypothesis one
may use the Kolmogorov-Smirnov test (6.47) or a Cramér-von Mises type
test. First consider the table of test statistics and p-values.

Test for time invariant effects
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FIGURE 6.10: Test process with 50 simulated processes under the null.

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
000

(Intercept) 2.
Age 0
Edema 5
logBilirubin 0
logAlbumin 3
logProtime 12.

0700

.0353
.4000
L7170
.4200

7000

0.
.940
.000
.559
.851
.004

O O O OO

int (B(t)-(t/tau)B(tau)) ~2dt p-value H_O: B(t)=b t

(Intercept) 1
Age

Edema
logBilirubin
logAlbumin
logProtime

g = O N -

Call:

.79e+01
.29e-03
.41e+01
.16e-01
.12e+01
.28e+02

0.
.976
.000
.478
.943
.000

O O O OO

000

timecox(Surv(time/365, status) ~ Age + Edema + logBilirubin +

logAlbumin + logProtime, pbc, max.time = 8)
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We see that both the Kolmogorov-Smirnov test and the Cramér-von Mises
test lead to very similar p-values, and we see that in the considered model
the intercept, edema and log(protime) do have effects that vary significantly
with time. A plot of the test process

associated with log(bilirubin) along with 50 resampled processes under the
model are shown in Figure 6.10. The p-value of the Kolmogorov-Smirnov
test is p = 0.55 so we cannot reject the hypothesis of time-invariance. The
figure indicates, however, that the observed score process has a somewhat
deviating behavior initially, but the supremum test-statistic reflects the be-
havior around the time-point 6 where there is a lot of variation. This could
be investigated further using a variance weighted version of the test statis-
tic, which may be done in timecox using the option weighted.test=1;in
this case it does not change our conclusion about the effect of the covariate.

O

6.5 A semiparametric multiplicative hazards model

In the previous section we focused on how to investigate whether a specific
regression effect is changing with time allowing the other regression coef-
ficients to depend on time. If time-invariance is accepted, then one may
want to test the same hypothesis for the remaining variables in the already
simplified model. It is therefore of interest to consider the semiparametric
model

Xi(t) = Yi(t) exp(X[T (1) B(t) + Z] (t)v) (6.50)
where X;(t), Z;(t) are predictable bounded covariate vectors of dimension
p and ¢, respectively. The effect of the covariates X;1(t),. .., X;p(¢) is thus

allowed to vary with time while the effect of the covariates Z;1(t), ..., Ziq(t)
is time-invariant. Define matrices

X(t) = (Xl(t)’ (a3 Xn(t))T
and
Z(t) = (Z1(t), ..., Za(t)".

In the following we show how to estimate the unknown quantities and
derive the large sample properties of the estimators. To ease notation we
show explicit dependence of time in the following only when we wish to
emphasize it. For fixed - the score equation for 3(t) is

XT{dN — \dt} =o.
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Now, a Taylor expansion around an initial set of estimates (B, ) gives
(3—B)dt = (XTDX) ' XT{dN — Xdt — DZ(y — 7) dt} (6.51)

where D = A(t) = diag()\;). The score equation for ~ after a Taylor expan-
sion is

ZT{dN — Xdt — DX (3 — B)dt — DZ(y —7) dt} = 0. (6.52)

Inserting (6.51) into (6.52) and solving for « gives the updating step for

9 (7) =7+ ( /0 ’ ZTGDZdt> - /O ’ ZTG(dAN — \dt), (6.53)

where
Gt)=1-DX(XTDx)'XT.

Inserting (6.53) into (6.51) gives the updating step for B:

a5(B)(t) = / B(s) ds+ / (XTDX)"IXT{dN —Xds— DZ(gy(3)—7) ds}.

(6.54)
Before giving the asymptotic results for the semiparametric model we need
some definitions. Let

t t
Cl(t):(nfl/ ZT'GDZ ds)™!, Cg(t):/ (XTDX)'X"DZ ds
0 0

with limits in probability c1(t), c2(t) respectively, that both exist due to
the i.i.d. assumptions combined with existing moments that are uniformly
bounded.

Theorem 6.5.1 Under assumptions similar to those for Theorem 6.3.1
equations (6.53) and (6.54) have n'/?-consistent solutions

(9+(%) =4, 98(B) = B)
with a probability tending to 1 as n — oco. Furthermore,
nt2(% — ) Zy as n — oo,
where V is a zero-mean normal with variance X, and
nl/z(é—B)gU as n — oo

in D[0, T]P, where U is a zero-mean Gaussian process with variance ®(-).
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PrOOF. We focus only on the distributional properties of the estimators

(¥4, B). Rewriting the expressions for the estimators and using a Taylor-
series expansion, we get (suppressing lower order terms)

nlﬂm—y):(n*l/ ZTGDZdt)*ln*/?/ Z'GdM = Cy(T)Mi(7),
0 0
where
t
Ml(t):n””/ zZ'GdM,
0

and

n*?(B(t) — B(t)) =n*/? /t(XTDX)_lXT dM

t
—nt/? / (X"DX)'XTDZ ds(y — )
0
=Mz(t) — C2(t)Ca (1) M (),
where .
M;(t) = n1/2/ (X"DX)"' X" dMm.
0

Now, proceeding as in Theorem 6.3.1, it follows that the non-predictable
integrands can be replaced by predictable integrands. Therefore, the mar-
tingale central limit theorem implies that

(M1,M2)T Dy= (U1,U2) asn— oo

in D[0, 7]+ where U is a zero-mean Gaussian martingale. Thus n'/?(§—
) converges in distribution towards a zero-mean normal V with a variance
given as the limit in probability of

C(r) (M) (T)Cr(m)T = (n7! /OT zZ'GDzdt)"! = Ci(r),

and A
n'?(B(t) — B(t)) 2 Ua(t) — ca(t)er (1)Un(7),

where the covariance function of the right-hand side of (6.5) is given as
the limit in probability of

(Ma(t) — Ca(t)Ci(1) M (7))
t
= / (XT"DX) " ds + C2(t)C1(1)C2(t)” + 0,(1)
0
since (M2, M1)(t) converges in probability to zero. O
The suggested estimator, 4, for 7y is efficient, as its variance attains the

variance bound calculated from the efficient influence operator given in
Sasieni (1992a).
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The variances in Theorem 6.5.1 can be estimated by optional variation
estimators by noticing that the following martingale decompositions (as in
the proof),

n2(5 — ) :(n—l/ ZTGDZdt)_ln_l/z/ ZTGdM + o0,(1)
0 0

and
t
nV2(B(t) — B(t) =n'/? / (XTDX) X7 dM
0
t
—nl/? / (XTDX)'XTDZds(y — ) + 0,(1).
0

The variance of V is estimated consistently by the (estimated) optional
variation process

¥ =Cy(r)n ! / ZT Gdiag(dN)GZC, (1)
0

that is asymptotically equivalent to Cy (1), and similarly the variance of
n'/2(B(t) — B(t)), ®(t), is estimated consistently by the optional variation
estimator

t
d(t)=n / (XTDX)' X Tdiag(dN)X (XTDX)™ + Co(t)SCT (t)
0
that is asymptotically equivalent to

n/t(XTDX)_lds + Co(t)BCT (1).
0

Example 6.5.1 (PBC data. Example 6.0.2 continued )

In Example 6.0.2 we found that the PBC data were well described by
the semiparametric model with constant effects of log(albumin), age and
log(bilirubin), and with edema and log(protime) having time-varying ef-
fects. The estimates of the parametric terms and their standard errors were
found to be

Parametric terms :

Coef. SE Robust SE Z
const (Age) 0.0377 0.00931 0.00921 4.05 5
const (logBilirubin) 0.8210 0.09840 0.08200 8.34 0.0e+00
const (logAlbumin) -2.4500 0.67300 0.60600 -3.64 2

Call:
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(Intercept) Edema

Cumulative coeffecients
Cumulative coeffecients

—10

T T T T T
0 2 4 6 8 0 2 4 6 8

Time (years) Time (years)

logProtime

Cumulative coeffecients

Time (years)

FIGURE 6.11: PBC-data. Estimated cumulative regression coefficients in
semiparametric multiplicative risk model along with 95 % confidence inter-
vals.

timecox(Surv(time/365, status) ~ const(Age) + Edema +
const(logBilirubin) + const(logAlbumin) + logProtime, pbc,
max.time = 8)

> plot(fit.semi,xlab="Time (years)",ylab="Cumulative coefficient")

This gives a much simpler summary of these effects, while the model still
allows the needed complexity for the remaining two effects that are shown in
Figure 6.11 with 95 % pointwise confidence intervals based on the optional
variation formula just given. O

Above we dealt with a particular parameterization of the semiparametric
multiplicative intensity model given by (6.50). This parameterization did
not specifically include a baseline, although it may be done through a con-
stant among the covariates. In all applications a baseline will be present,
and an alternative parameterization, which is standard in the multiplicative
setting, is to write this baseline as an explicit nonparametric component of
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the model
Xi(t) = Ya(t)ho(t) exp{ Xi(t)" B(t) + Zi(t) "7}, (6.55)

where X, (t) and Z;(t) are of dimension p and ¢, and g is a baseline inten-
sity function. In the following note we give the similar derivations for this
parameterization.

Note. The standard parameterization for semiparametric model.

Establishing the partial likelihood based on the Breslow estimator, first
yields the Breslow estimator for Ag(t) = fot Ao(s)ds for fixed v and

Ao(t) = /O'so(s)*ldN.(s).

Now, inserting this estimator in the likelihood to obtain a partial likeli-
hood that is Taylor expanded to yield a Newton-Raphson algorithm for
estimating v and 3(¢), we obtain the updating equations

{Bri1(t) — Br(t)} S0, dN.(t)
=T, ' X[ [dN(t) = DZ:{yr1 — % }S5, dN.(1)]
and
ZL[AN(t) = {DX, (Br11(t) — Br(t)) = DrZr(Yrs1 — 7)1 S5, dN.()] = 0

where X, = X - X, Dy = diag{ir}, dir = exp(XY B (t) + ZI ),
Fr = X,TDXT, Xr = %(t)/sérv and

Sir(t) = Se{Br, e, t} = Y Yiexp{X] B.(t) + 2] 7} X"
=1

for k = 0,1, and we define the quantities based on Z similarly. We omitted
the time argument from the above equations unless we explicitly wish to
emphasize it.

If we solve these equations successively, we obtain
T o 5 1 T
Vgl — Yr = Z,. GrD:Z, _, dN. Z. GrdN (6.56)
0 So 0

where o ~ ~
Gr={I - D, X.(X'D.X,) " X]}.

Using this updated version, 7,41, we obtain as in the non-parametric case
t t

By (t) :/ ﬁr(t)dt—i—/ TN\ X [AN — Dy Zo{yr 41 — 70} S5, dN.].
0 0

(6.57)

The updating step yields an efficient estimator. Iterating yields an estima-
tor of v and the cumulative regression coefficients. Under weak regularity
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conditions and with undersmoothing, 7. — 7 is asymptotically normal
with a variance that is estimated consistently by

C(r) = ( /O " ZWTewD) @) Sol(t) dN.(t)) o

Based on Boo(t) we may smooth to obtain an estimator of 3(s) and the
cumulative intensity Boo(t). It also follows that Beo(t) — fof B(s)ds con-
verges towards a Gaussian process with a covariance that is estimated
consistently by

/0 T (5) "I\ (5) " 'ds + C1(£)Cs () Ca (1)

where C1(t) = fof [°°(s) "IN (s) "2 X (s) T D(s) Z(s)ds.
The estimation procedure that only involves simple matrix algebra can be
written as

Step 1 Start the algorithm with initial estimates of 8-(¢) and ~,. Compute
the Breslow estimator and smooth to obtain Aj(t).

Step 2 Use equation (6.56) to obtain ~,41(t).

Step 3 Use ~,41(t) and equation (6.57) to obtain B,y1(t).

Step 4 Smooth B,11(t) to obtain an estimate of 3" T*(¢) and return to Step
1.

6.6 Inference for the semiparametric multiplicative
model

In this section we outline a test for whether or not an effect of a covariate
is time-varying. We consider the semiparametric regression model

Ai(t) = Yi(t) exp(X] (1) B(t) + 2] (t)7)

and wish to test the hypothesis Hy : 5,(t) = 5, versus the alternative that
Bp(t) is varying with time. A test for Hy may be based on the following
test process

n'2(B,(t) — Bpt) (6.58)

where B, (t) is the estimator of B, (t) obtained before simplifying the model,
while Bp is computed under the null hypothesis. It may be shown that
(6.58), under the null hypothesis, converges towards a zero-mean Gaus-
sian process. One may then perform a maximal deviation test based on
(6.58). The limiting distribution of (6.58) is, however, complicated and the
distribution of the maximal deviation test statistic needs to be simulated.
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Alternatively, one may use the suggestion by Khmaladze (1981), see Ap-
pendix A.

The estimators of the semiparametric model has an i.i.d. representation
that may be used for constructing a resampling approach as well as robust

standard errors. It may be established that n'/ 2(4 — 7) is asymptotically
equivalent to

n
Ci(r)n™' 2> e,
i=1
where
€9, = / (Zi — (Z"DX)(X"DX)"'X;) dM;.
0
A consistent estimator of the variance of n'/2(5 —v) is

S=nt) e (6.59)
i=1

where é; is defined from €3; by replacing the unknown quantities with their
estimates. One may also show that n'/2(B(t) — B(t)) is asymptotically

equivalent to the
n
n_1/2 Z €3i(t),
i=1

where
€34 (t) = €44 (t) — 02 (t)Ol (7’)62@‘,

t
€4i(t):/ (n ' XTDX)" 1 X;dM;.
0

It can be shown that the variance of n'/2(B(t) — B(t)) is estimated consis-
tently by

O(t) =n""> éni(t)®2 (6.60)

To make uniform confidence bands and tests one can further show that, if
G4, ..., Gy are independent and standard normally distributed, then

Ag(t) =n""?) esi(t)G;
i=1

has the same limit distribution as n'/2(B(t) — B(t)). The construction of
uniform confidence bands for B(t) and tests for significance of the non-
parametric effects may then be based on replications of Ag(t).
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A simple test of the hypothesis of time-invariance, based on Bp() only,
is to compute

R N A t
F3(By(-)) = n'/? sup |By(t) = By(r) _|.
tel0,7] T

The asymptotic properties of this test may be resampled similar to what
was done for the Aalen additive model, Chapter 5. We summarize the above
results in the below theorem.

Theorem 6.6.1 Under the conditions of Theorem 6.5.1 and with Gy, ..., Gy
independent and standard normally distributed, it follows that

n

Ay = Cy(m)n /2 Z €2iGi,
i=1

As() =n"1? Z €3i(1)Gi,

i=1

has the same limit distribution as n'/%(3 —~, B(-) — B(-)). Further, (6.59)
and (6.60) are consistent estimators of the variance of n'2(% —~) and
n'/2(B(-) — B(-)), respectively.

6.7 Estimating the survival function

In Section 7.1.4 we show how to estimate the survival function for an ex-
tended version of the Cox model. We here briefly outline how to estimate
the survival function for a subject where it is assumed that the hazard is
modeled by the semiparametric proportional hazards model

Xo(t) = exp(Xg B(t) + Z5 7)

where X and Z, are two fixed covariates.
The survival function is then given as

%@=%Wm@=MMjA%M%ﬂ$+%W®)

that obviously can be estimated by

&wz&wﬁm:mmiémm%ﬂ@+%mm»

Note that the above integral is easier to compute in the case of the stan-
dard parameterization with a baseline function where one does not need to
compute a Lebesgue integral.
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We now describe how one can construct confidence intervals and a con-
fidence band for the survival function. Using a Taylor series expansion we
can approximate the log-survival estimator as follows

n'/?(log(So(B,4,t)) —1og(So(B, 7, 1)) = — /0 exp(Xg B(s) + Z3 )

{XTa{n'2(B(s) = Bs) | + 20025 = 3)ds} + 0,(1).

Based on this expansion into the cumulative regression coefficients and
the regression coeflicients one may now establish a resampling approach to
construct an approximate confidence band similarly to what was done for
the additive hazards model in Section 5.5.

6.8 Multiplicative rate models

The multiplicative models considered in the previous sections have been
specified as intensity models. As noted in Section 5.6 the intensity is equiv-
alent to

A(t)dt = E[dN (t)|o(N(s), X (s),Y(s), s € [0,2])],

with dN(t) = N(¢t 4+ dt) — N(t). The intensity therefore needs to reflect
the dependence on the past of N(t), Y (¢) and X (t). For recurrent events
data it may be an ambitious task to do this modeling. Looking at things
in a larger perspective it turns out that even though the model is not the
correct intensity an analysis using robust standard errors will still lead to
interpretable results if the model is perceived as a model for the rate func-
tion. Lin et al. (2000) gave the theory for the Cox rate model building on
earlier work by Pepe & Cai (1993), see also Lawless & Nadeau (1995). The
results for the rate models are also closely related to the results for mis-
specified proportional models, see Struthers & Kalbfleisch (1986), Solomon
(1984) and in particular Lin & Wei (1989) where robust standard errors
were suggested in this context.

We consider the semiparametric model described in Section 6.5. The rate
function is thus assumed to be

B\i(t) | Yi(t), Xu(t), Zi(t)) = Yi(t) exp(Xa(t)T B(8) + Zi(t)T)  (6.61)

where X;(t) and Z;(t) are of dimension p and ¢, and Y;(¢) is the at risk
indicator.

The parameters of the rate model are estimated just as in the intensity
context, and when the robust standard errors are used, then the variance
estimates given in Section 6.6 are also valid in the rate context and the
resampling approach can be applied. To be more specific, the results given
in Theorem 6.5.1 and Theorem 6.6.1 still hold, but with v and B now
referring to the rate model (6.61).
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6.9 Goodness-of-fit procedures

The extended Cox model (6.31) is very flexible. It is, however, still necessary
to investigate the fit of the model. The true model may not be multiplicative
and various interactions may have been overlooked. In this section we show
how martingale residual techniques may be used to validate the fit of the
model. We start by considering

Mi(t) = Ni(t) - / Yi(s) exp(Xi(s)TA(s)) ds, i=1,....n,

and wish to see if estimates thereof have a behavior consistent with the
model, where the M;(t)’s are zero-mean martingales (or zero-mean pro-
cesses in the rate context). The martingales on vector form are estimated
by

NI(t) = N(t) — /0 A(s)ds
:M(t)+/0 (A(s) — A(s))ds

= M(t) - /0 W (B(s), )X (s)(B(s) — B(s))ds + R(t),

where W (3,t) = diag(Y;(t) exp(X;(t)73(t))), and where the remainder
term R(t) is asymptotically negligible. The last integral can be written

/0 W (B3, 5)X (s)d(B(s) — B(s)) = /O W(B,5)X (s) A~ ()X T (s)dM ()
+ 0p(n"1/?)

using the martingale representation for n'/2(B(t) — B(t)). Combining the
two expression we get that

M(t) = M(t) + 0p(n~/?),
where

M(t) = /0 G(s)dM (s)
with

Gt)y=1-W(B,HXHA T OXT ().

Note that this structure resembles that for the residuals of the additive
hazards model, see Section 5.7. The structure implies that

XT(t)dM (t) =0,
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and for models containing an intercept, a special case of this reads

S Vi(s)dity(t) = 0.
1=1

The M (t) residuals only have this property asymptotically:

/t XT()dNI(s) = 0p(n~1/2).
0

The residuals M (t) may be used as building blocks in goodness-of-fit pro-
cedures. This parallels the development for the additive intensity model,
Section 5.7.

One use of the residuals is to sum them depending on the level of the
covariates (Aalen, 1993). Define therefore a m x n matrix possibly depend-
ing on time: K (¢). A typical choice of K (t) is to let it reflect the quartiles
of one of the continuous covariates in the model. The cumulative residual
process is then defined by

/KT YdM (s /KT (s)dM(s).

The variance of Mg (t) can be estimated by the optional variation process

/ K7 (s)G(s)diag(dN (s)) K (s)G(s).

An alternative variance estimator, implemented in timereg, is the robust
variance estimator based on an i.i.d. representation of the cumulative resid-
ual processes, similarly to what was done for the additive intensity model.

Now, plotting the observed cumulative residual process Mg (t) with 95%
pointwise confidence intervals will give an indication of whether or not the
observed residuals are consistent with the model. When a large number of
residuals are computed, it is convenient with a p-value to help summarize
how serious a departure from the null that is seen. One may therefore
compute the supremum of Mg (t) and approximate the quantiles of its
limit distribution, under the model, by resampling. Resampling can also
be used to construct confidence bands, as we have indicated in previous
chapters.

Example 6.9.1 (PBC-data, Example 6.0.2 continued)

We only show the results for log(bilirubin). Similar results can be obtained
for the other covariates.
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FIGURE 6.12: PBC-data. Observed cumulative residuals with 95% confi-
dence bands (dotted lines) and 95% pointwise confidence intervals (full
lines).

> fit<-timecox(Surv(time/365,status) “Age+Edema+logBilirubin
+ +logAlbumin+logProtime,max.time=8,pbc,residuals=1,n.sim=0)
Nonparametric Multiplicative Hazard Model

> X<-model.matrix(~-1+cut(Bilirubin,quantile(Bilirubin),

+ include.lowest=T),pbc)

> colnames(X)<-c("1l. quartile","2. quartile","3. quartile",
+ "4. quartile");

> resids<-cum.residuals(fit,pbc,X,n.sim=1000);

Cumulative martingale residuals for Right censored survival times
> plot(resids,sim.ci=2)

> summary (resids)

Test for cumulative MG-residuals

Grouped Residuals consistent with model

sup| hat B(t) | p-value H_O: B(t)=0
1. quartile 3.229 0.747
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FIGURE 6.13: Observed cumulative residuals with 50 random realizations
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. quartile
. quartile
. quartile

4.773
5.181
2.598

int ( B(t) )2 dt p-value H_0: B(t)=0

quartile
quartile
quartile
quartile

21.567
45.562
67.562
13.534

0.713
0.384
0.556
0.710

The cumulated residuals with 95% confidence intervals and bands, Figure
6.12, show that the effect of log(bilirubin) seems to be well described by
the model also supported by the above reported tests.

O

These plots are very useful, but it is somewhat inconvenient that one needs
to group the continuous covariates. An alternative procedure avoiding this
grouping was suggested, as previously mentioned, by Lin et al. (1993) for
the Cox model, see Section 6.2. The idea is to cumulate the residuals over
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the covariate space as well as over time thus considering the double cumu-
lative processes

M(t, ) /KT (s)dM(s)

/ KI(5)G(s)dM(s),
where K,(t) is an n X 1 vector with elements
I(Xi(t) <z) for i=1,.,n

focusing here on the first (continuous) covariate denoted X;. Integrating
over the entire time span we get a process in only z

M.(2) = M(T, 2). (6.62)

This process can also be written as a sum of i. i. d. components and resam-
pling may thus be used again.

Example 6.9.2 (PBC-data, Example 6.9.1 continued)

We plot the cumulated processes for each of the continuous covariates

> fit<-timecox(Surv(time/365,status) “Age+Edema+logBilirubin

+ +logAlbumin+logProtime,max.time=8,pbc,residuals=1,n.sim=0)
Nonparametric Multiplicative Hazard Model

> resids<-cum.residuals(fit,pbc,cum.resid=1)

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> plot(resids,score=2);

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

Age 6.556 0.714
logBilirubin 8.875 0.280
logAlbumin 8.049 0.364
logProtime 5.369 0.818

The output suggests that all cumulated residuals are consistent with the
model. Figure 6.13 shows the observed test-process (6.62) with 50 random
processes under the model. Note that the summary provided by the p-
values might overlook some aspects of the behavior for the log(bilirubin)-
covariate. Let us redo the analysis but now with bilirubin included on its
original scale.
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FIGURE 6.14: Cumulative residuals with 50 random realizations under the
model.

> fit<-timecox(Surv(time/365,status) “Age+Edema+Bilirubin+logAlbumin
+ +logProtime,max.time=8,pbc,residuals=1,n.sim=0)

Nonparametric Multiplicative Hazard Model

> resids<-cum.residuals(fit,pbc,cum.resid=1)

Cumulative martingale residuals for Right censored survival times
Simulations start N= 500

> plot(resids,score=2);

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_0: B(t)=0

Age 6.111 0.686
Bilirubin 24.902 0.000
logAlbumin 6.683 0.602

logProtime 7.136 0.470
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The output suggests that the model gives a poor fit with respect to effect
of the covariate bilirubin. This is supported by Figure 6.14, which gives the
cumulated residuals with 50 resampled processes under the model. The
behavior of cumulated residual process corresponding to bilirubin is clearly
inconsistent with the model. It is thus better to use the extended Cox model
with bilirubin included on log-scale. O

6.10 Examples

Below we apply the extended Cox model to the lung cancer data presented
in Ying et al. (1995).

Example 6.10.1 (Lung cancer data)

The lung cancer dataset consists of 121 patients with small cell lung cancer.
The patients were randomly assigned to one of two treatments: cisplatin
followed by etoposide (0); etoposide followed by cisplatin (1). By the end
of the study, 47 of the 62 patients on treatment 1 and 51 of the 59 patients
on treatment 2 had died. For illustration we fit the extended Cox-model
allowing for time-varying effect of the two covariates using the data up to
3 years after beginning of the study. The age variable was centered around
its mean before running timecox.

> fit<-timecox(Surv(times/365,status==1) "trt+age.c,

+ start.time=0,max.time=3,residuals=1, bandwidth=0.3,n.sim=2000)
Nonparametric Multiplicative Hazard Model

Simulations starts N= 2000

> resids<-cum.residuals(fit,cum.resid=1)

Cumulative martingale residuals for Right censored survival times
Simulations starts N= 500

> plot(resids)

> summary (resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_0: B(t)=0
age.c 5.215 0.412

The cumulated residuals plotted against the ordered values of age, Figure
6.15, do not appear to be extreme, which is also supported by the above
reported supremum test. The fit of the model, see the following output,
suggest that there is a time-varying effect (p<0.001) of the treatment while
the age effect seems to be constant (p=0.79), see also Figure 6.16. It appears
that the risk is higher in treatment group 1 compared to group 0 (keeping
age fixed) in the first year or so with no difference thereafter. We can then
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FIGURE 6.15: Lung cancer data. Cumulated residuals with 50 random re-
alizations under the model.

fit the semiparametric model with constant effect of age, which corresponds
to the stratified Cox model. We see from the below output that the age
effect is borderline significant with an estimated given by a relative risk of
exp(0.021)=1.02 (age is age at entry in years).

> summary (fit)
Multiplicative Hazard Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 19.30 0.0000
trt 5.59 0.0000
age.c 3.63 0.0055

Test for time invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.8660 0.0005
trt 1.6200 0.0000
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FIGURE 6.16: Lung cancer data. Estimates of cumulative regression coeffi-
cients with 95% pointwise confidence intervals (solid lines) and Hall-Wellner
confidence band (broken lines).

age.c 0.0274 0.7910

> fit.semi<-timecox(Surv(times/365,status==1) "trt+const(age.c),

+ start.time=0,max.time=3,residuals=1, bandwidth=0.3,n.sim=2000)
Semiparametric Multiplicative Risk Model

Simulations starts N= 2000

> summary (fit.semi)

Multiplicative Hazard Model

Test for nonparametric terms

Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O: B(t)=0
(Intercept) 19.8 0
trt 5.8 0
Test for time invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.874 0
trt 1.600 0
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FIGURE 6.17: Melanoma data. Estimates of cumulative regression coeffi-
cients with 95% pointwise confidence intervals (solid lines) and Hall-Wellner
confidence band (broken lines).

Parametric terms :
Coef. SE Robust SE zZ P-val
const(age.c) 0.0206 0.0121 0.0102 1.702 0.0888 O

To further illustrate the use of the extended Cox model we also consider
the Melanoma data.

Example 6.10.2 (Melanoma Data)

The data were introduced in Example 3.1.1. Let us fit the extended Cox
model to the melanoma data allowing for time-varying effects of sex, ulcer-
ation and thickness. The latter covariate was log-transformed and centered
around its mean, which seems to be appropriate judging from the below
supremum-test with a p-value of 0.21.

> fit<-timecox(Surv(days/365,status==1) ulc+lthick.c+sex,
residuals=1, bandwidth=0.35,n.sim=2000)
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> resids<-cum.residuals(fit,cum.resid=1)
> plot(fit,hw.ci=2)

> summary(resids)

Test for cumulative MG-residuals

Residual versus covariates consistent with model

sup| hat B(t) | p-value H_O: B(t)=0
lthick.c 5.816 0.212

Call:
cum.residuals(fit, cum.resid = 1)
> summary (fit)
Multiplicative Hazard Model

Test for time invariant effects
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 4.61 0.099
ulc 3.52 0.191
lthick.c 1.44 0.049
sex 3.53 0.146

The test for time-varying effects suggest that the effect of log(thickness)
might be time-varying while it is acceptable to assume constant effect of
ulceration and sex, see also Figure 6.17. We therefore proceed with the
semiparametric model assuming first constant effect of sex, and then of
both sex and ulceration:

> fit.semil<-timecox(Surv(days/365,status==1) “ulc+lthick.c+
const (sex) ,bandwidth=0.35,n.sim=2000)

> summary(fit.semil)

Multiplicative Hazard Model

Test for time invariant effects
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 2.83 0.0715
ulc 3.13 0.2230
1thick.c 1.70 0.0105

Parametric terms
Coef. SE Robust SE z P-val
const(sex) 0.37 0.273 0.252 1.355 0.175

> fit.semi2<-timecox(Surv(days/365,status==1) "const(ulc)+
1thick.c+const (sex) ,bandwidth=0.35,n.sim=2000)

Semiparametric Multiplicative Risk Model

Simulations starts N= 2000

> summary(fit.semi2)

Multiplicative Hazard Model
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Test for time invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 1.46 0.286
1thick.c 1.76 0.001

Parametric terms :

Coef. SE Robust SE z P-val
const(ulc) 0.980 0.339 0.292 2.890 0.004
const(sex) 0.395 0.270 0.252 1.462 0.144

From these analyses it seems that there is no significant effect of sex while
there is a significant higher risk for patients with ulceration with an esti-
mated relative risk of exp(0.98)=2.66. The effect of log(thickness) is time-
varying and we see from Figure 6.17 that the effect of this variable di-
minishes with time. The conclusion about the effect of ulceration depends
rather heavily on the considered time span. If we instead consider the sur-
vival within the first 6 years, then running a similar analysis as the one
above suggests that the effect of ulceration is time-varying:

> fit.semi<-timecox(Surv(days/365,status==1)  ulc+lthick.c+
const (sex) ,max.time=6,bandwidth=0.35,n.sim=2000)
Semiparametric Multiplicative Risk Model
Simulations starts N= 2000
> summary(fit.semi)
Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 5.15 0.0000
ulc 4.36 0.0010
1thick.c 1.17 0.0805

Parametric terms :
Coef. SE Robust SE z P-val
const(sex) 0.388 0.292 0.278 1.328 0.184

This logical paradox is a consequence of the simple test for time-varying
effects that is used here. First, the supremum test will depend on the consid-
ered time range. Secondly, the rough approximation of the constant effect
in the semiparametric model by simply using B(7)/7 is sensitive to the
erratic behavior of B(t) in low-information areas. O
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6.11 Exercises

6.1 (Equivalence between score test in Cox model and log-rank test)
Consider the situation where we have K groups of right-censored lifetimes
with independent censoring. Assume that the conditional hazard function
for the ith subject is

K
ao(t) exp (34X ).
j=2

where X;; is the indicator of subject ¢ belonging to group j.

(a) What does ag(t) describe? Compute the relative risk for two individ-
uals belonging to group 1 and group j, respectively.

(b) Show that the score test of the hypothesis Hy : (3; = 0 is the same
as the logrank-test.

The logrank-test is thus an optimal test in the case where the Cox model
is the underlying true model.

6.2 (Cox’s partial likelihood as a marginal likelihood) Let (T}, X;), ¢ =
1,...,n be nii.d. random variables so that lifetime 7; has conditional haz-
ard function ag(t) exp (8X;) given X; that is assumed to be a scalar. Let
Ty, k = 1,...,n, denote the ordered values of T1,...,T,, and let Ji be
the item failing at time T{). In the following things are to be calculated
conditional on the covariates so we may think of them as being determin-
istic.

(a) Show that there is a 1-1 correspondence between

(Tl,...,Tn) and (T(l),...,T(n),Jl,...7Jn).

In the following we shall thus use the likelihood function L(«g,3) corre-
sponding to observing (T(1y, ..., T(ny, J1,. .., Jn). Let

&= (T, Ty, J15 -+ Jk)-

(b) Show that
- k k
L(ao, B) = [] fékzl(T(k))Wék),l,T(k)(J(k)),

where fg(le (t) is the conditional density of Ty given &1 and

k . .
Wék),l,T(k) (1) = P(Jp =i | &1, T()-
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(¢) Compute

n
(k)
H 5k 1,T (k) (‘](k))v (663)
k=1
and note that it gives the Cox partial likelihood function.

(d) Show that (6.63) furthermore reduces to the likelihood for observing
J1,...,Jn, so that in this case (time-invariant covariates) the Cox
partial likelihood is therefore a marginal likelihood.

6.3 Let T} and T be independent lifetimes with hazard functions
a(t), Oa(t),

respectively, where 6 > 0, a(t) > 0,¢ > 0 and A(¢ fo s)ds < oo for all
t. Let C7 and Cs be independent censoring varlables 1ndu01ng independent
censoring, and let N;(t) = I(T; A C; < t,A = 1) with A = I(T; < C)),
j =1,2. Assume we observe in [0, 7] with 7 a deterministic point.

(a) Specify the intensities of N;(t), j =1, 2.

Assume now that we have n independent copies from the above generic
model giving rise to Nj;(t), j =1, 2, i=1,...,n. Let 6, be the solution to

/ Tty QYQ (0 + ()

where Nj(t) = 32, Nji(t), Y;(t) = 3, Vi(t), Yyi(t) = I(t < Tji A Cj),
ji=12.
(b) Show, for n tending to infinity, that n'/ 2(57 — 0) converges in dis-
tribution towards a zero-mean normal distribution and specify the
variance

(c) Let 8 =log(#) and put 6 = exp (ﬁ) where 3 is the maximum partial
likelihood estimator. Compare the asymptotic variance of n'/ 2(9 )
with that obtained in (c). Is § different from 6, ?

6.4 (One-parameter extension of the Cox-model) Let
(Tivcivxi), Z.Zl,...7’l’l,’

be a random sample from the joint distribution of the random variables
(T, C, X). Assume that C is independent of (T, X), and that the conditional
distribution of T" given X has hazard function

exp (7 X)

at) = ap(t) (1 + exp (BTX))

(6.64)
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where the covariate X and its associated regression parameter are assumed
to be p-dimensional and « is an unknown scalar.

(a) Suggest a Cox-score type estimating function for estimation of the
unknown the unknown 6 = (3,~). We denote the resulting estimator
by 0.

(b) Derive the limit distribution of n'/2(§—#) (assuming appropriate con-
ditions), and give an estimator of the asymptotic variance-covariance
matrix.

(c) Apply the model (6.64) to the melanoma-data with the covariates
sex, log(thick) and ulc. Test the hypotheses Hy : v = 0 and Hp :

v =1

6.5 (Conditional covariate distribution, Xu and O’Quigley (2000)) Let
(Eaci,Xi)a 7::1,...7’[7,,

be a random sample from the joint distribution of the random variables
(T, C, X). Assume that C is independent of (T, X), and that the conditional
distribution of T' given X has hazard function

a(t) = ao(t) exp (BX),

where X is assumed to be a one-dimensional continuous covariate with
density g(x). Let

mi(B,t) = Yi(t) exp (6Xi)/ ZYj(t) exp (6X;),

where Y;(t) = I(t < T; A C;) is the usual at risk indicator function.

(a) Show that the conditional distribution function of X given T =t is
consistently estimated by

PX<z|T=t)= Y m(p1),

J: X<z
where B denotes the maximum partial likelihood estimator of 3.

(b) Based on (a) derive an estimator of
P(T>t|X € H),

where H denotes some subset.
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(¢) Compute the estimator derived in (b) in the case where H = {z}.

6.6 (Arjas plot for GOF of Cox model, Arjas (1988)) We shall consider
the so-called Arjas plot for goodness-of-fit of the Cox model. For simplicity
we consider a two-sample situation. Let N;(t), i = 1,...,n, be counting
processes so that N;(t) has intensity A;(t) = Y;(t)ao(t) exp (8X;) where
X, € {0,1}. Let

NG (¢ ZI ZI ), 5=0,1,

and N(t) = NO(t) + N(M(t). The Arjas plot in this situation is to plot

Towy YO (t IG=1
/ (1) exp (315 = 1)) AN (t) (6.65)
o YO() +YW(t)exp (B)
versus m, where T(j;n), m=1,..., N(j)(T), are the ordered jump times in

stratum j, j =0, 1.

(a) Argue that the Arjas plot should be approximately straight lines with
unit slopes.

Consider now the situation where X;(t) = Y;(t)ax,(t) so that the Cox
model may no longer be in force. Here a(t) and a4 (t) are two non-negative
unspecified functions. The maximum partial likelihood estimator will in this
situation converge in probability to 3%, see Exercise 6.7. Let

Ny~ YOO exp(B1(j = 1)) _
BV = yiory 1y o) wep (30) N O T =01
(b) Show that
= E/O Y (s)ay (s) ds
and
EEM(t) / y( f1(s) ds,
where

fi(t) = YO #)(ao(t) /a1 (t)) + YD (1)
1 - Yy (0) (t) exp (_ﬁ*) + v (t)

Assume that ao(t)/a1(t) is increasing in ¢.

(¢) Argue that the Arjas plot for j = 1 will tend to be convex and concave
for j = 0.
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6.7 (Misspecified Cox-model, Lin and Wei (1989)) Consider n i.i.d.
so that N;(t) has intensity
Ait) = Yi(t)alt, Xi),

where the covariates X;, i = 1,...,n, (p-vectors) are contained in the given
filtration and Y;(¢) is the usual at risk indicator. The N;(t) and Y;(¢) are
constructed from lifetime data with right censoring: N;(t) = I(T; A U; <
t,A; = 1), Y;(t) = I(t <T; A Uz) with A; = I(TZ < UZ)

It is not assumed that the intensity is of the Cox-form. Let 3 denote the
usual Cox partial likelihood estimator under the Cox-model. Struthers &
Kalbfleisch (1986) showed that B is a consistent estimator of 8* where g*
is the solution to the equation h(3) = 0 with

- (w057

where s;(t) = E(S;(t)), s;(t,8) = E(S;(t, 8)) with

S(t) =0t > XIVi(a(t. X)), Si(t.0) =n Y XIVi(t)exp(Xi5),

j=0,1.

(a) Show under appropriate conditions that n'/ 2(@ — (%) is asymptoti-
cally normal with zero-mean and give a consistent estimator of the
covariance matrix.

(b) If the first component of the covariate vector is independent of the
other covariates, then show that the Wald-test based on ﬁAl using
the estimator of the covariance matrix derived in (a) is valid for the
hypothesis Hyp : 1 = 0. (Assume for simplicity that there are no
censored observations.)

6.8 (Misspecified Cox-model, Lin (1991)) Consider n i.i.d.

so that N;(t) has intensity
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where the covariates X;, i = 1,...,n (p-vectors) are contained in the given
filtration and Y;(t) is the usual at risk indicator. Consider the following
weighted version of the Cox-score

Umm=§:AWWW&—Ewwmmm,

where W (t) is some predictable weight function assumed to converge uni-
formly in probability to a non-negative bounded function w(t). Let [y
denote the solution to U, (8) = 0.

(a) Show under appropriate conditions that Bw converges in probability
to a quantity /3, that solves the equation h,,(8) = 0 with

_ sl(taﬁ)
SO(taﬁ)

using the same notation as in Exercise 6.7.

hot8) = [ o) (100 s0(0)) d

(b) Let 3 denote the usual Cox-estimator. If the Cox-model holds, then
show that n'/ 2(By — ) is asymptotically normal with zero mean and
derive a consistent estimator D,, of the covariance matrix.

The test statistic R X X X

n(Bw — B)Dy ' (Buw — B)
is asymptotically x? if the Cox-model holds and may therefore be used as
a goodness-of-fit test.

(¢) Show that the above test is consistent against any model misspecifi-
cation under which 8, # 8* or hy(8*) # 0, where 8* is the limit in
probability of 5.

Suppose that X;, i =1,...,n, are scalars.

(d) If w(¢) is monotone, then show that the above test is consistent
against the alternative

Ai(t) = Yi(t)ao(t) exp (5(t) X)

of time-varying effect of the covariate.

6.9 (Current status data with additive hazards) Let T denote a failure
time with hazard function

alt) = ao(t) + 07 X (t)
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where X (¢) is a p-vector of predictable covariates, and ag(t) and 0 are the
parameters of interest. Let C' denote a random monitoring time with hazard
function p(t). The observed data consist of (C,A = I(C <T), X;(+)). Such
data are called current status data since at the monitoring time C' it is
only known whether or not the event of interest (with waiting time 7") has
occurred.

(a) Derive the intensity function of the counting process
N(t) = AI(C < 1),

which jumps by unity whenever the subject is monitored at time ¢
and found failure-free.

(b) Let (Ci, Ai, Xi(+)), 4 =1,...,n, benindependent replicates of (C, A =
I(C <T),X(+)). Suggest an estimating equation for estimation of the
regression parameter 6.

The estimation procedure in (b) is not efficient. Given below is an efficient
procedure. Define the following two counting processes,

The process Ni; jumps by unity when subject ¢ is monitored and failure-
free while N5; jumps by unity when subject ¢ is monitored and failure has
occurred. Furthermore, let N;(¢t) = Ny;(t) + Na;(t). The empirical version
of the efficient score for 6 gives us the score function of interest, namely

U, A) = Z/(Xi —~ S;)(l P p’dNQi — dNy;), (6.66)
i=1 v

where

Sj(t) = Z . fipi Y;Xz@j, pi(t, A, 0) = e~ A)—0X;

i

and A(t) = fot ao(s) ds. The estimator § is defined as the solution to the
estimated empirical efficient score equation

U@,A) =o, (6.67)

where A is an estimator of A.

(c) Show that (6.66) is a martingale, and that this also true for U(6p, 4),
if A is a predictable estimator of A.

(d) Derive, under appropriate conditions, the large sample results for 0
and give a consistent estimator of the asymptotic variance.



6.11 Exercises 247

Estimation of 6 based on Ny;(t), ¢ = 1,...,n was considered by Lin et al.
(1998a) while Martinussen & Scheike (2002a) studied estimation of 6 based
on (Nli(t), Ngi(t)), 1= ]., ey n.

6.10 (Covariance for semiparametric multiplicative model) Assume that
i.i.d. subject that all have intensity on the semiparametric multiplicative
hazard form

Xi(t) = Yi(t) exp(Xi ()T B(t) + Zi(t) ")

where X;(t) and Z;(t) are predictable covariate vectors of dimension (p+¢q)
is being observed on [0, 7].

In Theorem 6.5.1 we gave the asymptotic description of the the esti-
mators of v and B(t) = fg B(s)ds. Work out the covariance between the
estimators and give a variance estimator based on the underlying optional
variation processes.

6.11 (Confidence bands for GOF of Cox’s regression model)

(a) Reproduce the output for the "Graphical GOF for Cox’s regression
model” in Example 6.2.1 and outline the theoretical arguments using
the delta-theorem.

To get the covariance matrix for the stratified baseline use the covari-
ance=1 option in the cox.aalen program.

(b) Ome can also construct confidence bands, outline how this can be
done using the i.i.d decomposition of A; —A;(t). To implement it you
can see how the resample processes are used in Example 5.5.1.
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Multiplicative-Additive hazards
models

The additive and multiplicative intensity models considered in the two pre-
vious chapters postulate different relationships between the hazard and co-
variates, and sometimes it will not be clear which of the models that should
be preferred in a specific application. The models may often be used to com-
plement each other and to provide different summary measures. In some
cases, however, covariate effects are best modeled as multiplicative or as
additive, and one might then be in a situation where it is best to combine
the additive and multiplicative models. The additive and multiplicative
intensity models may be combined in various ways to achieve flexible and
useful models. We shall here consider two types of models that are based on
either adding or multiplying the Cox model and the additive Aalen model.
This leads to two somewhat different models, but both being quite flexible
and useful. When the basic models are added, it leads to the proportional
excess hazard models, where the additive part can be thought of as model-
ing the baseline mortality while the multiplicative part describes the excess
risk due to different exposure levels. Multiplying the two models leads to a
model that we term the Cox-Aalen model. For this model some covariate
effects are believed to result in multiplicative effects, whereas other effects
are better described as additive.

Lin & Ying (1995) considered the following additive-multiplicative inten-
sity model

A(t) =Y (1) [g9(XT (D)a) + Ao (HR(ZT (1)B)]

where Y(¢) is the at risk indicator, (X(¢), Z(t)) is a ¢ + p dimensional
covariate vector, («, ) is a ¢+p dimensional vector of regression coefficients
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and Ao (t) is a unspecified baseline hazard. Both h and g are assumed known.
This gives a quite flexible framework, but one problem with this model is
that only the baseline is time-varying and therefore data with time-varying
effects will often not be well described. If additional time-varying effects are
included in the model, then it will get added flexibility. It turns out that
it is relatively simple to extend the model to deal with time-varying effects
such as in the flexible additive-multiplicative intensity model, Martinussen
& Scheike (2002b), where the intensity is on the form

At) =Y (1) [XT (t)a(t) + p(t)do(t) exp {Z7 (1) B}] , (7.1)

where both Y (t) and p(t) are at risk (excess risk) indicators, «(-) is a ¢-
vector of time-varying regression functions, A(t) is the baseline hazard
of the excess risk term, and 3 is a p-dimensional vector of relative risk
regression coefficients. The at risk indicator p(t) may be set to Y (t) as in
the Lin and Ying model above, but sometimes one will have a baseline
group where there is no excess risk. The model is an extension of the Lin
and Ying model when g(z) = z and h(z) = exp(z) and the model is a sum
of the additive Aalen model and the Cox model. Sasieni (1996) considered
the special case of this model where X7 (¢)a(t) is replaced by a known
function of X (¢). Zahl (2003) illustrated the use of model (7.1) with breast
and colon cancer data.

A different way of combining additive and multiplicative models is given
by the Cox-Aalen model, Scheike & Zhang (2002), where the intensity is
on the form

A(t) = Y (1) [XT (Dalt)] exp(Z7 (1)3). (7.2)

The Cox-Aalen model allows a flexible (additive) description of covariate
effects of X (¢) while allowing other covariate effects to act multiplicatively
on the intensity. An alternative way of thinking of this model is to consider
it as an approximation to the general stratified hazard model

a(t, X (t)) exp(Z7 (t)5)

suggested by Dabrowska (1997). Compared to the Dabrowska model some
structure is introduced to make the estimation easier and to help facilitate
the interpretation of the covariate effects.

We start this chapter with studying the Cox-Aalen model (7.2) including
prediction of survival accompanied by confidence bands. This material is
useful as it generalizes results for the Aalen additive model, the Cox model
and also the stratified Cox model. We then turn to the proportional excess
model (7.1). Both models may be fitted in R using the timereg-package as
illustrated in the examples in this chapter.
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7.1 The Cox-Aalen hazards model

Dabrowska (1997) studied the so-called smoothed Cox regression model,
where the intensity is of the form

A(t) =Y (t)a(t, X) exp (271), (7.3)

and where the baseline hazard a(t, X) gives the background intensity for a
subject with baseline characteristics X . The second term of the model gives
the relative risk of covariates Z. Based on i.i.d. observations, Dabrowska
studied the properties of the solution, Bs, to the smoothed partial likelihood

score equation
S1(Xi,
Z/ { zzgi}dm(s):o,

where

(z,5,8) = ZK Y;(s) exp(ZF B) ZEF,

K is a symmetric positive kernel with support [—1,1], b > 0 is a bandwidth
and K(b,s) = K(s/b). The estimator of the integrated baseline is

Kbx
t) dNZ- .
Al Z Soxsﬁ (s)

In the absence of covariates this is the estimator suggested by Beran (1981).
If the covariate X vary according to a density and the bandwidth is suitably
chosen, Dabrowska showed that the estimator (g is efficient and asymptot-
ically normal. The smoothed Cox regression model has not received much
attention in practical work although it may be attractive in some situations
to avoid specific modeling of the effect of the covariate X. One drawback
of the approach is that one needs to choose the smoothing parameter b and
that it is difficult to summarize the effect of X. The approach must further
be modified if X contains categorical covariates.

A model that also aims at flexible modeling of a covariate dependent
baseline and includes other effects as multiplicative effects is the model
(7.3) with a(t, X) replaced by an Aalen additive function X (¢)Ta(t) that

A(t) =Y () {X () o) } exp(Z(t)" B), (7.4)

see Scheike & Zhang (2002, 2003) who termed (7.4) as the Cox-Aalen model
as it is a mix of these two models. This added regression structure makes
estimation and interpretation of covariate effects on the baseline consider-
ably easier at the expense of less flexibility. For many practical purposes
this will result in a reasonable compromise between bias and variance. A
further practical advantage is that categorical covariates can be handled in
the baseline without any special attention.
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7.1.1 Model and estimation

Assume that we have n i.i.d. observations (N;, X;, Z;,Y;) for i = 1,..,n
such that the ith counting process, N;(t), has intensity of the Cox-Aalen
form

Xi(t) = Y;(t) {Xi () al(t) } exp(Zi(8)" ), (7.5)

where Y;(t) is an at risk indicator, X;(¢) and Z;(t) are predictable bounded
covariate vectors of dimensions g and p, respectively, a(t) is a g-dimensional
locally integrable function and 3 is a p-dimensional regression vector. Let

N=(Ny,...,N)*, M= (My,...,M,)T,

where M;(t) = N;(t) — A;(t) with A, ( fo s)ds, and define matrices
(nxq)

Y(B,t) = (Yi(t) exp(Z1(t)" B)X1(t), ..., Ya(t) exp(Zn ()" B) Xn(1))"

and (n X p)
Z(t) = (Z1(t), ..., Zo(t)T.
The log-likelihood function is

Z/ log (Yi(1)X,(1)TdA() exp(Z:(1)" 9)) dN; (1)

—Z / Yi(t) exp(Zi(1)" 0)Xo(1) dA(D),

where A(t fo s)ds. The log-likelihood function leads to the score
equations for 0 and dA( )

[ 27 an - v(g.0aa) =0
V(5,7 W (1) {AN — Y'(5,1)dA(1)} =0,
where W (t) = diag(w;(t)) with

Yi(t)  Yi(t)exp(—Zi(t)"'5)

v =0 x@Tal)

for ¢ = 1,...,n. For known  this leads to the estimator of the cumulative
intensity

Ap.r) = / Y (5, 5)AN(s),

where

Y7(8,1) = (Y(B.)"W@)Y (8,0)7 'Y (8,1) "W (1)
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is a weighted generalized inverse of Y (3, t) with the convention that Y~ (3, ¢)
is 0 when the above inverse does not exist. Inserting this estimator into the
score equation for 8 gives U(f) = 0 with

U(E) =V = [ 2706048 ), (76)
0
where

G(ﬁv t) =1- Y(ﬁ7t)Y7(ﬁ’ t)
is the projection onto the orthogonal space spanned by the columns of
Y (8,t). When we consider the Cox regression model, where

Yi(O) X0 alt) = Yi(ao(t),

then the score function (7.6) reduces to the Cox’s partial likelihood score,
and then ag(t) cancels out, and is thus not needed for estimation of £.

Let By denote the true value of 3. Simple calculations show that the
compensator of U(f, t) is zero so that

U(ﬂo,t):/o Z"(s)G(Bo, 8)dM (s)

is a square integrable martingale. The martingale property of the score
function does not depend on the specific choice of the weight matrix W (t)
(apart from it being predictable). We can therefore consider the estimating
equation U(3) = 0 for all choices of W ().

To be able to compute the estimator we need, at least initially, weights
that do not depend on the unknown baseline intensities. We use weights of
the form

wi(t) = Yi(t)hi(t) exp(—=Zi(t)" B),
where h;(t) i = 1,...,n are known functions that do not depend on f.
A particularly simple choice of the weights that we use as our primary
estimator in the remainder is to choose h;(t) = 1 for all i. Define ( as the
solution to the score equation

U(/B’ T) = 0’
and estimate A(t) by

A(B,t). (7.7)

These estimates may now be used to obtain estimates of the maximum
likelihood weights. The estimators with the maximum likelihood weights are
efficient. Further, since the estimators with estimated maximum likelihood
weights have the same properties as the estimators with known weights
these estimators are also efficient. For practical purposes, however, it seems
sufficient to use the simple initial estimator.
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Note. The efficiently weighted score equation is an empirical version of the
efficient score for the semi-parametric model (Sasieni, 1992b). Suppressing
the dependence of time the score for the parametric component can be

written as
Ig = / zTdMm

and similarly the non-parametric components, a, gives a score that when
evaluated at b(t) equals

lob= /bTYTWdM.

The efficient score [j; for 3 is of the form

/(ZT —O)TYTW)dM
for some b* such that [} is orthogonal to Iob. This gives that

v =E((YTWY) 'vT2)
and by insertion we get

Iy = /(ZT —B(Y"TWY) 'Y 2)TYTW)dM.

Now, notice that (7.6) is an empirical version of the efficient score equation.

The derivative of U(f, T) with respect to 3 is calculated using matrix deriva-
tive rules as in MacRae (1974), see Appendix B. Calculating the derivative
of Y~ (0, t) with respect to 8; we get

o ¥ () = ¥ (B0 Zy ()Y (5,07 (5.1,

a p X n matrix. Note that the particular form of the weight matrix is used
actively in the computations of the derivative. The derivative of minus
U(B,t) is computed to be

I(ﬁvt):_ (ﬁvt)

o
op"
- /O ZT (t)diag(Y(8,1)Y ~ (3,1)dN (1)) Z(t)

- / 2T (Y (8,07 (8, Deiag(Y (5, )Y~ (5, )N (1) Z(1).

0
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7.1.2  Inference and large sample properties

The properties of the suggested estimators are simple to derive using the
underlying martingales, and the results may also be extended to the rate
function case where the robust standard error estimates are needed.
A Taylor series expansion around the true value of the parameter G
yields . R
U(ﬁvT) - U(ﬁoﬂ') = _I(ﬁ*a T)(ﬁ - ﬂO)v

where §* lies on the line segment between B and (p. This implies that
(6= o) = ~1(5*,7)""U (5o, 7)

if I(3*,7) is invertible. Therefore to show that n'/2(3 — 3y) converges in
distribution it suffices to show that

nI(8*, 1) = Z(r)

and that
nY2U (Bo, ) B W (1),

where Z(7) is non-singular and W (t) is a Gaussian martingale. The conver-
gence of the score process follows from the martingale central limit theorem.

The optional variation process of the martingale U (S, -) (and evaluated
at 7) is given as

U(B0)] () = / " 27 ()G(Bo. 1)ding(dN (1) G (o 1) Z(1)

and may be used as an estimator of its variance with 3y replaced by ﬂA We
denote this expression as [U(ﬁ)] (7).

Theorem 7.1.1 Under regularity conditions it follows that n1/2(ﬁ — Bo)
converges towards a normal distributed variable with zero-mean and a vari-
ance that is estimated consistently by

E=nl"Y (G, DUBNNI (7).

For the maximum likelihood weights the variance simplifies since both
~1(B,7) and [U(B)](r) estimate the variance of (3 — ).
For fixed 3 we let the compensator of A((,t) be denoted A*(3,t). Now,
expanding the estimator around [y we get that

A(B, )= A(t) = (A(B,1)=A(Bo, 1)) +(A(Bos t) = A* (Bo, 1) +(A* (Bo, 1) = A(t))-

The second term on the right-hand side is a martingale and equals

_ /O Y (8o, 5)dM(s),
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and the third term represents the bias from the Aalen estimator due to
non-invertibility and is asymptotically negligible. Taylor expanding the first
term we obtain

A1) = An,t) = (5= 6ol [ LY (30, 51N + RO

where the remainder term R(t) is asymptotically negligible. Therefore to
derive asymptotic properties of n'/2(A(3,t) — A(t)), it suffices to show that

@0 = [ v (65N () (7.8)

= [ ¥ (Buding(Y (5.5)Y (8.)aN(5) 20

converges uniformly in probability, that the martingale terms converges
jointly in distribution and that the bias term n'/2(A*(By,t) — A(t)) con-
verges uniformly to zero in probability.

Theorem 7.1.2 Under regularity conditions, it follows that n*/2(A(3,t)—
A(t)) converges in distribution towards a Gaussian process with variance
function ®(t) that is estimated consistently by

B(t) = n (1 HBOTSH(B,8) + [Mal() + C<t>) ,

n

where
C(t) = H(B,t)" T~ (8,7)[U, Ma](t) + [Ma, UJ$)I ' (3, 7)H (B, 1).

The stratified Cox-model is a special case of the Cox-Aalen model, although
the estimating equations differ slightly.

The optional variation covariance process, [U, M4](t), is estimated con-
sistently by

/Ot (ZT(S)G(B, 8)) diag(dN (s)) (Y* @, S))T |

and similarly, [M4](¢) is estimated consistently by

/ (Y (5. ding@N(s)) (Y (5,9))

For the maximum likelihood weights, the covariance term, C(t), between
the two martingales vanishes asymptotically.

When the model is a rate model rather than an intensity model, the esti-
mation is carried out as above but one has to compute robust variance esti-
mators in this case. These derivations are based on an i.i.d. representation
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that we also developed for the additive hazards model and the proportional
hazards model.
The martingales have increments that can be written as

dM;(t) = dNi(t) — Yi(t) exp(Zi(t)" o) Xi(t)" dA(t)

and estimated by dMi(t) obtained by plugging in the estimates of Gy and
A(t).

The score process evaluated at §y can be written as (ignoring lower order
terms)

ﬁ07 Z 61z (79)
where
e”<t>:/0 (Zi(s) — ZT ()Y (Bo, $)(YT (B0, )W ()Y (o, )~ Xi(s)T) dM; ().

It can be shown that the variance of the limit distribution of n'/ z(ﬁ — 0o)
may be estimated consistently by

S =nl"YB,7) {Z A?f(r)} (8,7).

Similarly, n'/2(A(t) — A(t)) is asymptotically equivalent to

Tll/2 Z €2; (t), (710)
i=1

where
€2i(t) =e3i(t) + H' (Bo, t)I(Bo. 1)~ 612()
esilt) = / (Y7 (Bo, )W ()Y (o 8)) " Xa(s)AMi(s),

and where H((,t) was defined in (7.8). Estimates of €;;(¢t) for j = 1,2, 3 are
obtained by plugging in the estimates of dM;(t) and Gy, and are denoted
€5i(t).

To do inference about the nonparametric components of the model it
is very useful that a resampling scheme can approximate the asymptotic
distribution of n'/2(A(3,t) — A(t)). First, its variance can be estimated
consistently by

(t) = nzg;@f(t).
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For G4, ..., G,, i.i.d. standard normals it follows that the asymptotic distri-

bution of
n

n'2Y " eai(t)G;
i=1

is equivalent to the asymptotic distribution of n'/2(A(3,t) — A(t)).

This construction may thus be used to implement tests for time-varying
effects in the additive part of the model. First, to test if covariate j that
is included in the additive part of the model is significant or time-varying,
we suggest the two test statistics

Fi(4;() = sup |4;(t)]
tel0,7]

and

Pdy () = s 1) - 71

Example 7.1.1 (PBC-data, Cox-Aalen Model)

We consider the PBC data described in Example 1.1.1. We learned from
earlier examples, such as Example 6.0.2 and Example 6.2.3, that the effects
of edema and protime were not well described by constant proportional
effects. We therefore fit a model where these effects are included in the
flexible additive part of the Cox-Aalen model, and all other effects are
included in the multiplicative part of the model. It is important to recall
that the baseline refers to a population where the multiplicative covariates
all are zero, and we therefore first center all continuous covariates around
their respective averages. The Cox-Aalen model can be fitted using the
cox.aalen-function as illustrated below.

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+Edema+
+ prop(logBilirubin)+prop(logAlbumin)+logProtime,

+ max.time=8,pbc)

Cox-Aalen Survival Model

Simulations start N= 500

> summary(fit)

Cox-Aalen Model

Test for Aalen terms
Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 8.45 0.00
Edema 2.65 0.10
logProtime 3.44 0.01

Test for time-invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.132 0.016
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FIGURE 7.1: PBC-data. Estimated cumulative regression functions for ad-
ditive part of Cox-Aalen model with 95% robust pointwise confidence inter-
vals (solid lines) and 95% simulation based confidence band (broken lines).

Edema 0.269 0.004
logProtime 0.821 0.022

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 P-val
prop(Age) 0.0355 0.00747  0.00953 0.00827 2.08e-06
prop(logBilirubin) 0.8000 0.07760 0.08720 0.08660 0.00e+00
prop(logAlbumin) -2.4600 0.67600  0.64800 0.67500 2.73e-04

Test for Proportionality
sup| hat U(t) | p-value H_O

prop(Age) 75.700 0.678
prop(logBilirubin) 17.300 0.014
prop(logAlbumin) 0.524 0.998

> plot(fit,robust=2,sim.ci=3)
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Figure 7.1 shows the estimated cumulative functions for the three additive
components of the model with 95% pointwise confidence intervals (broken
lines) and 95% confidence band (dotted lines). It is of interest to compare
with the similar figure for the semiparametric additive model given in Fig-
ure 5.6. The estimates of the Cox-Aalen model differ from the estimates
of the additive semiparametric model, and the difference is that we now
model age, log(bilirubin), and log(albumin) by multiplicative effects.

To state the practical consequences of these two different models we con-
sider log(albumin). The additive model states that the risk is lowered —0.23
(0.070) for each unit that log(albumin) is higher, and the multiplicative
model suggests that the relative risk of log(albumin) is 0.09 (exp(—2.46)),
i.e., that the intensity is reduced by 91% for each unit log(albumin) in-
creases. This statement refers to a baseline that varies with edema and
the level of log(protime), and this is part of the reason for the different
time-varying effects of edema and log(protime). Considering the effect of
edema the additive model claims that this effect is independent of the level
of albumin whereas the multiplicative models suggests that the effect of
edema varies considerably with the level of albumin. We shall later demon-
strate that the Cox-Aalen model considered here does not fit the data fully
satisfactory. O

7.1.3  Goodness-of-fit procedures

In this section we shall examine if the data are consistent with a specific
Cox-Aalen model:

Xit) = Yi(t) {Xi ()T a(t) } exp(Zi(t)" B).

The key is to estimate the underlying martingales

Mi(t) = Nit) — /O Yi(s) exp(Zs(s)T Bo) X (s)TdA(s)

and see if the their behavior is consistent with that under the model. The
martingale vector is estimated by

NI(t) = N(t) - / Y(3,5)Y (B, 5)dN(s) = / G(B, 5)dN(s),

where G(ﬁ, t)y=1- Y(ﬁ, t)Y‘(ﬁ, t). Under the Cox and the Aalen model
these residuals reduces to the ones considered by Lin et al. (1993) and Aalen
(1993), respectively.
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Under the Cox-Aalen model the residuals will be asymptotically equiva-
lent to a zero-mean process since

- / G(Bo, 5)dM (s)

+ /Ot {Y(ﬂo,s)Yf(ﬁo,s) - Y(@,s)Y*(ﬁA,s)} AN (s),

where the second term can be written as
t
— /0 G(p*, s)diag {Y(ﬁ*, )Y~ (6%, s)dN(s)} Z(s)(ﬁA — o)
t
- /0 G(B*, s)diag {Y(ﬂ*, $)Y (5%, s)dN(s)} Z(s) I~ (B, 7)U(Bo,T)

with 6* and 8** on the line segment between ﬁ and §y and interpreted com-

ponentwise. The estimated martingale residuals can thus be approximated
by

/Ot G(Bo, s)dM (s) + B(Bot) /T ZT()G(Bo, t)dM (t)

0

where B(fp,t) is a n X ¢ matrix. The last term in the preceding display
implies that the estimated martingale residuals do not have independent
increments. The variance is, however, easy to estimate.

The behavior of the residuals may be investigated in various ways. One
may for example sum the residuals depending on the level of the covariates.
Define therefore a n x m matrix possibly depending on time

K(t) = (Ki(t),...,K,(t)".
A cumulative residual process is then defined by
n= 2 My (t) / K™ (s)dM (s

which is asymptotically equivalent to

_1/2/ KT ﬁOa ) ( )_BK(ﬁO’t)U(ﬁO7T)7

where

(o, 1) /KT G(Bo, s)diag {Y (5o, 5)Y ~ (Bo, $)AN(s)} Z(s)I " (Bo, 7).



262 7. Multiplicative-Additive hazards models

The variance of Mg (t) can be estimated by the optional variation process

_ /O KT(s)G(B, s)diag(dN (s)) K (5)G(B, )
+ Brc(3,1) [U(@)] (r)BE (.1)
/ K" ()G (Bo, s)ding(dN ()G (5o, $)Z () BY (3.1)

— Br(B1) / Z7(1)G (B, 5)ding(dN ()G (o, ) (5).

The robust variance estimator that is based on an i.i.d. representation of
the cumulative residual processes is derived using the i.i.d. representation
of n'/2(B — o). It follows that n~'/2My (t) is asymptotically equivalent to

n_1/2;/O{Ki(S) ()Y (Bo, s) {Y" (Bo, ) Y (o, s }7

Xi(s)}dM;(s) = n" V2B (o, ) Y e,

i=1

which may be used for resampling. Plotting the observed cumulative resid-
ual process Mk (t) with 95% pointwise confidence intervals will give an
indication of whether or not the observed residuals are consistent with the
model. One may also compute

sup |Mg;(®)|, j=1,...,m,
tel0,7]

and approximate its distribution under the model by resampling. Resam-
pling can also be used to construct confidence bands, as we have indicated
in previous chapters.

Example 7.1.2 (PBC-data, Example 7.1.1 continued)

Consider a Cox-Aalen model where the additive part of the model con-
tains the covariates edema, log(bilirubin), log(protime) and the covariates
with multiplicative effects are age and log(albumin). To evaluate the fit
we grouped all continuous covariates in 4 quartile groups and computed
the cumulative martingale residuals for these groups. All variables except
log(bilirubin) indicated that the model fitted well. For log(bilirubin) the
following supremum test statistics and plots were constructed.

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+Edema+

+ logBilirubin+prop(logAlbumin)+logProtime,max.time=8,pbc,
+ residuals=1,n.sim=0)

Cox-Aalen Survival Model
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FIGURE 7.2: Observed cumulative martingale residuals for quartiles of
bilirubin and 50 random realizations based on model with log(bilirubin).

> resids<-cum.residuals(fit,pbc,X,n.sim=1000)
Cumulative martingale residuals for Right censored survival times
> plot(resids,score=T)

> summary (resids)

Test for cumulative MG-residuals

Grouped Residuals consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

quartile
quartile
quartile
quartile

S w N -

12.204
9.196
13.222
8.486

0.003
0.068
0.035
0.013

int ( B(t) )2 dt p-value H_0: B(t)=0

quartile
quartile
quartile
quartile

S w N -

594.576
236.869
594.046
231.068

0.003
0.069
0.036
0.020
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FIGURE 7.3: Observed cumulative martingale residuals for quartiles of
bilirubin and 50 random realizations based on model with untransformed

version of bilirubin.

The test statistics indicate that there are problems with the fit of the model
with respect to log(bilirubin). Figure 7.2 shows the test processes along with
50 random simulations under the model. For low levels of log(bilirubin), for
example, the cumulative residual process is too large, thus indicating that
the data suggest a higher risk than expected by the model. One may try to
remedy this by using, for example, the untransformed version of bilirubin.
This was also how bilirubin was used in the additive hazards model.

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+Edema+
+ Bilirubin+prop(logAlbumin)+logProtime,max.time=8,

+ pbc,residuals=1,n.sim=0)
Cox—-Aalen Survival Model
> X<-model .matrix(~-1+

+ cut(Bilirubin,quantile(Bilirubin),include.lowest=T) ,pbc)
> colnames(X)<-c("1. quartile","2. quartile","3. quartile",
+

"4. quartile");
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> resids<-cum.residuals(fit,pbc,X,n.sim=1000)

Cumulative martingale residuals for Right censored survival times
> plot(resids,score=T)

> summary (resids)

Test for cumulative MG-residuals

Grouped Residuals consistent with model

sup| hat B(t) | p-value H_O: B(t)=0

1. quartile 6.276 0.249
2. quartile 5.193 0.364
3. quartile 4.592 0.641
4. quartile 6.926 0.141
int ( B(t) )"2 dt p-value H_0: B(t)=0
1. quartile 93.677 0.277
2. quartile 67.437 0.340
3. quartile 40.302 0.633
4. quartile 144.889 0.155

The output and Figure 7.3 suggest that the untransformed version of biliru-
bin leads to an acceptable fit. Note, that the model now slightly overesti-
mates the risk for the low levels of bilirubin. O

To evaluate the goodness of fit of the covariates included in the multipli-
cative part of the model we consider the cumulative score processes. The
observed normed score process is given as n~/2U (B, t) and its asymptotic
distribution is equivalent to the asymptotic distribution of

n—1/2 Z (en +I(5, ) I3, T)éli(T)) Gi

where Gy, ..., Gy, are independent standard normals. A test for the propor-
tionality of the jth covariate of the proportional part of the model may be
constructed by considering

sup [U;(B,8)], j=1,....p.
te[0,7]

Example 7.1.3 (PBC-data, Example 7.1.1 continued)

In Example 7.1.1 we considered the Cox-Aalen model with edema and
log(protime) in the additive part of the model and with log(bilirubin),
log(albumin) and age in the multiplicative part. Part of the output con-
tained information about the score processes of the relative risk parameters
of the model and these can be plotted by the command:
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FIGURE 7.4: PBC-data. Score processes for multiplicative part of Cox-
Aalen model with 50 random realizations under the model.

> plot(fit,score=T,xlab="Time (years)")

Figure 7.4 indicates that log(bilirubin) does not fit particularly well when
included in the multiplicative part of the model, and the p-value in the
output (0.01) also suggests that the fit is not completely satisfactory.

O

7.1.4 FEstimating the survival function

After fitting a model and learning about covariates effects one will often
summarize the consequences of various covariate combinations by comput-
ing the estimated survival function. Below we describe how to estimate the
survival function and supply it with pointwise confidence intervals and a
confidence band.

Assume that a subject with covariates Xy and Zj, that do not depend
on time for simplicity, have hazard function

Xo(t) = (Xg a(t)) exp(Zg B).
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The survival probability is then given as

So(t) = So(A, B,t) = exp(—Xg A(t) exp(Zg )

that can be estimated consistently by

So(t) = So(A, B,t) = exp(—Xg A(t) exp(Zg ))-

It is a consequence of the asymptotic properties of n'/ 2(/1 — A, ﬁ — ) and
the functional delta method applied to the continuous functional Sy defined
above that n'/ 2(§0 — So) converges towards a zero-mean Gaussian process
V with variance function Q). A Taylor series expansion yields that (ignoring
lower order terms)

1/2( (4 B.t) — So(A, B,t)) = —So(A, B, )

xp(Z] 0) X3 (A() = A1) + XT At) exp(Z] )25 (B ) } -
(7.11)

There exists a martingale decomposition that leads to an optional variation
based estimator of the variance of So(t) — So(t), but we here omit this
formula and instead specify an i.i.d. decomposition that can be used to
estimate the variance and to construct a confidence band.

We derived in the previous section that n'/2 (ﬁ -4, A - A) was asymp-
totically equivalent to the processes

n
Ay =018y, 7)Y G
i=1

t)=n'?Y &G
i=1

where G1, ..., G,, are independent standard normals. Therefore applying the
functional delta method to these asymptotically equivalent processes leads
to a resampling version of the survival function estimator. The term

n'/2 exp(Z B)Xq (A(t) — A(t)) +n'/2XT A(t) exp(Z5 8) Zg (B — B)

is asymptotically equivalent to

n
n1/2 Z €44 (t)
i=1
where

e1i(t) = exp(ZE B) X T e (t) + XTA(t) exp(ZE B)ZET(Bo, 7) " Lens-
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Define
eai(t) = exp(ZL B)X T é0i(t) + XTI A(t) exp(ZL B) 2L 1(Bo, 7) " é1s.

It can be derived that under regularity conditions n'/ 2(5'0 — Sp) has the
same asymptotic distribution as

As(t) = So(t)n'/? Y~ ei(t)Gi, (7.12)
i=1
and it also follows that
Q Z 641

is a consistent estimator of the variance of n'/2(Sy — Sp). Therefore an
approximate (1 — «) confidence band is on the form

So(t) £n12CQ'V(1),
where Cy, is the (1 — o)-quantile of

AL(t)
selon] |Q1/2(t) |

for Ak (t) is the kth resampled process for k =1,..., K.
Example 7.1.4 (Survival estimation for PBC data)

We fitted a Cox-Aalen model to the PBC data with edema, log(protime)

and bilirubin in the additive part of the model and with age and log(albumin)
as parametric relative risk terms. We start by obtaining the estimated and

an i.i.d. representation, and then compute the approximate constant that

yields an 95% confidence band based on resampling as described above.

We estimate the survival function for a subject with or without edema and

with average levels of all continuous covariates.

> fit<-cox.aalen(Surv(time/365,status) “prop(Age)+Edema+

+ Bilirubin+prop(logAlbumin)+logProtime,max.time=8,pbc,

+ n.sim=0,resample.iid=1)

Cox-Aalen Survival Model

# fit$B.iid and fit$gamma.iid contains i.i.d. representation
x0<-c(1,0,0,0); 2z0<-c(0,0);

RR<-exp(sum(z0 * fit$gamma))

delta<-matrix(0,144,418);

for (i in 1:418) {deltal,il<-RR * (x0 %x% t(£fit$B.iid[[i]11))+
RR * (x0 %% t(fit$cuml,-1])) * sum(zO*fit$gamma.iid[i,]);}

+ V V V Vv VvV
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FIGURE 7.5: Survival estimates for specific covariates with 95% pointwise
confidence intervals (solid lines), 95% confidence band (broken lines), Cox
regression estimate (thick line). Subject without edema (a) and with edema
(b) and average level of the other continuous covariates as described in text.

S0<-c(exp(- RR*(x0 %*% t(fit$cum[,-11))))
se<-apply(delta”2,1,sum)".5

### pointwise confidence intervals
plot(fit$cum[,1],50,type="s",ylim=c(0,1) ,x1lab="Time (years)",
ylab="Survival"); title(main="(a)")
lines(fit$cum[,1],50-1.96%S0*se,type="s"
lines(fit$cum[,1],50+1.96%S0*se,type="s")

### uniform confidence bands

mpt<-c()

for (i in 1:500) {

g<-rnorm(418); pt<-abs(delta %*J g)/se; mpt<-c(mpt,max(pt[-11));}
Cband<-percen(mpt,0.95) ;
lines(fit$cum[,1],50-Cband*SO*se,lty=2,type="s");
lines(fit$cum[,1],S0+Cband*SO*se,1ty=2,type="s")

# Cox regression estimate
coxfit<-cox.aalen(Surv(time/365,status) “prop(Age)+prop(Edema)+

VV V VYV 4+ V VVVYV + VVVYV
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+ prop(Bilirubin)+prop(logAlbumin)+prop(logProtime) ,max.time=8,
+ pbc,n.sim=0)

Cox-Aalen Survival Model

> cox.surv<-list(time=coxfit$cum[,1],surv=exp(-coxfit$cum[,2]))
> lines(cox.surv$time,cox.surv$surv,type="s",lwd=2,1ty=2)

The Cox estimate of the survival function is not particularly close to the
estimate based on the Cox-Aalen model. For a subject without edema the
Cox estimate works initially but is off for long term survival, (Figure 7.5
(a)), and in contrast is off initially for subjects with edema but ends up
alright for long term survival (Figure 7.5 (b)). O

7.1.5 Ezxample

Below we show a worked example of how to use the Cox-Aalen model based
on the TRACE data (Jensen et al., 1997). See Example 5.8.1 for a brief
introduction to the TRACE data.

Example 7.1.5 (TRACE Data)

We learned from Example 5.8.1 based on the additive model that the
covariate vf had a strongly time-varying additive effect, chf and age seemed
also to have time-varying effects, but the remaining effects were reasonably
well summarized by constant excess risk. In the additive model, age had to
enter the model on exponential scale.

In this example we use the entire data set with all 1877 survival times. To
start we fit a stratified Cox model where the baseline is allowed to depend
on the status of vf. For this model we find that there are problems with the
proportionality of the model with regard to chf indicating that the model fit
is not satisfactory. Figure 7.6 (a) shows the score function for the stratified
Cox model for the chf covariate, and the output gives a p-value for chf at
around 0.01.

We also fitted the Cox-Aalen model with vf and chf in the additive part
of the model and for this model the score functions did not indicate any
dramatic lacking fit. Figure 7.6 (b) shows the diabetes component of the
score function that showed the worst behavior, see also the below reported
tests for proportionality.

> age.m<-TRACE$age-mean (TRACE$age)

> fit<-cox.aalen(Surv(time,status==9) “prop(diabetes)+chf
+ +vf+prop(sex)+prop(age.m) ,TRACE,max.time=7)

Cox-Aalen Survival Model

Simulations start N= 500

> summary(fit)

Cox-Aalen Model



7.1 The Cox-Aalen hazards model 271

prop(chf) prop(diabetes)
9] 9]
%] 7]
0] 0]
8] Qo
° ° |
Q Q
3 3
(0] (]
= =
T T T T T T T T 'IQ\ T T T T T T T T
O ' 2Timd(yelrs) *° 8 7 O ' 2Timd(yelrs) ® 8 7
(a) (b)

FIGURE 7.6: Score function for selected components with 50 random real-
izations under the model: (a) for stratified Cox model based on vf; (b) for
Cox-Aalen model with both vf and chf in additive part.

Test for Aalen terms
Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 11.90 0
chf 8.69 0
vi 6.05 0

Test for time-invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_0: B(t)=b t

(Intercept) 0.0308 0.068
chf 0.0966 0.000
vE 0.3690 0.000

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 z P-val
prop(diabetes) 0.5400 0.09550 0.08640 0.09460 5.65 1.61e-08
prop(sex) 0.1760 0.07170 0.07150 0.07130 2.45 1.44e-02

prop(age.m) 0.0583 0.00397 0.00384 0.00375 14.70 0.00e+00
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FIGURE 7.7: Estimated cumulative regression functions with 95% pointwise
confidence intervals.

Test for Proportionality
sup| hat U(t) | p-value H_O

prop(diabetes) 12.90 0.090
prop(sex) 7.73 0.918
prop(age.m) 156.00 0.908

> plot(fit)

The additive effects of vf and chf both reveal that their effects are strongly
time-varying with a much stronger initial effect that wears off for both
conditions, and for vf in particular where it vanishes after approximately
2 months, see Figure 7.7. The model fit gives relative risk parameters that
are pretty consistent with those of the standard Cox regression model,
but as we shall show below the survival estimates differ considerably from
those obtained from a Cox regression model where the baseline is stratified
depending on vf.
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FIGURE 7.8: Survival predictions for Cox-Aalen model (thin lines) with
vf and chf in additive part and Cox model (thick lines) with vf stratified
baseline. Females with average age, without diabetes and with or without
both chf and vf. (a) is without vf and (b) is with vf.

For comparison we compare the fit of the model with that of a stan-
dard Cox regression model. The survival estimates are for a female without
diabetes and with average age, and for four different combinations of vf
and chf. Figure 7.8 (a) shows the computed survival for subject without vf
condition, and here the Cox model fits rather well for both subjects with
and without the chf condition, respectively. Similarly, Figure 7.8 (b) gives
predicted survival for subject with vf condition, and here the Cox model
fits only well for subjects with chf condition. O

7.2 Proportional excess hazards model

Sasieni (1996) studied the so-called proportional excess hazards model
where the intensity is

A(t) = V() {alt, X) + Aot exp (2760} (7.13)
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where the off-set a(t, X) is the background rate of mortality in a control
population (defined by X) and is assumed to be known. The second term
of the model, which is described by the Cox model, is the excess risk for
an “exposed” individual with covariates Z. Sasieni (1996) derived efficient
estimators for the unknown parameters Gy and Ag(t) = fot Ao(s) ds. In some
situations, however, the background mortality may not be known. A typical
example of this is dose-response trials with animals. Martinussen & Scheike
(2002b) considered such a dataset concerning mortality of ticks. The ticks
were treated with different doses of the entomopathogenic fungus Metarhiz-
ium anispliae. Besides zero dose, the doses 107, 108 and 10° (spores/ml)
were applied. For such a dataset, the background mortality needs to be
estimated from the study population itself. This is possible if we assume
that the intensity for the ith individual is

Ai(t) = Yi(t) X (H)a(t) + pi(t)ro(t) exp {Z] (£)Bo}, (7.14)
where X, (t) and Z,(t) are covariates of dimensions ¢ and p, respectively. The
unknown parameters of (7.14) are By and ¥ (t) = (a(t), Ao(t)) where ¥ (t)
is allowed to depend on time. Note that the known background mortality
rate a(t, X) of (7.13) is replaced by an Aalen additive model term. In the
dose-response example, Y;(¢) is the general at-risk indicator while p;(t) is
zero for the group of ticks which did not receive the dose and one otherwise
if the tick is at risk at time ¢. For the sake of generality, however, we only
assume that Y;(¢) and p;(t) are locally bounded predictable processes. Zahl
(2003) have used the model to describe mortality in various cancer studies.

7.2.1 Model and score equations

Assume that we have n i.i.d. observations (N;,Y;, p;, X, Z;) fori=1,....n
observed over some time-interval [0, 7] such that the ith counting process,
N;(t), has intensity (7.14). Let

N = (Niyoo . N)T M = (M., M,)7,

where M;(t) = N;(t) — Ai(t) with A;(t) = fot \; dt. We suppress the depen-
dence of time unless we explicitly whish to emphasize it. Further, let

X=WXy,....V,. X ). Z=(pi 21, ..., p0Zn)T

and ¢; = ¢i(8) = piexp (Z10), ¢ = 6(B) = (¢1,., )", @ = ®(B) =

diag(¢;), W = diag(w;), V = diag(v;), w = (w1,...,w,)T and v =

(v1,...,v,)T, where w; = 1/)\; and v; = Aw;. When \;(t) = 0, we put
The score equations for the unknown parameters are given by

/ZT<I>V {dN - Xd\p(t)} =0, (7.15)

XTW(dN(t) — d¥(t)) =0, (7.16)
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where X = (X, ¢), fo s)ds, and with ¥(t) = (a(t), A\o(t))T. The
score equations are blmply the derlvatlves of the likelihood with respect to
B and di(t). Solving the score equation (7.16) for d¥(¢) for known [ gives

t
U(t,B) = / (XTWX) L XTW dN(s). (7.17)
0

Insert now (7.17) into the score for 5 and obtain

/ ZToV{I - X(XTWX) ' XTW}dN = 0. (7.18)
0

One could then solve (7.18) to obtain 3 and then insert this into (7.17) to
obtain W(t) = W(t, 3). These estimators are of course not real estimators
as they depend on W and V', which in turn depend on the true intensity. It
turns out that these estimators are efficient and that this also holds when
W and V are replaced by uniformly consistent estimates.

Note. The weighted score equations (7.18) form an empirical version of

the efficient score for the semiparametric model (Sasieni, 1992b; Bickel
et al., 1993). The score for the parametric component can be written as

Ig = /ZT<I>VdM,

and similarly the nonparametric component, 1, gives a score which when
evaluated at b(t) equals

[yb= /bTXTWdM.
The efficient score [j; for 3 is of the form
/{ZT<I>V — ()T XW}dM
for some b* such that [j is orthogonal to l}pb. This gives that

b = B{(X"WX)'X"Vvez}.

Note that (7.18) is an empirical version of the efficient score equation since
/ ZTov{I - X(X"WX) ' X"W}dN
0
:/ ZTov{I - X(X"WX) ' X"WdM.

0

We here suggest using unweighted estimators where the efficient weight-
matrices, W and V', are set equal to I. But before doing so, let us take a
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closer look at the above estimators to see the resemblance with the usual
Cox and Aalen estimators. Let

H=1-XX"WeX)'XTWaG, G=1I-¢¢"We) ‘o'W
Using the fact that
GH=1-X(X"wXx)"'XxTw, (7.19)

we may rewrite the two components of (7.17) as a weighted Aalen estimator
for the additive components

A(t,B) = /Ot{XTWGX}‘lXTWG dN (s), (7.20)

and a Breslow-type estimator for the cumulative baseline

A TR wigidN(s)
hott.0)= | S i exp (Z05) (7.21)

where N = HN. The score equation for 3 may be rewritten as

N[, XiweiZiew(ZIH\ o
U(m_;/ {Z“ 3, w6 exp (Z75) }“@‘WN’“)—O' (7.22)

The resemblance of (7.21) and (7.22) to the usual Breslow estimator and
Cox-score equation is clear. Instead of using the response N (t) directly,
however, it is transformed to the residual space spanned by the design of
the additive components. In the case where

Ai(t) = Yi(t)Ao(t) exp { Zi(t)" Bo},

that is the Cox model, equation (7.21) reduces to the Breslow estimator and
equation (7.22) gives the Cox score function when the weights, w; = w;(0o),
are considered as functionals of 3 rather than fixed at (p.

The score equations can be solved when (WX, W¢(3), V®(5)Z) has full
rank, so that even when X = Z the model may be identifiable. This seems
like an appealing approach to make goodness-of-fit procedures for Cox’s
regression model but in practice the model is hard to identify when X = Z.

7.2.2  Estimation and inference

Now let us turn to the unweighted estimators, which may be computed
directly from the data. They are obtained first by solving (7.18) with V =
W = I. Denote this solution by (. The estimator of ¥ is next obtained
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m (7.17) using /3 and setting W = I. Denote this estimator by ¥(t), so
t)=W(t|B,W =I). Setting V = W = I in (7.18) gives

SH=
< o

U(B) = /qu>(1 — X(XTX)"*XT)dN(t)
= / ZT®H AN(t) = / ZT®G Hy dN(t), (7.23)

where
H=(1-XX"X)"'XT), H =1-XxX"c,Xx)"'x7aq,
Gi=1-¢(¢"¢) "o".
Above, we have used the result thaj: GlHl = H. Define fIl, él and ® as
Hy, Gy and @, with ¢ replaced by ¢ = ¢(3).

Before stating the asymptotic results for 3 we specify the derivate of the
score. The derivative of U with respect to [ is given by

i(p) = / 77 (@HT dd%){HldN( )® 1}

—/ ZﬁGl{HldN( )@ I},

where

dGy {( L dp ¢ d¢T¢>(¢T )+ ¢ d¢T}
s $Tods  (¢79)* dp T¢ dp

This is a consequence of the matrix derivative rules given in Appendix B.
Define
D) = / 278G diag{dN ()} HT CT B 2.

Theorem 7.2.1 Under regularity conditions, it follows that n2 (B — 0o)
converges in distribution to a zero-mean normal with covariance matriz that
is consistently estimated by the sandwich estimator

nl(3)'D(B)I(3)~"

Proor. We have
0(6) = [ 270G (50) 1 (50) AN (1)
= [ 270G (50) 1 (B0) X dA() + 6(u)do0) + dM(0)

_ / Z7 BG1 (o) H (Bo)dM (1)



278 7. Multiplicative-Additive hazards models

since H1(Bo)X = 0, H1(Bo)$(Bo) = ¢(bo) and G1(Bo)¢(Bo) = 0. The
proposed estimating equation therefore has mean zero for the true value
of the parameter. By use of Lenglart’s inequality it may be seen that f(ﬁo)
converges in probability to

/ ZT®GLH1®Z dAo,

which is a negative semidefinite matrix. Consistency now follows by stan-
dard arguments.

The proof of asymptotic normality follows from a Taylor series expansion
of U(-) around [y and evaluated at 3:

t
nV2(5 — o) = {n_lf(ﬁ*)}_ln_l/Q/ Z7BG H, dM(s),
0
for some * on the line segment between 3 and Bo. d

To give the asymptotic properties of the estimator for the nonparametric
components of the model ¥(¢) we define

Cr(t) = / (XT(B)X(3) " XT(B)®ZdAo(s),

where Ag(t) is the appropriate component of \i/(t)
Define

Ma(t) ={n~1(50))
02 [0 (1= X)X 0 %0}

1XT(ﬁo)> dM(s),

M) =n [ X7 (0% (0} X (00) b (o).

In the following theorem we let [M5](t) denote the optional variation pro-
cess evaluated in (3, and similarly for the other estimated quadratic (co)-
variation processes.

Theorem 7.2.2 Under regularity conditions, n2{¥(t) — W(t)} converges
in distribution to a zero-mean Gaussian process with a covariance function
that is estimated consistently by

[Ma](t) = {[M2, Ma](t)C1 ()" + C1(8)[Ma, Ma] (1)} + C1(H)[MA)(T)C1(t)T

PROOF. Since ¢(Bo) = ¢(B) +P*Z(5— o), where &* = diag{¢(5*)} and

(" is on the line segment between 8 and 3, it follows that
n2 {B(t) = W()} =C5 (n (5~ Bo)
U R0 R(50)} ! R (50)T aM
+nd [{EE 0} %60 )

=CT (t)M1() + Ma2(t) + 0p(1),
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where .
= [ {0 %@} X606 2x0(s) s

As n — oo Cf(t) converges in probability for each ¢t. By the martingale
central limit theorem, it may furthermore be shown that (Mi, Ms) con-
verges in distribution to a Gaussian martingale U = (U1, Uz) with mean
zero, and the result follows. O

Again it is convenient to have an i.i.d. representation of the above limit
distributions to, for example, construct confidence bands. The score process
evaluated at (p and viewed as process in ¢, U(0p, ), can be written as

1/2U )=mn I/QZEM +0p(1

where

ult) = | {012, = Elpy 2 KT (00)) B X (30) XT ()1 X80 y bt

(7.24)
It can be shown that the variance of the limit distribution of n'/2(8 — 3y)
may be estimated consistently by the (robust) estimator

ni(3)" {Zé;@?m} G

where €1,(t) is given by (7.24) with insertion of estimates

dM(t) = dN(t) — X (t, B)d¥(t).

Also, n'/2(W(t) — W(t)) is asymptotically equivalent to

n

nt2Y " eai(t), (7.25)

i=1
where
eai(t) =ezi(t) +n s (HZ(Bo) ex(t),
t
esi)) =n [ {(E R (B0 XT (60)T) X (5)}
0
with ¢;(¢) and Z(fo) the limits in probability of Cy(t) and n~I(8), re-
spectively. Estimates of €;;(t), denoted é;;(t), for j = 1,2, 3 are obtained by

replacement of the limits (in probability) by their empirical counterparts
and by plugging in the estimates of dM;(t) and y. One consequence of this
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i.i.d. representation is that a consistent estimate of the variance (function)
Y(t) of n'/2(W(B,t) — ¥(t)) is given by Y(t), where

T)=n"" Zg;@f(t).

To do inference about the nonparametric components of the model it
is very useful that a resampling scheme can approximate the asymptotic
distribution of n'/2(¥(8,t) — (t)). For Gy, ..., Gy, i.i.d. standard normals
it can be shown that the asymptotic distribution of n'/2(U(5,t) — W(t)) is
equivalent to the asymptotic distribution of

77,71/2 Z ggz(t)GZ
i=1

This may be used to construct Hall-Wellner type confidence bands by re-
sampling of the distribution

1/2(9. (R Til/z(T)
sup n P2(Uk(B,t) — k(1)) 1+ Tk];k(t)/Tkk(T)

giving the (approximate) (1 — «)-quantile d,. The approximate (1 — «)
Hall-Wellner confidence band for ¥(t) is given by

7.2.3  Efficient estimation

One may construct efficient estimators 3 and W(t) on the basis of the
unweighted estimators 5 and ¥(t¢). This may be done as follows.

(i) Obtain 3 and ¥ as outlined above.

(ii) Use a predictable kernel smoother to estimate ¢ and obtain estimates
of the efficient weights V and W.

(iii) Obtain the efficient estimates using (7.17) and (7.18) with V and W
in place of V and W.

In the following we derive the large sample properties of these estimators.
Using similar arguments as McKeague & Sasieni (1994), it turns out that
the asymptotic properties of ﬁ and \i/(t) is unaffected by a replacement of
(V, W) with (V, W). We may hence derive the asymptotic properties of 3
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and U(t) using fixed weights. Let ®, G and H be defined as ®, G and H
with § replaced by (3, and let

1o =",

By applying the matrix derivative rules to U(/3) we find that

I(B) = / [ZT Z(E {VGHAN (t) ® I} + ZT¢>HTVilg {HdAN(t) ® Iq}] ,

where
aGg 1 do o dgT o dd ;
ag T |:¢TW¢dﬁ - (¢Tw¢)2{ g Wo1)+ ¢ Wdﬁ}:| (" W®I,)
d T
- ¢T?;V¢ jﬁ (W I,).

Using (7.19), we have that

U(Bo) = /ZT¢>VGH dM(t).

Theorem 7.2.3 Under regularity conditions, n2 (ﬁ—ﬁo) converges in dis-
tribution to a zero-mean normal with a covariance matriz which is the limit
in probability of

-1
<n—1 / ZTOVGHPZ )\ dt)
and which is consistently estimated by

nl ()~

or by the optional variation

n / ZT®V GH diag(dN)(VGH) 2.

PROOF. By use of Lenglart’s inequality, it may be seen that n~'I(8o)
has the same limit in probability as

dG
g

After some matrix algebra it may be seen that (7.26) reduces to

/ n oz o HTW Y (H{XdA®) + 6(B)hodt} @ 1],  (7.26)

n! / ZTOVGH®Z N dt.
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We also have that
</ZT<I>VGHdM(t)> = /ZTd)VGHW_l(WGH)T(bZAo dt
= / ZTOVGH®Z)o dt

since (WGH)T = WGH and (GH)?> = GH. The asymptotic variance is
therefore given as the limit in probability of

(B <n_1/2/ZT<I>VGHdM(t)> (3}
= (n‘l/ZT@VGH@Z,\O dt>_1.
O

The asymptotic properties of the nonparametric component of the model
is given in the following theorem. Define

¢
Calt) = [ (XT@WR(E) KT (G) b zdhas),
0
where Ag(t) is the appropriate component of ¥(t). Define
Ms(t) = {n~11(3)}~1n-1/2 / ZTOVGH dM(1),

My(t) = n? /O t(Xwo)TW)?(ﬁo)T)*lX(ﬁo)TW dM(s).

Theorem 7.2.4 Under regularity conditions, n2{¥(t) — ¥(t)} converges
in distribution to a zero-mean Gaussian process with covariance function
that is estimated consistently by

[Ma](t) — Co(t)[Ms] () Ca(t)" .

PROOF. Since ¢(8o) = ¢(B) +P*Z(5— o), where &* = diag{¢(5*)} and

(8" is on the line segment between 3 and (3, it follows that
n2 {B() = W(6)} =CF (n (5 — o)
R0 R0} X ()T M
#nd [{EE) @)} % (e d)
=C1 (t)Ma(7) + Ma(t) + op(1),

where

ci0 = [ {X@ R} X5 2ol ds.
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As n — oo Cf(t) converges in probability for each t. By the martingale
central limit theorem, it may furthermore be shown that (Mi, M2) con-
verges in distribution to a Gaussian martingale U = (U1, U2) with mean
zero, and the result follows. O

It may be shown that the weighted estimator (3, ¥(t)) is efficient. In
practice, however, we recommend to use the simple and unweighted esti-
mators. They seem to be very stable numerically and the loss in efficiency
is often very modest. In contrast, it is not always a trivial task to obtain
the efficient weights in practice.

7.2.4  Goodness-of-fit procedures

Goodness-of-fit procedures may be developed along the same lines as for
the Cox-Aalen model in the previous section. Specifically one may use a
cumulative martingale residual process

= /O t KT (t)dM(s),

where

M(t) :N(t)—/o X (B,t)dW(t).

The score function evaluated at B and viewed as a process in t:

0(5,1) = / Z70(B) A (A)AN (1)

0

may also be used to evaluate the fit of the model. By a Taylor expansion
it may be written as

0(5,1) = / 27 (50) H (o)dM (t)
3,015, / " 2T (o) H (Bo)dM (1),

where I(3,t) is the derivative of U (6, t) with respect to 5. The asymptotic
distribution of the process U(f3,t) may be resampled by

ZEM —Iﬁtiﬁ, Zelz

where G1,...,G, are independent standard normals. This enables us to
obtain percentiles from the distribution of, for example,
sup [U (6, £)].

t<t



284 7. Multiplicative-Additive hazards models

cox(age.c)

Test process
o 50 100
| 1

-50

—-100

0 200 400 600 800 1000 1200

Time

FIGURE 7.9: Lung cancer data: Score process along with 50 simulated pro-
cess under the model (7.27).

7.2.5 FExamples

We first give an illustration where the model (7.14) is used as a general
flexible additive-multiplicative model.

Example 7.2.1 (Lung cancer data)

We apply the model to the lung cancer data presented in Ying et al. (1995)
that we also analyzed by use of the multiplicative hazards model in Example
6.10.1. This dataset consists of 121 patients with small cell lung cancer.
The patients were randomly assigned to one of two treatments: cisplatin
followed by etoposide (0); etoposide followed by cisplatin (1).

By the end of the study, 47 of the 62 patients on treatment 1 and 51 of
the 59 patients on treatment 2 had died. Lin & Ying (1995) noticed that a
Cox-model

Ai(t) = Yi(t) Ao (t) exp (81 X1 + F2Xi2),
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FIGURE 7.10: Lung cancer data. Estimates of Ag(t) (left panel) and Ag(t)
(right panel) with 95% pointwise confidence intervals (full lines) and Hall-
Wellner confidence bands (broken lines).

where X;; is 1 if the patient was on treatment 2 and zero otherwise, and
X2 is the age of the patient at study entry, did not fit the data very well
with respect to treatment.

They proceeded with the following additive-multiplicative model

Xi(t) = Yi(t) (81 Xi1 + Ao(t) exp (B2 X42)),

and found that 3;=5.2e-04 (2.6e-04) and [, = 0.035(0.0174). They also
indicated, however, that there might be a time-varying effect of the treat-
ment covariate, so it may be more appropriate to apply the more general
model

Ai(t) = Yi(t)(at) Xi + Xo(t) exp (BXi2)), (7.27)

which is seen to be of the form (7.14) with p; = 1 for all subjects. We
fitted this latter model with X;s centered around its mean so that the
“excess” hazard rate Ag(t), in this example, corresponds to the hazard rate
for an averaged aged patient in treatment group 1. The model is fitted
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using the function prop.excess. As illustrated below, one may plot the
score process (adhering to the proportional part of the model) along with
50 resampled processes under the model, and also estimated cumulatives
with for example Hall-Wellner bands.

> age.c<-age-mean(age)

> excess<-1+numeric(n)

> fit<-prop.excess(Surv(times,status==1) " -1+trt+cox(age.c),
excess=excess,n.sim=2000)

Proportional Excess Survival Model

Simulations start N= 2000

> plot(fit,score=T)

> plot(fit,hw.ci=2)

> summary (fit)

Proportional Excess Survival Model

Test for non-significant effects

Test for Aalen terms, H_O: B(t)=0

KS-test pval CM-test pval
trt 0.033 0.004
Excess baseline 0.000 0.000

Proportional terms :
coef se(coef) z P
cox(age.c) 0.0469 0.0288 1.63 0.103

Call: prop.excess(Surv(times, status == 1) ~ -1 + trt +
cox(age.c) ,excess = excess, n.sim = 2000)

The score process does not seem extreme in this case as seen in Figure
7.9. The associated Kolmogorov-Smirnov type test based on 2000 simu-
lated processes gives a p-value of 0.74. The unweighted estimates of the
cumulatives, A(t) and Ag(t), are depicted in Figure 7.10, and we see there
is an indication of a time-varying effect of the treatment: treatment 1 seems
initially to be superior to treatment 2, but a maximal deviation test would
not be able to reject the hypothesis of a constant effect. The Kolmogorov-
Smirnov test for the hypothesis of no difference between the two treatments
gives a p-value of 0.033. O

As mentioned earlier, the model (7.14) may be applied in situations where
it is speculated that a certain group of subjects has an excess mortality
when compared to a control group. Let us illustrate this with use of the
malignant melanoma dataset.

Example 7.2.2 (Survival with malignant melanoma)

We consider the three covariates sex, ulceration and the logarithm of tumor
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Sex (S;) Ulceration (U;) log(thickness) (LT;)

B(SEE) —0.09 (0.47)  —1.46 (0.82) 0.21 (0.51)
B(SEE) —1.44 (0.81) 0.21 (0.53)
(SEE) —1.67 (0.79)

TABLE 7.1: Estimates of 8 and standard error estimates (SEE) based on
model (7.28).

thickness. We hence define LT; to be the logarithm of tumor thickness for
patient 7,

g — 1 if patient 4 is a man
“ )0 if patient ¢ is a woman

and

U {1 if ulceration is not present in the tumor of patient i
=

0 otherwise.

We shall here treat patients with a tumor thickness below a certain cut-
point as the “exposed” group. By use of the results in Jespersen (1986),
Andersen et al. (1993) found that an optimal breakpoint for the covari-
ate thickness, based on the Cox-model, is 2.1 mm. As an illustration, we
consider the group with a possible excess risk as the one consisting of pa-
tients with tumor thickness above 2.1 mm. The dataset was first analyzed
using the model

Ai(t) = Yi(t){ao(t) + a1 (t)Si + aa(t)U;
+ pido(t) exp (BoSi + S1U; + B2LT5)}, (7.28)

where p; is equal to 1 if the patients tumor thickness is above 2.1 mm, and
0 otherwise:

excess<-0+1x(thick>=210)

1t<-log(thick)

ulc0<-(-1)*(ulc-1)

status [status!=1]<-0
fit<-prop.excess(Surv(days,status==1) “sex+ulcO+

cox(sex)+cox(ulcO)+cox(1lt) ,excess=excess,n.sim=2000)

Proportional Excess Survival Model
Simulations start N= 2000
> summary(fit)
Proportional Excess Survival Model

V V. V V VvV
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Test for non-significant effects

Test for Aalen terms, H_O: B(t)=0
KS-test pval CM-test pval

(Intercept) 0.187 0.498
sex 0.514 0.574
ulcO 0.735 0.893
Excess baseline 0.799 0.772

Proportional terms:

coef se(coef) z P
cox(sex) -0.0877 0.465 -0.189 0.8500
cox(ulc0) -1.4600 0.822 -1.780 0.0751
cox(1t) 0.2070 0.514 0.403 0.6870

The score processes may be plotted as in the previous example, and these
give no indication of a poor fit. Based on the estimates of the parametric
components given in Table 7.1, it seems reasonable to simplify the model
to

Ai(t) = Yi(t){ao(t) + a1(t)S; + a2 (t)U; + piro(t) exp (BU;)}.

The p-values, based on a Kolmogorov-Smirnov test, for testing the non-
parametric components, «;(t), j = 0,1,2, equal to zero are 0.095, 0.475,
and 0.71. Reducing the model first by setting as(t) equal to zero and then
also a1 (t) gives us a model with only significant effects:

> fit<-prop.excess(Surv(days,status==1)" cox(ulc0O),excess=excess,

n.sim=2000)
Proportional Excess Survival Model
Simulations start N= 2000

> plot(fit,hw.ci=2)
null device
1
> summary (fit)
Proportional Excess Survival Model

Test for non-significant effects

Test for Aalen terms, H_O: B(t)=0

KS-test pval CM-test pval
(Intercept) 0.002 0.04
Excess baseline 0.000 0.00

Proportional terms :
coef se(coef) z )
cox(ulc0) -1.67 0.794 -2.11 0.0352
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FIGURE 7.11: Melanoma data. Estimates of Ag(t) (left panel) and Ag(t)
(right panel) with 95% pointwise confidence intervals (full lines) and Hall-
Wellner confidence bands (broken lines).

corresponding to

N(t) = Yi(t){ao(t) + pido(t) exp (BU:)}. (7.29)

In this model, 3 = —1.67(0.79), and the unweighted estimates of the cu-
mulatives, A(t) and Ag(t), are displayed in Figure 7.11 together with 95%
pointwise confidence intervals (full lines) and Hall-Wellner confidence bands
(broken lines). The mortality for patients with a small tumor is described
by «ap(t) while Ag(t) describes the excess risk for a patient with tumor
thickness above 2.1 mm. in the stratum defined by presence of ulceration.
Both of these are clearly significant different from zero. The excess risk is
reduced by a factor exp (—1.67) for patients without ulceration. O
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7.3 Exercises

7.1 (Blocked Cox-Aalen) Let N(t) = I(T < t) have intensity on the
Cox-Aalen form:

At) =Y ()X (Do) exp(Z7 (1)6)

and assume that n i.i.d. replicas of the model are observed over the time-
interval [0, 7]. Some effects are multiplicative and they can thus be inter-
preted as effect modifiers. The model assumes the effect of X; and X,
say, is modified in the same way by Z. One extension of the model allows
different effect modification

K
At) =Y (1) (Z X () (t)) exp(ZT(t)vk)>
k=1

where X = (X7, Xo, ..., Xk) is grouped into K blocks.

(a) By redefining the covariate Z the model can be written as

K
At) = Y(1) (Z(X;f(t)ak(t) exp(ZkT(tW)> :

k=1
Specify this construction in detail.

(b) Derive a score equation for v = (y1,..,7x) or 7 in the alternative
parametrization.

(c) Make the basic derivations to obtain the asymptotic properties.

7.2 (Cox-Aalen model: Alternative weights) Let N(t) = I(T < t) have
intensity on the Cox-Aalen form:

At) =Y (O)(XT (t)a(t)) exp(Z7 (1)5)

and assume that n i.i.d. replicas of the model is observed over the time-
interval [0, 7].

(a) Validate that the second derivative Z is on the specified form when
w;(t) = exp(—Z71B).
(b) Compute the score and second derivative in the case where w;(t) = 1.

(¢) The optimal weights are
wi(t) = exp(=Z]B) /(X[ a(t)).

Do a simulation study to learn about the finite sample performance
when 1) a is known in the weights; 2) the weights are estimated based
on and initial estimator and compare with the suggested weights.
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(d) Show that the second derivative converges in probability to a negative
definite matrix.

(e) Validate that the optional variation of the score process for 5 and the
second derivative have the same asymptotic limit in the case with
optimal weights.

7.3 (Veterans data) Consider the Veterans data available in the survival
package in R, see Therneau & Grambsch (2000) for more details.

(a) Analyze the data using the Cox-Aalen model. Focus on the variables
celltype, karno and age.

(b) Is treatment significant or time-varying?
(¢) Does a Cox regression model provide a reasonable fit?

(d) Does the Cox-Aalen model provide a reasonable fit?

7.4 (Proportional excess model: alternative weights) Let N(¢) = I(T <
t) have intensity on the proportional excess form:

A(t) =Y (O)(XT (H)a(t) + p(t)ho(t) exp(X T (1)5))

and assume that n i.i.d. replicas of the model is observed over the time-
interval [0, 7].

(a) The optimal weights are

wz(t) = 1//\z(t)

Do a simulation study to learn about the finite sample performance
when 1) a is known in the weights; 2) the weights are estimated based
on and initial estimator and compare with the suggested weights.

(b) Show that the second derivative converges in probability to a negative
definite matrix when the optimal weights are used.

(c¢) Validate that the optional variation of the score process for 5 and the
second derivative have the same asymptotic limit in the case with
optimal weights.

(d) Validate equation (7.19).
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7.5 (Estimating the survival function)  Assume that n i.i.d. replications
from the proportional excess model is observed over the time-interval [0, 7].

(a) Suggest an estimator of the survival function, and derive an optional
variation estimator of the variance for n'/2(Sy(t) — So(t)).

(b) Make an i.i.d. decomposition formula for n'/2(Sy(t) — So(t)), and give
the recipe for making a 95 % confidence band.

7.6 (Data example) Consider the TRACE data of the timereg package.
It may be sensible to work with a smaller sample of this data, for example
the first 500 patients. Mortality due to ventricular fibrillation (vf) may be
considered as excess risk, and it may relevant to modify this excess risk
for gender. Suggest a proportional excess risk model that can be used to
describe the excess risk due to vf.
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Accelerated failure time and
transformation models

In the past chapters we have presented various additive and multiplicative
hazards models. These models are well suited for regression modeling of
survival data, are simple to fit, and can deal with time-varying regression
coefficients as well as time-dependent covariates. These models, however,
are not the only important models in survival analysis, and in this section
we give a brief review of the accelerated failure time models and transfor-
mation models.

To focus ideas, let T' be a survival time and Z a covariate vector that
does not depend on time. The accelerated failure time model assumes that

log(T) = -Z"p+¢

where (3 is a set of regression parameters and ¢ is a residual term with
un-specified distribution. Note that the parameter appears to be quite easy
to interpret because they directly refer to the level of log(T'), but with cen-
sored observations, however, one should be very cautious to interpret them
as standard linear regression effects that refers to the mean of log(T). The
model is not quite as easy to fit as the regression models in the previous sec-
tions (with censored observations!), and the asymptotics of the estimators
is also more difficult to get at, although there recently has been some good
advances in making the model more practically applicable. Some impor-
tant key references are Miller (1976), Buckley & James (1979), Koul et al.
(1981), Lai & Ying (1991a), Prentice (1978), Ritov (1990), Tsiatis (1990),
Lai & Ying (1991b), Wei et al. (1990); Ying (1993). See also Bagdonavicius
& Nikulin (2001) and Kalbfleisch & Prentice (2002) for a summary of these
techniques.
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Another class of models are the transformation models:
WT)=-Z"3+¢

where the transformation A is now an unspecified monotone transformation
while ¢ is a known error distribution. Special cases are the Cox regression
model when € has an extreme value distribution with distribution function
F(t) = exp(—exp(t)) and the proportional odds model when ¢ is a stan-
dard logistic distribution. Some authors have dealt with this model quite
generally by inverse probability weighting techniques (Cheng et al., 1995,
1997; Fine et al., 1998; Cai et al., 2000). A drawback of the inverse prob-
ability weighting technique is that the censoring distribution needs to be
estimated. Alternatively, as we shall do here, one may consider an estimat-
ing equations approach, as in for example Bagdonavicius & Nikulin (1999)
and the recent Chen et al. (2002). For a detailed treatment see the book
Bagdonavicius & Nikulin (2001). The transformation model has some ad-
vantages, and has proved its relevance in the two special cases mentioned
above, but for other choices of € the regression coefficients are more difficult
to interpret because they refer to the scale given by the unknown h.

8.1 The accelerated failure time model

The accelerated failure time (AFT) model simply makes a linear regression
for the log-transformed event time, log(7T'), given a p-dimensional covariate
Z = (Z, ..., Zp) such that

log(T) = ~Z"B +¢ (8.1)

where 8 = (04,...,8p) is a p-dimensional regression parameter, and ¢ is
unspecified. This specification leads to the hazard function for T' given Z:

A(t) = Xo(texp(Z" B)) exp(Z7 ), (8.2)

where A\g(t) is the hazard associated with the unspecified error distribution
exp(e). We see that the covariates acts multiplicatively on time so that
their effect is to accelerate or decelerate time to failure relative to Ag(t).
Note that when there are censorings present one should be very careful
interpreting § as in the standard linear regression case where (3 gives the
effect of Z on the mean of log(T'). Let C be the censoring time for 7', and put
T=TAC and A = I(T < C). We now consider (8.2) as our basic model
for the intensity of the counting process N(t) = I(T < t)A constructed
by observing the possibly right-censored event time. The intensity is thus
assumed to be Y (t)A(t) with Y (t) = I(t < T) being the at risk indicator.
Assume that n i.i.d. counting processes are being observed subject to
this generic hazard model. We thus consider N (¢) = (N1(t), .., N, (t)) the n-
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dimensional counting process of all subjects. Define also the time-transform-
ed counting process

N*(t) = (N (texp(~ZL B)), ., Nu(texp(—~ 21 3)))
with associated at risk process Y;*(t, 3) = Y;(texp(—=ZI'B3)), i = 1,...,n
The time-transformation for each counting process is useful because the
intensity of N;(texp(—Z}'3)) is
Ni() = V()Mo (8),

which immediately suggest that Ag(t) fo Ao(s)ds should be estimated by
the Breslow-type estimator

Rolt, 8) = /0 5 (i 5IN7() (8.3)
where dN(t) = Y | dN/(t), and
B) = Y7 (t5)
=1

if B were known. Let us now turn to estimation of 3. The efficient score
function for (3 is

Z/Ooo 885 (Ni(t, BN (¢, B) (AN () — Yy (£)Ni(t)dt) (8.4)
n o0 ’ ex T ox T

:Z/o (W Aﬁgtzéxi?ztmr)))(zz Vs 1) Zi(dN(t) = Yi(£) A (t)dt)
=1 i

=3[ (ot +1) 20~ ¥ dpaato)

and inserting dAo(u, §) for dAg(u) gives

w9 =3 [z (anio - g Do)

= Z /O N W(u) (Zi — E*(u, 8)) N} (u), (8.5)
where
S (u, B) = ZY (u,3)Z;, E*(u,f) = St )
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W(u) = (Afo(&);‘ + 1) (8.6)

is the efficient weight function. The score function can also be written on
the (log)-transformed time scale

and

U () =3 [ W0 (Zi— () vz ()
Z/ Wt Z Bt — 778, ﬁ)) Ni(t — Z78),  (8.7)

where N;(t) = I(log(T;) < t)A;, Yi(t) = I(t < log(T})),

- )\05 (t)

n n ,

Be.8)= Y 2%/ YT, Wiy =3l
i=1 i=1

with Age(¢) the hazard function for €.

We cannot use (8.5) directly for estimation purposes since the weight
function W(u) involves the unknown baseline hazard function Ag(u) and
its derivative Aj(u). These can be estimated and inserted into (8.5) but it
is not recommendable since it is hard to get reliable estimates of especially
Ap(t). A way around this is to take (8.5) and replacing the weight func-
tion W (u) with one that can be computed as for example W(u) = 1 or
W (u) = n=1Sf (u, B) referred to as the log-rank and Gehan weight func-
tions, respectively.

Note. The classical way of arriving at (8.7) with W just being any weight
function is as follows (Tsiatis, 1990). If we want to test the hypothesis,
B =0, then a class of linear rank tests can be written as

> / T W ()2 — B)dRi()

with W being some weight function. Generalizing this test statistic to test
the hypothesis 3 = 3y is done by replacing log(Ti) with log(Ti) + ZF Bo,
which leads to (8.7). So it is natural to choose the estimator of Gy as the
(3 that minimizes (8.7).

A practical complication is that the score function Uy () is a step func-
tion of 8 so Uw () = 0 may not have a solution. The score function may
furthermore not be component-wise monotone in §. It is actually mono-
tone in each component of § if the Gehan-weight is chosen (Fygenson &
Ritov, 1994). The estimator ﬁ is usually chosen as the one which minimizes
Uw (B)]]
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It has been established under regularity conditions that n'/ 2(@ - 0)
is asymptotically zero-mean normal with covariance matrix A{TleWA;Vl,
where Ay and By are the limits in probability of

L 1 (2 Bt e (50 g
W2 [ W e (DN ) aviw,

VY [ W - B sy an

respectively (Tsiatis, 1990; Ying, 1993). It is seen that Ay and By coincide
in the case where W (u) is taken as the efficient weight function (8.6). The
asymptotic covariance matrix depends on )\;), which is difficult to estimate.
One may, however, apply a resampling technique avoiding estimation of )\:),
see Lin et al. (1998b) and Jin et al. (2003)

Chen & Jewell (2001) considered the interesting variant of (8.2):

At) = Mo(texp(ZTB1)) exp(ZT Bz), (8.8)

which contains both the proportional hazards model (8; = 0), the accel-
erated failure time model (81 = (2), and for B2 = 0 what is called the
accelerated hazards model (Chen & Wang, 2000). Chen & Jewell (2001)
suggested estimating equations for estimation of 5 = (81, f2) and showed
for the resulting estimator, ﬁ, that n'/ 2(@ —f3) is asymptotically zero-mean
normal with a covariance that also involves the unknown baseline haz-
ard (and its derivative). They also suggested an alternative resampling ap-
proach for estimating the covariance matrix (attributed to Eugene Huang)
without having to estimate the baseline hazard function or its derivative.
With these tools at hand one may then investigate whether it is appropriate
to simplify (8.8) to either the Cox-model or the AFT-model.

Note. There exists other ways of estimating the regression parameters 3
of the AFT-model, which build more on classical linear regression models
estimation (Buckley & James, 1979). Starting with (8.1), let V' = log(T),
U = log(C) and V = V AU, and write model (8.1) as

V=—fo—2Z"B+e

assuming that ¢ is independent of Z = (Z1, ..., Zp)T and has zero mean. If
V' was not right-censored, then it is of course an easy task to estimate the
regression parameters. The idea is therefore to replace V' with a quantity
that has the same mean as V', and which can be computed based on the
right-censored sample. With

Vi=VA+(1-A)EV|V>UZ),
and A = I(V <U), then E(V*|Z) = E(V | Z). Still, V* is not observable
but it can be estimated as follows. Since
f;j-zTg vdF (v)

E(V|V>UZ)=-2"3+ LR+ 278)
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with F the distribution of V + ZT 3, one can construct the so-called syn-
thetic data points:

fljjJrZiTﬁ vdF (v)

VP (8) = Vihi+ (1 - Ay) | =27 -
V@ =viar-ag | ~ZE T

)

where F' is the Kaplan-Meier estimator based on (Vi + ZFB, A, i =
1,...,n. One may then estimate the parameters from the normal equations
leading to the following estimating equation for the regression parameter

vector (3:
n

> (Vi (B) + 21 B)(Zi ~ Z) =0, (8.9)
=1
where Z = n~ '3, Z;. Equation (8.9) needs to be solved iteratively if
it has a solution. The large sample properties of the resulting estimator
were studied by Ritov (1990). Equation (8.9) can also be written as, with
S(v) =,

_ - T f;j+z?ﬁ S(”)dﬁ‘(v)
Us(B) = ; AiSWUs + ZEB) + (1 — Ay) LB+ 278) (Zi - 2)
=0, (8.10)

that may derived from a likelihood principle; the efficient choice of S(v)
being S(v) = f'(v)/f(v) with f(v) = F (v) the density function. Ritov
(1990) also established an asymptotic equivalence between the two classes
of estimators given by (8.7) and (8.10). He showed that for any S(-) in
(8.10) there exist a W (-) so that Uy, (8) = Us(B), and vice versa. Explicit
expressions of the relations between S(-) and W (-) was also given by Ritov
(1990).

8.2 The semiparametric transformation model

The transformation model also makes a linear regression for the event time,
T, on a scale given by the unknown strictly increasing function h given a

p-dimensional covariate Z = (Z1, ..., Zp) such that

where § = (f1,..., Bp) is a p-dimensional regression parameter, and the
residual € has a known distribution with distribution function F, say. If
|Z) denotes the conditional survival function of T' given Z then we may

St

WT)=—-ZT3+e¢, (8.11)

also write model (8.11) as

SHSz(t) = h(t) + Z7B,
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where S¢(t) = 1 — Fc(z). The hazard function for T given Z is

MO = At 2) = { B (Z76 4 h(t),

where A.(t) is the hazard function associated with €.
In the following we prefer to reparameterize the model and write it as

G(T) = exp(—Z73) exp(e) (8.12)

where G = exp(h) is a strictly increasing positive function such that G(0) =
0 and limy—,o, G(t) = oo. Let g(t) = G (t) denote the derivative of G().
The hazard of T given Z can now be written as

A(t) = g(t) exp(ZT B)do(exp(ZT B)G(1)), (8.13)

where Ao(t) is the hazard associated with exp(e).

When ¢ has the extreme value distribution then exp(e) is standard ex-
ponentially distributed (Ag(¢) = 1), and the hazard function (8.13) is then
the Cox regression model with cumulative baseline hazard function G(t).

In the case of the standard logistic distribution as the error distribution,
F(z) = exp(z)/(1 + exp(x)), we see that

logit(1 — Sz(t)) = log(G(t)) + ZT 3 (8.14)

and the model is therefore in this situation referred to as the proportional
odds model. The survival function and hazard function (8.13) are

1 g(t)

SO=SUA= 1 4 ayenzrs) M= exp(-278) + Gl1)°

The relative risk for two individual with covariates Z; and Zs, respectively,
is

At Z1)  exp(—=Z¥B) + G(t)
with RR(0) = exp((Z2—Z1)T 3) and lim; o RR(#) = 1 so the model results
in what is referred to as converging hazards. This is an appealing property
of the model, as converging hazards are encountered in many practical
settings.

We now take (8.13) as our basic model for the intensity of the associ-
ated counting process. Assume that n i.i.d. counting processes, represent-
ing survival times with independent censoring, are being observed subject
to this generic hazard model. We thus consider N(t) = (Ni(t),.., Nn(t))
the n-dimensional counting process of all subjects with intensity A\(¢) =
(Y1(0)A1(t)y ooy Yo (£) A (t)), where Yi(¢), i = 1,...,n, are the at-risk indica-
tors. We use M;(t), i = 1,...,n, to denote the associated counting process
martingales.
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The martingale decomposition of dN.(t) reads
dN.(t) = So(t, 8, G)dG(t) + dM.(t),
where

So(t, 8,G ZY )exp(Z] B)do(exp(Z] B)G(t-))

writing G(t—) to stress the needed predictability of the intensities. Based
on this decomposition it seems natural to estimate G(t) by the following
Breslow-type estimator (keeping 3 fixed)

- t 1
Gmﬁy:A oo N0 (8.15)

Equation (8.15) gives a recursive way of computing G’(t,ﬂ) starting with
G(0,8) = 0.
Estimation of § may be based on the (partial) likelihood function

HH t) exp( ZTﬁ)dG( ))\O(eXp(ZiTﬁ)G(t_))]ANi(t)

< exp {— / 0 exp(zmm(exp<Z?ﬁ>G<t—>>dG<t>} .

The idea is now to replace dG(t) with dG(t, 8) and G(t) with é(t, 3), which
leads to

TTTT{¥:(t) exp(z2] B¢, B)ra(exp(Z] BG: Sy

i=1t>0

)

where we have dropped terms not depending on (. The derivative with
respect to § of the log of this (pseudo) profile-likelihood is

wi(t, 3, G _&@@é) ‘
Z/ {w .88 " Solt.5.C) } dN;i(t), (8.16)

where
wz(t,ﬁvé) = exp(Zfﬁ)AO(eXp(Zfﬁ)é(t_aﬁ))a
wl(tvﬁvé) = aa/sz(tvﬁvé) and Sl(taﬁaé) = aa/BSO(taﬁaé)

When computing the derivative of w; with respect to 3 one should remem-
ber that G is also a function of 8. When Ao(t) = 1, (8.16) reduces to the
usual Cox score function, and for the proportional odds model one obtains

Z; exp ZZTﬁ) - aaﬁé(t_aﬁ) Sl(taﬁa é) _
Z/ { exp(~Z70) + G- 0)  Solt,p,0) [ =0
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We denote minus the derivative of U () (8.16) with respect to 3 by

1(B) = I(r,8) = = , ,U(B).

op
Let (3 be the root of U(ﬁ) = 0 and use 3y and Gy for the true values of
p and G. The estimator (3 is called the modified partial likelihood estima-
tor. One may show (under some regularity conditions) that n'/2(3 — o)

is asymptotically zero-mean normal with covariance matrix that is consis-
tently estimated by

{n DY BT D), (8.17)

where an expression for 3 is given below in (8.18). Further, to estimate
Go(t) one may use the estimator G(t) = G(5,t). It can also be shown that
n/2(G(t)—Go(t)) converges to a Gaussian process with a variance that can
be estimated by formula (8.19) below. Further, to get a uniform confidence
band one may resample the residuals. In the below note, some of the basic
steps in the derivation of the asymptotic properties of these estimators are
given, following Bagdonavicius & Nikulin (1999).

Note. Asymptotic properties for the modified partial likelihood estima-
tors. Let so(t, Bo) and s1(t, Bo) denote the limits in probability of the quan-

tities n 1 So(t, Bo) and n =151 (¢, Bo), respectively. We start by making the
observation that (up to op(1))

n'/2(G(t, o) = Go(t)) :n*”/O' ,150(1 0,6 P
1/2/ So(s: 8o, Go) = So(s, 60, G) oo (o

SO 8 607 )
Note that the first term, by the martingale CLT, can be shown to converge
to a Gaussian martingale process V (¢) with variance o fo 5o 1 (t)dGo.

The difference in the last integral of the above dlsplay can be Taylor
expanded (up to 0p(1))

n~Y2(So(t, Bo, G) — Sol(t, Bo, Go)) = n~ 1S5 (t, Bo)
n'/?(G(t—, Bo) — Go(t—)),

where we define

85000) = o vit) { 20 O exaa2! oexn(27 ) Go(e-)

for j = 1,2 with \o(t) = 2 Xo(t). Define also the limit in probability of
SS (tyﬁﬂ)/sﬂ(tvﬁo) by 6*(1:,60) = SS(t,ﬁo)/SO(t,ﬁo), Where Sg(tvﬁo) is the
limit in probability of n™1Sg (¢, 5o).
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This implies that n'/2(G(t, Bo) — Go(t)) converges in distribution to a
process W (t) that satisfies the integral equation

W) = — /0 e (u, Bo)W (w)dGo(u) + V (1),

which is solved for
W) =kt o) [k o)V (),
0
where k(t, 50) = exp(— [, e*(u, Bo)dGo(u)).

After this preliminary observation we turn to the modified partial likeli-
hood score U (). The score evaluated at the true point may be decomposed

as
w; t /807 ) _ Sl(t,ﬁo,é)} ‘
/30 Z/ {w’b t /807 ) SO(t,ﬁo,é) dMZ(t)
K t B ) ~
+ Z/ ZZ : BZ, Y-(t) {’UM(t»ﬁO»GO) - wi(t,ﬁO,G)} dGo(t)
> Si(t,8,G) -
o Solt, B, C) {So(t,ﬁo,G) - SO(t,ﬂo,Go)}dGO(t)

By a Taylor expansion it may be shown that (up to o,(1))
n'/? (wilt, B0, G) = wilt, fo, Go) ) =
exp(2Z{ o) do(exp(Z{ o) Gio(t=))W (1)
Define e(t, ) = s1(t,8)/so(t. §),

I(t, B) = Sl(t,ﬁ)sg(t,fz(; ;3(75,5)3;(@5)’

1 [e’s}
k(t»ﬁ)SO(t,ﬁ)/t I(s, B)k(s, B)dGo(s).

Then we can write the normed score as (up to an op(1) term):

n~ 20 (o) = /Oool(t,ﬁo)W(t)dGo(t)
w0 [l gy~ )

=y [ &) -aesof o

This is a sum of i.i.d. terms (or a martingale) and therefore converges to
a normal distribution with variance that is consistently estimated by the
robust estimator

n A~ ®2
3 717,71 * w"(twva) s ~ o
> = Z |:/O { (¢ Gv) q(t’ﬁ)} dMl(t):| (818)

Q(tvﬁ) = E(t,ﬁ) -
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or by the optional variation process
" (it 8,G) ®2
—1 wi(t,
n P (t 6) le(t)v
Z /0 { wi(t, B, G) }

where §(t, 3) is obtained by replacing unknown quantities by their empir-
ical counterparts. We therefore get that (up to an 0,(1) term)

n'2(B = o) = {n~ (B} 020 (o),
and a consistent estimator of the variance of n'/?(8 — o) is given by
(8.17).

Finally, we consider the asymptotic distribution of G(¢) = G(¢, 3). It can
can be derived that (up to an op(1) term)

n1/2 A _ _ tSl(t7ﬁ07é) 8n1/2 A _
(60 = Go) == | o . ) dGo(eIm™ (B = 6o)

k(t,ﬁo)nﬂm Z/O Yi(s)k”(s,ﬁo)s()(sl’ Bo) dM;(s)

=n'/2> " Hi(t, o),
=1

where

Hit,8) = — P(t, fo)I " (50) / vt { i gz’gzg—qu,ﬁo) ML (1)

1
s0(s, Bo)

with P(t, o) = fof s1(t, B0)/so(t, Bo)dGo. Let H; denote the estimator of
H; by plugging in the estimates of the unknown quantities. The variance
of G(t) — Go(t) may therefore be estimated by

+n_1k(t,ﬁo)/0 Yi(s)h (s, o) M (s)

A (8.19)

or by the estimated optional variation. The entire process has an asymp-
totic distribution that can be obtained by resampling of the residuals

=1

where D; are independent standard normals.

Note also that the goodness-of-fit of the model may be evaluated by com-
paring the observed score process versus resampled versions under the
model.
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Our experience with the modified partial likelihood method is that it
performs well in practice. One should note, however, that it does not corre-
spond to the nonparametric maximum likelihood estimator (NPMLE), see
Slud & Vonta (2004) and Murphy et al. (1997) for details on the NPMLE for
the proportional odds model. The NPMLE is more difficult to implement
as no explicit expressions are available.

Yet another procedure is to substitute dG(t, 3) for dG(t) in the efficient
score function for . The efficient score function for 8 (assuming that G is
known) is

S ap AN A AN Vi)
=32 [ it Gy N ~Yiou(8.01Gw), 520)
where
vi(t, B, G) = exp(Z] )do(exp(Z] B)G(t—)) and
. 0
Ui(ta ﬁa G) = 6ﬁvi(t, ﬁv G)
Now, inserting G(t, 8) into (8.20) leads to the estimating function for 3:

Z / it ﬁ (ani(t) = Yiltyoi(t, 5, G)G(t, 9))
i(t,8,G)  Si(t,8,G) ’
- Z/ { t 5, - So(t,ﬂ, G,) } sz(t)v (8.21)

5.(t,8,G) = aaﬁSo(t,ﬁ,G).

We see that (8.16) and (8.21) look very similar, the difference being that the
derivatives in (8.21) are computed with G(t) fixed, and then G is inserted
into these derivatives. Let  denote the solution to U(8) = 0 and let ()
be the derivative of U(3) with respect to § (which we note in passing is
not symmetric). Following the above sketch of proof one may show that
n'/2(6 — fBy) is asymptotically zero-mean normal with covariance matrix
that is consistently estimated by

FHBTIT(B),

where T is a consistent estimator of the asymptotic variance of U(f).

where

We end this section by fitting the proportional odds model to the PBC-
data.
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FIGURE 8.1: Estimated survival for proportional odds survival model along
with 95% pointwise confidence intervals for subject with average value of
all covariates and without edema.

Example 8.2.1 (The PBC data)

We consider the PBC data described in Example 1.1.1, and again wish
to study the predictive effect on survival of the following covariates: age,
log(albumin), log(bilirubin), edema, log(protime). The proportional odds
model (8.14) may be fitted in the timereg package using the prop.odds-
function. The continuous covariates are first centered around their means
before fitting the model.

> fit<-prop.odds(Surv(time/365,status) “Age+Edema+logBilirubin
+ +logAlbumin+logProtime,pbc,max.time=8)

Proportional odds model

Simulations start N= 500

> summary (fit)

Proportional Odds model

Test for baseline
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Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_0: B(t)=0
Baseline 6.74 0
Test for time-invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
Baseline 0.18 0.01

Covariate effects

Coef. SE Robust SE D2log(L)"-1 z P-val
Age 0.0512 0.0116 0.0124 0.0118 4.41 1.04e-05
Edema 1.2800 0.3570 0.3960 0.3390 3.59 3.31e-04
logBilirubin 1.1200 0.1250 0.1280 0.1250 8.99 0.00e+00
logAlbumin  -2.9500 0.9320 0.9160 0.9250 -3.17 1.53e-03
logProtime 3.9400 1.2600 1.4900 1.3000 3.12 1.78e-03

Test for Goodness-of-fit
sup| hat U(t) | p-value H_O

Age 41.100 0.936

Edema 5.030 0.026
logBilirubin 13.900 0.008
logAlbumin 0.647 0.802
logProtime 1.140 0.038

> 8<-1/(1+fit$cum[,2]);

> Su<-1/(1+fit$cum[,2]+1.96*fit$robvar.cum[,2]".5)
> Sn<-1/(1+fit$cum([,2]-1.96*fit$robvar.cum[,2]".5)
> plot(fit$cum[,1],S,type="s",ylim=c(0,1),ylab="Survival",
+ xlab="Time (years)")

> lines(fit$cum[,1],Su,lty=2,type="s")

> lines(fit$cum[,1],Sn,lty=2,type="s")

The proportional odds effects of the covariates are all significant. We
note that the coefficients are somewhat similar to the results of the Cox-
model that in this context is equivalent to a cloglog model for the survival,
compared to the logit transformation used for the proportional odds model.
Patients with edema present, for example, will have an exp(1.28) = 3.60
increased odds compared to patients without edema (keeping everything
else fixed).

Figure 8.1 shows the estimated survival functions with 95% pointwise ro-
bust confidence intervals for a subject with average values for all covariates
and without edema.

The goodness of fit of the proportional odds model is evaluated by con-
sidering the score processes U (5 t) and inspecting their behavior with what
should be expected under the model. The above summary and Figure 8.2
(containing the observed score processes and 50 random realizations un-
der the model) suggest that the model does not give a good description
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Age Edema logBilirubin
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FIGURE 8.2: Score processes, Tj(t), along with 50 resampled processes under
the model.

for edema, log(bilirubin) and log(protime). The plot is obtained by the
command

> plot(fit,score=1)

One way of extending the model is to let the covariates (or some of
them) have time-varying effects, which we have studied in detail for the
Aalen additive hazards model and the Cox-model. Similar techniques have
not yet been developed for the proportional odds model. Recall that the
hazard function for the semiparametric proportional odds model is

t
At) = gT( ) .
exp(—Z78) + G(t)

One way of extending this model is to allow 8 to depend on time. We here
make an approximation of this by instead letting Z change over time and



308 8. Accelerated failure time and transformation models

consider the model

_ g(t)
M= op(-2(0)78) + Gty

We here consider the case where edema was allowed to change its effect at
time 2 years and again at 4 years (coded with 3 dummy variables Edema02,
Edema24, and Edemad).

Covariate effects

Coef. SE Robust SE D2log(L)"-1 z P-val
Age 0.049 0.012 0.012 0.012 4.083 0.000
Edema02 1.770  0.400 0.409 0.388 2.775 0.006
Edema24 0.415 0.635 0.643 0.622 0.654 0.513
Edemad -1.338 0.982 1.045 0.941 -1.362 0.173
logBilirubin 1.103 0.123 0.128 0.125 8.967 0.000
logAlbumin  -3.101 0.938 0.911 0.916 -3.305 0.001
logProtime 4.590 1.387 1.513 1.361 3.564 0.000

Test for Goodness-of-fit
sup| hat U(t) | p-value H_O

Age 54.776 0.728
Edema02 2.130 0.450
Edema24 0.824 0.816
Edema4 1.046 0.120
logBilirubin 14.574 0.010
logAlbumin 0.449 0.978
logProtime 0.875 0.120

We see that presence of edema has a significant effect in an initial phase
(first two years) while it seems to be insignificant thereafter. Note also that
the model now seems to give a better fit to the data, at least with respect
to edema. g
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8.3 Exercises

8.1 Consider the accelerated failure time model
log(T) = ~Z"j3 +¢.
(a) Show that T" has hazard function
A(t) = Xo(texp(Z7 B)) exp(Z7B),
where Ao(t) is the hazard associated with exp(e).

(b) Show that
(041 = Yoot
Ao(u) Aoe (log(u))”
where Aoe () is the hazard function for e.

(¢) Verify the second equality of (8.4).
(d) Show that Uw (8) = Uy, ().

8.2 (Estimating function with Gehan-weight, Jin et al. (2003))

(a) Show that Uy (3) given by (8.5) and with W (t) = G(t) = n=15; (¢, 3),
the Gehan-weight, can be written as

n n

Ua(B) =n~" ZZ Ai(Zi — Zj)I(ei(B) < e;(B)),

i=1 j=1
where e;(8) = log(’f‘i) + 23 and AI(T; < C).
(b) Show that Ug(f) is the gradient of
La(B) =n~! Z ZAi(ei(ﬂ) —e;(8)),
i=1 j=1

where a~ = |a|I(a < 0), and that Lg(8) is a convex function.

8.3 (Extended accelerated failure time model, Chen & Jewell (2001)) Con-
sider the model (8.8)

At) = Mo(texp(ZTB1)) exp(ZT Bz),

and suppose we have n i.i.d. right-censored observations (Ti, A, Z;) from
this model. Let NV;(¢t) = I(T; < t)A; and Y (¢) = I(t < T).
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(a) Argue that a natural estimator of Ag(t) = fot Xo(s)ds is

N B ¢ Z?zl dN;(uexp(—p1 7))
Aot, 8) = /o >oiey Yi(uexp(=01Z;) exp{(B2 — B1)Zi} (8.22)

(b) Use (8.4) to derive the efficient estimating equations for (51, 82):

i /Oo W (t, Zi, B)dM;(t) = 0, (8.23)
i=1"0

where
M;(t) =N;(texp(—£1Z;))
- / Yi(t exp(—1.2:)) exp{ (B2 — 1) Z:}do(t).
W(t, Z,8) = (Z, (N (8)/ Mo (£) 2)".

(c) Use (8.22) to rewrite (8.23) in a form like (8.5).

8.4 (Log-logistic proportional odds model) Consider the proportional odds
model (8.13) so that the baseline survival function (that is all covariate val-
ues equal to zero) is assumed to have the structure

(1+exp(0)t7) ",

and suppose that the covariate Z is an indicator variable (two groups). We
wish to apply this model to a dataset concerning breast cancer reported in
Collett (2003). Two groups of women are being compared: women with tu-
mors which were negatively or positively stained with HPA. Positive stain-
ing corresponds to a tumor with the potential for metastasis. The data can
be found at Dave Collett’s homepage: www.personal.rdg.ac.uk.

(a) The appropriateness of the model may be judged by plotting the esti-
mated log-odds (using the Kaplan-Meier estimates) against log(time).
Verify this and make the plot for the breast cancer data.

(b) Estimate the parameters of the model for the breast cancer data, and
report the estimated odds-ratio along with a 95%-confidence interval
comparing the two groups of women (hint: the model may be fitted
using the survreg-function in R). Add the straight lines estimates to
the plot in (a).

(¢) Compare with fit provided by (8.13) without assuming a particu-
lar structure of the baseline survival function (use the prop.odds-
function).
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8.5 (Testing the proportional odds model (Dauxois & Kirmani, 2003))
We shall consider a test for the proportional odds model with Z being an
indicator variable. Let F}j(t), 7 = 1,2 be the two distribution functions of
the lifetimes of the two groups, and let ¢;(t) = (1 — F;(¢))/F};(t). Under
the proportional odds model we have ¢o(t) = 0¢1(t), which is our null
hypothesis. Let

i = / k(Odu(t)dt, j=1,2k=1,2,

where 71 and 7 are some pre-specified timepoints, and k; and ko are two
positive functions such that the ration k1 /k2 is an increasing function. Let
further
Y(k1, ko) = Y1122 — 12921
(a) Show that ’}/(k‘l, /{iz) = Y1122 — Y1221 =0 if and only if the propor-
tional odds model holds.

Let Tij, i =1,...,n; be independent lifetimes with distribution functions
F;(t), j = 1,2. The lifetime T;; is censored by U;; that are assumed to be
ii.d. and independent of the lifetimes. Put as usual T3; = Tj; A U;;. Let
(ﬁj(t) be the estimator of ¢;(t) based on the group specific Kaplan-Meier
estimators, and let
(m1+n2) i(t)Ya(t) ) = Y1(t)Y2(t)

ning Yi (t) + Y, (t) ’ 2 ni + no
where Y;(t) = 3, Y;;(t) with Y;;(t) = I(t < Tj;). Let k; be the limits in
probability of K;. Finally put

D(K1, Ka) = Y1192 — Yratbar,

Ki(t) =

where
R mo /AT R
o= [ K@ d
mi1VTy1
with mq the largest of the smallest observed lifetimes of the two groups,
and my is the smallest of the largest observed lifetimes of the two groups.

(b) Show, under the null and under appropriate conditions, that
(n1 + o) 2(D(Ky, Ka) — y(ki, k2))

converges in distribution to a zero mean normal variate U, and derive
an expression for 02 = Var(U) (hint: Use (4.3) in Chapter 4). Suggest

an estimator of o2.

(c) Apply the test to the breast cancer data in Exercise (8.4) to investi-
gate whether the proportional odds model is appropriate.
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Clustered failure time data

In many failure time studies there is a natural clustering of study subjects
such that failure times within the same cluster may be correlated. An exam-
ple is the time to onset of blindness in patients with diabetic retinopathy.
Patients were followed over several years and the pair of waiting times to
blindness in the left and right eyes, respectively, were observed. In such a
study one should expect some correlation between the waiting times within
the patients. Here the clustering is due to the patients. The primary inter-
est in this study was to evaluate whether laser treatment could delay onset
to blindness. For this purpose one eye of each patient was randomly chosen
for laser treatment while the other acted as a control. A second example
is given by twin studies. The Danish twin study is analyzed in Hougaard
(2000), and here one aim is to study the genetic effect on mortality. This is
done by comparing the strength of dependency between the time to death
for monozygotic and dizygotic twins, so in this case the focus is on the
potential clustering in the data.

For correlated failure time data several issues arise. How should the clus-
ter effect (if present) be modeled? What is the purpose of the study? It may
be to compare treatments or to estimate the correlation within clusters, or
both! In classical linear models a cluster factor is usually modeled as a
random effect. Because of the linear structure of these models, the mean of
the response variable is unaltered by adding a random effect. Random ef-
fects models also exist for failure time data, where they are denoted frailty
models. In these models the random effect (the frailty variable) is typi-
cally multiplied on to the intensity function. A convenient mathematical
choice of frailty distribution is the gamma distribution, but others exists.
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In frailty models, covariate effects are typically specified conditionally on
the value of the frailty variable, and one could therefore term them con-
ditional models. One should note that the observed intensity will typically
be different from the conditional intensity. Thus, a conditional Cox model
is for instance only preserved with respect to the observed history in the
special case where the multiplicative frailty variable has a positive stable
distribution. Frailty models may be used to model different cluster struc-
tures and will lead to estimates of subject specific regression effects, that
is a comparison of the failure times within clusters. They can also provide
estimates of random effect parameters describing the correlation between
failure times from the same cluster. Frailty models have received a lot of
attention in the nineties and are described in detail in Hougaard (2000).

If interest centers on comparing the failure times of individuals across
clusters it is simpler and more direct to apply so-called marginal models,
where the covariate effects are specified unconditionally. In fact, for these
models, the cluster structure is often ignored when estimating the covari-
ate effects and is only used to derive valid estimates of standard errors
to ensure correct inference. This approach is closely linked to the GEE
methodology (Liang & Zeger, 1986) and has mostly been considered in the
context of proportional (marginal) hazards models. Lee et al. (1992) consid-
ered the marginal Cox model and Wei et al. (1989) the marginal stratified
Cox model. A detailed asymptotic analysis for these models formulated in
a general setting were given by Spiekerman & Lin (1998). Marginal mod-
els may be used to estimate marginal regression effects and but also the
correlation within clusters. We return to this in Section 9.1.2.

In this chapter we focus almost solely on marginal models and outline how
the dynamic models we have considered so far can be extended to a cluster
setting. We show how the dynamic additive regression models can be most
of the models models presented The marginal models are further easy to use
in practice because existing software only needs simple modifications to do
correct estimation and inference. Frailty models are only briefly discussed
at the end of this chapter; we refer to Hougaard (2000) for a thorough
account.

9.1 Marginal regression models for clustered failure
time data

The marginal regression models approach for clustered failure time data is
well suited for the situation where one aims at estimating regression effects
on the population level, and only have to deal with correlation to get correct
estimates of the standard errors for the regression effects. In Section 9.1.2
we extend the marginal model approach to also provide estimates of the
correlation within clusters.
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9.1.1 Working independence assumption

In what follows we describe the so-called working independence assump-
tion approach for marginal proportional hazards models for right-censored
survival data. For k=1,...,K, i =1,...,n, let Tj; and Cjj, be the failure
and censoring times for the ith individual in the kth cluster and let X (%)
be a p-vector of covariates. Put

Ty = (le, e ,Tnk), Cr = (Cigy -, Cnk), Xi(t) = (X1 (t), ..., Xnk(2)).

We assume that (Tj, Cx, Xi(-)), k = 1,..., K are independent and identi-
cally distributed variables and these variables follow the model described
in the following. The right-censored failure time is denoted T, = Tir. A Cige
and as usual we let Yi(t) = 1(Ti > t) and Ny (t) = 1(Ti < t, T, = Ti)
denote the individual at risk process and counting process, respectively. A
marginal model is a model for the intensity of N;;(t) with respect to the
marginal filtration

FF = o{Nir(s), Yir(s), Xin(s) : 0 <5 <t}, 9.1)

which records information generated by observing the ¢kth individual only.
Such a model could for instance be the Cox model:

N (#) = Yie ()Xo () exp (X (£)B). (9.2)

It is important to note that (9.2) is not the intensity with respect to the
observed filtration

k
where
}'tk = 0{Ni(s),Yir(s), Xik(s): i =1,---n, 0<s <t}

is the information generated by observing all the individuals in the kth
cluster. This limits the scope of martingale calculus. It is, however, still
possible to estimate and perform inference about the regression parameter
s.

In the following, inference and estimation for (9.2) is reviewed. Had there
been independence between subjects within clusters then, to estimate [,
we should use the usual Cox-score,

K n T
v =33 / (Xix(t) — B (1, ) dNuw (1),

k=1 i=1
where 7 denotes end of observation period, and

Si(t, B)

ENP) = qie.8)
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with

Sit,B) = Z Zm t) exp (X35, (£)5),
k=11i=1

for j = 0,1. In the case of independence U(fy), where [y denotes the
true parameter, is a martingale and asymptotics may be derived using the
central limit theorem for martingales as described in Section 6.1. The so-
called working independence estimator of 3y is ﬁA[ that solves U (ﬁA[) = 0.
This will lead to a consistent estimator of 5y, but U(fp) is no longer a mar-
tingale and minus the derivative of U (), denoted as I(3), cannot be used
as tool to estimate the standard errors. However, valid estimated standard
errors are easily derived exploiting the independence across clusters by es-
tablishing and i.i.d. representation for clusters. Under standard regularity
assumptions one may write

K
U(B) = =Xy / Xin(t) — e} (t, o)) AM (1) + 0p(KV/2)
e
= Z le + OP(K1/2)7 (94)

where
€1r = €15 (T Z/ Xn(t) — e'(t, fBo))dM, (@),

el(t, Bo) is the limit in probability of El(t, 3y), and

M (t) = N (t) — /0 AL (s)ds

denotes the marginal martingales. The above (9.4) gives the required sum
of n i.i.d. random vectors with zero mean. It follows from the multivariate
central limit theorem that K —1/2U (Bo) is asymptotical normal with zero-
mean and covariance matrix B = F (elkelk) By a Taylor series expansion
one further gets

Kl/z(ﬁj _ ﬁO) _ (Kﬁll(ﬁ*))il Kﬁl/QU(ﬁo),

where (3* is on the line segment between BI and (. Since K~11(3*) con-
verges in probability towards a matrix A, say, K/ 2(31 — o) is asymp-
totically normal with zero-mean and covariance matrix A“'BA~!. The
covariance matrix is estimated consistently by /1*13121*1, where

K
A=K'IB), B=K"' Zglkg{ka
k=1
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with
qk_z / Xue(t) = B (t, B) DT 1),

that is based on the subject specific residuals

M, (t) = Nx(t) — /Ot Yii(t) exp (8] X (t))dAor (t, Br).

In the latter display

hurCt0) = [ g0 g aN-©

denotes the usual (independence) Breslow estimator of the cumulative haz-
ard function Ag(t) fo Ao(s)ds. One may furthermore show that

KY2(Aos(t, Br) — Ao(2))

converges in distribution to a zero-mean Gaussian process with covariance

function E(®y(t)?), where

_ [T dM (s, B0, M) te1s N A 1e
Dr(t) = /0 s = /O (s, o)dho(s)) A7 e (9.5)

with s{(t, 3o) being the limit in probability of K 1S} (¢, 30). The covariance
function is consistently estimated by

K
KU by (0)dn ()7,
k=1
where

ék(t):/o de; (51’1\01 / E(s, B1)dAor(s)) A ey (9.6)
0

Example 9.1.1 (Diabetic retinopathy data)

The purpose of the Diabetic Retinopathy Study was to assess the efficacy of
laser photocoagulation treatment in delaying onset of blindness in patients
with diabetic retinopathy. In the following we use the subset of 197 patients
defined in Huster et al. (1989). One eye of each patient was randomly se-
lected for treatment while the other eye was observed without treatment.
The patients were then followed over several years for observation of blind-
ness in the left and right eyes. Besides the treatment variable we also use
the explanatory variable adult indicating if age at diagnosis of diabetes is
above 20 years.
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> fit<-coxph(Surv(time,status) adult*trt+cluster(id),
data=diabetes)
> fit
Call:
coxph(formula = Surv(time, status) ~ adult * trt + cluster(id),
data = diabetes)

coef exp(coef) se(coef) robust se z P
adult 0.341 1.407 0.199 0.196 1.74 0.0810
trt -0.425 0.654 0.218 0.185 -2.30 0.0220
adult:trt -0.846 0.429 0.351 0.304 -2.79 0.0053

The marginal Cox model analysis is easily carried out in R using coxph with
the cluster option. In the present example id is the variable keeping track
of the patients. The estimated coefficients and the se(coef) are the same
as those obtained if we had run coxph without the cluster option that is
assuming independence. The reported so-called robust standard errors are
the proper standard errors derived above taking into account that obser-
vations within clusters (patients) cannot be taken as independent. Notice
that the robust standard errors are smaller in this case than the naive es-
timates, which is to be expected due to the design of the study with one
treated and one un-treated eye for each patient. The treatment appears to
be effective with a more pronounced effect for adult onset diabetes than for
juvenile diabetes. O

We can do goodness-of-fit testing for the marginal Cox-regression as out-
lined in the previous chapters, see for example Section 6.2. Let us de-
scribe how this proceed focusing on the score process, which among other
goodness-of-fit tools were also considered by Spiekerman & Lin (1996). The
idea is, just as for the regular Cox model, to derive the asymptotic distri-
bution of the process

Kﬁl/QU(ta Bl)a

and see whether the it behaves as it should under the assumed model. In
the following example we also consider other cumulative sums of residuals
that are aimed at validating whether the functional form of the covariates
is misspecified and if there are different time-interaction with the level of
the covariates.

A Taylor series expansion of U (t, ﬁ;) around [y gives

K20t Br) = K-V2U( o) — (KTt 7)) K2 (B — Bo),

where I(t, ) is the derivative U (¢, 3) with respect to 3, and 5* is on the
line segment between (7 and fy. The right-hand side of the last display can
be decomposed into i.i.d. terms,

K
K=V2U( Br) = K72 " éar(t) + 0p(1),
k=1
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where
eor(t) = erp(t) — I(t, )I(7, B) terr ()

and ég(t) is obtained from eax(t) by replacing el(t, ) with E*(¢, 3) in the
expression for €1 (¢) and also inserting the working independence estimators
for 6 and Ag(t). One may also show that the limit distribution W (¢) of
K120t BI) may be approximated by generating i.i.d. copies of

K
W(t) =K 1/? Z égk(t)Gk,
k=1

where G1,...,Gx are independent standard normals. Therefore, we can
make a graphical inspection to evaluate if the observed patterns of the co-
ordinate processes of K~ /2U(t, ﬁ;) are consistent with the behavior under
the assumed model. We may further approximate the p-value of e.g. the
supremum test for the jth coordinate

sup |K ~V/2U;(t, Br)| (9.7)

t<t

by generating a suitable number of sup,., |W;(t)] to see whether (9.7) is
extreme in this distribution.

Example 9.1.2 (Diabetic retinopathy data, continued)

We now check the goodness-of-fit of the marginal Cox model for the Dia-
betic retinopathy data considered in Example 9.1.1. First we fit the model
using the cox.aalen function specifying the cluster structure by setting
the cluster variable.

> adult.treat<-(diabetes$adult==2)*(diabetes$treat)

> fit<-cox.aalen(Surv(time,status) ~“prop(adult)+prop(treat)

+ +prop(adult.treat) ,diabetes,cluster=diabetes$id,residuals=1)
Cox-Aalen Survival Model

Simulations start N= 500

> summary (fit)

Cox-Aalen Model

Test for Aalen terms
Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O: B(t)=0
(Intercept) 3.2 0.012
Test for time-invariant effects

sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.089 0.066

Proportional Cox terms :
Coef. SE Robust SE D2log(L)"-1 z P-val
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FIGURE 9.1: Diabetic retinopathy data. Cumulative residuals with 50 sim-

ulated processes under the model.

prop(adult) 0.341 0.199 0.196
prop(treat) -0.425 0.217 0.185
prop(adult.treat) -0.846 0.350 0.304
Test for Proportionality

sup| hat U(t) | p-value H_O
prop(adult) 4.15 0.696
prop(treat) 3.80 0.694
prop(adult.treat) 2.45 0.684

> plot(fit,score=2)

0.199 1.71 0.0866
0.218 -1.96 0.0505
0.351 -2.42 0.0156

The output concerning the regression effect differs slightly with the one
from the coxph function, which is due to different handling of ties. The
output from the cox.aalen function contains the score processes and these
are plotted with 50 simulated processes under the model, see Figure 9.1.
This indicates that the effects of the covariates are not time-varying and
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FIGURE 9.2: CGD-data. Cumulative residuals with 50 simulated processes
under the model.

that the model seems to fit well, which is also supported by the above
reported tests. O

We also illustrate that the residuals in the clustered case may be accu-
mulated versus the continuous covariates to validate the functional form of
the covariates.

Example 9.1.3 (CGD-data)

The CGD data are multiple infection data given in Fleming & Harrington
(1991). CGD is a disorder characterized by recurrent pyogenic infections.
The study was conducted to evaluate a treatment with gamma interferon.
Data were collected between 1988 and 1989 and comprised of 128 patients,
63 of these patients received treatment and 65 were placebo treated. In the
treatment group 14 patients had more than one event and in the placebo
group 30 patients had more than one event. We restrict attention to the
first 300 days of follow-up time. and start by considering a simple Cox
model with age and treatment as explanatory variables.
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> age.m<-cgd2$age-mean(cgd2$age)

> fit<-cox.aalen(Surv(time,status) ~prop(age.m)+prop(treat),
+ cgd2,cluster=cgd2$id,residuals=1,max.time=300)

Cox-Aalen Survival Model

Simulations start N= 500

> summary(fit)

Cox-Aalen Model

Test for Aalen terms
Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_O0: B(t)=0
(Intercept) 4.98 0
Test for time-invariant effects

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.0275 0.062

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 z P-val
prop(age.m) -0.0337 0.0139 0.0169 0.0143 -2.42 1.53e-02
prop(treat) -1.1900 0.2910 0.3400 0.2890 -4.10 4.05e-05

Test for Proportionality

sup| hat U(t) | p-value H_O
prop(age.m) 34.50 0.880
prop(treat) 3.04 0.336

> resid.fit<-cum.residuals(fit,cgd2,cum.resid=1)
> plot(resid.fit,score=2)

The score processes along with 50 simulated processes under the model
are shown in Figure 9.2 upper panel. These indicate that the effects of
the covariates are not time-varying and that the model seems to fit rea-
sonably well. Treatment appears, however, to have an effect that is not
completely consistent with the proportional hazard assumption, the effect
being stronger in the beginning and the end of the period; we describe this
in further detail below. Figure 9.2 lower panel shows the residuals cumu-
lated over time and plotted versus the covariate age indicating that the
functional representation of age appears to be consistent with the model.
The treatment effect, although not significant by the supremum test statis-
tic, shows some time-varying nature. We therefore also fit a stratified pro-
portional hazards model that is a Cox-Aalen survival model.

> fit<-cox.aalen(Surv(time,status) ~“prop(age.m)+treat,cgd2,
+ cluster=cgd2$id,residuals=1,max.time=300)

Cox—-Aalen Survival Model

Simulations start N= 500

> summary (fit)
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FIGURE 9.3: CGD-data. Cumulative baseline for placebo and cumulative

effect of treatment with 95 % pointwise confidence intervals.

Cox—-Aalen Model

Test for Aalen terms
Test for non-significant effects

sup| hat B(t)/SD(t) | p-value H_0: B(t)=0
(Intercept) 5.03 0.000
treat 3.37 0.006
Test for time-invariant effects

sup| B(t) - (t/tauw)B(tau)| p-value H_O: B(t)=b t
(Intercept) 0.0347 0.030
treat 0.0326 0.058

Proportional Cox terms :

Coef. SE Robust SE D2log(L)"-1 z P-val

prop(age.m) -0.0338 0.0138  0.0168 0.0142 -2.45 0.0145

Test for Proportionality
sup| hat U(t) | p-value H_O
prop(age.m) 32.6 0.892
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Figure 9.3 shows the cumulative baseline function for a placebo treated
patient and the effect of treatment. The latter suggests a somewhat more
pronounced effect of treatment in the first and last part of the time-period
being borderline significant (on the additive scale). Note, however, that this
test for constant additive effect (constant excess risk) is not equivalent to
the test for constant multiplicative effect. O

We finish this section by looking at the marginal additive intensity model.
Instead of the Cox model we assume the Aalen additive model for the
marginal intensities,

N (1) = Yie ()X E (H)8(2), (9.8)

where 3(t) is a p-vector of unknown regression functions. A possible inter-
cept term is absorbed into the covariate vector. Let

Ni(t) = (Nip(t), ..., Nap ()T
and let Xj(t) be the n X p-matrix with ith row
(Y (8) Xiga (2), - - -, Yir (8) Xikp (1))
Define also
¢
My(t) = Ni(t) —/ Xi(s)dB(s)
0
where B(t fo s) ds denotes the cumulative coefficients. The ith com-
ponent of Mk( ), Mzk (t) is a (local square integrable) martingale with re-

spect to Fi¥, but My(t) is not a martingale with respect to the observed
filtration. The (unweighted) working independence estimator of B(t) is

Z/ DRACEIDREHAETAD

assuming that the inverses exists. We have that (except for lower order
terms)

KV2(B(t) - B(t)) = K~ V/2 Z / KT (5) K (5)] L XT (5)dMi(s)

K12 Zek(t) (9.9)
k=1
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FIGURE 9.4: Diabetes-data. Cumulative regression estimators along with
95% confidence intervals (full lines) and uniform bands (broken lines).

which is essentially a sum of i.i.d. components (replace K ~* Zszl X Xx(t)
by its limit in probability). One may also show that (9.9) has the same limit
distribution as

K
K=2Y " en(t)Gr, (9.10)
k=1
where
K t K ~ ~ )
ety = K230 / [K=1S" X7 (5) X ()]~ X7 (5) AN (5)
k=170 k=1
with
My (t) = Ni(t) — i Xi(s)dB(s)

and (1, ...Gk are independent standard normals. The asymptotic covari-
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ance matrix of K/2(B(t) — B(t)) is estimated consistently by
K
K=Y ()
k=1

and the representation (9.10) may be used to construct uniform confidence
bands. One may derive similar results for the semiparametric version of
the marginal additive intensity model, see Exercise 9.1 for a special case.
The marginal additive model may be fitted using the cluster-option in the
aalen-function. Consider the Diabetic Retinopathy data as an illustration.

Example 9.1.4 (Diabetic retinopathy data. Additive model.)

We wish to fit the marginal additive model to this data using the covariates
treatment and the variable adult and the interaction between these two.
This model poses no restrictions on the marginal intensities.

> adult.treat<-(diabetes$adult==2)*(diabetes$treat)

> fit<-aalen(Surv(time,status) ~adult+treat+adult.treat,

diabetes,cluster=diabetes$id)

> plot(fit)

> summary (fit)

Additive Aalen Model

Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_O: B(t)=0

(Intercept) 2.09 0.387
adult 1.86 0.534
treat 2.49 0.180
adult.treat 2.99 0.057

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 0.187 0.791
adult 0.144 0.765
treat 0.101 0.553
adult.treat 0.154 0.809

int (B(t)-(t/tau)B(tau))"2dt p-value H_O: B(t)=b t

(Intercept) 0.5970 0.669
adult 0.1610 0.904
treat 0.0849 0.713
adult.treat 0.4330 0.658

We see from Figure 9.4 and from the output that all effects seem to be
time-invariant, and that the interaction term is borderline significant. If we
fit the model with the effect of the interaction term being constant, we get
the following estimate with estimated standard errors:
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Parametric terms :

Coef . SE Robust SE z P-val
const(adult.treat) -0.00942 0.00392 0.0034 -2.403 0.0162
giving a p-value of 0.0162. O

9.1.2 Two-stage estimation of correlation

The marginal analysis described in the previous section gives correct infer-
ences, provided of course that the assumed marginal model holds, and will
in many cases provide a good starting point when one is dealing with clus-
tered failure time data and is interested in estimating regression effects (on
the population level). Sometimes, however, there is also interest in quantify-
ing the correlation structure present in data, which may also be exploited
to give a more efficient analysis. Some methods have been suggested to
improve on efficiency for the marginal proportional hazards model. Cai &
Prentice (1997) suggested an approach similar to the GEE-methodology,
that is, they introduce weights into the standard Cox partial score function.
Their approach only assumes the marginal Cox model, which is appealing,
but the efficiency gain appears to be modest as is also concluded by Cai
& Prentice (1995). More importantly perhaps is that the marginal Cox-
analysis only provides estimates and inference for the regression parameters
(and the cumulative baseline hazard function). Thus if the potential cor-
relation present in data is of interest then one needs another methodology.
Frailty models, which we return to in Section 9.2, is one such option. As
mentioned previously, these models specify regression effects conditionally
on random effects. In this section we continue to model regression effects
on the marginals, however, and then either estimate the correlation in a
two-step procedure or build a model that contains correlation as well as
marginal regression parameters.

One approach to this is the so-called copula models (Genest & MacKay,
1986) that for the failure times within a cluster (Ty,...,T,), say, assume
that the joint survival function is given by

P(Ty > ty, ..., Tp > ty) = Cy(S1(t1), .., Sn(tn)),

where S, j = 1,...,n, denotes the marginal survivor functions that may
be specified conditionally on covariates. The copula Cy is a n dimensional
survival function with uniform margins and 6 is a parameter (possibly a
vector). The vector (11, ..., T,) is said to come from the Cy copula. Differ-
ent Cy’s give different joint distribution but the marginals are unaltered.
A special class of copulas is the Archimedean copula model family, where

the copulas are on the form

Co(u, ..., un) = da(d  (u1) + - + ¢y " (un))
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for some non-negative convex decreasing function ¢y with ¢»(0) = 1. Multi-
plicative random effects models, as for instance the Clayton-Oakes model
(Clayton, 1978; Oakes, 1982), constitute an important subclass of copula
models, see Exercise 9.2. Estimation in copula models is usually carried
out using a two-stage method. The marginal parameters are first estimated
using the working independence estimators. In the second stage these es-
timators are plugged into the likelihood for the dependence parameter(s).
Genest & MacKay (1995) and Shih & Louis (1995) used this approach in
the situation without covariates and Glidden (2000) generalized the ap-
proach to the Clayton-Oakes model with covariates while Andersen (2005)
considered general copula models with covariates.

Below we describe the two-stage method for the Clayton-Oakes model
with marginal hazards on Cox form. We use the notation introduced in
Section 9.1.1. In addition we assume the presence of some (unobserved)
random effects Vi, k = 1,..., K in such a way that (Tk, Cr, Xi(4), Vi), k=
1,---, K are i.i.d. variables. Censoring, conditional on Vi and covariates,
is assumed to be independent and noninformative on V. We also assume
that Ty, i =1, --- ,n, are independent variables given Vj, X1(:)y 0, Xn(),
and that Vk~is a Gamma distributed variate with mean 1 and variance 1.
Let Ty = Tip A Cir, Y; (t) = 1(Ek > t) and Nzk(t) = 1(le <t Ty =
Tzk) denote the observed failure time, the individual at risk process and
the counting process for the ikth individual, respectively. The model is
specified by making the assumption that the intensity with respect to the
(unobserved) filtration

He=\/Hf, (9.11)
k
where
Hf = J{Nik(s),Y}k(s),Xik(s),Vk 1= 1,‘ e n, 0 S S S t},

Mk (t) = Vihii (t.6, Ao (), (9.12)

referred to as the Clayton-Oakes model, and so that the marginal intensities
are on Cox form

N (8) = Yie()Ao () exp (XA (5)3), (9.13)

where F* refers to the marginal filtration, see (9.1). One may then show
that the conditional intensity function A}, is

Nk (t:0, 20(-)) = Yik(£) Ao (t) exp(X. (1) 3)

exp(f~! /0 exp(X L ()BT Ao(s)ds),
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see Exercise 9.3. It is of interest to find the intensities with respect to the
observed filtration F; given in (9.3). It can be shown, see Exercise 9.3, that
these are

N () = Yir(8) Mo (t) exp( X7, (£)8) fir (1), (9.14)
where
Falt) = (9 + Nék(t—))(expw_ IN AO(;}zé};p(Xik(s)ﬁ)ds))’
D=1+ (6! |  Yji(s)Mo(s) exp(X T (5)8)ds) — 1).

The principle in the two-stage method is to estimate the marginal param-
eters using the working independence estimators Br and A 1(t), and then
maximize the observed likelihood with respect to the correlation parame-
ter 6 replacing 8 and Ag by their working independence estimators. The
observed (partial) log-likelihood function is

Z/ log(1 ""t ) YAt +ZZ/ log(Yir (£) - Aar(£)) AN (2)

k=11i=1
Z 0+ N.j(7)] log(1 + 6~ 12/ Yir(t) - Air(2)dt), (9.15)
k=1
where
Nik (£) = Mo(£)e X7 exp (g~ / (39X (5)ds).

Removing terms not depending on 6 in (9.15) gives

K K n
1 T
(Z/ log(1 + 6~ ' N (t=))dNi(t) + 3 S 07 Niw(r
k=170 k=1 i=1
(0 + Nox(r)) log(Ri(0)) ), (9.16)
k=1
where
Hix :/ Yie (£)eX DB NG (1), Ry(6) = 1+Z exp(0 ' Hyp,) — 1).

0

Now, by replacing H;; with

= / Yir (£) exp(X 2 ()31 dRor ()
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n (9.16), we obtain the pseudo log likelihood for #, and maximizing this
function in 0 gives the two-stage estimator of . Under some regularity
conditions, Glidden (2000) showed consistency and asymptotic normality
of this estimator. The two-stage approach is appealing since it has certain
robustness properties due to the fact that the components are fitted in two
stages. If, however, one has confidence in the model there might be some
efficiency gain by fitting the model in one-step based on maximizing the
observed likelihood jointly with respect to all parameters (3, Ag, ) and this
is what we do in the next section.

9.1.3 One-stage estimation of correlation

With a particular choice of the underlying frailty distribution we here out-
line how to estimate all parameters jointly using this structure more ac-
tively, based on an approximation to the true observed likelihood func-
tion (Pipper & Martinussen, 2003) for the Clayton-Oakes model with the
marginals described by the Cox model as specified by (9.12) and (9.13). The
method is quite similar to the modified partial likelihood method applied
for the transformation models considered in Chapter 8. Similar methodol-
ogy can also be used for the marginal additive hazards model, see Pipper
& Martinussen (2004).

The observed intensities (9.14) look at first sight rather complicated due
to the f;r-term. However, the similarity of the structure to the Cox model
can be exploited as we shall see below. Let M;,(t) denote the counting
process martingale with respect to the observed filtration, that is,

Mi(t) = Nip(t) — Aa(t),
/ Y (5) exp(X T (5)8) fin () do (s).

Further, let

n

K
=3 S Vi) (D) Wirc(£) %" exp(XE(£)8) (1),
=1 k=1

The limits in probability of these quantities are denoted by lower case letters
and assumed to exist. Here D g ) denotes differentiation with respect to

(8, 0), and
Wik (t) = X1, (t)8 + log(fir (1))

The equation
dN..(t) = dM..(t) + So(t)dAo(t)
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suggests the following Nelson-Aalen type moment estimator of dAq(¢):

dAo(t) = dN..(t). (9.17)

1
So(t)

Inserting this into the likelihood function gives

16,0, 8o) = TT (T (@R (1) exp(XE (1)) i (1)) )

t<t i,k
X exp(— / so<t,ﬁ,a,Ao>dAo<t>>

exp )fz (t 8,0, A ) AN (t)
~ T (TI¢ SO(’; Oy aNeO),

t<t i,k

Now differentiating log(L (53,60, Ag)) with respect to (3, 0) gives
U(5,0,00) =Y / Run(1)ANw (1), (9.18)
ik 70

where Rix(t) = D(g,9)Wir(t)— E(t). Note that U evaluated at the true point
(Bo,00) is a zero-mean martingale with respect to the observed filtration.
The above estimating function can not be used directly for estimation of
(8,0), however, since it depends on the unknown Ag. One may proceed by
either inserting the Breslow estimator (9.17) or the the Breslow estimator
under the working independence assumption, Agr. The former will give an
approach and asymptotics very similar to the modified partial likelihood
method used for the transformation models described in Chapter 8. We
here focus on the results when using Ag;. Replacing Ay by Ag; in (9.18)
the following estimating function for (3,6) is obtained:

U(B,0,Aor) = ZZ/ {Ds.0)Wir(t, 8,0, Aor) — E(t, 8,6, Aor) }d Nk (1)
i=1 k=1
(9.19)

The parameter 6 represents the degree of dependence with § — oo giving
independence. It is easily seen that the first (vector)-component of (9.19)
converges to the usual Cox-score when 6§ — oo, and one should hence
expect the suggested procedure to have similar properties as the usual
independence procedure when there is a small degree of dependence.

One may show that there exists a unique consistent solution (with prob-
ability tending to one) (4, 6) to the estimating equations (9.19) (Pipper &
Martinussen, 2003). Moreover, the below asymptotic result holds. Define
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first the following quantities:

n K

g(t,s) ZE(;( D> (Do Win(t) —e(t))
o

gir(t, 9)Yir (1) exp(X [ (1)) )
gir(t,5) =07 fu () (exp(X L (5)8)

B > i1 Gin(s) exp(6~! fot_ ¢jk(3)d/\o(8)))
Tr(t) ’

Q) = Z/ ((Deg,0yWik(t, Bo, 6o, Ao) — e(t, Bo, bo, Ao)) dMix(t, Bo, B0, Ao)
i=1"0

<
—
—

_/oT/o 7g(taS,ﬁo,Qo,Ao)dq’k(s)d/\o(t),

where ¢k (t) = Yji(t) exp(XJ(t)8) and ®(t) is defined by (9.5). Finally
let I be the limit in probability of —K~'(DgoU (8,8, Aoz).

Proposition 9.1.1 The normed score K‘l/QU(ﬁo,GO,AOI) converges in
distribution to a normal distribution with zero-mean and covariance matriz
D = E(®;,®L). Furthermore, the random vector

K1/2 ((ﬁa 9) - (ﬁOa 90))
converges in distribution to a normal vector with zero-mean and covariance

matriz I~1DI~1L.

Proor. Straightforward calculations give
KY2U(r, Bo, 60, Aor) = K2 Z/ Rir(t, Bo, 00, Aor)d M (t, Bo, B0, Ao)
ik 0

_ T 4 So(t, Bo, 0o, Ao) 4
-K 1/2 / D W; tyﬁvevA o\n R i tvﬁveyA
; R k(t, Bo, o 01)(50(t7ﬁ07907A01)fk( 0,00, Aor)

— fir(t, Bo, 00, No)) x Yi(t) exp(X ik (t)Bo)dAo ().

The first term on the right-hand side of the above expression may be
written as

K2 [T (Do Wt o, 0, 0)
ik 0

— e(t, B0, 60, o)) Mik(dt, Bo, 0o, Ao) + op(1).



9.1 Marginal regression models for clustered failure time data 333

Taylor expanding around Ag gives that the second term on the right-hand
side in the expression for K ~Y/2U(r, fo, 6o, Aor) can be written as

_/T/l_ g(t’s’ﬁo’eo’AO)dKl/z(Aol — Ao)(s)dAo(t) + op(1).
o Jo

Spiekerman & Lin (1998) show that
K'Y?(Aor(t) — Ao(t w2 Z O (t) + op(

uniformly in ¢ < 7, where ®4(t),k = 1,--- , K, are i.i.d. variables given by
(9.5). Using this we conclude that

K
KU (7, Bo, 00, Ror) = K~ 3" @ + op ().

k=1

The &, kK = 1,---, K, are i.i.d. zero-mean variables with well defined
variance, and hence the central limit theorem gives us the first part of
the theorem. The second part follows by Taylor expanding U (B,é,f\oz)
around (o, 60) and then using standard arguments. O

The covariance matrix may be estimated consistently by

I'DI 1,
where
ici= L [(vwav.e, b= LS a2
=i)= [ Vwano. D= g >
with V (¢) V(t,ﬁ,@,[\o[) and
(i’k Zfi)k(T) :Z/OT A' ()dMik(t,B,é,[\oj)—
n K
| / (1 03 Runl0)gue )Y (1) exp(XE (1)3) ) dbi(s) o (1)
i=1 k=1

In the above display, ®(t) is given by (9.6), Rix(t) and gix(t,s) are given
by R (t) and g (t) with unknown parameters replaced by their estimates.

Example 9.1.5 (Diabetic retinopathy data)

Using the marginal proportional hazards model we found a significant in-
teraction between treatment and age of onset of diabetes. Rerunning the
marginal Cox analysis on the 83 patients with adult diabetes gives an esti-
mated treatment effect of —1.29 with 95% confidence interval (—1.78,—0.80)
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based on the robust standard errors. Using the above model, specified by
(9.12) and (9.13), on the same subset of data gives the treatment effect
B = —1.25 with 95% confidence interval (—1.73,—0.77), which is seen to be
slightly narrower than the confidence interval based on the working inde-
pendence model. An additional benefit of the random effects model is that
we also get an estimate of the dependence within clusters (patients). One
way of summarizing the dependence is by Kendall’s 7 that, for the applied
Gamma model, is equal to 1/(1 4 26) with 7 = 0 and 7 = 1 correspond-
ing to independence and maximal dependence, respectively. By use of 0
we get the point estimate 0.32 of Kendall’s 7 with 95%-confidence interval
(0.15,0.62). O

The adequacy of the model, specified by (9.12) and (9.13), may be
checked partly by investigating the assumed marginal Cox model as out-
lined for instance in Section 9.1.1. One may also check the assumed observed
model directly for example by the test statistic

sup | K ~Y2U (¢, Bo, 00, Aor)

t<rt

Its distribution may approximated by resampling of sup, |W (t)], where

K
Wity = K23 [o(t) ~ 1(0)1(r) ()| G,
k=1
with G4, ..., Gk independent standard normals.

9.2 Frailty models

In this section we briefly describe the traditional frailty model for clustered
failure time data. It is sometimes also termed the shared frailty model
referring to the cluster specific random effects shared by the individuals
within clusters, see below. The notation is as in the previous section where

(Tx, Cre, Xk (), Vi),

k=1,---, K are assumed to be i.i.d. variables. Censoring, conditional on
Vi and covariates, is assumed to be independent and noninformative on
Vi. Again Tie, i =1,--- ,n, are assumed to be independent variables given
Vi, X1(-), -+, Xn(+). Let also Ty, = Ti A Cig, Yir(t) = 1(Ti > t) and
Nig(t) = 1T, < t, Ty, = Tzk) The frailty variable V}, is often assumed
to be gamma distributed with mean one and variance 6§~ ! resulting in
the Clayton-Oakes model, but several other suggested distributions exist.
The gamma frailty model induces high late dependence while the positive
stable model (assuming positive stable distributed frailties) induces high
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early dependence, see Hougaard (2000) for a detailed description of these
two models and several others. Which model to use in practice should of
course be guided by the data at hand.

The shared frailty model is specified solely with respect to the (unob-
served) filtration H; = \/, HF, where

Hf = J{Nik(s),Y}k(s),Xik(s),Vk 1= 1, e, 0 S S S t},
and often it is assumed to be a proportional hazards model
AE(t) = Yie (£) ViAo (t) exp( X7 (1) B). (9.20)

Notice the difference between this model and the model given by (9.12) and
(9.13). In the latter case the Cox model is used for the marginals whereas,
in (9.20), it is used conditionally on the frailty variable.

Estimation in model (9.20), assuming gamma frailties, is elegantly car-
ried out by use of the EM-algorithm (Dempster et al., 1977) regarding the
frailties as unobserved variables corresponding to a Cox-regression analysis
in each M-step. Large sample properties of these maximum likelihood esti-
mates are difficult to get at, but has recently been derived by Parner (1998).
Martinussen & Pipper (2005) studied a modified likelihood approach for the
positive stable frailty model and gave large sample results.

Example 9.2.1 (Diabetic retinopathy data)

We here fit the shared frailty model with gamma distributed frailties to the
Diabetic Retinopathy data.

> fit<-coxph(Surv(time,status) “adult*trt+frailty(id),
data=diabetes)
> fit
Call:
coxph(formula = Surv(time, status) ~ adult * trt + frailty(id),
data = diabetes)

coef  se(coef) se2 Chisq DF p
adult 0.397 0.259 0.205 2.35 1.0 0.1300
trt -0.506 0.225 0.221 5.03 1.0 0.0250
frailty(id) 122.54 88.6 0.0098
adult:trt -0.985 0.362 0.355 7.41 1.0 0.0065

Iterations: 6 outer, 25 Newton-Raphson
Variance of random effect= 0.926 I-likelihood = -847

The model can be fitted in R using coxph with the frailty option. However,
the se’s for the regression parameters in the printout are obtained assuming
that @ is fixed rather than a parameter to be estimated, and should hence
be interpreted with caution. O
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The interpretation of the regression parameters § as log relative risks is
conditionally on the unobserved random effect. These parameters may be
of interest when one wants to compare treatments within clusters. The
unconditional model is generally not a proportional hazards model. It may
be instructive to derive the relationship between conditional hazard and
the marginal hazard assuming multiplicative frailty effect. To be explicit,
assume that the marginal and conditional intensities are

M) = Aan(t), M) = VAL (1),

where we assume that \j, () is predictable with respect to the marginal
filtration. One may show that the relationship between the above two in-
tensities is

ik () = Vi (8) (= A3y () (D logsbe)(/o  Nils) ds),

N (1) = Y (5)(— A (1)) exp (— / N (5) ds) (D) (exp (— / Aik(s) ds)).

see Exercise 9.3.

Example 9.2.2 (Conditional proportional hazards model)

In this example we wish to investigate the marginal intensity under a condi-
tional proportional intensity model. For ease of notation we drop subscripts
referring to individuals and clusters. Assume that A*(¢) (dropping here sub-
script ik) is a proportional hazards intensity: Y (£)\o(t) exp (X7 3). Let us
compute the marginal intensities under different frailty distributions. Con-
sider first the gamma model, that is, V is gamma distributed with mean
1 and variance ~'. The Laplace transform is ¢g(t) = (1 + 0t)~/¢ giving
rise to the marginal intensity

1
Y () Aot x*

with A*(t) = fot A*(s) ds. If the covariate-vector is one-dimensional then
the relative risk in the unconditional model is

1+ 0A0(t) >

exp (ﬁ) <1 + exp (ﬁ)eAO(t)

(9.21)

where Ag(t) = fot Ao(s)ds. The relative risk based on the unconditional
model is seen to depend on time and hence the proportional hazards as-
sumption of the Cox model is no longer in play. It is equal to exp () at
time ¢t = 0 and tends to 1 as time increases giving what converging haz-
ards as was also the case for the proportional odds model in Chapter 8,
see also Exercise 9.6. If we instead use the positive stable model, that is,
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assume that V follows a positive stable distribution with Laplace transform
bo(t) = exp (—t?), 0 < 6 < 1, then the marginal intensity is

Y (£)0A0(t)Ao(t)? L exp (X T 3),

so here we still have a Cox model with the regression parameter attenuated
by the amount 6.

We see for both the gamma and positive stable model that the regression
effect is attenuated in terms of a smaller relative risk assuming without loss
of generality that 8 > 0. One might ask whether this holds true in general.
This is actually so. Assume that V is a positive stochastic variable with
Laplace transform ¢g(t), that the covariate is one-dimensional, and that
B > 0. The relative risk in the marginal model is

(Dlog ég)(exp (X +1)8)Ao(t))
(Dlog ¢g)(exp (X ) Ao (t))

and we see that k(t) < 1 if and only if (Dlog¢g)(exp ((X + 1)8)Ao(t)) <
(Dlog ¢p)(exp (X B)Ao(t)). The latter inequality holds if log (¢g) is convex,
which is the case since

exp () = exp (B)k(1),

D?log (¢0)(t) = E(V2h(t,V)) = E(Vh(t,V))?
with h(t,V) = exp (—tV)/E(exp (—tV)). O

Above, the relationship between the conditional and marginal intensities
was given. One may also establish the relationships between these and the
intensity with respect to the observed filtration containing F;. One gets
for instance that the relationship between the marginal intensity and the
observed intensity is

N = N () fie (8), (9.22)
where

t

fir(t) = —exp(— /O Ak (s) ds)(Doy ") (exp(— /O Nk (s) ds) E(Vi | Fie)

with

No(t—) P (s
B | £y = - P00 (o X ds))_

(DN#()69) (32, 65 (Jy A (5) ds))
If one wishes to build the model based on the marglnal intensities (e.g.
a proportional intensity model), then (9.22) gives the observed intensity,
which opens the route for doing likelihood inference.
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9.3 Exercises

9.1 (Marginal additive intensity model) Let the situation be as in Sec-
tion 9.1.1, but where the marginal intensities are assumed to be

N () = Ya(0)(B(t) + 47 Xar (1)), (9.23)

where ((t) is a (local integrable) scalar function of time and 7 is p-vector
of unknown regression coefficients. Let B(¢ fo

(a) Verify that the (unweighed) working independence estimator of v is

=10 [ Val (Xt - X0

k=11i=1

n

ZZ/Hm X(0)ydNx (1)
k=1 i=

1

which is the solution to U(y) = 0 with

ZZ / {Xi(t) — X(O)HdNw () — Yi(t)7" X (t)dt}.

k=11i=1
In the above displays,
K
X(t) o Zkzl Z?zl )/zk(t)sz (t)
= P .
Zk:l Z?:l Yir(t)
The (unweighted) estimator of B(t) is

K

B3 ku1/‘zklzzn%<ﬂMk S ECE

(b) Derive the asymptotic distribution (K tending to infinity) of
K23 =)

and give a consistent estimator of the asymptotic variance-covariance
matrix.

(¢) Give an i.i.d. representation of
K'2(B(t,5) — B(t) (9.24)

that may be used for resampling to approximate the limit distribution
of (9.24).
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9.2 (Multiplicative random effects hazards models as a copula) Let V de-
note a non-negative random variate with Laplace transform ¢(v). Assume

that the failure times 71, ..., T}, are conditional independent given V with
conditional hazards

V)\j(t), j:].,...,n.

(a) Show that the joint survival function and the marginal survivor func-
tions are related as follows:

P(Ty > t1,.... T > tn) = ¢(¢~H(S1(t1)) + -+ ¢~ 1(Su(tn))),
where St, ..., S, denote the marginal survivor functions.

The Clayton-Oakes model (Clayton, 1978; Oakes, 1982) is such a multipli-
cative random effects model with V' gamma distributed with mean 1 and
variance 671,

(b) Show that the corresponding copula for this model is

—6
Co(uy, ..., up) = (u;1/6~~~+u;1/9—(n—1)) , 6>0.

9.3 (Relationship between marginal, observed and conditional intensities)
Let

Tix = Ty A Cig, Yir(t) = LT > t) and Ny (t) = 1(Tig, < t, Tir, = Tie)

denote the observed failure time, the individual at risk process and the
counting process for the ith individual in the kth cluster, i =1,...,n and
k=1,...,K. Assume the presence of some (unobserved) random effects
Vi, k=1,..., K in such a way that

(T, C, Xe (), Vi), k=1,--- K,
are i.i.d. variables, where
Tk = (TlIm .. .,Tnk’)a Cy = (Clka RN an)v Xk(t) = (Xlk(t), . 7Xnk(t))

with X () denoting the ikth covariate process. Censoring, conditional on
Vi and covariates, is assumed to be independent and noninformative on Vi,
the distribution of the latter having density py and Laplace transform ¢g.
Assume also that failure times Ty, i = 1, - - - ,n, are independent variables
given Vi, X1(-), -, Xn(*).



340 9. Clustered failure time data

We shall now study the relationship between the marginal, observed and
conditional intensity of N;x(t). Assume that N;;(¢) has intensity

N (1) = Vihii (0),
with respect to the conditional (unobserved) filtration (9.11) so that A}, (¢)
is predictable with respect to the marginal filtration F/*, see (9.1). Denote
the marginal intensity of Ny (t) by
X" () = A (0)
where F* refers to the marginal filtration.
(a) Show that likelihood based on the H;_-filtration is

po(V) TT Vi)Y exp (Ve | X))

s<t
giving that
(DN HL G ) (f37 Ay (s) ds)
(DNt ) (fy~ Ajp(s) ds)

which reduces to —(D log ¢y) fo A5 (s)ds) when Yix(t) = 1 where
D7 g means the jth derivative of the function g¢.

E(Vi | F¥) =~

(b) Derive the relationships
Nk (£) =Y (8) (= N5 (8)) (D Tog ) /  Ni(s) ds),
Ak (t) :Ek(t)(—&k(t))exp(—/o Aik(s) ds)
« (D) (exp (= /0 Aou(s) ds)).

We shall now also consider the intensity of N;;(t) with respect to the ob-
served filtration Fy, see (9.3).

(¢) Show that observed intensity is related to the marginal intensity as
Ny = Xk () f (),

where
fir(t) = — exp(— /Ot X*(s) ds)

% (D) (exp(~ / Mot (s) ds)) E(Vi | Fio)
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with
(DN ) (3, ¢ (Jy Xi*(s) ds))

E(Vk|.7:t—) (DNW ¢0 Z ¢9 fO )\}-‘k 8) 5)) .

9.4 (Two-stage method) Verify the expressions (9.15) and (9.16).

9.5 (Two-stage estimation in copula models, Andersen (2005)) We shall
consider the two-stage method for copula models. To simplify notation
we consider the case where n = 2, that is two subjects in each cluster.
Let (Tix, Tor) and (Ciy,Cor) denote the paired failure times and cen-
soring times for pair £ = 1,..., K. We observe Tj, = Ty A Cy and
N = I(Ty, = Tik). Let X covariate vector for ¢kth subject and assume
that (T 1k,T2k) and (Cig, Car) are conditionally independent given the co-
variates. Let S(t1k,tor) be the joint survival function for pair k, which is
specified via the marginal survival function through the copula Cy.

(a) Show that the partial log-likelihood function can be written as
2

X )
JANTYACYN!
Z 1k 82k Og{@leaTgk

k=1

-0
+A15(1 — Agg) log{ o1, S(Tig, Tix)}

S(Thk, The)}

-0
+(1 — Aqx)Agy log{ o7 S(Tug, Thr)}
Dk
+(1 — Avg)(1 — Agy) log{S(T1x, Thr)}-

Consider now the situation where the marginal hazards are specified using
the Cox model,

aik( ) = Ao(t) exp(X . 0).

We estimate the § and Ao (¢ fo Mo(s) ds using the working independence
estimators of Section 9.1.1 (ﬁrst stage) Let Ug denote the derivative with
respect to @ of the partial log-likelihood function. At the second stage we
estimate 6 as the solution to

UO(evﬁa[\OI) =
(b) Write K~1/2Uy(0, B, Aor) as

K
> @p+op(1)
k=1

where ®,..., Pk are i.i.d. terms (hint: use a Taylor expansion and
the corresponding representation of the working independence esti-
mators).
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(¢) Under appropriate conditions, derive the asymptotic distribution of
KY%(6—0)

as K tends to infinity. Give also the asymptotic variance and an
estimator thereof.

9.6 (Converging hazards) Let N(t) = (T AC < t,T < C) and let X
denote a covariate vector. Consider the situation described in the beginning
of Example 9.2.2, where N(t) has conditional intensity

VY (t)Ao(t) exp (X7 )
given V, that is gamma distributed with mean one and variance =1 As
usual Y (t) = I(t < T A C) denotes the at risk indicator.
(a) Verify that the marginal intensity is
Ao(t) exp (X7B)
14+ fexp (XTB)Ao(t)

which is a hazard from the Burr distribution.

Y (t) =Y(t)ax (1), (9.25)

The hazard ax(t) converges with time, but to zero rather than to an arbi-
trary baseline hazard. This led Barker & Henderson (2004) to suggest the
following class of hazard models. Partition X into X; and X5, and suppose

that
ax(t) = &P X1 O+ X5 B) explyAo(t))
1+ exp (X3 f2)(exp(yAo(t)) — 1)
where 7 is an unknown scalar parameter.

Ao(t), (9.26)

(b) Observe the following points.

o At baseline, X; = X5 =0, ax(t) = Ao(t);

e If v = 0, then the model reduces to the Cox model with co-
variates (X1, X2); if 81 = 0 then the model reduces to the Burr
model with covariate Xo;

e Ast tends to infinity, ax (t) converges to exp (X{ B1)\o(t), rather
than zero.
Suppose now that we have n i.i.d. observations from the generic model
given by (9.26).

(c) Use a modified likelihood approach similar to the one applied for
the proportional odds model in Chapter 8 to construct an estimating

equation for ¢ = (v, 1, B2),
U(¢) =0,
and an estimator of Ag(t), Ao(t, ¢), where ¢ satisfies U(¢) = 0.
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(d) Derive, under suitable conditions, the asymptotic properties of the
estimators defined in (c).

9.7 (Checking the gamma assumption, Glidden (1999)) Consider the
Clayton-Oakes described in Section 9.1.2 so that

AR (1) = Yie () VX" (1)

where \*(¢) is deterministic function, Vj, is gamma distributed with mean
one and variance 8~ !, and so that

ik
Ny (8) = Yie(t)Ao(t)
with Ao (t) being a deterministic function.

(a) Show that the conditional mean of Vj, given the observed filtration
ftf is
1+071N,

Yr(t) = E(Vi | Fio) = Re(t,0)

where

Ri(t,0) =1+ ia* /Ot Yir (s)\*(s) ds.
=1

Express Ry(t, 0) as a function of Ag(t) = fg Xo(s)ds: Ry(t,0, Ao).

Under the assumed model 91 (%), ..., ¥k (t) are i.i.d. with mean one. Let

K
Wa(t) = K123 " (yi(t) — 1).
k=1

(b) Show that W, (t) may rewritten as

K t
W, (t) :K*WZ/O Hy.(s) dMj(s),
k=1
—1 n t
B = p it o no) V() = Vo= [ st (s s

and conclude that W, (¢) is a Fi-martingale.

(c) Suggest estimators 6 and Ag(t) for § and Ag(t), respectively.
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(d) Use the estimators constructed in (c) to estimate W, () by W, (t),

say. Is W,,(t) a Fe-martingale?

A resampling technique can be developed to approximate the limit distri-
bution of Wn(t), which then can be used to study whether the observed
Wn(t) is extreme in this distribution. One may for example construct a
supremum test.

9.8 (EM-algorithm for gamma frailty model) Consider the setup of Sec-
tion 9.2. Devise the E- and M-step of the EM-algorithm for the model
(9.20) where it is assumed that Vj is gamma distributed with mean one
and variance 671

9.9 (Discrete time survival data) Time to pregnancy that is preferably
counted in the number of menstrual cycles it takes for a couple to achieve
pregnancy (TTP) should be analyzed by discrete time survival models, as
in Scheike & Jensen (1997) and Scheike et al. (1999).

The basic set-up is as follows. T; is a discrete time TTP that is modeled
by the discrete time hazard probability

Ai(t) = P(T; = t|T; > t) = =1 (X,(t)"B) (9.27)

where h is a link function and X;(t) = X;; are possibly time-dependent
covariates for subject i. Assume that we observed n independent survival
times from this model, with possible right censoring. We shall here consider
the cloglog link h(t) = log(— log(t)) and the special case where

B = (V15 es Yms A1y eevey Q)

where m,q > 0 , and
XI5 =+ X,

Then the probability function and the survival probability are given by
the following expressions:

t—1

PTi=t) = xJ[0-NG) (9.28)

j=1
t—1

= N(t)exp(— ) _exp(X};8))
j=1

= exp(—Fi(t - 1)) - eXp(—Fi(t)),

where ,
Fi(t) =) exp(X[5B),
=1

with the definition F;(0) = 0, and it follows that
P(Ti > 1) = exp(~ Fi(t — 1))



(a)

(b)
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Write down the likelihood for right-censored survival data from this
model. How can maximization be implemented on the computer, by
for example Fisher scoring.

Now assume that given an unobserved random effect R;, the condi-
tional hazard for T} is

Ni(t|R;) =1 — exp (—exp(R; + X[.3)) . (9.29)

Assume that U; = exp(R;) is gamma distributed with mean 1 and
variance v, and work out the marginal probabilities for T;, and the
marginal hazard probability. Note, that the frailty variance can be
identified in the presence of covariates.

Now, assume that two TTP’s are given to each i (couple), T;; and
T;2, and are observed in succession and that given R; the TTP’s are
independent with hazard given by (9.29). Work out the hazard rate
for Tjo given either T;, or T;; > Cj; and use this to write down the
likelihood for Tj; and Tjo with possible right-censoring.

Modify the above to deal with left truncation.

Now, assume that T;; and T;2 have marginal models, i.e., models for
the observed (population) hazards, given by

cloglog(X/(t)) = XL,8,p=12. (9.30)

To model the association we assume that underlying these marginal
models is a frailty model such that given R; the waiting times are
given by the hazards

cloglog(A?(t)) = ap(t)+ R, p=1,2, (9.31)

where U; = exp(R;) is gamma distributed with mean 1 and variance
v.

Work out an expression for a;,(t) such that the marginal models are
given by (9.30).

Discuss the difference between the two frailty models described above.
How is the frailty variance identified in the models?
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Competing Risks Model

The competing risks models is concerned with failure time data, where
each subject may experience one of K different types of failures. Mathe-
matically speaking it is a special case of the marked point process setup, but
this observation does not add much to the understanding of the underlying
problems and practical matters that need to be resolved when dealing with
competing risks data. Competing risks data are encountered, for example,
when medical studies are designed to learn about the effect of various treat-
ments aimed at a particular disease. For the melanoma data the primary
interest was on the effect of the treatment (removal of the tumor) on the
mortality from malignant melanoma. Some of the patients died of causes
not related to the disease, however.

In the following we introduce some notation to construct models for com-
peting risks data. Let T denote the failure time and ¢ a stochastic variable
that registers the type of death, ¢ € {1,..., K}. One way of describing a
model for competing risks data is to specify the intensities for the counting
processes Ni(t) = I(T < t,e = k), k = 1,..., K, registering the failures of
type k. This is done via the so-called cause specific hazard functions:

PE<T <t+Ate=1|T>t)

lim, A L k=1,..., K.

With Y (¢) denoting the at risk indicator, allowing for right censoring and
left-truncation, we assume that

Molt) = Y (Daw(t), k=1,.. K,
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1
Dead, cause 1

Alive

Ai(t) K
Dead, cause K

FIGURE 10.1: Competing risks model. Each subject may die from k different
causes

are the intensities associated with the K-dimensional counting process N =
(N1, ..., Nig)T and define its compensator

A) = (/Ot M (5)ds, /Ot Ak (s)ds)T

such that M(t) = N(t) — A(t) becomes a K-dimensional (local square
integrable) martingale. A competing risks model can thus be described by
specifying all the cause specific hazards. The model can be visualized as
shown in Figure 10.1, where a subject can move from the “alive” state to
death of one of the K different causes.

Based on the cause specific hazards various consequences of the model
can be computed. One such summary statistic is the cumulative incidence
function, or cumulative incidence probability, for cause k = 1, .., K, defined
as the probability of dying of cause k before time ¢

Pu(t) = P(T < t,c— k) = /Ot an(5)S(s—)ds, (10.1)
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where S(t) = P(T > t) is the survival function. The survival function is
expressed in terms of the hazards as

S(t) = exp(—/0 a.(s)ds)

with the total hazard

a.(t) = ag(t).

M=

k=1

As is clear from (10.1), the cumulative incidence function for cause 1, say,
depends on the other cause specific hazard functions, which may speak for
another approach, see Section 10.3.

In this chapter we shall focus on different approaches for estimating the
cumulative incidence probability. One approach is based on estimating the
cause specific hazards and then either use the above formula to estimate
Py or the product limit estimator (Aalen, 1978a; Aalen & Johansen, 1978;
Fleming, 1978b,a; Andersen et al., 1993). Alternatively one may estimate
the cumulative incidence probability directly by the subdistribution ap-
proach (Pepe, 1991; Gray, 1988; Fine & Gray, 1999; Scheike & Zhang,
2004).

Example 10.0.1 (Melanoma data.)

For the Melanoma data the interest lies in studying the effect of various
factors on time to death of malignant melanoma after removal of tumor.
The study was closed end of 1977, the number of deaths caused by ma-
lignant melanoma in the considered period being 57, 14 died from other
causes and the remaining 134 patients were censored at the closure of the
study since they were still alive at that point in time. We now estimate
the cumulative incidence function based on the techniques described in the
next section. The estimates can be obtained using the cmprsk R-library of
Robert Gray.

data(melanom) ;attach(melanom)
status.i<-status;status.i[status==2]<-0
status.i[status==3]<-1;status.i[status==1]<-2

fit<-cuminc(days/365,status.i)

plot(fit$"1 2"$time,fit$"1 2"$est,ylim=c(0,1),
x1im=c(0,8) ,x1lab="Time (years)",
ylab="Probability",type="s")

se<-fit$"1 2"$var~.5; up<-fit$"1l 2"$est+1.96%se;
low<-fit$"1 2"$est-1.96%se

lines(fit$"1 2"$time,up,type="s");

lines(fit$"1 2"$time,low,type="s");

V V VV 4+ 4+ V V VYV VYV
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FIGURE 10.2: Melanoma data. Cumulative incidence probability function
along with 95% pointwise confidence intervals for cause 1 (malignant
melanoma, full lines) and 1 — Sy (t) (see text, broken line).

Inspection of Figure 10.2 suggest that the probability of dying of malignant
melanoma before 8 years after surgery is 0.22; in contrast the number 1 —
S1(t) (dotted line) that is 0.24 when evaluated at 8 years. Here

sit) =] (1 - AAl(s)) :

s<t

is the Kaplan-Meier where all deaths with respect to other causes are con-
sidered as censorings. This number is often computed and used in the cause
specific hazards setting but has no simple interpretation as a probability
except for very special cases. Note that Si(t) is a consistent estimator of
exp(—A;1(t)). Therefore 1 — S1(¢) will only equal the probability of dying
of cause 1 before time ¢

/0 a1(s)exp(—Ai(s) — A_1(s))ds

when A_;(t) = Zszz Ag(t) equals 0, see also Exercise 10.1.
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For the melanoma data S; and P; only differ marginally because the
cause specific hazard related to the other causes is quite small. O

10.1 Product limit estimator

We start this section by considering a simple direct estimator of the cumu-
lative incidence probability in the case where there are no covariates. We
wish to estimate the cumulative incidence curve for cause 1 that can be
written as

Pi(t) = /0 a1(s)S(s—)ds = /0 S(s—)dAi(s) = /0 exp(—A.(s—))dA1(s),
where .

Ag(t) = /0 ag(s)ds, k=1,...,K,
and

K
Ad(t) =) Ak(t).
k=1

An estimate of P;(¢) is then obtained by estimating the cause specific cu-
mulative baselines by their respective Nelson-Aalen estimators, and the
survival function S(¢) by the Kaplan-Meier estimator.

To look more closely at the properties of the simple estimator sug-
gested above we assume that n i.i.d. K dimensional counting processes
(Ni1, ..., Nix) with at risk indicators Y;(¢) are being observed from the
competing risks model. Focusing on the cumulative incidence function for
cause 1 we denote

K n
Nia(t) =Y Na(t),  Na(t) =Y Nu(t),
k=2 i=1
N. (t) = N.,l(t) + N.l(t),

and the total number of subjects at risk at time ¢ by
Y.(t) =D Yi(t).
i=1

We have the decomposition
dNik(t) =Y;(t)dAg (t) + dMik(t),

where the M;i(t)’s are martingales with respect to the observed filtration,
which immediately suggest that the cumulative intensities can be estimated
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by the Nelson-Aalen estimator

t
J(s)
= dN.k(s),
e
where J(t) = I(Y.(¢) > 0) with the convention that 0/0 = 0. These estima-
tors may also be derived as maximum likelihood estimators, see Exercise

10.2.
Let S(t) be the Kaplan-Meier estimator:

0-0-3)

s<t

where Af(t) = f(t) — f(t—) for a function f. This leads to the estimator

of Py(t):
£ = /0 S(s—)dAs (s).

To get the asymptotic variance of n'/ 2(1::’1 (t) — Pi(t)) one may apply the
functional delta-method by noting that P (t) is asymptotically equivalent
to

H(A,, Ay) :/Ot II {1_d(Al(u)+A2(u))}dA1(s), (10.2)

u€)0,s]

considering here the case with only two causes of death. See Andersen
et al. (1993) for more details about the functional H and its derivative on
the relevant functional space. It can be derived that n'/2(Py(t) — Pi(t)) is
asymptotically equivalent to a Gaussian martingale with zero mean and a
variance that is consistently estimated by

ol [ 6 (B - A} L) avo

t
+/ §2(t-) {1 -2 [Ai(t) - Pi(s)] | T6) N (). (103)
0 Y2(s)

Alternatively, one may derive the asymptotic properties of the estimator
by recognizing it as an Aalen-Johansen product limit estimator. The prod-
uct integration estimator, or the product limit estimator, and the elegant
theory for such structures can be used to estimate transition probabilities
for any multi-state model, but we here only consider the competing risk
model. The transition probabilities in the competing risk model can be
written on matrix form P(s,t) = (P, ;(s,t) for ¢,5 € {0,1,..., K}, where
P, j(s,t) denotes the probability of moving from state i at time s to state j
at time ¢. In the competing risks model Py ;(0,¢) for ¢ = 0,1, ..., K are the



10.1 Product limit estimator 353

cumulative incidence probabilities and Py ¢(0,¢) is simply the probability
of surviving beyond time ¢, S(¢). Similarly as above we define P; = P, ; for
i=1,.. K.

Below follows some general formulas for how one can compute the tran-
sition probabilities for a multi-state model. These are then specialized to
the competing risks model when specifying the underlying Nelson-Aalen
estimates. The transition probability matrix can be written as

PO = [[ (+dA(s),

$€)0,t]

where A is the matrix of cumulative intensities with Ag j, = fot ap(s)ds, k =
1,..,K, and Ap ) = —Zﬁgk Ap; for k =0,1,..., K; and all other cumu-
latives are zero. Define also the equivalent transitions intensities g x(s) =
ag(s) for k = 1,..., K, and minus the intensity out of state k oy x(s) =
- Z#k, oy ;(s) for k =0,1,..., K, and let all other transitions intensities
by zero.

This suggests, with an estimator A of A, that we can estimate P(0,t) by

Po.t)= [ (1+d/1(s)), (10.4)

s€0,t]

which is referred to as the product-limit estimator of P(0,t). To estimate
A we use the Nelson-Aalen estimator. By looking at the estimators more
closely it follows that the two estimators (10.2) and (the relevant part
of) (10.4) are equivalent. Therefore the variance for (10.2) follows from the
general exprebswn for the product integration estimator that we give below.

Define A* fo s)ayj i (s)ds, organize these in the matrix A*, and
define

Pe0,t)= ] (I+dA*(s)).

s€[0,t]

Then it follows from the properties of product integration, see Gill & Jo-
hansen (1990), that

P0,1)— P*(0,4) = /Ot P(0,5-)d (A~ A7) (5)P*(s.1).

which is a product of matrices integrated over time. This equation implies
that

PO, 1)P*(0,1)" 1_/ P(0,5-)d (A~ A7) (5)P*(0.9)",

and since A — A* is a martingale the asymptotic properties follows from
the martingale central limit theorem, similarly to the derivations for the
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Kaplan-Meier estimator. One obvious consequence is that the estimator is
unbiased in the sense that

E(P(0,t)P*(0,t)"') = I.

For a general multi-state model the (co)variance of the matrix valued
estimates in P becomes a K2 x K? matrix, and to calculate each of the
covariate terms one must keep track of the appropriate terms if for example
the optional variation estimator is used. Let cov(P(0,t)) be the covariance
of the K2 x 1 vector with the columns of P stacked on top of each other.

Then a consistent estimator of cov(P(0,?)) is
¢
/ PT(s,t) ® P(0,s)d[A — A*](s)P(s,t) @ PT(0,s).
0

Reading the formula for the special terms we have interest in for the com-
peting risks model we find that the covariance between Fy; — Fj,; and
Poj — Fy; for i,j =0,..., K can be estimated by

[ : - J(s)
;/0 F50(0,9)(1j = Poi(s,1) (0 — PO,T(Svt))Y:2(3) dN.i(s)

using 0, = I(u = v), thus leading to the variance estimates

2

/Ot {po,o(o,s)ﬁo,j(s,t)} gz(z)dN.(s)

+/Ot Bo(s) {1 - 2P0, | y2(s) V- (4)

forj=1,.., K.

Let us consider the situation where the cause-specific hazards depend on
covariates so that for example the hazard for cause k for subject i given
covariates relevant for cause k, X, (of dimension p), is on Cox form

ag(t) = aok(t) exp(f(gcﬂk).

In the latter display (i are the relative risk regression coefficients related to
cause k, apk(t) is the baseline function for cause k, and X1 denotes a cause
specific version of the covariates, which gives a great deal of flexibility. This
model can be written with a common set of relative risk parameters if the
covariates are stacked. With the appropriate choice of X;; we can write the
model as

ag(t) = aok(t) exp(XiE ).

In the case where all causes depend on the same covariates in the same
functional form, X;. = X;, and the relative risk parameters are different
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FIGURE 10.3: Mouse Leukemia data. Cumulative incidence probabil-
ity along with 95% pointwise confidence intervals for thymic leukemia
data without covariates (full lines) and with covariates (MHC=1,
Sex=2,Color=1, Antibody=50,Virus=8000) (broken lines).

then X;, = (I(k=1)X],...,1(k = K)XI)7T is a covariate vector of dimen-
sion Kp and 3 = (67, ..., 35)T is the regression coefficient vector with 3y
the p dimensional regression effect for cause k.

One may now estimate the relative risk parameters and the cumulative
baseline functions for all cause specific hazards and combine these as above
to estimate the cumulative incidence function by for example the product
limit estimator. This is simply a matter of noting that the cumulative
hazard for cause k given covariates X is estimated by

Aoi,(t) exp(X{ B),

where X, is the stacked version of the X covariate that reflects the cause
specific version of the covariates and then the product limit estimator
may be applied to estimate the cumulative incidence function given Xk:
Py (t| X)). We illustrate these estimators in the following example.
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Example 10.1.1 (Mouse Leukemia data)

Consider the mouse leukemia data given in Kalbfleisch & Prentice (2002)
where the effect of various genetic and viral factors on the development of
leukemia is studied. The data comprise 204 mice and the covariates that
we consider here are MHC phenotype (1 and 2), Sex (1=male, 2=female),
Coat color (1 and 2), antibody level in percent (Antibody) and virus level
(Virus). The different causes of death were thymic leukemia (1), nonthymic
leukemia (2), nonleukemia and no other tumors (3), unknown (4), other
tumors (5), and accidental death (6). We here consider just the thymic
leukemia as the cause of death of interest and group all other causes into
one group (2). We used a SAS-macro developed by Rosthgj et al. (2004)
to compute the cumulative incidence curves.

First we show the simple product limit estimator with 95% confidence
intervals (full lines) in Figure 10.3. For comparison we also computed a
covariate based cumulative incidence probability function correcting for all
covariates. The product limit estimator based on different Cox regression
models for the cause of interest and other causes are shown with 95%
pointwise confidence intervals (broken lines) in Figure 10.3 and computed
for a MHC=1, Sex=2, color=1, antibody=50 and virus=8000.

Figure 10.3 clearly illustrates that the predictions of the probability of
dying of thymic leukemia is much lower for a subject with the specified
covariates than the overall probability. It is hard, however, to precisely
summarize the importance of covariate effects apart from computing the
cumulative incidence probability for various combinations of the covariates.
We address how to summarize covariate effects in the two coming sections.

O

Note, that any regression model may in principle be applied to model the
cause specific hazards and many models have been used: Shen & Cheng
(1999) studied the predicted cumulative incidence function based on a pro-
portional hazards model; Cheng et al. (1998) considered the semiparametric
additive risk model; Scheike & Zhang (2003) used the Cox-Aalen survival
model. We consider the Cox-Aalen model in further detail in the next sec-
tion.

10.2  Cause specific hazards modeling

In this section we show how to estimate the cumulative incidence function
based on cause specific hazards modeling, and how to derive the asymptotic
properties of the estimators. We use the Cox-Aalen model because the ob-
tained formulas generalize both those obtained based on the Cox regression
model and those based on the Aalen additive hazards model. We also show
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how to get uniform confidence band for the cumulative incidence function
based on a resampling technique.

Assume that we have underlying covariates X . The cause specific hazards
for the kth cause is modeled as

M (8 X, Zi) = [ X5 a(t)] exp(Z] ).

with a(t) = (a1 (t),...,ap(t)) and B = (B4, ..., Bp) and where we have a cause
specific version of the covariates, as at the end of the previous section,
such that X and Zj are of dimension p and ¢, respectively. Note that
one possible submodel allows all cause specific hazards to have different
regression effects and the same partitioning of the covariates into X with
additive effects and Z with multiplicative effects such that A\ (¢t| X, Z) =
[XT ax(t)] exp(27 By).
Let
(Nil(t),...NiK), izl,...,n,

be n independent counting processes of dimension K with intensities
ik (t) = Yi(t) M\ (t| Xix, Zi),

where Y;(¢) is 0 or 1 indicating whether the individual is at risk at time ¢.
Let A (t) = fot Aik(s)ds so that Mk (t) = Ny (t) — Aik(t) are martingales.
Let further

Ni(t) = (Nip(t), ..., Nap ()T

be a n-dimensional counting process, with compensator
Ar(t) = (Ar(®), .., A ()T

and with
Mk(t) = (Mlk(t), ey Mnk(t))T

the n-dimensional martingale for the k specific cause. Let N(t) be the n- K
dimensional counting process defined as

N(t) = (N{ (t),..., Nk (t))",

and define its compensator and the resulting martingale similarly. Organize
the cause specific covariates into matrices Xy (t) (with rows Y;(¢)X;,) and
Zy(t) (with rows Y;(t)Z;1) and stack these into matrices X (¢) (of dimension
nK x p) and Z(t) (of dimension nK x q). Define the generalized inverse

Y= () = Y~ (8.1) = [XT(t)diag {exp(Z()9)} X (1)] " X7 (1)

where exp(b) = (exp(b1),...exp(b,))T for a r x 1-vector b. We estimate 3
as the solution to the score equation (see Section 7.1 for details)

U(B,7) = / 12T — 2T Y (B.0)Y (B,1)] AN () = 0,
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¢
and estimate A(t) = / a(u)du by
0

At) = /O Y~ (B, u)dN (u).

The derivative of minus the score function is given by
2(6,7) = [ 27 (Odding(Y (5.)Y  (5,0)aN () 2(1)
0

= [[ 2@y 6.0¥ (5 )dieg (¥ (5.0Y (50N D)} 2(0)

0

To predict the cumulative incidence function for a subject with covariates
(z,z) we define

K K t

Az, 2) = 3 Axtlan, 26) = Z/ e (5|2, 22)ds
k=1 k=1"0

S(t|z,z) = P(T > t|z,z) = exp{—A(t|z,2)}.

Then the conditional cumulative incidence function for the kth cause is
defined as

t
Pu(tz, 2) = P(T < t,e = K|z, 2) = / S(sl, 2) A5l 24)ds,
0

where ¢ represents the type of failure.
We estimate the cumulative incidence function by plugging in the esti-
mates of the cause specific Cox-Aalen models:

R K R K t ) R
Aok, zi) = Y Ap(tlow, 21) = Z/ exp (2 B)xt dA(s)
k=1 k=170
S(tla, z) = exp(—A(t|z, 2))

giving
t
Bu(t], 2) = / (s — |z, 2)dAx (s|zr, 21), (10.5)
0

where §(t — |x, 2) is the left-continuous version of §(t|w, z). The estimator
(10.5) is a functional of A and ﬁ and the asymptotic properties can there-
fore be derived from those of the underlying model. In the below note we
give some of the main derivations that lead to a relatively simple estima-
tor of the variance given in (10.6). As we have seen, cause specific hazards
modeling and estimation can be employed to estimate the cumulative inci-
dence function of interest P (t|z, z), say. It is important to notice, however,
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that we need to model and perform estimation also for the other cause spe-
cific hazards A\ (t), k = 2,..., K, that may be of no interest. If the target
for the analysis is the cumulative incidence function, then the subdistribu-
tion approach described in the next section is more direct and it does not
need modeling for the other causes. The downside of the subdistribution
approach is that modeling of the censoring distribution is required.

Note. Large sample properties, see also Exercise 10.6.

The basic properties of the parameters of the Cox-Aalen can be found in
Section 7.1 but we here briefly summarize these (up to o,(n~/?)) in this
slightly different set-up. It follows that

nl/z(g - ﬁO) = nl/QZ' Bov Z le + Op )

n'/2(A(B,1) - ”22% + o0, (1),

where

le Z / 'Lk
= Z" ()Y (Bo, ) [XTu)diag {exp(Z()D} X(0)] Xin(s)")aMie(s),

and

Wai(t) :WSi(t) — H(Bo, )Z(Bo, 7)™ Wui(7),

Wai(t Z / (s)dling {exp(Z()8)} X ()] Xiu(s)aMi ()
and with

= [ ¥ B s)ia( (5.5)Y (8, 5)N(:) 2(5).

Further (up to op(1)),

n2(S(t|z, 2) — S(t|z, 2)) = —S(t|z, z) 1/2{2 k(t|z, 2) Ak(tx,z)}

k=1

S(tlz, 2) 22{2 W4i(t|m,z,k)} ,

i=1 k=1

since n'/?(Ay(t|z, z) — Ax(t|z, 2)) is asymptotically equivalent to

nl/QZW4i(t|m,z,k)
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with

Wai(tlz, z, k) = exp{ Z}\ Bo} Xi A(t)Zi " (Bo, 7)Whi(7)
— exp{Z}. Bo} XL H (Bo, )T " (Bo, T)Wii(7) + exp{ Z{ Bo } X1 Wai(t),

by a Taylor series expansion of Ay (t) = exp(Z{ 8) XL B(t).
Now, considering the cumulative incidence function using partial integra-
tion we can write Py (t|z, z) — Py (t|z, z) (up to op(n~/?) as

/Ot §(u\x, z)d {?\\k(u|w, 2) Ak (ulz, z)}
+ /Ot {§(u\x,z) - S(u|w,z)} dAy (ulz, 2)

t
=/ 1—ZPZ ulz, ) | dMy Aulz, z) — Pr(t|z, 2 / ZdMZA ulz, z)
0

I#k

/ Py (ulz, z ZdMZA ulz, z)

1#£k

where Mk,A(u\x, 2) = A (t|z, 2) — Ak (t|z, ) was decomposed into the form
M (t)+B(t)M (7) above. One can therefore give an optional variation based
estimator of the variance of ﬁk(t|:p, z) — Py(t|z,z) (see Scheike & Zhang
(2003)), but we here for simplicity give an estimator based on the i.i.d.
representation.

Note that n'/? (ﬁk(t|:p, z) — Pi(t|z, z)) is asymptotically equivalent to

n'2 N Wisi(tl, 2),

=1

where

t
Wkﬁi(ﬂx,z):/ 1= P(ule,2) | dWixi(ulz, 2)
0 14k

— Py(t|x, 2 ZWZ 4i(t|z, 2) / Py (ulz, z ZdWl si(ulz, 2).

=1 £k

Define its estimate Wk@- (t|x, z) by plugging in estimates of the unknown
quantities.

Then the variance of n'/? (ﬁk (t|z, z) — Pu(t|z, z)) can be consistently es-
timated by

52, (), 2) = nzn: (Wk,&(ﬂx,z))z. (10.6)

i=1
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Again, the confidence band for the predicted cumulative incidence function
Py (t|x, z) can be constructed using the resampling approach based on

Z Giwk,&(ﬂit, Z)

i=1

where G1, ..., G, are i.i.d. standard normals.

10.3 Subdistribution approach

The aim of the subdistribution approach is to express the effects of covari-
ates directly on the cumulative incidence function

Pi(t|X) = P(T < t,e = 1|X),

here focusing on cause 1. This is done via the subdistribution hazard function
A7 (t|X) that is the function so that

Pl(t|X):1—eXp(—/O N (s|X) ds).

Equivalently,
d
N (6 1X) = = (log{1 — PL(t]X)})
P <T<t+Ate=1[(T>t)U(T<te+#1),X)
= lim .
At—0 At

One may also think of A7 (¢|X) as the hazard function of
T*=TxI(e=1)+00oxI(e#1),

which has distribution function equal to Py (¢|X), t < oo, and a point mass
at t = co. This is seen by noticing that

P(T* > t|X) = P(T > t|X) + Py(t|X) + ... + P (t|X) = 1 — Py(t|X).

Subdistribution hazards was originally considered by Gray (1988), see also
Pepe (1991). Fine & Gray (1999) gave estimators and large sample prop-
erties in the case, where the Cox model is assumed for the subdistribution
hazard corresponding to cause 1.

We assume that the subdistribution hazard is on the Cox-Aalen form

N (tlz, 2) = [XTa(t)] exp(Z275),

where we have partitioned the covariates into X and Z. We then cover both
the additive and multiplicative models.
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If there is no censoring of the survival time, then Ny (t) = I(T < t,e = 1)
has compensator

/ Y ()X (], 2) ds
0

with respect to the filtration
o(N1(s), X, Z;s < t),

where Y () = 1 — N1(t—), see Exercise 10.4. Note that Y () = 1 as long as
the subject has not failed due to cause 1 before time ¢; that is, the subject
stays “at risk” even if it has failed from a cause different from 1. The un-
known parameters of the Cox-Aalen model for the subdistribution hazards
may thus (in the case of no censoring) be estimated as outlined in Section
7.1 with the appropriate at risk indicators as outlined above. In the case
of censoring, one can apply the inverse probability censoring weighting, see
for example Horvitz & Thompson (1952) and Robins & Rotnitzky (1992).
This technique is based on estimating the probability of being censored for
each subject and then correcting the score equation by inverse weighting
with these probabilities.

We assume for simplicity that the censoring variable C' is independent of
both the survival time T" and the covariates X, Z, but the below formulas
may be extended by modeling of the censoring distribution given X, Z. Let

Nu(t) = I(T; <tei =1), Yi(t) =1 — Nu(t—), Ge(t) = P(C > 1),

and let G, be the Kaplan-Meier estimator of G.. Note that N;(t) and Y;(¢)
typically will not be fully observed when there is censoring, and that the
at risk indicator is 1 as long as no type 1 event has occurred. We assume
that we observe n i.i.d. subjects from this generic model. Further define

Ti(t) = I(CZ Z E A t),

that is one when the subject is un-censored. Note that if r;(t) = 1, then
N;(t) and Y;(t) are computable up to time ¢, and if r;(¢) = 0, then individ-
uals are observed up to time Cjy; thus N;(¢) and Y;(¢) are not observable.
However, r;(t)N;(t) and r;(¢)Y;(t) are always computable.

Define a time-dependent weight function

wit) = ro(8)Gelt) /Ge(Ty A1)
and define the (n x p)-matrix Y,,(3,t) with ith row

w;i(1)Y;(t) exp {Z;(t)" B} Xi(t)
for i =1,...n. Let

Z(t) = (Z1(t), ..., Zu@)", X(t) = (X1(t), ..., X0(t)",
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and
_ -1
Yo (B.1) = (Yu(B.) T Wa(t)Yu(B8,1)  Yu(B,1)" Wa(t),
be a weighted generalized inverse of Y,,(8,t). The weight matrix W4 (t) is
a n X n-matrix with diagonal elements

wi(t) = w;  (OYi(t) exp{~Zi(t)" B}

With the convention that 0/0 = 0 such that the effect of w#(t) is that it
cancels out w; (¢ )exp( ()T B}

We estimate ﬁ as the solution to the estimating equation U(ﬁ 7) =0,
where

U(B,7) = / (Z()T — Z() TV (B.1)Y5 (B 1)) ding(uws (1)) AN (1),

-y / VR (B, (AN (1)

with 7 the end of study time and
V(B,) = Zi(t) = Z(O) Y (8,6) (Y (B, )T Wa(t)Yu(B,1)) " Xi0).

The derivative of minus the score function is given as

I(ﬁvt):_ U(ﬁvt)

0

93
= [ 2" (g (Y (5.0 (8.0)dNw 0) Z(u)

- / 27 (u) Y, (8, )Y 5 (8, w)diag (Yo B, u) Y,y (B, u)dNw()) Z(u),

where N, (t) = diag(w;(t))N(t).
It can be shown that n'/2(3 — fy) is asymptotically normal with an
asymptotic variance that is consistently estimated by

~ —1
S=n(2(3.7) (ZW,@2>( )
where Wi, is given by the below (10.8). We estimate A(t) = fot a(s)ds by

Ap.t) = / Yo (B, 8)dNo(s).

Similarly, it can be shown that n'/2 (g(ﬁ, t) — A(t)) converges in distri-

bution towards a Gaussian process with variance that may be estimated

consistently by
n
. o
B=n) Wg(t),
i=1
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where We;(t) is given below by (10.9). The i.i.d. decomposition leading to
the above variance estimators is more complicated than the one for the
standard Cox-Aalen model because of the estimated weights that give an
additional variance term.

The cumulative incidence function P;(t|X, Z) may then be estimated by

ﬁl(t|X7 Z)=1—exp {— /t exp{ZTB}XTdE(B, S)} ,
0

and it may be shown that n'/2 (]31 (t| X, Z) — Pi(t| X, Z)) converges to-
wards a Gaussian process with a variance that can be consistently estimated
by

n
o, (11X, Z) =n > Wri(t|X, 2)?,
i=1
where W7; is defined in (10.12) below. To construct confidence bands one
may also use a resampling approach.

Example 10.3.1 (Mouse Leukemia data, continued)

Consider again the mouse leukemia data described in Example 10.1.1, where
the effect of various genetic and viral factors on the development of leukemia
is studied. We consider thymic leukemia as the cause of death of interest
and group all other causes into one group. The subdistribution method
is implemented using the Cox-model in the R-package cmprsk. As an il-
lustration we model the subdistribution hazard for thymic leukemia using
the Cox model with the covariates Sex (5) (1:female; 0: male), Antibody
(A) (1: >0.5; 0: <0.5) and Virus (V) (1: <10000; 0:> 10000). That is the
cumulative incidence function is assumed to be

P(t[S, A, V) =1 — exp{—Ao(t) exp(BsS + BaA + BvV)}.

antibody<-1*(leukdat$antib>=0.5)
Sex<-leukdat$sex-1
virusd<-1*(leukdat$virus<10000)
statusi<-leukdat$J
statusi[leukdat$delta==2]<-0
cov<-as.matrix(cbind(Sex,antibody,virusd))
fitsub<-crr(leukdat$time/365, statusil,cov)
29 cases omitted due to missing values

> print(fitsub)

convergence: TRUE

coefficients:

[1] 0.09931 -0.45530 -2.34000

standard errors:

[1] 0.2931 0.2977 0.4167

two-sided p-values:

V V. V V V V V
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FIGURE 10.4: Mouse Leukemia data. Predicted incidence probability func-
tions based on Cox model for subdistribution hazards (see text).

[1] 7.3e-01 1.3e-01 2.0e-08
> P.thymic <- predict(fitsub,rbind(c(1,1,1),c(1,1,0),c(1,0,1),
+ c(1,0,0),c(0,1,1),c(0,1,0),c(0,0,1),c(0,0,0)))
> plot(P.thymic,lty=1,ylab=’Probability’,xlab=’Time(years)’)

From this analysis it appears that Virus (dichotomized) is the only impor-
tant predictor with the above reported p-value. The estimated coefficients
with estimated standard errors are 3g = 0.099(0.293), Ba = —0.455(0.298),
and [y = —2.340(0.417). From Figure 10.4 it is seen that the predicted cu-
mulative incidence functions fall in four groups (reflecting the unimportance
of the covariate Sex); the upper two groups being those with Virus above
10000. The upper two curves has Virus above 10000 and Antibody below
0.5. O

Note. Subdistribution: large sample properties.

We here give a sketch of how to derive the large sample properties. Many
of the considered processes are not martingales and some results must be
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based on empirical process theory. Martingale asymptotics can neverthe-
less be invoked in various places. Additional details can be found in Fine
& Gray (1999) who studied the Cox model and Scheike & Zhang (2004)
who used the Cox-Aalen model.

A Taylor expansion yields

2 (B = o) = ("' T(Bo, 7)) " (20U (B0, 7))

with & (here and in the sequel of this note) indicating that lower order
terms are asymptotlcally negligible. Let M} (t,80) = N; ( ) — (t ﬁo)
where A;(t, Bo) fo Yexp(ZT Bo) X T (s)dA(s) and A(t fo
Denote w,(t) =ri(t)G ( )/G (T N t). We then have

_1/2 (/607 )
_n 23 [ vir o uvyan ¢, o)
i=170

2y I Y (B, (1AM (1, o) (107
i=1 70

n-1/2 Ge(t) w . 1
Z/ { (T; At Gc(Ti/\t)}‘/Z (Bo, t)rs(t)dM; (t, Bo).

Let also U; = T; A C;. Note that all Go(T; At) in the above expression can
be replaced with G.(U; At) because of 7;(t). Let A€ (t) be the cumulative

hazard function of censoring distribution, define the censoring indicator
A; = I(T; < C;) and let NE(t) = I(U; < t,A; = 0) so that

M{ (t) = NE(t) - /t I(U; > s)dA° (s).

Then we have
Ge(t)  Gelt) _ GeWI(Ui <t)~ [+ dMf(s)

Ge(Ui nt)  GelUiAt) —  Ge(UiAt) v, S (U > )’

‘ M

j=1

The second term of (10.7) can be approximated by
g e
X ;/U Zkl(;]k(;) oV (o, (a1 )
~n 2 g /OT ;Ir((?) dME (t)

where

q(t) ——hmn 12/ Vi (Bo, s)wi(s)I(s >> t)[(U; < s)dM; (s, Bo)I(t > U;),

()—hmn ZI U; > t),

i=1
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where lim,, is the limit in probability as n tends to infinity. Define also
w(t)=n""Y (Ui >1)
i=1
t
I (8 ) = Nil6) = [ Yis)exp {27 ()3} XT (9)dA(5. ),

0

t
AB.0) = [ Vi B.9ina(o)
0
t

M (t) = NE(t) —/ I(U; > s)dA° (s),

~Cn N [Tt o
A (t)—;/o ) ANE @),

and where § is obtained by using M} and £ in q.
It can be shown that n~1/2U(8y, 7) converges in distribution to a normal
random variable with zero mean and a variance that can be estimated by

WY W =Y () (10.8)
=1 =1
where
io= [ VEG ouale) md di= [" 10w,
0 o 7(t)

The asymptotic variance of n'/? (B — ﬁo) can be estimated by

S=n (I(B,T))il (i Wg?) (I(BvT))

—1

Consider
n'’2 (A(B.1) - A(1)) =n'/? (/Ot Y (Bo, s)dNw(s) — /Otoz(s)ds)
Ve /Ot (Y (B5) = Y (Bo, ) ) dNu(s).

The second term on the right-hand side of the above equality is asymp-
totically equivalent to

t T
/ 9y :
n'/? (/0 (aﬂy“’ (5078)> de(5)> (5 - ﬁo)
=" Pu(B )T (B, 7)Wss,
=1
where

Pu(B.t) = — / Y, (8, s)diag (Ya (B, )Ye (8, 8)dNu (s)) Z(s),

367
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and the first term is approximated by

1

1/22 / (B0, W)Yo, ) Xils)wi()AM (s, o)

-1

= 1/22/ w (Bo,$)Wals )Yw(5078)> X, (s)Wi(s)dM; (s, o)

1/2 Ge(s)
o Z/ { UAS GP(UZ-/\s)}
x (Y (Bo,)Wa($)Yal i) Xu(s)ra(s)AM: (s, o).

The term involving the censoring weights may be approximated as before:

Gt U1<t dMC
0 5 AT ED BY i

(yf(go,t)WA(t)yw(go,t)) X (t)r:(t)dM (¢, Bo)

—pl/? — (7 qa(t) C
- ;/O TI'(t) dMl (t)v

where
aa(t) =~ limn” Z/ ( (o, 5)Wals )Yu,(ﬁo,s)>_
X X;(s)wi(s)I(s > t)I(U; < s)dM; (s, Bo)I(t > U;).
Denote
Wei(t) = Pu(B, )T (8,7)Wsi + Wai(t), (10.9)
with
Woaslt) = taﬂ(;) AT (s)
+ [ (VG WA Yal89) Xl ()T (5. ),
(10.10)

and with Wa;(t) defined similarly. Then n'/? (A\(B, t) — A(t)) converges
in distribution towards a Gaussian process with variance that is estimated

consistently by
b(t)y=nd W)
i=1
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Finally, n'/?(Pi(t|X, Z) — Pi(t|X, Z)) is asymptotically equivalent to

(1—Pi(t|X, 2)) {/Ot exp(Z7 Bo) XTdA(s) — /Of exp(ZT B)XTdA(B, s)

+(1 = P(tX, 2))

}
= (- pax ) [ (20 x7a (A s) - das) |
}

{ / texp(ZTB)XTd?l(B,s)— / texp{z ﬁo}X dA(Bo, s
0 0
10 11

~ 0!y Wai(tX, Z),

where
Wai(t|X, Z) =(1 — Pi(t|X, Z)) exp(Bo” Z)
x {XTWAi(t) n [(XTA(t))ZT + XTP(go,t)zfl(ﬁo,T)} Wg,i} . (10.12)

and with Wn(ﬂX ,Z) defined by replacing all unknowns with their esti-
mates in (10.12).
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10.4 Exercises

10.1 Consider a competing risks situation with cause specific hazards

Ae(t), k=1,..., K without any covariate information. Define
=~ AN.k(s)
t) = 1-—
G =T (- 50)
s<t

which could be thought of as a cause specific Kaplan-Meier estimator. Show,
however, that it will generally not be a valid estimator of 1 — Py (t).

10.2 (Cause specific hazard modeling) Consider a competing risks model
with two causes of death. The model can be described by the two cause
specific hazards A1 (¢) and A2(t). Assume that n i.i.d. subjects are observed
subject to independent right-censoring. Let A;(t) = fot Aj(s)ds for j =1,2.

(a) When estimating A; we may treat deaths with respect to cause “2”
as independent right censorings even though the causes are not inde-
pendent.

(b) Construct the likelihood function for estimating A; and Ay and sug-
gest an estimator for A (¢) and Aa(t).

10.3 (Cause specific hazard modeling, Kalbfleisch & Prentice (2002))
Consider a competing risks model with two causes of death. Assume that
n i.i.d. subjects are observed subject to independent right-censoring such
that

Nji(t) = Xo(t) exp(v; + X)),
j = 1,2, where X; denotes a p-vector of covariates for the ith subject, §; is
a p-vector of unknown coefficients, and ~; and v, are scalars with v; = 0.

(a) Derive estimating equations for the parametric components of this
model.

(b) Argue that standard software (e.g. coxph) can be used to analyze this
model. How should data be organized?

10.4 (Cause specific and subdistribution hazards) Consider a competing
risks model with two causes of death and in a situation with no censoring.
Let Ni(t) = I(T <t,e =k) and Yi(t) = 1 — Np(t—), k = 1,2. Let A\ (t)
and Aj(t) be defined by

M(t) = lim P(EST <t+Ate=1|T>1t)/At,

PT>te=1)= exp(—/0 Ai(s)ds),
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that is, the cause specific hazard function and the subdistribution hazard
(for cause 1), respectively.

(a) Show that Np(t) has intensity (¢ < T)A;(t) with respect to Fz, where

Fi = o(N1(s), Na(s) : s < ).

(b) Show that Ni(t) has intensity Y7 (¢)Aj(t) with respect to F;*, where

Fi=0(Ny(s) : s <t).

10.5 (Cause specific and subdistribution hazards) Consider a competing
risks model with two causes of death. Let

A (1) = Xoj(t) exp(XT5)), (10.13)

j =1,2, where X denotes a p-vector of covariates for the considered subject,
B; is a p-vector of unknown coefficients and Ag;(t) denotes the baseline
function j.

(a) Assume that the cause specific hazards has the structure (10.13) for
j = 1,2. Derive the subdistribution hazard functions.

(b) Assume that the subdistribution hazards has the structure (10.13)
for j = 1,2. Derive the cause specific hazard functions.

10.6 (Cause specific hazards: Asymptotics) Consider a competing risks
model with two causes of death with the set-up in Section 10.2.

(a) If the martingale asymptotics is applied, the standard errors have a
form that is equivalent to nK i.i.d. subjects, although the K causes
are not independent. Derive an expression for the optional variation
estimator of the standard error for both 3 and the cumulative inci-
dence function.

(b) Validate that the i.i.d. representation standard errors have the given
form and compare to those given in (a).

(¢) Consider the melanoma data, write a program that fits 2 cause specific
hazards (melanoma and other) with common regression coefficients
for age, ulceration and log(thickness). How does one get the martin-
gale standard errors and the robust standard errors based on the i.i.d.
representation?
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10.7 (Subdistribution hazard) Consider the Cox-Aalen subdistribution
hazards model set-up in Section 10.2.

(a) Show that the weighted score equation for the subdistribution hazard
is not on the same form as a weighted version of the score equations
for the standard Cox-Aalen model.

(b) The weights
ri(t)
G (T; A1)
are justified by having mean 1. We use the weights

Ge(t)

How can these by justified? What are the optimal weights if G, is
known?

10.8 (Binomial Regression (Scheike & Zhang, 2005))  We assume as in
the previous section, for simplicity, that the censoring variable C is in-
dependent of both the survival time T and the covariates X, Z, but the
formula may be extended by modeling of the censoring distribution given
X,Z.Let N;(t) =Z(T; < t,e; =1),Y;(t) =1 — N;(t7), Ge(t) = P(C > t)
and G, be the Kaplan-Meier estimator of G.. Note that N;(¢) and Yi(t)
typically will not be fully observed because of possible censorings. Let also
ri(t) = Z(C; > T; At) be the indicator that is one if a subject is uncensored
an 0 otherwise. The subdistribution approach can roughly speaking be de-
scribed as direct modeling of r;(¢t)dN;(t), what we do now is to model the
0/1 response r;(t)N;(t) directly.

We shall consider time-varying regression models for the cumulative in-
cidence probability for cause 1 (P (¢|X))

h(1 — Py (t|X)) = =X (1), (10.14)

where h is some known link function, X = (1,z1,...,2,)T and n(t) then
give the effects of X on the cumulative incidence curve.

(a) Assume that a underlying subdistribution hazard is additive, what
model (10.14) does this lead to. Similarly when the subdistribution
is on Cox form.

(b) First assume that all subjects are uncensored. How would you esti-
mate 7(t)? Give an estimating equation.

(¢) Now, assume that the censoring distribution is known. Compute the
mean of N;(t)r;(t)/G.(T;) conditional on X;. Use this to suggest an
estimating equation for estimation of 7(t).
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Based on previous questions, suggest an estimating equation based
on observed data, and justify that it will lead to sensible estimates.

Given that it can be established that n'/2(/(t) — n(t)) converges to-
wards a Gaussian process with a variance that can be estimated by
U (t), construct a 95 % pointwise confidence interval for P; (¢, X).

Now consider the partially semiparametric model
log(l - Pl(t‘da’ta'a Xv Z)) = - (XTW(t) + g(’% Z7 t)) )

where X = (1,21,...,2p) is a (p+1) x 1 vector, g is a known function
which is differentiable with respect to vy, Z is a g1 x 1 vector and ~ is
a g2 X 1 vector. How would you estimate the parameters of this model
based on estimating equations as above?
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Marked point process models

In biomedical research one often encounters responses and covariates col-
lected over time for independent subjects. These types of data are called
longitudinal data. When evaluating the effect of growth-hormones on hu-
man growth for example, the typical design consists of following a group
of patients with different treatment regimes over time. In this case the re-
sponse is their height or growth velocity and the purpose of the study may
be to describe the treatment effect possibly corrected for other potentially
important factors.

Longitudinal data can be described as a marked point process. This is
simply a matter of considering the triplets consisting of the responses, the
observation times and covariates as a collection of timings and marks (re-
sponses and covariates). In this chapter we shall look at models that de-
scribe the relationship between a set of covariates and the response. This
section is intended as a brief illustration of how models similar to those
presented earlier can be formulated as models for the mean of the response
in a longitudinal data setting. We shall consider the time-varying additive
models where the mean of the responses at time ¢ given covariates can be
written as

X5 (0)B(1) + X7 (t)r,

where X (%) is a p-dimensional time-dependent covariate, 5(t) is a p-dimen-
sional regression coefficient function of locally integrable functions, X (t)
is a g-dimensional time-dependent covariate vector and =y is g-dimensional
vector of regression coefficients that does not depend on time. Some covari-
ate effects are thus time-varying and others are assumed to be constant. For
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this model we will show how one can estimate the cumulative regression
coefficient functions B(t) = [ 8(s)ds and the regression coefficients v us-
ing techniques very similar to those applied for the Aalen additive hazards
model studied in Chapter 5.

The model where v = 0 has been receiving a lot of attention recently, and
some key references include Hastie & Tibshirani (1993), Brumback & Rice
(1998), Fan & Zhang (1999, 2000b,a), Wu et al. (1998), and Hoover et al.
(1998). These papers take a more classical smoothing based approach for
estimating the time-varying regression coefficients in contrast to our direct
estimation of the cumulative regression coefficients.

Example 11.0.1 (CD4-data)

The AIDS dataset described, for example, in Huang et al. (2002), is a subset
from the Multicenter AIDS Cohort Study. The data include the repeated
measurements of CD4 cell counts and percentages of 283 homosexual men
who became HIV-positive between 1984 and 1991. Details about the design,
methods and medical implications of the study can be found in Kaslow et al.
(1987). All individuals were scheduled to have their measurements made
at semi-annual visits, but, because many individuals missed some of their
scheduled visits and the HIV infections happened randomly during the
study, there are unequal numbers of repeated measurements and different
measurement times per individual.

These data have previously been analyzed by Fan & Zhang (2000a),
Wu & Chiang (2000) and Huang et al. (2002) who all considered varying-
coefficient models. Their analysis aimed at describing the trend of the mean
CD4 percentage depletion over time, and to evaluate the effects of cigarette
smoking, pre-HIV infection CD4 percentage and age at infection on mean
CD4 percentage after the infection. The model they considered was

E(Z(t)| X1, X2, X3) = Bo(t) + 1(t) X1 + B2(t) X2 + B5(t) X3,

where X is 1 or 0 if the individual ever or never smoked cigarettes, respec-
tively, after the HIV-infection; X5 is the centered age at HIV-infection and
X3 is the centered pre-infection CD4 percentage. O

We now describe how the longitudinal data may be considered as a
marked point process. The longitudinal data for the 7th subject, i = 1,...,n,
is denoted by

(TF, 28, X,(1)) (11.1)

where T is the time-point for the kth measurement ZF of the longitudinal
response variable, and X;(t) is a time-dependent piecewise constant or de-
terministic (given past information) covariate (¢ x 1) associated with the
ith subject. The covariates can reflect internal information such as the time
since the previous measurement and the previous level of response as well
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as external information in terms of other covariate information such as sex
and treatment. We assume that we observe n independent subjects over
the time-period [0, 7] from the generic model described below.

The (T}, ZF) constitutes a marked point process, T being the kth jump
time and ZF the associated mark. The marks (ZF) take their values in the
measurable space (E, £) referred to as the mark space. In the longitudinal
data setting the mark space is equivalent to ® with the Borel o-field.

To each A; € £ there is associated a point process

Ni(t)(Ai) =Y Lizrean k<t
k1

with N;(t) = N;(t)(E), i =1,...,n, denoting the basic point processes. The
marked point processes can also be identified by their respective induced
counting measure p;(ds x dz;) defined by

pi((0,t] x A;) = Ni(t)(4:), A €€.
We consider a history F, = F} V -+ V FJ* such that
FioF, >0

where FF " is the history generated by the ith marked point process. The
pi(ds x dz;) admits the (P, F,)-intensity kernel \i(dz;) = \i(t)®%(dz;), i =
1,...,n, that is, \;(t)®%(A;) is the intensity of the point process N;(t)(A4;),
A; € €. The history

o{TH ZL1 <1<k —1,TF (Xi(t) : t <TF)} (11.2)

of all observations up to and including T} is denoted by }"}k; An impor-

tant relation is

e (Ai) = P(Z} € Ai| Fp ),

that is, ®! is the conditional mark distribution given the past up to and
including the time-point where the mark is obtained.

The key point of marked point process theory here is that cumulating
the responses (and more generally predictable functions of the response)
over time gives rise to a martingale decomposition, where the compensator
involves the conditional distribution of the responses given the accrued
information up to that point in time. To be more specific, let H; be a
Fi-predictable process (determined by the past), see Section 2.4, then the
marked point process integral

t
//Hi(s,zi)pi(dsxdzi),
o JE
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which is nothing but the sum

ZHi(Tf, ZEHITE <),

may be decomposed as

/Ot Ai(s) (/EHi(s,zi)@i(dzi)> d8+/0t/EHi(s,zi)qi(ds><dzi),

where ¢;(dt x dz;) = p;(dt x dz;)— \; (£)®%(dz;)dt is a martingale. We assume
that the intensity A;(¢) can be written as Y;(t)«;(t) where Y;(¢) is an indica-
tor variable keeping track of whether or not subject i is still at study at time
t, and «;(t) is a deterministic function given the accrued information up
to time t—. This assumption formally restricts the model to measurement
times that are varying continuously in time. Although the methodology
may be extended to deal with a mix of fixed measurement times and ran-
domly varying measurement times we here consider only the case where
the measurement times come from an absolute continuous distribution or
at least where it is reasonably such a model as an approximation.

Example 11.0.2 (Two sample situation)

Assume for the moment that we have only one measurement per subject and
that they are naturally divided into two groups. Denote data by (Z;;, T;)
where index j = 1,2 identifies group, and 7 = 1,...,n; are the subjects
within groups, and n = n; + ny are the total number of subjects. Let

E(Zi;|Ti; =t) = /Ezijq)ij(dzij) = B;(t),

be the mean value of the response in the jth group at time ¢. Assume
further that there is no difference between the groups with respect to how
measurements are sampled over time, and let «(t) denote the sampling
hazard. We here initially assume that the sampling hazard is equivalent
for the two groups and below return to the situation where the sampling
hazard depends on group status and more generally covariates. Suppose we
want to test the hypothesis

Ho : ﬂl(t) = 52(15) for all ¢t.

Let Bja(t) fo Bj(s)a(s)ds and Ba( f B(s)a(s)ds, where (3(t)
denotes the common Value of 01 (t) and ﬁg( ) under the hypothems. Let

further
nj
=3 1<)
i=1
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and
Y..(t) =Y (t) + Yea(2).

We have the decomposition
> /E zigpij (dt X dzig) = a(t)Ye; (H)dB; () + / 2i5qi; (dt x dzij),
i i VE
and under Hy

Z/ ZijPij (dt X dZZ]) = Oé(t)Y-(t)dB(t) + Z/ 2ijQij (dt X deJ)
i VE ij ' E

leading to the estimators

Z/ / ZZJ plﬂ t X dzzg Z YZZ I T;j < t),

— Y.(T3)
= Z/ / “ pu(dt x dzig) => Zij I (Tij <t).
i 70 g Y- (s) i Y..(Ti;)
Let By (t fo ), J(t) = I(Y.1(t) > 0). We may now construct

test StatlStICb babed on
t
R(t) = / w(s) d(B1a — B1a)(s),
0
which, under Hy, has compensator
t t
/ w(s)J(s)a(s)dB(s) — / w(s)J(s)a(s)dB(s) = 0.
0 0
In the above two displays, w(t) denotes a weight function. Thus, under Hy,
t A ~
Rt) = [ w(s) dBro = Bro)(s)
= Z/ / Zﬂ )QZl (dt X dzu)
- Z/ / Z” )qw(dt X dzij;)

=M(t),

which (properly normed) converges to a Gaussian martingale. The asymp-
totic variance may be estimated consistently by the quadratic variation
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process
1 1 2
0 = ST T (. ) = yryy) 100 <
=Y () (L) (Z)? (1TZ_2)I(TZ»2 <.

A natural test statistic is

R*(r)/[M](r)

which, under Hy, is asymptotically x2(1). One may also perform a supre-
mum test that rejects at level a by

sup |R(1)[M] ()2 ([M](r) + [M](t) "] = da,

t<t o
where d,, is the (1 — a)-quantile in the distribution of

sup |BY(t)],
te(0,1/2]

see Chapter 2 for selected values of d,. If the sampling intensities are ex-
pected to be different between groups then this should be reflected in the
above test statistic. We return to this in Examples 11.1.3 and 11.4.1. O

11.1 Nonparametric additive model for
longitudinal data

Consider the situation where several covariates are present, denoted by
X;(t) (¢-dimensional) for the ith subject. In the following we develop mod-
els for the conditional mean

mi(t) = /E 2P (dz)

of the longitudinal response given the accrued information. Throughout it
is assumed that the variance function o?(t) = [,(zi — mi(t))?®}(dz;) is
independent of i. Most of the considered estimators does not utilize this
assumption about the variance of the responses, so results are valid even
with more flexible models for the variance of the responses.

Our focus is on models that allow for time-dependent effects of the co-
variates. To enhance estimation and inference some structure on the models
is needed and we impose the additive structure:

m;(t) = Bo(t) + Br(t) Xir(t) + - 4 Bq(t) Xig (1), (11.3)
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where Bo(t), ..., B4(t) are unspecified locally integrable time-dependent re-
gression functions. The above additive model will often give a good fit to
data since it is a first order Taylor expansion of a general conditional mean
function around the zero-covariate, but we note that other models may also
be relevant, see e.g. Cheng & Wei (2000).

The above conditional mean model may also be written as

E{Z(T})|Fpr_} = Bo(TF) + Br(TF)Xir (TF) + - + By (TF) Xig(TF),

where the history we condition on, see (11.2), contains the accrued infor-
mation about the particular subject up to and including time-point T}F.
Notice the resemblance of model (11.3) with the Aalen additive model de-
scribed in Chapter 5. The nice feature of these two models is that the effect
of the explanatory variables are allowed to change with time hence accom-
modating, for example, for a situation where a time-dependent treatment
effect is suspected. As is the case for the Aalen additive hazards model
it turns out that it is easy to estimate the cumulative regression functions
B(t) = fot B(s)ds, where B(t) = (B1(t), ..., B4(t))T. We shall see in a moment
that these appear very naturally in the compensator for a certain marked
point process constructed by cumulating the responses over time. To begin
with we assume a covariate independent sampling hazard «(t). Cumulating
the responses for the ith subject gives the following decomposition

Zk:ZfI(Tik <t) z/ot/EZipi(dS X dz;)
= /Ot a(s)Yi(s)ms(s) ds + /Ot /E zi qi(ds x dz;)
:/Ota(s)Y;(s)XiT(s) dB(s) +/0t/Ezi qi(ds x dz;),

where
XE(t) = (1, X (t), ..., Xig(t))
for i = 1,...,n. Collecting these n equations in one vector equation, we
obtain
t t t
/ / D(2) p(ds x dz) = / a(s)Y () dB(s) + / / D(2) q(ds x d=)
o JE 0 o JE

(11.4)
where z = (z1,...,2n), D(z) = diag(z),

p(dt x dz) = (p1(dt x dz1),. .., pa(dt x dz,))T,

Q(dt X dZ) = (QI(dt X d21), e ~aqn(dt X dzn))Ta

and Y (t) = (Yi;(t)) is the n x (¢ + 1)-matrix with ith row, i = 1,...,n,
given by Y;(t) XTI (t).
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Writing (11.4) on differential form

/D p(dl x dz) = a(t)Y /D o(dt x d2),

where E([,, D(z)q(dt x dz)) = 0, motivates least squares estimators for

B(t) on the form
_ /t/ T) 3y (5)D(2) plds x d2) (11.5)
o Jg d&(s)

where G(t) is an estimate of a(t), Y~ (¢) is a predictable generalized inverse
of Y (t). One choice of generalized inverse is

Y1) = (Y)Y ()Y ()"

Using (11.5) we need to specify an estimate of «(t). For simplicity we
suggest to use a kernel smoothing estimate, that is, we let

1 t—s, 4
:%/Kummmw
where A(r) = [ .4, dN-(s), Ya(0) = 5,50, No(t) = 55, Ni(o), K s

a bounded kernel functlon with support [—1, 1], and b,, is the bandwidth.
The properties of the estimator (11.5) are stated below.

Theorem 11.1.1 Assume that a(t) is continuous differentiable and bounded
away from zero on [0,7], &(t) is uniformly consistent and b, — 0, n*/2b? —
0. Then, under regularity conditions,

n1/2(B—B)2>U as n — 0o

in D[0,7]9"1, where U is a zero-mean Gaussian martingale with variance
function ®(t).

PrROOF. Let B*(t) = fo s)ds. Under the regularity conditions

stated in Martlnussen & Schelke (2000) it may be seen that n'/?(B — B)
and n'/?(B — B*) have the same limiting distribution. Now,

n*?(B — B*)(t) =A(t) (11.6)
sl [ 506 dCAGs) - A

a(s)
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and where A(t) = fot Y.l(s) dN.(s) and A(t) = Jo G&(s) ds. Interchanging
integration order in fot &(s)ds and using a Taylor expansion, it can be
seen that

sup (A(t) — A(t)) = Op(b7,).

te[0,7]

Hence, the last term on the right-hand side of (11.6) converges uniformly
to zero in probability. We may write A(t) as

ORI iES;Y—(s)(D(z)—Y(S)Y(s)ﬁ(s)a)q(dsxdz) (11.7)

S

where g(ds x dz) = (q1(ds x dz1),...,qu(ds X dz,))T and @ is the 1 x n-
vector (1,...,1). We may replace &(t) by a(t) in A(t) and still obtain the
same limiting distribution, this is a consequence of for example Lenglart’s
inequality when we use a predictable version of &, otherwise the analy-
sis becomes more complicated. The jth component of A(t) may then be
written as

) - - ¢ n71/2J(3) ()2 — 51‘(3) (ds -
=30 [ [ a0 Wi = T atas xaz)

= ZMi(Hz'j)(t)»

where
oy =28 o Bils)
Hi](tv 1) Oé(S) (‘/ﬂ( ) T Tlilyv-(s))
with Vji(t) = S0 ((n "R®) (1)) ;,'Ya(t) and with R®(t) = YT ()Y (t).

To identify the asymptotic variance, we compute the predictable variation
process of A(t) (suppressing the dependency of time in the integrands)

P t n
J, _ 1, - _ _
Q5800 = 3 [ @ RO RO S Vi
I,m=0"0 i=1
pY.Y- ) d BB
X(Z iYigBrBg +07)) ds — , an~lY. 5

f,9=0
which converges in probability. We will now turn to the Lindeberg con-

dition in the martingale central limit theorem. The process containing all
the jumps of Aj(¢) larger in absolute value than € is given by

80 =3 [ [ b o V= )

172 1 ($)z Bi(s) o (ds N
X ]( 05(5)“/”( ) 7 n*lY.(s)‘ > )ql(d X d 7,)_
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The predictable variation process for Aj.(t) is

W= [ [ wien- S )

x I(n~'/? a(ls) |Vii(s)z: — n—ﬁfi(jzs) | > €)@ (dz;) ds

and we have to show that (A )(t) 20 asn — oco.

By applying the elementary inequality
(a—b)*I(Ja —b| > €) < 4a’I(|a| > €/2) + 4b*I(|b] > €/2)

twice, it may be seen that

#16 [ G S VA I(@GE > ¢/4) ds

COBE e b B L g
1 aori O gy () > /204

where c1 and cp are (finite) constants. Again, under regularity conditions,

it may be seen that (A;)(t) 2 0 asn — oo, and this completes the
proof. a

The variance-covariance matrix of the limit distribution of n'/2(B — B)
may be estimated consistently by the quadratic variation process

A(t) is the main martingale term of n'/2(B — B), see (11.7) above.
We now consider a worked example that illustrates the use of the esti-
mators.

Example 11.1.1 (CD4-data)

Consider the data introduced in Example 11.0.1 on post-infection CD4
percentage. To begin with we consider the conditional mean model

mi(t) = Bo(t) + B1(t) X1 + B2(t) Xz + B3 () Xis(t),

where X is smoking, X5 is age at HIV-infection and X3(t) is the at time ¢
previous measured response. Both X5 and X3 were centered around their
respective averages. The above model may be fitted using the function
dynreg of timereg as shown below.
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FIGURE 11.1: CD4-data. Estimated cumulative coefficients functions for
the baseline CD4 percentage and the effects of smoking, age and previous
response. Curves are shown along with 95% pointwise confidence limits and

95% Hall-Wellner bands

age.c<-age-mean(age)

cd4.prev.c<-cd4.prev-mean(cd4.prev)
indi<-rep(1,length(cd4$lt))
fit.cd4<-dynreg(cd4~smoke+age.c+cd4.prev.c,data=cd4,
Surv(lt,rt,indi) "+1,start.time=0,max.time=5.5,id=cd4$id,
n.sim=500,bandwidth=0.15,meansub=1)
plot(fit.cd4,hw.ci=2)

vV + + V V Vv VvV

The plot command gives the estimated cumulatives along with 95% point-
wise confidence intervals and the 95% Hall-Wellner band. O

An important technical requirement to obtain the above asymptotic re-
sult is that we have to undersmooth when estimating «(t). The optimal
bandwidth bn,opt (for a kernel smoother) is is of order n~/5 such that it
balances the effect of the “squared bias term” and the “variance term” of the
mean integrated squared error term in an optimal way. We have, however,
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to require that n'/262 — 0 and therefore that b, converges faster to zero
than b, opt-

Example 11.1.2 (Smoothing and choice of bandwidth)

Consider the standard i.i.d. regression data set-up consisting of i.i.d. sam-
ples from the model

where €; are zero mean with variance ¢ and 7T is non-negative positive
with density f(s). The Nadarya-Watson estimator of m is given as

i Ky(x=T)

where K (t) = b= K(t/b). Define H(z) = [/ m(t)dt and H(z) = Jy m(t)dt.
Scheike & Zhang (1998) showed that if the bandwidth b satisfies that
n/2p? — 0 it follows that n'/2(H(x) — H(x)) converges to a Gaussian
martingale with variance function ®(z) = [" 02(s)/f(s)ds.

To estimate m(z) (for twice continuously differentiable m) the asymp-
totically optimal bandwidth is

b(x) = (V(x)/(4L%(x)))/on~1/%,
where the bias is

L(x) = dgc(m" () f (x) + 2m(2) f'(2)) /(2 (2))

and the variance is
V(z) = cxo’(x)/f(x),

see, e.g., Hirdle (1990) or Simonoff (1996) for more details on plug-in band-
width selection.

In an unpublished report Scheike & Zhang derived the optimal choice of
bandwidth for estimation of cumulative regression coefficients. Based on a
higher order asymptotic expansion it follows that the optimal bandwidth
for estimating H(z) is given as

Vir(z) \/° .
br(x) = (4[2((92)) n=2/5
with

Ly(x) = /OS L(s)ds, Vu(zr)=ck /OI o?(s)/f2(s)ds.

Harboe & Scheike (2001) assumed that the mean of the longitudinal
response at time ¢ were on the time-varying regression form m(t, X) =
XT(t)B(t) and then estimated B(t) by local linear regression techniques
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as in Wu et al. (1998). These estimates were then combined to estimate

Bs(t) = fOT ﬁ(s)ds, and a uniform asymptotic description of the estimates
of the cumulatives was derived. Optimal bandwidth choice for estimating
cumulative time-varying regression coefficients models based on higher or-
der asymptotics should therefore also be possible and should have similar
structure to those given in the simple nonparametric regression case. [

In the one-sample situation, that is without any covariates, we get the
that the asymptotic variance of n'/2(B(t) — B(t)) is

t 2
/ o?(s) ds,
o a(s)y(s)

where y(t) is the limit in probability of n=1Y.(t), just as in the for the
nonparametric regression set-up we considered in the previous example.

Considering one component of the cumulative regression functions, B;(t),
say, one may now wish to test if this component is equal to zero. This is
done easily through the above Theorem 11.1.1. Let i)jj(t) denote element
(j,7) of ®(t). A simple test statistic that is useful if B; is monotone is

nl/2 Bj(T)
(i)l/Q(T)

Ji

)

which is asymptotically standard normal under the null.

Alternatively, when the studied regression functions are not consistently
positive or negative one may use a maximal deviation test statistic of the
process . R . R

&(t) = B (6) (D5 (7)) M2 (D55 (1) + y5(m)

which converges to a time-changed Brownian bridge. Therefore

sup |&;(t)]
te[0,7]

converges to the supremum of the limit distribution.

We now return to the two sample situation in a situation where the
sampling intensities may depend on group status. In the following section
that extends the models to semiparametric regression models we extend
this even further to allow the sampling intensities to depend on covariates.

Example 11.1.3 (Two sample situation (Continued))

Consider the two sample situation described in Example 11.0.2 but now
with the complication that the sampling intensities are different in the two
groups. Denote them by «;(t), j = 1,2. We still want to investigate the
null

Hy: Bi(t) = Ba(t) for all t.
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The decomposition
S [ st x dz) = s (V0B (0 + 3 [ sl x de),
—JE —JE
and under Hy

) /E 2igpig (At x dzi3) = (an ()Y (t) + aa(t) Yoo (£)dB()

+ E / Zijqij(dt X dZU)
— JE
7

lead to the estimators

B0 =3 | ], oy )

s Z/ a0 Loty < 25

where &;(t), j = 1,2, are obtained by smoothing the Nelson-Aalen estima-

tors
t
dN.;(t),
| vegio 0

where N;;(t) = I(T;; <t). One may now construct test statistics based on
t ~ ~
RO = [ wlo)d(By ~ Ba)(s),
0

where w(t) denotes a weight function, and Bi(t) = [
J(t) = I(Y.1(t) > 0). We may write

Bi(t) = /O J(s)dB(s)—i—Z /O /E (Ozzsgyﬁl(z)) gin (ds x dzi1) + Op(b%)

and

Bu(t) = /O J(s) dB(s)

' (zi5 — B(s))
' Z/o /E (61 (5)Yor () () Yen(s)) 99 (42 X 4532) + O ()

If we choose the bandwidth parameter such that n'/2b? converges to zero
then we may use the above decompositions to show that R(t) (properly
normed) converges to a Gaussian martingale. O
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11.2 Semiparametric additive model for
longitudinal data

The time-varying coefficient model described in the previous section pro-
vides a nice graphical summary of the time-dynamics of the covariates and
further allow for inference about the covariate effects. It is often of inter-
est, however, to consider semiparametric submodels. A relevant hypothesis
about the effect of a given covariate, for example, is whether in fact its effect
on the response changes with time or whether it is constant. In any case
it is always desirable to try to simplify models to obtain the most precise
description of the covariates effects on the response. A natural submodel
to consider is therefore

mi(t) = X5 (65" (1) + X5;(t)y (11.8)
where B(t) = (Bi(t),...,3,(t))T are unspecified locally integrable time-
dependent regression functions and v = (71,...,7,)? are unknown param-

eters. The covariate X;(t) is thus grouped into two subsets, Xg,(t), whose
effects are allowed to vary with time and X,;(t) whose effects are constant.

In some situations it may further not be reasonable to assume that the
sampling intensity for the ith subject Y;(¢)a(t) is independent of covariates.
Here one should keep in mind that the intensity is the conditional mean
of the increment of the counting process N;(t) that counts the number of
measurements given what has been observed so far for that subject. The
observed history for some subjects can imply that they are more eligible
to being measured. In such situations it may be more appropriate to let
the measurement intensity depend on covariates. We start by leaving the
intensity totally unspecified and later add some regression structure for the
sampling intensities.

The approach is as in the previous sections, that is, we decompose a
certain marked point process into its compensator and its martingale. The
measurement intensities will show up in the compensator and somehow this
should be accounted for when estimating the unknown quantities defining
model (11.8).

The ith marked point process Y, ZFI(TF < t) gives rise to the following
decomposition

/Ot/Ezipi(ds « dz) :/Ot)\i(S)mi(s)ds—&-/Ot/Eziqi(ds « dz),

and again collecting these n equations into one vector equation and writing
it in differential form gives

/ D(2) pldt x dz) =A(®)Y5(t) dB(E) + A@B)Y (£) dt
E

—I—/ED(Z) q(dt x dz) (11.9)
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where A(t) = diag(\i(t)), Ya(t) = (Yi(t)Xp1(t),...,Yn(t)Xsn(t))T, and
Y, (t) are defined similarly. Define also Y g(t) = A(t)Y3(t), and similarly
with Y)\g(t).

Suppose for a moment that the intensities \;(t), ¢ = 1,...,n, are known.

If we further assume that + is known then an obvious estimator of B(t)
based on (11.9) is

// p(ds x dz) / (s)Yay(s)v ds,

Y1) = (Y5 ()A0)Ys(2) 7Y ().
To obtain an estimator of v we apply equation (11.9) with dB(t) replaced
by dB(v)(t) resulting in

F= (/OT YVT(t)H(t)A(t)YW(t)dt> - /OT/EYVT(t)H(t)D(z)p(dt x dz),

(11.10)

where

where
H(t) =1-Y\s(t)Yy5(0).

Note that the estimator of ¥ may be modified to avoid Lebesgue integration

/TYWT(t)H(t) t)dt ~ /YT (t)diag(dN ()Y, (t). (11.11)
0

Note also that that H(t) is a projection on the orthogonal space spanned
by the columns of Yyg(t), and therefore

/H p(dt x dz) = H(t)A( dm+/H g(dt x d=),

which shows that difference between 4 and the true 7 is a martingale. Once
we have obtained the estimate of v using (11.10) we may then estimate B(t)
by BG)(1).

One problem remains, however, since the above estimators depend on
the individual sampling intensities, which are unknowns. One option is to
build a sufficiently flexible model for the intensities. Note that such a model
can be validated separately without involving the longitudinal measure-
ments using the techniques described in the earlier chapters. Martinussen
& Scheike (2001) applied the Aalen additive model while Lin & Ying (2001)
used the Cox-model. One may also take a fully nonparametric approach as
suggested by Sun & Wu (2005). To illustrate how the latter approach works
note that A(¢) may be seen as a weight matrix in the above estimators. For
example, in the expression for 4, we may rewrite

YT (O HMOADY, ()
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as

YL (0)A®Y; (1) - Y ()Y (0)A0Y5() Y5 (AR-)Y,(2).

Terms involving A(t), such as Y (t)A(t)Y,(t), may then be replaced by
kernel estimators as follows:

YL OADY: (1) = 30 M0 X5 X (1)
<y, /K(t L X)X ()M () ds
1 t—s T
=3, [ XX G

where K denotes a kernel and b a bandwidth. This approach is clearly ap-
pealing because it avoids any modeling of the sampling intensities that in
this context are nuisance parameters. On the other hand it is our experi-
ence that often very simple models will be able to describe the sampling
intensities, and the inferred estimators of (B(t),7) may have better small
sample properties borrowing strength from the model for the intensities. It
remains of course important to validate the intensity model.

Smoothing of the underlying sampling intensities can be avoided at a
price, as we indicate in the following example.

Example 11.2.1 (Testing and Estimation without smoothing)

Consider the simple nonparametric regression model with i.i.d. samples
from the two sample model

Zij =m;(Ti ;) + € J=12

where ¢; ; are zero mean residuals with variance sz and T; is positive
with density f;(s). As earlier we let n; for j = 1,2 denote the number of
observations within each group. Let the ordered design points within each
sample and their corresponding response values be denoted (T(; jy, Z(; j))
(Tti.g) < Tiir1.5))-

A Priestley-Chao type estimator of Bj(z) = f‘r

o mj(s)ds (Priestley &
Chao, 1972) is given by

n
Bi(t) =Y Z. Tty = Ta-1.) ] (Tigy <) + Ziagr,(t = Tiiz)
=1

for kK =1,2. Let also n = ny + no.
It can be derived (Scheike, 2000) that n;/z(éj(t) — B,(t)) converge to

a Gaussian martingale process with variance function 2 [ o3 (s)/ fj(s)ds.
When the design points are fixed the factor two disappears. The price for



392 11. Marked point process models

not doing smoothing is therefore that the variance is twice as big. Sun & Wu
(2003) extended this to the longitudinal data setting and gave a detailed
proof. a

In the following we outline the large sample properties of the estimators
(11.10) and B(7,t) assuming that the measurement intensities may be de-
scribed by Aalen’s additive intensity model. The Aalen additive hazards
model assumes that

Ai(t) = Yi(t) X5 (H)at),
where Y;(t) is the at risk indicator, a(t) = (ai(t),...,a.(t))T is a vector
of unspecified locally integrable time-dependent regression functions and
Xai(t) are covariates. As mentioned earlier this model will often provide
a good fit to data since it is a first order Taylor expansion of the true
intensity.

As mentioned earlier, the estimator of v may be modified avoiding Lebesgue
integration leading to

- —1
= (/0 YVT(s)H(s)dlag(Ya(s)Yaf (s)p(ds x dz))Y7(3)>
X /0 /EYWT(S)H(s)D(z)p(ds x dz)

using that Ya, () = diag(Ya (£)&(t))Y; (t) where for these expressions f(t) =
f(a,t) for a function f of «, and & is the estimate of o based on Aalen’s
model.

The asymptotic distributions of the estimators may now be derived under
the regularity conditions stated Martinussen & Scheike (2001). Under these
conditions it may be shown that

WG ) =02 [ [ e atdt < dz) + 0y n ),
0 E

where

Cr = ( /O ' /E Y () I (t)diag(Ya (£)Y, (p(dt x dz))YvOf))_
and
H, (t, Z) _ Y,YT(t)]:I(t) (D(Z) — diag (Yﬁ (t)ﬁ(t) +Y, (t)'}/) Yo (t)Ya_ (t)) :

Define an estimate H (£, z) of Hy(t, z) by replacing 5(t) and ~ by their esti-
mates. The variance of the above martingale may be estimated consistently
by

nClT/ /ﬁg(s,z)Tp(dsxdz)ffg(s,z)Cl.
0o JE
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The non-parametric components in the semi-parametric model are asymp-
totically jointly Gaussian

nV2(B(3)(t) — B(t)) =n'/? / / Ha(s, 2)q(ds x d=)
/ ()3 () ds /23 — ) + 020, (1),
where

Ha(t,z) = Yy5(t){D(2) — diag(Ys(1)B(t) + Y4 (t)) Ya(t) Yy (1)}

Again undersmoothing (b = o(n~1/%)) is necessary to get the remainder
term to disappear asymptotically. Thus implying that n'/2(B(t) — B(t))
is a Gaussian process (asymptotically) with covariance function that is
estimated consistently by (suppressing the dependency on (z,t) in the in-
tegrands)

//H3pdsxdz)H3+02( (//Hzpdtxdz) )Cg(t)
— Cy(t (//H3pdsxdz) )—(/0 /]Eﬁsz(dsxdz)fI;;)Cg(t)T,

where Cs(t) = nfot Y/\_ﬁ(s)YM(s) dsCh.

11.3 Efficient estimation

In the previous section, estimators of the parameters defining the condi-
tional mean of the longitudinal response were developed based on cumu-
lating the response variables over time. Doing so, the unknown parameters
appeared in the compensator, and, based on that, natural estimators were
developed. In this section we discuss how to obtain more efficient estima-
tors.

Assume that the conditional mean of the response is

mi(t) = X7 (H)B(t)
and that the measurement intensity is
\i(t) = Yi(t) Xos () a(t).

The estimator suggested in the previous section of B(t fo s)ds is

t—// ) p(ds x dz).
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This estimator has good properties after the responses have been subtracted
their overall mean, but the estimator is not location-shift invariant. There-
fore when the mean of the response is large, one can improve the perfor-
mance of the estimator by subtracting a quantity from D(z) (the responses).
Denote this quantity as f(t) an n x n matrix. To obtain a zero mean process
B — B, f must satisfy that f()Ya(t)a(t) = 0. A natural choice is

f(t) = DE@®)(I = Ya()Y, (1)) (11.12)

where E(t) = Ya(t)5(t). Lin & Ying (2001) subtracted fry () defined as
f(t) above where D(E(t)) is replaced by D(Y (t)), and where Y (¢) is the
mean of the responses closest in time to ¢ for all subjects. We will proceed
with (11.12) but before proposing the estimator, we give some arguments
on how the generalized inverse should be chosen. The differential of the
marked point process may (asymptotically) be decomposed as

| AT 0D) = @)t x az)

~ Ys(t) dB(t) + /E A1@0)(D(2) — DE®) q(dt x dz),  (11.13)
where ¢(dt x dz) are the basic marked point process martingales. The last
term on the right-hand side of (11.13) may be thought of as the error term
so an optimal strategy will be to weight with the inverse of the variance
of this term when computing the estimator. The variance is given by the
predictable variation, which is

ATHOA[)D(® (E)ATH(2),

where o%(t) = (0}(t),...,02(t)) is the variance of the responses. This ex-
pression for the variance depends only on the sampling intensities and the
variance of the responses. If f is replaced with another function there will
be a bias component additional to the variance of the responses.

Supposing variance homogeneity leads to the estimator
t
B0 = [ [ V606 - f(s) plds x do), (11.14)
o JE

where }A/Ajg(t) = (YBT(t)IA\(t)Yg(t))_lYﬁT(t). If there is different variances
across subjects this should be reflected accordingly in the above estimator,
but will not be pursued here. The above estimator has a variance that only
depends on the design and the residual variation of the responses. The esti-
mator is, however, still only asymptotically location-shift invariant. To get
an location-shift invariant estimator we use the asymptotically equivalent
estimator to (11.14):

B(t) = /0 [E V1,(5)(D(2) — D(E()) p(ds x dz) + /O B(s)ds, (11.15)
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where E(t) = Y3(t)5(t) and 3(t) is an initial estimator of 3(t). This esti-
mator will typically have better small sample properties than (11.14).

For normally distributed errors one may show that (11.15) is in fact
asymptotically efficient. The derivations of this is outlined in the following
note.

Note. Normally distributed errors

The estimator (11.15) may be derived from the efficient score approach
(Bickel et al., 1993) in the case of normally distributed errors. Assume
that the covariates X; are time independent and that Z; | X;, T3 = t ~
N(E;i(t),0%(t)) with E;(t) = X5,8(t). Let gfj (t) = b(t). The normed score
operator for (3 is

B 712/ /( Xﬁl )Xgib(t)pi(dtxdz).

Given an initial consistent estimator, 3(t), of 3(t) we obtain

i (b) =n Z// bT(t)Xm(Z _jié)ﬁ(t))pi(dt « d2)

-y / o2 ()b (1) X3s X 5;Yi (D) i () dB(t)

i 0

DY /T o2 (1" (1) X Xg: B Yi(D) (1) dt + Q

i 0

where
n! Z/ / () X5 X5 (B(t) — B(t))qi(dt x dz).

If either 8 is assumed predictable or of bounded variation it follows by
Lenglart’s inequality or by Lemma 1 of Spiekerman & Lin (1998) (see
Chapter 2) that Q converges to zero in probability. Set i,,(b) = 0 and solve
for B(t), ignoring the lower order term Q, gives

/ Za 1) X5 X 5 Y (0N (t)dB(t)

/ /ZX&( jgﬁz)ﬁ())pi(dtxdz) (11.16)
+/ 03 OXXEXON DB di
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Substituting

ho= /Ot <Z XﬁngiYi(sp\i(s)) ) </E zl: Xpi(z = X3:0(5))pi(ds x dz)
+ Z X X3:Yi(s)Ni(s)B(s) ds)

_ /O ' /E (YTAYS)"'YT (D(2) — D(E))p(ds x dz) + /0 B(s) ds

into (11.16) gives a solution for any function b which is equivalent to
(11.15) when estimates replace the intensity. We now also compute the
information bound for B.

The score operator for § for the generic model is

/ / Z_XTB N XThp(dt x d2)
/ / Z_XT ) XTo(t)g(dt x d2)

where we have dropped the subscript 8 from the design X. The score
operator, K, is composed of the two operators K = LR:

La_// Z_XTﬁ Na(t, X)q(dt x dz)

and Rb = X7b. We need to find the efficient influence operator K (K™ K)™!
Since

(a, LT LbY = (La, Lb) = EX / a(T, X)b(T, X)Y (YA (t)o>(2) dt)

= E(/a(T, X)b(T, X))o %(t) dN(t))
= E(a(T, X)b(T, X)o *(T)) = (a,bo "2,

we have LTL = 0721, and hence K(KTK)™' = o?LR(RTR)™!. Also,
since

(Rb,¢) = B(XTb(T)c(T, X))
=E0®" (T)E(Xc(T,X)|T)) = (b, E(Xe(T, X) | T)),
the adjoint operator R” is given by R¥¢(T) = E(Xc(T, X) | T). Therefore
RTRb(t) = E(XX"b(t)|T =t) = BE(XX"|T = t)b(t),
which implies
(R"R)'b(t) = [E(XXT | T = t)] "b(t).

We have now calculated the efficient influence operator K (K7 K)™' and
it only remains to evaluate the operator at the gradient of B. Proceeding
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as Sasieni (1992b), it is seen that efficient influence operator should be
evaluated at the scalar function h(-) = 1jo.4(-)/fr(-) where fr denotes
the marginal density function of T. The efficient covariance function is
thus given by

(K(K"K)"'h) = (h,o*()(R"R)"'h)

(@*()/fr(NEXXT|T =5)] " ds

/O' o2()[EO(s)XXTY ()] " ds (11.17)
since E(XXT|T =t)fr(t) = EQ@®)XXTY(t)).

For the semiparametric model

mi(t) = X5;(8)B(t) + XJ;(t)y

the improved estimators are also one-step type estimators. Let (5(t),7)
denote the preliminary estimators. The parametric part of the model is
estimated by

=0 [ [ TEEGA (D) - DEE)) pds xd2) +3, (1118)
0 E
where

G(t) = 1= Ys(t)Yy (1)), Y (t) = (VF OA@Ya(0) Y (1),

and E(t) = ng(t)ﬁ(t) + X.,:(t)¥ and
C, = ( /0 ’ Y,YT(S)D(YQ(S)YQ(S)dN(s))G(s)Y.y(s))_ ) (11.19)
The nonparametric component of the model is estimated as
BOW = [ [ V5 @A (0D = DEE) s x a2

+AB@@+@@W—%

11.4 Marginal models

One key assumption in the above derivation of estimators and for the sug-
gested estimators of their variances in particular was that certain martin-
gales appeared. The martingale structure appeared because the considered
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mean models where conditional on the entire past available at that point
in time. Such an approach may be inappropriate in some situations. For
example consider a two sample situation with longitudinal measurements
on each subject (more than one measurement per subject). If the primary
interest is to compare the profiles of two samples, then the conditional
mean of a response (at time t) given the available history is of little use in
this respect as it will most likely involve previous observed responses. In
this situation one should condition on only a part of the history namely the
information to which sample the individual belongs to (Pepe & Couper,
1997). Cousider therefore the following marginal model:

B(Z(0)| X0, X,(0) Y1) = 1) = XF OB+ XT (1), (11.20)

where we only condition on the covariate values at time ¢ and that the
subject is at study. A similar approach is taken with respect to the mea-
surement intensity. Aalen’s additive model is assumed for the conditional
mean of the true intensity given covariates at time ¢. Letting the intensity
of the sampling times for a subject be denoted ¢(t), we assume

A(t) = BE(¢(0)|Y (1), Xp(t)) = Y (1) Xo (H)a(t)

with a(t) = (a1 (t), ..., au(t)T

The primary message of this section is that we compute estimators as if
we have conditioned on the entire history but inference needs to be carried
out differently as we can no longer appeal to martingale calculus.

A key property when developing the estimators in the previous section is
that the compensator of the considered marked point processes is a prod-
uct of a term only involving the measurement intensities and a term only
involving the parameters of interest. This structure arises naturally when
conditioning on the whole past. To ensure a similar structure now where
we only condition on a part of the history we need the following conditional
independence assumption

E(mi(8)i(t)| Xpi(t), Ya(t)) =E(mq(8)[ Xpi(t), Yi(t))x (11.21)
E@i(t)[Xpi(t), Yi(t))-

With this assumption

B / Yy (5)(D(2) - f(s)) p(ds x d=)) / m(s)ds)

/J

where J(s) is one when the inverses can be calculated and zero otherwise.
When the level of the response and the sampling intensities are correlated
the marginal models will not result in the same product as ®(t)m(t). The
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consequence of assumption (11.21) is that when there is some interaction
between the sampling times and the responses this interaction must be
included among the considered covariates Xgs. In other words the partly
conditional mean model must be sufficiently large to make the sampling
times and the responses conditionally independent.

Under regularity conditions and the above assumption (11.21) it may be
shown that n'/2(4 — v) is asymptotically normal with a covariance matrix
that is estimated consistently by

n Z €1,i(7, &)‘8’2
where
erilty) = / ' /E Yi(5) 2 (5) (X1(5) — (i ()T Vap(5)) (Fap(5) T Vag (5)) !
X Xgi(s))(z — Ei(s))pi(ds x dz) (11.22)
with E;(t) = X7, (6)8(t) + X (t)y.

The asymptotic distribution of n'/2(B(t)— B(t)) is asymptotically equiv-

alent to N
n1/2 Z 62,i(t7 v, B)
i=1
where
€2 z(t ’YaB —631 t y s ) CQ( )01 €1 Z(T 'Y)

e3i(t,v, B / / (Yag(s)" Yap(s) 71 Yi(8)Xpi(s)A; ' (s)
— E;i(s))pi(ds x dz).

Therefore, under regularity conditions, it follows that n'/2(B(t) — B(t))
is a zero mean Gaussian process with a covariance function, that can be
estimated consistently by

TLE 62Z

The asymptotic distribution of n'/2(B(t) — B(t)) is further equivalent to

n'/2Y " es(t, 4, B)G;
i=1

where G; are independent standard normals. This may be used to imple-
ment tests and make uniform confidence bands.
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Example 11.4.1 (Two sample situation (Continued))

Consider the two sample situation described in Example 11.0.2 and 11.1.3 in
the situation where the sampling intensities are different in the two groups,
and now also where there are more than one measurement per subject.
Since the interest centers on comparing the longitudinal profiles of the two
groups the conditional approach taken in the two earlier examples is not
appropriate here as the conditional mean of a response given the history
should most likely involve earlier obtained responses.

In this example we hence have that 3;(t) and «;(t), j = 1,2, are the
marginal mean functions and rate functions, respectively, but the estima-
tors are as described in Example 11.1.3. Recall that the number of subjects
in each group are given as n; and no, respectively and that n = ny + ns
such that n;/n — p; for j = 1,2. We still want to base tests on

R(t) = / w(s) d(By — Br)(s).

where

Z / / dals pzl(dtxdzﬂ)

Z/ / (éa (s izojz( ¥ (s)) P 0 X E2is):

see Example 11.1.3 for further explanations. The asymptotic distribution
hinted at in that example (based on martingale calculus) is, however, no
longer appropriate.

To obtain the limit distribution we need essentially an i.i.d. decomposi-
tion of the involved processes. The independence across subjects will then
give us an estimator of the variance-covariance matrix. Write first

nV2(By (1) — /O J(s)dB(s)) = n~1/2

Z/Ot &1(5)7;15,.1(8) </E zapir(dt X dzi1) — &1(5)3@1(5)J(s)dB(s)> .

One may show that limit distribution of the quantity in the latter display is
unaltered by replacing a1 (t) and n=1Y.1(¢) by a1 (¢) and y; (t), respectively,
where y; (t) denotes the limit in probability of n_1Y1( ). Doing SO we then
have the wanted i.i.d. decomposition. Similarly, n'/2(By (¢ fo
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may be decomposed as

71/22/ (15 (/ z“pﬂ(dtxdzﬂ)—dl(s)m(s)J(s)dB(S)>

+n71/2z / (13 ( / zigpig(dt><dzig)—dg(s)Yig(s)J(s)dB(s)>,

where f(t) = d1(t)n~ 1Yy (t) + do(t)n~'Yea(t). Again we may replace é;(t)
and n~1Y.;(t) by a;(t) and y;(t), j = 1,2. We therefore have the following
i.i.d. decomposition

n'2(Bit) - Bu(t) = ) Qi(b), (11.23)

where Q;;(t) = Qi (t, o1, a2, Y1, Y2, dB*) with B*(¢ fo . The
variance-covariance matrix of the right-hand side of (11. 23) may therefore

be estimated by
> QFW),
]
where Qij(t) = Qij(t,&l,&g,n_lY.l,n_lY.Q,dB). (I

Example 11.4.2 (CD4-data)

Consider the data introduced in Example 11.0.1 on post-infection CD4
percentage. We consider the marginal model

m;(t) = Bo(t) + B1(t) Xi1 + P2(t) Xiz + B3(t) Xis,

where X7 is smoking, X5 is age at HIV-infection, X3 is the pre-HIV infec-
tion CD4 percentage. Both X5 and X3 were centered around their respec-
tive averages. Before analyzing the above marginal mean model we take a
look at the sampling rates, considering the model

Ai(t) = Bo(t) + Br(t) X1 + Ba(t) Xia + B3(t) X3,

which is analyzed in R as follows (running 2000 simulations to get variance
estimates).

> age.c<-age-mean(age)

> precd4.c<-precd4-mean(precd4)

> rate.fit<-aalen(Surv(lt,rt,indi) “smoke+age.c+precd4.c,data=cd4,
start.time=0,max.time=5.5,id=cd4$id,n.sim=2000)

> plot(rate.fit,sim.ci=2)
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FIGURE 11.2: CD4-data. Estimated cumulative rate coefficients functions
for the baseline CD4 percentage and the effects of smoking, age and pre-
HIV infection CD4 percentage. Curves are shown along with 95% pointwise
confidence limits and a 95% simulation bazsed band

It is seen from Figure 11.2 that there is little indication of any covariate
dependency of the rate function, and we proceed with the ordinary Aalen
multiplicative model. We turn to the marginal mean model using the Aalen
multiplicative model for the rates.

> mfit.cd4<-dynreg(cd4~smoke+age.c+precd4.c,data=cd4,

+ Surv(lt,rt,indi) ~+1,start.time=0,max.time=5.5,
id=cd4$id,n.sim=2000,bandwidth=0.2)

Nonparametric Additive Model

Simulations starts N= 2000

> summary(fit.cd4)

> plot(mfit.cd4)

Test for time invariant effects:

sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 9.610 0.0000
smoke 4.920 0.0510
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FIGURE 11.3: CD4-data. Estimated cumulative coefficients functions for
the baseline CD4 percentage and the effects of smoking, age and pre-HIV
infection CD4 percentage. Curves are shown along with 95% pointwise con-
fidence limits

age.c 0.335 0.0615
precd4.c 0.195 0.2640

Figure 11.3 and the above tests for time-invariance indicate that it seems
appropriate to consider the following semi-parametric model

m;(t) = Bo(t) + B1(t) X1 + B2(t) Xiz + 72 X3,

with constant effect of pre-HIV infection CD4 percentage.

> mfitl.cd4<-dynreg(cd4~smoke+age.c+const(precd4.c) ,data=cd4,
Surv(lt,rt,indi) ~+1,start.time=0,max.time=5.5,
id=cd4$id,n.sim=2000,bandwidth=0.2)
> summary (mfitl.cd4)
Test for time invariant effects:
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t
(Intercept) 9.45 0.0000
smoke 5.08 0.0285
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age.c 0.40 0.0170
Parametric terms : const(precd4.c)
Coef. SE Robust SE z P-val
const (precd4.c) 0.363 0.0305 0.0654 1.190 0.234

This suggest that there is a significant indication of the effect of smoking
and age being time-varying while there is significant constant effect of pre-
HIV infection CD4 percentage with point estimate 0.363 (0.065). There
appear to be no effect of smoking the first three years or so and then those
who ever smoked seem to have a higher CD4 cell percentage, see Figure
11.3. The age effect generally decreases and is more pronounced as time
proceeds. O

To give a further illustration of the methodology we now consider the
CSL-data.

Example 11.4.3 (CSL-data)

The CSL1 study were conducted by the Copenhagen Study Group for Liver
Diseases (Schlichting et al., 1983). This was a randomized clinical trial
where the patients were given either prednisone or placebo. During the pe-
riod 1962-69, 532 patients with histologically verified liver cirrhosis were
included in the trial. In 488 patients the initial biopsy could later be re-
evaluated, and we consider only data for these patients. The patients were
followed from the date of entry into the trial to death or the closing date of
the study, 1 September, 1974. A number of clinical and biochemical vari-
ables were registered during the study period. As an illustration, we focus
on the variable prothrombin index, which is a measurement of coagulation
factors II4+VII+X produced by the liver. The range of the prothrombin
index in the present dataset is from 6 to 176, where a prothrombin in-
dex above 70% is “normal”. The number of measurements of prothrombin
index for the subjects varies from 1 to 18. The time period that we con-
sider here is the first three years after treatment, which include 70% of the
measurements.

It was planned to take measurements at entry, three, six and twelve
months after start of treatment and thereafter once a year. Nevertheless,
the observed measurement-times cover the whole period. We start by con-
sidering a marginal nonparametric model for the current prothrombin in-
dex, including sex, age, treatment and a baseline prothrombin index as
covariates. Before running the marginal mean model we consider the rate
function using the covariates listed above.

rate.fit<-aalen(Surv(lt,rt,indi) “treat+prot.base+sex+age,data=csl,
start.time=0, max.time=3,n.sim=2000)

> summary(rate.fit)

Additive Aalen Model
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Test for nonparametric terms

Test for non-significant effects
sup| hat B(t)/SD(t) | p-value H_0: B(t)=0

(Intercept) 22.90 0.000
treat 1.73 0.848
prot.base 4.73 0.000
sex 1.41 0.970
age 3.48 0.021

Test for time invariant effects
sup| B(t) - (t/taw)B(tau)| p-value H_O: B(t)=b t

(Intercept) 1.62000 0.000
treat 0.23000 0.220
prot.base 0.00546 0.115
sex 0.11600 0.963
age 0.00875 0.562

All effects appear to be constant or insignificant. One may in fact reduce
the model to include only age and the baseline prothrombin measurement
giving the below output, which shows that the effect of these two is signif-
icant.

rate.fit<-aalen(Surv(lt,rt,indi) “const(prot.base)+const(age),
data=csl,start.time=0, max.time=3,n.sim=2000)

> summary(rate.fit)

Parametric terms :

Coef. SE Robust SE z P-val
const (prot.base) -0.00528 0.00196 0.00106 -26.938 0.000
const (age) 0.00873 0.00441 0.00226 1.979 0.048

We then proceed with the marginal mean model with the rate depending
on age and prot.base:

> mfit.csl<-dynreg(prot~treat+prot.base+sex+age,data=csl,
Surv(lt,rt,indi) “const (prot.base)+const(age),
start.time=0,max.time=3,id=csl1$id,
bandwidth=0.2,meansub=1,n.sim=2000)

> plot(mfit.csl)

> summary (mfit.csl)

Dynamic Additive Regression Model

Test for time invariant effects:
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 7.350 0.2630
treat 8.420 0.0015
prot.base 0.123 0.1090
sex 2.540 0.8750

age 0.211 0.6000
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FIGURE 11.4: CSL-data. Estimated cumulative regression functions along
with 95% pointwise confidence intervals.

As seen from the above output and Figure 11.4 it seems as the effect
of treatment is time-arying while the effect of the remaining covariates is
constant.

> mfit2.csl<-dynreg(prot~treat+const(prot.base)+const(sex)+
const (age) ,data=csl,Surv(lt,rt,indi)"~
const (prot.base)+const (age) ,start.time=0,
max.time=3,id=csl$id,bandwidth=0.2,meansub=1,
n.sim=2000)

> plot(mfit2.csl)

> summary (mfit2.csl)

Dynamic Additive Regression Model

Nonparametric terms : (Intercept) treat
Test for nonparametric terms
Test for non-significant effects:
sup| hat B(t)/SD(t) | p-value H_O0: B(t)=0
21.80 0
8.19 0

(Intercept)
treat



11.4 Marginal models 407

(Intercept) treat
o
o N
=)
2
e
1
@ @
5 5
s o o
S
g 24 2
S ]
3 3
8 8
g 2 g
kS s 0
g g
3 8 3
i
=)
8
g
g |
S
)
T T T T T T T T T T T T T T
0.0 05 1.0 15 2.0 25 3.0 0.0 0.5 1.0 15 2.0 25 3.0
Time Time

FIGURE 11.5: CSL-data. Estimated cumulative regression functions along
with 95% pointwise confidence intervals.

Test for time invariant effects:
sup| B(t) - (t/tau)B(tau)| p-value H_O: B(t)=b t

(Intercept) 9.85 0e+00
treat 10.10 5e-04
Parametric terms : const(prot.base) const(sex) const(age)

Coef. SE Robust SE z P-val
const (prot.base) 0.5880 0.0286 0.0418 20.559 0.000
const (sex) -4.7100 1.2100 1.7100 -3.897 0.000
const (age) -0.0525 0.0605 0.0853 -0.867 0.386

We conclude that there is significant effect of sex, the baseline prothrombin
index and treatment. The men have a lower prothrombin index, the point
estimate is —4.71 with standard error 1.71. The effect on the prothrombin
index of treatment clearly changes with time. In the two first years or so
there seems to be a beneficial effect of prednisone. The effect then levels off
and there is even an indication of an adverse effect of prednisone thereafter,
see Figure 11.5 g
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11.5 Exercises

11.1 (Regression data. Goodness-of-fit.) Consider a sample (X;, Z;), i =
1,...,n, of n iid. regression data with Z; being the (one-dimensional)
response and X; the (one-dimensional) regressor. Let

E(Zi| Xi = x) = ¢(x)

and assume that X; has an absolute continuous distribution on [0, co) with
hazard function a(z). Assume also that [’ a(v)¢(v) dv < oo for all z.

(a) Write Z;I(X; < x) as a marked point process integral and give its
compensator.

(b) Suggest an estimator of A(x) = fox a(v)dv and of a(z). The latter
we denote by &(x).

(¢) Argue that a sensible estimator of ®(z) = [ ¢(v) dv is
. " ZI(X; <)
P(x) = . ,
@ =2 (v (x,)
where Y. (z) = > | Yi(z) with Yj(z) = I(z < X;).
We shall now consider the parametric model
¢('/Ea 9) = g(a;)TO,

where g(z) = (g1(z), ..., gp(x))T is a vector of known functions of x and 6
is a p-vector of unknown parameters.

(d) Give the compensator of > " | ¢(X;)Z;I(X; < z). Argue that this
leads naturally to the estimator

b= (/ Y.(2)g(2)g(z)TdA(x )) _1zn:/ / (2:)2spi(das x dz),

and that this estimator is nothing but the usual least squares estima-

tor
n -1 n
(Zg(Xi)g(Xi)T)> > 9(X)Z
i=1 =1
As
ZZIX < ) /Y w) T dA(u)f

is a martingale it seems natural to base a goodness-of-fit test for fit of the
assumed parametric model on the process

Myes(z ZZIX <) / Y. (v)g(u)TdA(u)6.
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(e) Find (under appropriate conditions) the asymptotic distribution of
the process n~'/2 Mreg(x) assuming that the above parametric model
holds. Is the limit process a Gaussian martingale?

(f) Try to use the Khmaladze transformation (see Appendix A) on the
above goodness-of-fit process so that the obtained limit process is a
Gaussian martingale.

11.2 (Simple marked point process) Consider a marked point-process
with induced counting process N(t) with intensity A(¢) and with marks
distribution given by

Zyx = m(0o, 01, Tk) + €,

where m(6y, 01, Tx) = 0y + 01Tk, T} denotes the kth jump time and e is a
standard normal.

(a) What is the compensator of the marked point process?

(b) What is the compensator of the derived marked point process
t
/ / (z —m(by,01,5))*p(dz x ds)?
0o JE

(¢) Now assume that n i.i.d. subjects from the above generic model is
being observed. Estimate the parameters by least squares and sketch
a proof for asymptotic normality and consistency of the estimators.
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Khmaladze’s transtformation

In the sequel we review, based on Martinussen & Skovgaard (2002), how
certain processes may be transformed to Gaussian martingales. The tech-
nique is originally developed in Khmaladze (1981), where strict proofs are
given. Let us first consider the prototype example of a (time-transformed)
Brownian bridge before we turn to the general formulation. Let B(t) =
H(t) — pt, where H(t) is a Gaussian martingale on [0, 1] with variance
function varH (t) = fot a(s)~! ds. The quantity 3 may be stochastic such as
B = H(1)— H(0) corresponding to the Brownian bridge case. We seek a lin-
ear transformation of the process B to a Gaussian martingale. Furthermore
we can make the term (Gt vanish by this transformation. The transformation
to the new process B is given as

B(t) = B(t) — /Ot (/1 alu) du)

which is a Gaussian martingale with the same variance function as H. The
idea behind this result of Khmaladze is described below. But first a direct
calculation shows that H = B (with H (t) defined by (A.1) replacing B with
H), or in other words that the term [t is killed by the transformation. Thus,
in particular, the distribution of B is not affected by 8 being stochastic,
even if it depends on the entire process. More generally let H(¢) and B(t)
be p-vector processes on [0,7] so that that B(t) = H(t) + g(t)3, where
H(t) is a Gaussian martingale, g(t) is a (known) p X g-matrix and § is a ¢-
vector that should be thought of as being random so that B is not Gaussian
martingale. Let the variance function H be varH (t) = fot a(s)~! ds, which

—1

/ a(u) dB(u) ds, (A1)
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is now a p X p-matrix. Then

X /T g (w)Ta(u) dH (u) ds

is again a Gaussian martingale with the same variance function, and it is
directly verified that H(t) = B(t) for all ¢, so that any component g(t)3
is killed by conversion from the process B(t) to B(t). We hence also have
that

X /T g (u)’a(u) dB(u) ds, (A.2)

is a Gaussian martingale with the same variance function as H(t). The
transformation of B to B given by (A.2) is what we usually call Khmaladze’s
transformation.

The two key steps in the derivation of the result are a projection fol-
lowed by a Doob-Meyer decomposition. First the projection, P;, onto the
subspace, L, spanned by the columns of g(t) is

T -1 .7
et =90 ([ g eas) [ aw )
0

where the inverse variance is used as inner product in the definition of the
projection. Application of the orthogonal projection I — Py, to B(¢) kills
the term ¢(t)5 and hence gives the same result as when applied to H ().

Next we need to adjust (I — Pr)H(t) by subtraction of its compensator
given the o-algebra spanned by the original o-algebra defining the martin-
gale, F; say, and Pp H. This is done by calculating the martingale increment
by subtraction of the conditional expectation,

d]EI(t) =dH(t) — cov (dH(t), Z(t)) Var(Z(t))*lZ(t),
where

Z(t) = / " () als) dH (s)

is a non-singular representation of the extra information contained in Pr, H
relative to the o-algebra F;. Note that when we subtract the compensator
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we should in principle start from the process (I — Pr)H (t) but the term
Pp H(t) disappears because it is predictable. The expression for H follows
directly by calculation of the covariance and variance above.

That the covariance function for H is the same as that for H may be
seen by the following calculation. First write

cov{H(t1), H(ts)} = /0 1 /0 " cov{dE(ty), dEL(ts)} dsy ds1.

For s1 < so we rewrite the integrand as

cov{dH (s1),dH(s3)} =cov{dH(s1),dH (s2)} — cov{dH (s1),b(s2)Z(s2)}
— cov{b(s1)Z(s1),dH (s2)},

where b(s) equals the non-random regression coefficient
cov{dg(s), Z(s)}var{Z(s)}*.

Using the fact that H has independent increments we see that the second
term on the right vanishes because Z(s3) is a linear function of increments
of H over the interval (sq,7) which is disjoint from (s1,s1 + ds1). To see
that also the third term vanishes note that Z(s1) = Z(s2) + U where U is
a function of increments over the interval (sy, s2). By construction dH (sz)
is independent of the “past” and orthogonalized on Z(s2) thus completing
the argument, which applies similarly to sy < s7.
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Matrix derivatives

In the following we give some convenient formulae for matrix differentiation.
The results are taken from MacRae (1974) where additional results and
details can be found.

Consider a m x n-matrix Y, which is a function of the p x g-matrix X. The
derivative of matrix Y with respect to X is defined to be an mp X ng-matrix

of partial derivatives
dY/dX =Y @ dX,

where ® denotes the Kronecher product. Hence

dyii/dX - dyin/dX
dY/dX = _
dyml/dX e dymn/dX

The following results can then be shown.

Theorem B.0.1 LetY and Z be matriz functions of X, and let the product
Y Z be defined. Then

dAYZ)/dX = (dY/dX)(Z® I,)+ (Y ® I,)(dZ/dX). (Product rule)

Theorem B.0.2 Let Y be a nonsingular matriz function of X. Then

Ay N/dX =—-(Y'® Ip)(GlY/dX)(Yf1 ® I;). (Inverse rule)



Appendix C
The Timereg survival package for R

This chapter contains a brief description of how to obtain the programs
used for the analyses in the book. All programs are available as an add-on-
package for the statistical software R. The package is available under the
general public license (GPL).

The package is available from the Timereg page

http:\\biostat.ku.dk\“ts\timereg.html

where versions for Linux (Unix) and Windows are available.

After downloading the package and following the instructions given on
the homepage you should get a library to use within R.

We here give a few extra details in the Linux case. If you do not have
super-user permissions you might set up your own local library by the
commands

R CMD INSTALL timereg --library localdir
and then inside R write

> .libPaths("localdir")
> library(timereg)
This is timereg 0.1-2
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Manual pages from Timereg package

aalen

Description

Fit additive hazards model

Fits both the additive hazards model of Aalen and the semi-parametric
additive hazards model of McKeague and Sasieni. Estimates are un-
weighted. Time dependent variables and counting process data (multi-
ple events per subject) are possible.

Resampling is used for computing p-values for tests of time-varying

effects.

The modeling formula uses the standard survival modeling given in the
survival package.

Usage

aalen(formula,data=sys.parent(),start.time=0,max.time=0,
robust=1,1id=NULL,clusters=NULL,residuals=0,n.sim=1000,
weighted.test=0,covariance=0,resample.iid=0)

Arguments

formula

data

start.time

max.time

robust
id

clusters

n.sim

)

a formula object with the response on the left of a ‘~
operator, and the independent terms on the right as
regressors. The response must be a survival object as
returned by the ‘Surv’ function.

a data.frame with the variables.

start of observation period where estimates are com-
puted.

end of observation period where estimates are com-
puted. Estimates thus computed from

[start.time, max.time]

to compute robust variances and construct processes
for resampling. May be set to 0 to save memory.

For time-varying covariates the variable must asso-
ciate each record with the id of a subject.

cluster variable for computation of robust variances.

number of simulations in resampling.

OReproduced with permission from the documentation files in the Timereg package
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residuals

covariance

resample.iid

Details
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to compute a variance weighted version of the test-
processes used for testing time-varying effects.

to returns residuals that can be used for model vali-
dation in the function cum.residuals

to compute covariance estimates for nonparametric
terms rather than just the variances.

to return i.i.d. representation for nonparametric and
parametric terms.

The data for a subject is presented as multiple rows or “observations”,
each of which applies to an interval of observation (start, stop]. For
counting process data with the )start,stop] notation is used the ’id’
variable is needed to identify the records for each subject. The program
assumes that there are no ties, and if such are present random noise is
added to break the ties.

Value

returns an object of type "aalen”. With the following arguments:

cum

var.cum

robvar.cum
gamma
var.gamma
robvar.gamma
residuals

obs.testBeq0

pval.testBeqO
sim.testBeq0
obs.testBeqC

pval.testBeqC
sim.testBeqC

cumulative time-varying regression coefficient esti-
mates are computed within the estimation interval.

the martingale based pointwise variance estimates for
cumulatives.

robust pointwise variances estimates for cumulatives.
estimate of parametric components of model.
variance for gamma.

robust variance for gamma.

list with residuals.

observed absolute value of supremum of cumulative
components scaled with the variance.

p-value for covariate effects based on supremum test.
resampled supremum values.

observed absolute value of supremum of difference
between observed cumulative process and estimate
under null of constant effect.

p-value based on resampling.

resampled supremum values.
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obs.testBeqC.1is
observed integrated squared differences between ob-
served cumulative and estimate under null of con-
stant effect.
pval.testBeqC.is
p-value based on resampling.
sim.testBeqC.1is
resampled supremum values.
conf .band resampling based constant to construct robust 95%
uniform confidence bands.
test.procBeqC observed test-process of difference between observed
cumulative process and estimate under null of con-
stant effect over time.
sim.test.procBeqC
list of 50 random realizations of test-processes under
null based on resampling.
covariance covariances for nonparametric terms of model.
B.iid Resample processes for nonparametric terms of model.
gamma.iid Resample processes for parametric terms of model.
Author(s)
Thomas Scheike
References
Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).
Examples
library(survival)
data(sTRACE)

# Fits Aalen model
out<-aalen(Surv(time,status==9) “age+sex+diabetes+chf+vf,
sTRACE,max.time=7,n.sim=500)

summary (out)
par (mfrow=c(2,3))
plot(out)

# Fits semi-parametric additive hazards model
out<-aalen(Surv(time,status==9) “const (age)+const (sex)+const (diabetes)+chf
+vf,sTRACE,max.time=7,n.sim=500)

summary (out)
par (mfrow=c(2,3))
plot(out)
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cd4 The multicenter AIDS cohort study

Description

Format

This data frame contains the following columns:

obs a numeric vector. Number of observations.

id a numeric vector. Id of subject.

visit a numeric vector. Timings of the visits in years.

smoke a numeric vector code. 0: non-smoker, 1: smoker.

age a numeric vector. Age of the patient at the start of the trial.
cd4 a numeric vector. CD4 percentage at the current visit.
cd4.prev a numeric vector. CD4 level at the preceding visit.
precd4 a numeric vector. Post-infection CD4 percentage.

It a numeric vector. Gives the starting time for the time-intervals.

rt a numeric vector. Gives the stopping time for the time-interval.

Source

MACS Public Use Data Set Release PO4 (1984-1991). See reference.

References

Kaslow et al. (1987), The multicenter AIDS cohort study: rational,
organization and selected characteristics of the participants. Am. J.
Epidemiology 126, 310-318.

Examples

data(cd4)
names (cd4)
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const Identifies parametric terms of model

Description

Specifies which of the regressors that have constant effect.

Author(s)
Thomas Scheike

cox Identifies proportional excess terms of model

Description

Specifies which of the regressors that lead to proportional excess hazard

Author(s)
Thomas Scheike

cox.aalen Fit Coz-Aalen survival model

Description

Fits an Cox-Aalen survival model. Time dependent variables and count-
ing process data (multiple events per subject) are possible.

Resampling is used for computing p-values for tests of time-varying
effects. Test for proportionality is considered by considering the score
processes for the proportional effects of model.

The modeling formula uses the standard survival modeling given in the
survival package.

Usage

cox.aalen(formula=formula(data) ,data=sys.parent () ,beta=0,
Nit=10,detail=0,start.time=0,max.time=0,id=NULL,
clusters=NULL,n.sim=500,residuals=0,robust=1,
weighted.test=0,covariance=0,resample.iid=0,weights=NULL)



Arguments

formula

data

start.time

max.time

robust

id

clusters
n.sim

weighted.test
residuals
covariance
resample.iid
beta

Nit

detail

weights

Details
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b

a formula object with the response on the left of a <~
operator, and the independent terms on the right as
regressors. The response must be a survival object as
returned by the ‘Surv’ function.

a data.frame with the variables.

start of observation period where estimates are com-
puted.

end of observation period where estimates are com-
puted. Estimates thus computed from

[start.time, max.time]

to compute robust variances and construct processes
for resampling. May be set to 0 to save memory.

For time-varying covariates the variable must asso-
ciate each record with the id of a subject.

cluster variable for computation of robust variances.
number of simulations in resampling.

to compute a variance weighted version of the test-
processes used for testing time-varying effects.

to returns residuals that can be used for model vali-
dation in the function cum.residuals

to compute covariance estimates for nonparametric
terms rather than just the variances.

to return i.i.d. representation for nonparametric and
parametric terms.

starting value for relative risk estimates
number of iterations for Newton-Raphson algorithm.

if 0 no details is printed during iterations, if 1 details
are given.

weights for weighted analysis.

The data for a subject is presented as multiple rows or “observations”,
each of which applies to an interval of observation (start, stop]. For
counting process data with the )start,stop] notation is used the ’id’
variable is needed to identify the records for each subject. The program
assumes that there are no ties, and if such are present random noise is
added to break the ties.
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Value

returns an object of type ”cox.aalen”. With the following arguments:

cum cumulative time-varying regression coefficient esti-
mates are computed within the estimation interval.

var.cum the martingale based pointwise variance estimates.

robvar.cum robust pointwise variances estimates.

gamma estimate of parametric components of model.

var .gamma variance for gamma.

robvar.gamma robust variance for gamma.
residuals list with residuals.

obs.testBeq0 observed absolute value of supremum of cumulative
components scaled with the variance.

pval.testBeq0 p-value for covariate effects based on supremum test.
sim.testBeq0 resampled supremum values.
obs.testBeqC observed absolute value of supremum of difference

between observed cumulative process and estimate
under null of constant effect.

pval.testBeqC p-value based on resampling.

sim.testBeqC resampled supremum values.

obs.testBeqC.1is
observed integrated squared differences between ob-
served cumulative and estimate under null of con-

stant effect.
pval.testBeqC.is

p-value based on resampling.
sim.testBeqC.1is
resampled supremum values.

conf .band resampling based constant to construct robust 95%
uniform confidence bands.

test.procBeqC observed test-process of difference between observed
cumulative process and estimate under null of con-
stant effect over time.

sim.test.procBeqC

list of 50 random realizations of test-processes under
null based on resampling.

covariance covariances for nonparametric terms of model.
B.iid Resample processes for nonparametric terms of model.

gamma.iid Resample processes for parametric terms of model.
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loglike approximate log-likelihood for model, similar to Cox’s
partial likelihood.

D2linv inverse of the derivative of the score function.
score value of score for final estimates.

test.procProp observed score process for proportional part of model.
pval.Prop p-value based on resampling.

sim.supProp re-sampled absolute supremum values.

sim.test.procProp
list of 50 random realizations of test-processes for
proportionality under the model based on resampling.

Author(s)
Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)

data(sTRACE)

# Fits Cox model

out<-cox.aalen(Surv(time,status==9) “prop(age)+prop(sex)+
prop(vf)+prop(chf)+prop(diabetes) ,sTRACE,max.time=7,n.sim=500)

# makes Lin, Wei, Ying test for proportionality
summary (out)

par (mfrow=c(2,3))

plot(out,score=1)

# Fits Cox-Aalen model
out<-cox.aalen(Surv(time,status==9) “prop(age)+prop(sex)+
vi+chf+prop(diabetes) ,sTRACE,max.time=7,n.sim=500)

# plots the additive part of the model. To obtain more sensible
# plots center covariates in proportional part of model

summary (out)

par (mfrow=c(2,3))

plot(out)
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csl CSL liver cirrhosis data

Description

Format

This data frame contains the following columns:

id a numeric vector. Id of subject.

time a numeric vector. Time of measurement.

prot a numeric vector. Prothrombin level at measurement time.

dc a numeric vector code. 0: censored observation, 1: died at eventT.
eventT a numeric vector. Time of event (death).

treat a numeric vector code. 0: active treatment of prednisone, 1:
placebo treatment.

sex a numeric vector code. 0: female, 1: male.
age a numeric vector. Age of subject at inclusion time subtracted 60.

prot.base a numeric vector. Prothrombin base level before entering
the study.

prot.prev a numeric vector. Level of prothrombin at previous mea-
surement time.

It a numeric vector. Gives the starting time for the time-intervals.

rt a numeric vector. Gives the stopping time for the time-intervals.

Source

P.K. Andersen

References

Schlichting, P., Christensen, E., Andersen, P., Fauerholds, L., Juhl, E.,
Poulsen, H. and Tygstrup, N. (1983), The Copenhagen Study Group
for Liver Diseases, Hepatology 3, 889-895

Examples

data(csl)
names (csl)
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Description
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Model validation based on cumulative residuals

Computes cumulative residuals and approximative p-values based on
resampling techniques.

Usage

cum.residuals(object,data=sys.parent () ,modelmatrix=0,
cum.resid=0,n.sim=500,weighted.test=1,start.design=1)

Arguments

object

data

modelmatrix

n.sim

weighted.test

cum.resid

start.design

Value

an object of class 'aalen’, "timecox’, ’cox.aalen’ where
the residuals are returned (‘residuals=1")

data frame based on which residuals are computed.

specifies a grouping of the data that is used for cu-
mulating residuals. Must have same size as data and
be ordered in the same way.

number of simulations in resampling.

to compute a variance weighted version of the test-
processes used for testing constant effects of covari-
ates.

to compute residuals versus each of the continuous
covariates in the model.

if 1’ the groupings specified in modelmatrix changes
over time, i.e. in the case with time-dependent co-
variates.

returns an object of type "cum.residuals” with the following arguments:

cum

var.cum
robvar.cum

obs.testBeq0

pval.testBeq0
sim.testBeq0

cumulative residuals versus time for the groups spec-
ified by modelmatrix.

the martingale based pointwise variance estimates.
robust pointwise variances estimates of cumulatives.

observed absolute value of supremum of cumulative
components scaled with the variance.

p-value covariate effects based on supremum test.

resampled supremum value.
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conf .band resampling based constant to construct robust 95%
uniform confidence bands for cumulative residuals.

obs.test absolute value of supremum of observed test-process.

pval.test p-value for supremum test statistic.

sim.test resampled absolute value of supremum cumulative
residuals.

proc.cumz observed cumulative residuals versus all continuous

covariates of model.

sim.test.proccumz
list of 50 random realizations of test-processes under
model for all continuous covariates.

Author(s)

Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)

data(sTRACE)

# Fits Aalen model and returns residuals
fit<-aalen(Surv(time,status==9) “age+sex+diabetes+chf+vf,
sTRACE,max.time=7,n.sim=0,residuals=1)

# constructs and simulates cumulative residuals versus age groups
fit.mg<-cum.residuals(fit,sTRACE,
model .matrix("-1+factor(cut(age,4)),sTRACE))

par (mfrow=c(1,4))

# cumulative residuals with confidence intervals
plot(fit.mg);

# cumulative residuals versus processes under model
plot(fit.mg,score=1);

summary (fit.mg)

# cumulative residuals vs. covariates Lin, Wei, Ying style
fit.mg<-cum.residuals(fit,sTRACE, cum.resid=1)

par (mfrow=c(2,4))
plot(fit.mg,score=2)
summary (£it.mg)
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Description
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Fit time-varying regression model

Fits time-varying regression model with partly parametric components.
Time-dependent variables for longitudinal data. The model assumes
that the mean of the observed responses given covariates is a linear
time-varying regression model :

E(Zi|X45(1)) = BT () XL (1) + /T X2 (8)

where Z;; is the j’th measurement at time t for the i’th subject with
covariates Xilj and ij Resampling is used for computing p-values for
tests of time-varying effects.

Usage

dynreg(formula,data=sys.parent () ,aalenmod,bandwidth=0.5,
id=NULL,bhat=NULL,start.time=0,max.time=0,n.sim=500,
residuals=0,meansub=1,weighted.test=0)

Arguments

formula

data

start.time

max.time

id

n.sim

weighted.test

residuals

aalenmod

)

a formula object with the response on the left of a ‘~
operator, and the independent terms on the right as
regressors.

a data.frame with the variables.

start of observation period where estimates are com-
puted.

end of observation period where estimates are com-
puted. Estimates thus computed from

[start.time, max.time]

For time-varying covariates the variable must asso-
ciate each record with the id of a subject.

number of simulations in resampling.

to compute a variance weighted version of the test-
processes used for testing time-varying effects.

to returns residuals that can be used for model vali-
dation in the function ’cum.residuals’.

Aalen model for measurement times. Specified as a
survival model (see aalen function).
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bandwidth

bhat

meansub

Details

bandwidth for local iterations. Default is 50% of the
range of the considered observation period.

initial value for estimates. If NULL local linear esti-
mate is computed.

if ’1’ then the mean of the responses is subtracted
before the estimation is carried out.

The data for a subject is presented as multiple rows or “observations”,
each of which applies to an interval of observation (start, stop]. For
counting process data with the )start,stop] notation is used the ’id’
variable is needed to identify the records for each subject. The program
assumes that there are no ties, and if such are present random noise is
added to break the ties.

Value

returns an object of type "dynreg”. With the following arguments:

cum

var.cum
robvar.cum
gamma
var.gamma
robvar.gamma

cumO

the cumulative regression coefficients. This is the effi-
cient estimator based on an initial smoother obtained
by local linear regression :

B(t) = /O B(s)ds+

| X~ (Diag() — Diag (X7 (5)5(s)dptas x ).

where ((t) is an initial estimate either provided or
computed by local linear regression. To plot this es-
timate use type="eff.smooth” in the plot() command.

the martingale based pointwise variance estimates.
robust pointwise variances estimates.

estimate of semi-parametric components of model.
variance for gamma.

robust variance for gamma.

simple estimate of cumulative regression coefficients
that does not use use an initial smoothing based es-
timate

Bo(t) = /0 X Diag(z)dp(ds x dz).

To plot this estimate use type="0.mpp” in the plot()
command.



var.cumO

cum.ms

cum.ly

var.cum.ly
gammaO

var .gamma0
gamma.ly
var.gamma.ly
gamma.ms
var.gamma.ms
residuals

obs.testBeq0

pval.testBeq0
sim.testBeq0
obs.testBeqC

pval.testBeqC
sim.testBeqC
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the martingale based pointwise variance estimates of
cumO.

estimate of cumulative regression coefficients based
on initial smoother (but robust to this estimator).

t
Bus(t) = / X~ (Diag(z) — f(s))dp(ds x dz),
0
where f is chosen as the matrix

f(s) = Diag(X™ (s)B(s))(I — Xa(s)X; (),

where X, is the design for the sampling intensities.

This is also an efficient estimator when the initial
estimator is consistent for 3(¢) and then asymptoti-
cally equivalent to cum, but small sample properties
appear inferior. Its variance is estimated by var.cum.

To plot this estimate use type="ms.mpp” in the plot()
command.

estimator where local averages are subtracted. Spe-
cial case of cum.ms.

To plot this estimate use type="ly.mpp” in plot.

the martingale based pointwise variance estimates.
estimate of parametric component of model.

estimate of variance of parametric component of model.
estimate of parametric components of model.
estimate of variance of parametric component of model.
estimate of variance of parametric component of model.
estimate of variance of parametric component of model.
list of residuals.

observed absolute value of supremum of cumulative
components scaled with the variance.

p-value for covariate effects based on supremum test.
resampled supremum values.

observed absolute value of supremum of difference
between observed cumulative process and estimate
under null of constant effect.

p-value based on resampling.

resampled supremum values.
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obs.testBeqC.1is
observed integrated squared differences between ob-
served cumulative and estimate under null of con-
stant effect.

pval.testBeqC.is
p-value based on resampling.

sim.testBeqC.is
resampled supremum values.

conf .band resampling based constant to construct robust 95%
uniform confidence bands.

test.procBeqC observed test-process of difference between observed
cumulative process and estimate under null of con-
stant effect.

sim.test.procBeqC
list of 50 random realizations of test-processes under
null based on resampling.

covariance covariances for nonparametric terms of model.

Author(s)
Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)
data(csl)
indi.m<-rep(1l,length(csl$lt))

# Fits time-varying regression model on time-range from O to 3 years.
out<-dynreg(prot~treat+prot.prev+sex+age,csl,

Surv(lt,rt,indi.m) ~+1,start.time=0,max.time=3,id=csl$id,
n.sim=500,bandwidth=0.3,meansub=0)

summary (out)

par (mfrow=c(2,3))

plot(out)

# Fits time-varying semi-parametric regression model.
outS<-dynreg(prot~treat+const (prot.prev)+const (sex)+const(age) ,csl,
Surv(lt,rt,indi.m)~+1,start.time=0,max.time=3,id=csl$id,
n.sim=500,bandwidth=0.3,meansub=0)

summary (outS)
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melanoma The Melanoma Survival Data

Description

The melanoma data frame has 205 rows and 7 columns. It contains data
relating to survival of patients after operation for malignant melanoma
collected at Odense University Hospital by K.T. Drzewiecki.

Format

This data frame contains the following columns:

no a numeric vector. Patient code.

status a numeric vector code. Survival status. 1: dead from melanoma,
2: alive, 3: dead from other cause.

days a numeric vector. Survival time.
ulc a numeric vector code. Ulceration, 1: present, 0: absent.
thick a numeric vector. Tumor thickness (1/100 mm).

sex a numeric vector code. 0: female, 1: male.

Source

Andersen, P.K., Borgan 0., Gill R.D., Keiding N. (1993), Statistical
Models Based on Counting Processes, Springer-Verlag.

Drzewiecki, K.T., Ladefoged, C., and Christensen, H.E. (1980), Biopsy
and prognosis for cutaneous malignant melanoma in clinical stage I.
Scand. J. Plast. Reconstru. Surg. 14, 141-144.

Examples

data(melanoma)
names (melanoma)
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mela.pop Melanoma data and Danish population mortality
by age and sex

Description

Melanoma data with Danish population mortality rates by age and sex.

Format

This data frame contains the following columns:

id a numeric vector. Gives patient id.
sex a numeric vector. Gives sex of patient.

start a numeric vector. Gives the starting time for the time-interval
for which the covariate rate is representative.

stop a numeric vector. Gives the stopping time for the time-interval
for which the covariate rate is representative.

status a numeric vector code. Survival status. 1: dead from melanoma,
0: alive or dead from other cause.

age a numeric vector. Gives the age of the patient at removal of tumor.

rate a numeric vector. Gives the population mortality for the given
sex and age. Based on Table A.2 in Andersen et al. (1993).

Source

Andersen, P.K., Borgan 0, Gill R.D., Keiding N. (1993), Statistical
Models Based on Counting Processes, Springer-Verlag.

Examples

data(mela.pop)
names (mela.pop)
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plot.aalen

Description

Plots estimates and test-processes

This function plots the non-parametric cumulative estimates for the
additive risk model or the test-processes for the hypothesis of time-
varying effects with re-sampled processes under the null.

Usage

plot.aalen(object,pointwise.ci=1,hw.ci=0,sim.ci=0,robust=0,
specific.comps=FALSE,level=0.05, start.time=0,stop.time=0,
add.to.plot=FALSE,mains=TRUE,xlab="Time",

ylab="Cumulative coefficients",score=FALSE)

Arguments
object

pointwise.ci

hw.ci

sim.ci

robust

specific.comps

level

start.time

stop.time

add.to.plot
mains

xlab

the output from the "aalen” function.

if >1 pointwise confidence intervals are plotted with
lty=pointwise.ci

if >1 Hall-Wellner confidence bands are plotted with
Ity=hw.ci. Only 0.95 % bands can be constructed.

if >1 simulation based confidence bands are plotted
with lty=sim.ci. These confidence bands are robust
to non-martingale behaviour.

robust standard errors are used to estimate standard
error of estimate, otherwise martingale based stan-
dard errors are used.

all components of the model is plotted by default, but
a list of components may be specified, for example
first and third "c(1,3)”.

gives the significance level.

start of observation period where estimates are plot-
ted.

end of period where estimates are plotted. Estimates
thus plotted from [start.time, max.time].

to add to an already existing plot.
add names of covariates as titles to plots.

label for x-axis.



436 Appendix C. The Timereg survival package for R

ylab label for y-axis.
score to plot test processes for test of time-varying effects
along with 50 random realization under the null-hypo-
thesis.
Author(s)

Thomas Scheike

References

Martinussen and Scheike

Examples

library(survival)

data(sTRACE)

# Fits Aalen model

out<-aalen(Surv(time,status==9) “age+sex+diabetes+chf+vf,
sTRACE ,max.time=7,n.sim=500)

par (mfrow=c(2,3))

# plots estimates

plot(out)

# plots tests-processes for time-varying effects
plot (out,score=TRUE)

plot.cum.residuals
Plots cumulative residuals

Description

This function plots the output from the cumulative residuals function
?cum.residuals”. The cumulative residuals are compared with the per-
formance of similar processes under the model.

Usage

plot.cum.residuals(object,pointwise.ci=1,hw.ci=0,sim.ci=0,
robust=1, specific.comps=FALSE,level=0.05,start.time=0,
stop.time=0,add.to.plot=FALSE,mains=TRUE,xlab="Time",

ylab ="Cumulative Residuals",ylim=NULL,score=0)

Arguments

object the output from the "cum.residuals” function.

pointwise.ci if >1 pointwise confidence intervals are plotted with
lty=pointwise.ci
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hw.ci

sim.ci

robust

specific.comps

level

start.time
stop.time

add.to.plot
mains

xlab

ylab

ylim

score

Author(s)
Thomas Scheike

References

if >1 Hall-Wellner confidence bands are plotted with
lty=hw.ci. Only 95% bands can be constructed.

if >1 simulation based confidence bands are plotted
with lty=sim.ci. These confidence bands are robust
to non-martingale behaviour.

if ”1” robust standard errors are used to estimate
standard error of estimate, otherwise martingale based
estimate are used.

all components of the model is plotted by default, but
a list of components may be specified, for example
first and third "c(1,3)”.

gives the significance level. Default is 0.05.

start of observation period where estimates are plot-
ted. Default is 0.

end of period where estimates are plotted. Estimates
thus plotted from [start.time, max.time].

to add to an already existing plot. Default is "FALSE”.
add names of covariates as titles to plots.

label for x-axis. Default is "Time”.

label for y-axis. Default is "Cumulative Residuals”.
limits for y-axis.

if ’0’ plots related to modelmatrix are specified, thus
resulting in grouped residuals, if '1’ plots for mod-
elmatrix but with random realizations under model,

if ’2’ plots residuals versus continuous covariates of
model with random realizations under the model.

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)
data(sTRACE)

# Fits Aalen model and returns residuals
out<-aalen(Surv(time,status==9) “aget+sex+diabetes+chf+vf,

sTRACE,max.time=7,n.sim=0,residuals=1)
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# constructs and simulates cumulative residuals versus age groups
out.mg<—cum.residuals(out,STRACE,
model .matrix(~-1+factor(cut(age,4)),sTRACE))

par (mfrow=c(1,4))

# cumulative residuals with pointwise confidence intervals
plot (out.mg) ;

# cumulative residuals versus processes under model
plot(out.mg,score=1);

# cumulative residuals against covariates Lin, Wei, Ying style
out.mg<-cum.residuals(out,sTRACE, cum.resid=1)

par (mfrow=c(2,4))

plot(out.mg,score=2)

plot.dynreg Plots estimates and test-processes

Description

This function plots the non-parametric cumulative estimates for the
additive risk model or the test-processes for the hypothesis of constant
effects with re-sampled processes under the null.

Usage

plot.dynreg(object,type="eff.smooth",pointwise.ci=1,hw.ci=0,
sim.ci=0,robust=0, specific.comps=FALSE,level=0.05,
start.time=0,stop.time=0,add.to.plot=FALSE,mains=TRUE,
xlab="Time",ylab="Cumulative coefficients",score=FALSE)

Arguments
object the output from the "dynreg” function.
type the estimator plotted. Choices "eff.smooth”, "ms.mpp”,

”0.mpp” and "ly.mpp”. See the dynreg function for
more on this.

pointwise.ci if >1 pointwise confidence intervals are plotted with
lty=pointwise.ci

hw.ci if >1 Hall-Wellner confidence bands are plotted with
Ity=hw.ci. Only 0.95 % bands can be constructed.

sim.ci if >1 simulation based confidence bands are plotted
with lty=sim.ci. These confidence bands are robust
to non-martingale behavior.
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robust robust standard errors are used to estimate standard
error of estimate, otherwise martingale based esti-
mate are used.

specific.comps
all components of the model is plotted by default, but
a list of components may be specified, for example
first and third "c(1,3)”.

level gives the significance level.

start.time start of observation period where estimates are plot-
ted.

stop.time end of period where estimates are plotted. Estimates

thus plotted from [start.time, max.time].

add.to.plot to add to an already existing plot.

mains add names of covariates as titles to plots.
xlab label for x-axis.
ylab label for y-axis.
score to plot test processes for test of time-varying effects
along with 50 random realization under the null-hypo-
thesis.
Author(s)

Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)
data(csl)
indi.m<-rep(1,length(csl$lt))

# Fits time-varying regression model on time-range from O to 3 years.
out<-dynreg(prot~treat+prot.prev+sex+age,csl,
Surv(lt,rt,indi.m)~+1,start.time=0,max.time=3,id=cs1$id,
n.sim=500,bandwidth=0.3,meansub=0)

par (mfrow=c(2,3))

# plots estimates

plot(out)

# plots tests-processes for time-varying effects
plot (out,score=TRUE)
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print.aalen Prints call

Description

Prints call for object. Lists nonparametric and parametric terms of
model

Usage

print.aalen(object)

Arguments

object an aalen object

Author(s)
Thomas Scheike

prop Identifies the multiplicative terms in Coz-Aalen
model and proportional excess risk model

Description

Specifies which of the regressors that belong to the multiplicative part
of the Cox-Aalen model or the proportional excess risk model.

Usage

see cox.aalen or prop.excess

Author(s)
Thomas Scheike
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prop.excess Fits Proportional excess hazards model

Description
Fits proportional excess hazards model.

The models are written using the survival modeling given in the sur-
vival package.

Usage

prop.excess(formula=formula(data) ,data=sys.parent (),
excess=1,t0l1=0.0001,max.time=0,n.sim=1000,alpha=1,frac=1)

Arguments

formula a formula object, with the response on the left of a <’
operator, and the terms on the right. The response
must be a survival object as returned by the ‘Surv’
function.

data a data.frame with the variables.

excess specifies for which of the subjects the excess term is
present. Default is that the term is present for all
subjects.

tol tolerance for numerical procedure.

max.time stopping considered time-period if different from 0.
Estimates thus computed from [0,max.time]
if max.time>0.

n.sim number of simulations in re-sampling.

alpha tuning parameter in Newton-Raphson procedure. Value
smaller than one may give more stable convergence.

frac number between 0 and 1. Is used in supremum test
where observed jump times t1, ..., tk is replaced by
t1, ..., tl with I=round(frac*k).

Details

The program assumes that there are no ties, and if such are present
random noise is added to break the ties.
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Value

Returns an object of type "prop.excess”. With the following arguments:

cum

var.cum

gamma
var.gamma

pval

pval.HW

pval.CM

quant

quant95HW

simScoreProp

Author(s)

estimated cumulative regression functions. First col-
umn contains the jump times, then follows the es-
timated components of additive part of model and
finally the excess cumulative baseline.

robust pointwise variance estimates for estimated cu-
mulatives.

estimate of parametric components of model.
robust variance estimate for gamma.

p-value of Kolmogorov-Smirnov test (variance weigh-
ted) for excess baseline and Aalen terms, H: B(t)=0.

p-value of supremum test (corresponding to Hall-Well-
ner band) for excess baseline and Aalen terms, H:
B(t)=0. Reported in summary.

p-value of Cramer von Mises test for excess baseline
and Aalen terms, H: B(t)=0.

95 percent quantile in distribution of resampled Kol-
mogorov-Smirnov test statistics for excess baseline
and Aalen terms. Used to construct 95 percent sim-
ulation band.

95 percent quantile in distribution of resampled supre-
mum test statistics corresponding to Hall-Wellner band
for excess baseline and Aalen terms. Used to con-
struct 95 percent Hall-Wellner band.

observed scoreprocess and 50 resampled scoreprocesses
(under model). List with 51 elements.

Torben Martinussen

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)
data(melanoma)
attach(melanoma)
1t<-log(thick)

# log-thickness
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excess<-(thick>=210) # excess risk for thick tumors

# Fits Proportional Excess hazards model
fit<-prop.excess(Surv(days/365,status==1) “sex+ulc+cox(sex)+cox(ulc)
+cox(1t) ,excess=excess,n.sim=2000)

summary (fit)
par (mfrow=c(2,3))
plot(fit)

prop.odds Fit Semiparametric Proportional 0dds Model

Description
Fits a semiparametric proportional odds model:
logit(1 — Sz(t)) = log(G(t)) + T Z

where G(t) is increasing but otherwise unspecified. Model is fitted by
maximizing the modified partial likelihood. A goodness-of-fit test by
considering the score functions is also computed by resampling meth-
ods.

The modeling formula uses the standard survival modeling given in the
survival package.

Usage

prop.odds (formula,data=sys.parent () ,beta=0,Nit=10,
detail=0,start.time=0,max.time=0,id=NULL,n.sim=500,
weighted.test=0,profile=1,sym=0)

Arguments

formula a formula object, with the response on the left of a ’’
operator, and the terms on the right. The response
must be a survival object as returned by the ‘Surv’
function.

data a data.frame with the variables.

start.time start of observation period where estimates are com-
puted.

max.time end of observation period where estimates are com-
puted. Estimates thus computed from
[start.time, max.time]. This is very useful to obtain
stable estimates, especially for the baseline.

id For time-varying covariates the variable must asso-

ciate each record with the id of a subject.
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n.sim

weighted.test
beta
Nit

detail

profile

sym

Details

number of simulations in resampling.

to compute a variance weighted version of the test-
processes used for testing time-varying effects.

starting value for relative risk estimates
number of iterations for Newton-Raphson algorithm.

if 0 no details is printed during iterations, if 1 details
are given.

if profile is 1 then modified partial likelihood is used,
profile=0 fits by simple estimating equation. The mod-
ified partial likelihood is recommended.

to use symmetrized second derivative in the case of
the estimating equation approach (profile=0). This
may improve the numerical performance.

The data for a subject is presented as multiple rows or “observations”,
each of which applies to an interval of observation (start, stop]. The
program essentially assumes no ties, and if such are present a little
random noise is added to break the ties.

Value

returns an object of type 'cox.aalen’. With the following arguments:

cum

var.cum
robvar.cum
gamma
var.gamma
robvar.gamma
residuals

obs.testBeq0

pval.testBeq0
sim.testBeq0
obs.testBeqC

pval.testBeqC

cumulative time-varying regression coefficient esti-
mates are computed within the estimation interval.

the martingale based pointwise variance estimates.
robust pointwise variances estimates.

estimate of proportional odds parameters of model.
variance for gamma.

robust variance for gamma.

list with residuals.

observed absolute value of supremum of cumulative
components scaled with the variance.

p-value for covariate effects based on supremum test.
resampled supremum values.

observed absolute value of supremum of difference
between observed cumulative process and estimate
under null of constant effect.

p-value based on resampling.
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sim.testBeqC resampled supremum values.

obs.testBeqC.1is
observed integrated squared differences between ob-
served cumulative and estimate under null of con-
stant effect.

pval.testBeqC.is

p-value based on resampling.
sim.testBeqC.is
resampled supremum values.

conf .band resampling based constant to construct robust 95%
uniform confidence bands.

test.procBeqC observed test-process of difference between observed
cumulative process and estimate under null of con-
stant effect over time.

loglike modified partial likelihood, pseudo profile likelihood
for regression parameters.

D2linv inverse of the derivative of the score function.

score value of score for final estimates.

test.procProp observed score process for proportional odds regres-
sion effects.

pval.Prop p-value based on resampling.

sim.supProp re-sampled supremum values.

sim.test.procProp
list of 50 random realizations of test-processes for
constant proportional odds under the model based
on resampling.

Author(s)
Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)

data(sTRACE)

# Fits Proportional odds model

out<-prop.odds (Surv(time,status==9) “age+diabetes+chf+vf+sex,
sTRACE,max.time=7,n.sim=500)
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summary (out)

par (mfrow=c(2,3))
plot(out,sim.ci=2)
plot(out,score=1)

summary.aalen Prints summary statistics

Description

Computes p-values for test of significance for nonparametric terms of
model, p-values for test of constant effects based on both supremum
and integrated squared difference.

Returns parameter estimates and their standard errors.

Usage

summary.aalen(aalen.object,digits=3)

Arguments

aalen.object an aalen object.

digits number of digits in printouts.

Author(s)
Thomas Scheike

Examples

library(survival)

data(sTRACE)

# Fits Aalen model

out<-aalen(Surv(time,status==9) “age+sex+diabetes+chf+vf,
sTRACE,max.time=7,n.sim=500)

summary (out)
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summary.cum.residuals
Prints summary statistics for goodness-of-fit
tests based on cumulative residuals

Description

Computes p-values for extreme behaviour relative to the model of var-
ious cumulative residual processes.

Usage

summary.cum.residuals(cum.residuals.object,digits=3

Arguments

cum.resids.object
an cum.residuals object.

digits number of digits in printouts.

Author(s)
Thomas Scheike

Examples

library(survival)

data(sTRACE)

# Fits Aalen model and returns residuals
out<-aalen(Surv(time,status==9) “age+sex+diabetes+chf+vf,
sTRACE,max.time=7,n.sim=0,residuals=1)

# constructs and simulates cumulative residuals versus age groups

# and versus covariates of model

out.mg<-cum.residuals(out,sTRACE,
modelmatrix=model.matrix(~-1+factor(cut(age,4)),sTRACE),cum.resid=1)

summary (out .mg)

timecox Fit Cox model with partly time-varying effects.

Description

Fits proportional hazards model with some effects time-varying and
some effects constant. Time dependent variables and counting process
data (multiple events per subject) are possible.
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Resampling is used for computing p-values for tests of time-varying

effects.

The modeling formula uses the standard survival modeling given in the
survival package.

Usage

timecox (formula=formula(data),data=sys.parent(),
start.time=0,max.time=0,id=NULL, clusters=NULL,n.sim=1000,
residuals=0,robust=1,Nit=20,bandwidth=0.5,method="basic",
weighted.test=0,degree=1,covariance=0)

Arguments

formula

data

start.time

max.time

robust
id

clusters
n.sim

weighted.test
residuals
covariance

Nit
bandwidth

method

)

a formula object with the response on the left of a <~
operator, and the independent terms on the right as
regressors. The response must be a survival object as
returned by the ‘Surv’ function.

a data.frame with the variables.

start of observation period where estimates are com-
puted.

end of observation period where estimates are com-
puted. Estimates thus computed from

[start.time, max.time]

to compute robust variances and construct processes
for resampling. May be set to 0 to save memory.

For time-varying covariates the variable must asso-
ciate each record with the id of a subject.

cluster variable for computation of robust variances.
number of simulations in resampling.

to compute a variance weighted version of the test-
processes used for testing time-varying effects.

to returns residuals that can be used for model vali-
dation in the function cum.residuals

to compute covariance estimates for nonparametric
terms rather than just the variances.

number of iterations for score equations.

bandwidth for local iterations. Default is 50 % of the
range of the considered observation period.

Method for estimation. This refers to different para-
metrizations of the baseline of the model. Options
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are "basic” where the baseline is written as \o(t) =
exp(ap(t)) or the "breslow” version where the baseline
is parametrised as Ao(t).

degree gives the degree of the local linear smoothing, that is
local smoothing. Possible values are 1 or 2.

Details

The data for a subject is presented as multiple rows or “observations”,
each of which applies to an interval of observation (start, stop]. When
counting process data with the )start,stop] notation is used the ’id’
variable is needed to identify the records for each subject. The program
assumes that there are no ties, and if such are present random noise is
added to break the ties.

Value

Returns an object of type "timecox”. With the following arguments:

cum cumulative time-varying regression coefficient esti-
mates are computed within the estimation interval.

var.cum the martingale based pointwise variance estimates.

robvar.cum robust pointwise variances estimates.

gamma estimate of parametric components of model.

var.gamma variance for gamma.

robvar.gamma robust variance for gamma.
residuals list with residuals.

obs.testBeq0 observed absolute value of supremum of cumulative
components scaled with the variance.

pval.testBeq0 p-value for covariate effects based on supremum test.
sim.testBeq0 resampled supremum values.
obs.testBeqC observed absolute value of supremum of difference

between observed cumulative process and estimate
under null of constant effect.

pval.testBeqC p-value based on resampling.

sim.testBeqC resampled supremum values.

obs.testBeqC.1is
observed integrated squared differences between ob-
served cumulative and estimate under null of con-

stant effect.
pval.testBeqC.is

p-value based on resampling.
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sim.testBeqC.is
resampled supremum values.

conf .band resampling based constant to construct robust 95%
uniform confidence bands.

test.procBeqC observed test-process of difference between observed
cumulative process and estimate under null of con-
stant effect over time.

sim.test.procBeqC
list of 50 random realizations of test-processes under
null based on resampling.

schoenfeld.residuals
Schoenfeld residuals are returned for "breslow” para-
metrization.

Author(s)
Thomas Scheike

References

Martinussen and Scheike, Dynamic Regression Models for Survival
Data, Springer (2006).

Examples

library(survival)

data(sTRACE)

# Fits time-varying Cox model
out<-timecox(Surv(time/365,status==9) “age+sex+diabetes+chf+vf,
sTRACE,max.time=7,n.sim=500)

summary (out)

par (mfrow=c(2,3))
plot(out)

par (mfrow=c(2,3))
plot(out,score=TRUE)

# Fits semi-parametric time-varying Cox model
out<-timecox(Surv(time/365,status==9) “const (age)+const (sex)+
const(diabetes)+chf+vf,sTRACE,max.time=7,n.sim=500)

summary (out)
par (mfrow=c(2,3))
plot(out)
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TRACE The TRACE study group of myocardial infarc-
tion

Description

The TRACE data frame contains 1877 patients and is a subset of a
data set consisting of approximately 6000 patients. It contains data
relating survival of patients after myocardial infarction to various risk
factors.

sTRACE is a subsample consisting of 300 patients.
tTRACE is a subsample consisting of 1000 patients.

Format

This data frame contains the following columns:

id a numeric vector. Patient code.

status a numeric vector code. Survival status. 9: dead from myocardial
infarction, 0: alive, 7: dead from other causes.

time a numeric vector. Survival time in years.

chf a numeric vector code. Clinical heart pump failure, 1: present, 0:
absent.

diabetes a numeric vector code. Diabetes, 1: present, 0: absent.
vf a numeric vector code. Ventricular fibrillation, 1: present, 0: absent.

wmi a numeric vector. Measure of heart pumping effect based on ul-
trasound measurements where 2 is normal and 0 is worst.

sex a numeric vector code. 1: female, 0: male.

age a numeric vector code. Age of patient.

Source

The TRACE study group.

Jensen, G.V., Torp-Pedersen, C., Hildebrandt, P., Kober, L., F. E.
Nielsen, Melchior, T., Joen, T. and P. K. Andersen (1997), Does in-
hospital ventricular fibrillation affect prognosis after myocardial infarc-
tion?, European Heart Journal 18, 919-924.

Examples

data(TRACE)
names (TRACE)
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accelerated failure time model, 294
adapted process, 19
additive Aalen model, 103, see ad-
ditive hazards model
additive hazards model, 103, 205
additive Aalen model, 108
clustered data, 324
definition of, 108
goodness-of-fit, 151
inference, 104, 116
rate model, 149
resampling inference, 118
semiparametric version, 104
survival function estimation,
146
test for time-varying effects,
116
TRACE data, 159
additive rate model, 149
clustered data, 324
resampling inference, 151

additive-multiplicative hazards model

Cox-Aalen model, 251
proportional excess model, 273
attenuation

frailty model, 337

cause specific hazards, 356
censoring, 49
central limit theorem for martin-
gales, 34
clustered survival data, 313
additive hazards model, 324
Cox model, 315
Cox-Aalen model, 322
frailty model, 334
goodness-of-fit, 318
marginal effects, 315
compensator, 21
competing risks model
cause specific hazards, 351
cumulative incidence function,
348
direct binomial approach, 372
product limit estimator, 351
subdistribution approach, 361
conditional multiplier central limit
theorem, 43
copula models, 327
Archimedean copula, 327
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counting process
definition of, 23
intensity process, 24
likelihood, 62
multivariate, 25
Cox model, 181
clustered data, 315
goodness-of-fit, 193
misspecified models, 191
proportional hazards model,
181
stratified Cox model, 190
with timevarying effects, 205
Cox-Aalen model, 251
clustered data, 322
cumulative residuals, 260
goodness-of-fit, 260
resampling inference, 258
stratified Cox model, 256
survival function estimation,
266
TRACE data, 270
Cramér-von Mises test, 39
cumulative incidence function, 348
cumulative residuals
additive hazards model, 151
Cox model, 193
Cox-Aalen model, 260
multiplicative hazards model,
228
proportional excess model, 283
current status data, 62

delayed entry, 61

delta-method, 42

discrete time survival model, 344
Doob-Meyer decomposition, 21

estimation
estimating equations, 70
maximum likelihood, 62
examples
Lung cancer data, 234, 284
Melanoma data, 237
TRACE data, 7, 159, 270

excess risk
additive hazards model, 105
exponential distribution, 66

filtering, 51
independent, 52
left-censoring, 61
left-truncation, 59
noninformative, 64
progressive type I censoring,
57
right-censoring, 49
simple type I censoring, 57
filtration, 19
finite variation process, 21
frailty model, 334
attenuation, 337
functional delta-method, 42

Gaussian martingale, 34
Gaussian process, 34
Gill’s condition, 42
Gompertz distribution, 77
Gompertz-Makeham distribution,
7
goodness-of-fit
additive hazards model, 151
clustered survival data, 318
Cox model, 193
Cox-Aalen model, 260
multiplicative hazards model,
228
proportional excess model, 283
proportional odds model, 306
Greenwood’s formula, 84

hazard function, 23
history
definition of, 19
internal history, 19

inference
additive hazards model, 116
multiplicative hazards model,
213



innovation theorem, 27
integrable, 20
intensity kernel, 31
intensity process, 24
internal history, 19

Kaplan-Meier estimator, 83

Khmaladze’s transformation, 123,
412

Kolmogorov-Smirnov test, 39

Kolmogorov-Smirnov, two sample,
91

left-censoring, 61
left-truncation, 59
Lenglart’s inequality, 41
local characteristics, 31
local martingale, 20
local square integrable martingale,
21

locally integrable, 108
log-rank test, 89

stratified log-rank test, 94
longitudinal data, 375

marginal mean models for longi-
tudinal data, 397
marginal models for survival data,
314
marked point process
definition of, 30
intensity kernel, 31
local characteristics, 31
martingale
central limit theorem for mar-
tingales, 34
definition of, 20
Gaussian martingale, 34
local martingale, 20
local square integrable mar-
tingale, 21
optional covariation process,
22
optional variation process, 22
orthogonal, 21
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predictable covariation pro-

cess, 21

predictable variation process,
21

quadratic covariation process,
22

quadratic variation process,
22

square integrable, 20
misspecified models
additive hazards models, 133
Cox model, 191
multiplicative Aalen model, 27
multiplicative hazards model, 175,
205
goodness-of-fit, 228
inference, 213
Lung cancer data, 234
Melanoma data, 237
multiplicative rate model, 227
relative risk, 176
semiparametric version, 177,
218
survival function estimation,
226
test for time-varying effects,
213
multiplicative rate model, 227
multivariate counting process, 25

Nelson-Aalen estimator, 82

occurrence/exposure rate, 66
optional covariation process, 22
optional variation process, 22
orthogonal martingales, 21

partial likelihood, 64
predictable covariation process, 21
predictable process, 21
predictable variation process, 21
product integration estimator, 351
product limit estimator, 351
proportional excess model, 273
cumulative residuals, 283
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goodness-of-fit, 283
Lung cancer data, 284
survival function estimation,
292
proportional hazards model, see
Cox model
proportional odds model, 298
converging hazards, 299
goodness-of-fit, 306

quadratic covariation process, 22
quadratic variation process, 22

relative risk, 176
resampling inference
additive hazards model, 118
additive rate model, 151
Cox-Aalen model, 258
semiparametric additive haz-
ards model, 136
semiparametric additive rate
model, 151
semiparametric multiplicative
hazards model, 224, 226
semiparametric risk model, 136
right-censoring, 49

smoothed Cox regression model,
251
stochastic process, 19
stopping time, 19
stratified Cox model, 190
stratified log-rank test, see log-
rank test
stratified tests, 93
subdistribution hazard function,
361
submartingale, 20
survival function
additive hazards model, 146
Cox-Aalen model, 266
multiplicative hazards model,
226
proportional excess model, 292
semiparametric additive haz-
ards model, 146

test for time-varying effects
additive hazards model, 116,
135
multiplicative hazards model,
213
TRACE data
additive hazards model, 159
Cox-Aalen model, 270
introduction, 7
transformation model, 293, 298
efficient score, 304
modified partial likelihood, 300
nonparametric maximum like-

lihood, 304

Weibull distribution, 68
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