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SUMMARY

Researchers commonly express scepticism about using observational data to estimate the effect of a treat-
ment on an outcome the treatment is intended to affect. In this paper, we consider using data from the
Multicenter AIDS Cohort Study (MACS) to determine whether zidovudine prevents the development of
Kaposi’s sarcoma among HIV-positive gay men. Several methodologic issues common to observational
data characterized the study: information on potentially important confounders was missing at some study
visits; investigators did not always know the time of changes in treatment level, nor the value of confounders
at that time, and the censoring process depended strongly on time-varying covariates related to outcome.
We describe application to our data of Robins’ paradigm for defining, modelling and estimating the effect of
a time-varying treatment and show how to modify his approach to deal with the methodologic issues we
have mentioned. Further, we demonstrate that relative risk regression is less well equipped to deal with these
issues. We compare our results to the findings from randomized trials, and conclude that observational
studies may sometimes be useful in evaluating the effect of treatment on an intended outcome. ( 1998 John
Wiley & Sons, Ltd.



1. INTRODUCTION

In a recent series of papers,1~4 Robins proposed a novel approach for using observational data
to estimate the causal effect of a time-varying treatment on an outcome of interest. This app-
roach involves a new class of models for treatment effect, the structural nested failure time models
(SNFTMs), and a new estimation method, G-estimation. The approach has seldom been used
in applications. Mark and Robins5 used the approach to estimate the effect of smoking cess-
ation; Robins and Greenland6 used it as a component of an analysis of a clinical trial of
zidovudine.

We report here an analysis using this approach to estimate the effect of zidovudine (AZT) on
Kaposi’s sarcoma (KS) from an observational study of men infected with the human immunodefi-
ciency virus (HIV). Because of the nature of our data, we had to deal with several methodologic
problems and issues in our analysis:

1. We were missing information on important confounders for some study subjects at some
points during their follow-up.

2. Many subjects in our study either died without developing KS or were lost to follow-up
before the end of the study.

3. There were several time-varying covariates that were strong predictors of subsequent
treatment and of disease risk. Some of these covariates were also strongly affected by
previous treatment.

4. For many study subjects, it was unclear whether treatment preceded disease or vice versa.
5. Changes in treatment generally occurred between visits, times for which concurrent con-

founder information was unavailable.

We believe that these issues are frequently of concern in observational studies, especially when the
goal of the study is to estimate the effect of a treatment on an outcome it is intended to influence.

The goal of this paper is to show that, with some modifications to be described, structural
nested failure-time models and G-estimation provide an appropriate and practical framework for
dealing with these issues. To do this, we discuss the relevant methodologic issues in detail, show
how to use SNFTMs and G-estimation to deal with these problems, and propose, apply, and
justify adaptations to the approach to deal with issues 4 and 5. To our knowledge, this is the first
report of application of this approach to observational data in which issues 1—3 are prominent.
Recent clinical trials of AZT provide a ‘gold standard’ against which to compare our findings. We
show that careful attention to the principles we outline improves the consistency of our observa-
tional estimates with the results of clinical trials. We also illustrate some difficulties in applying
standard relative risk regression to our data.

Section 2 discusses what is known about the association between AZT and KS. Section
3 describes the Multicenter AIDS Cohort Study (MACS), the source of our data, and Section
4 provides appropriate structure and notation for the data. Section 5 defines the causal effect of
a time-varying treatment on a failure-time outcome and Section 6 discusses a model for such
effects. Section 7 discusses conditions that permit valid estimation of the model parameters, while
Section 8 shows how to estimate these parameters. Section 9 presents estimates obtained using
the MACS data. In Section 10 we describe problems that arise when treatment changes at times
for which covariate information is unavailable and discuss how we dealt with these problems.
Sections 11 and 12 outline how we dealt with uncertainty concerning times when treatment
changes. Sections 13 and 14 describe how to deal with censoring by competing causes. Section 15
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discusses problems with relative risk estimation from the MACS. The paper concludes with
a discussion about the use of observational data for estimating treatment effects.

2. AZT AND KAPOSI’S SARCOMA

Kaposi’s sarcoma (KS) continues to be a common condition among HIV-positive gay men.7,8 KS
may involve many sites: skin manifestations produce unsightly lesions; pulmonary involvement
causes severe respiratory symptoms.9,10 Further, some approaches to treatment (for example, the
cancer chemotherapeutic drugs vinblastine and bleomycin) of KS themselves produce substantial
morbidity.9 Any treatment that prevents or postpones the occurrence of KS could potentially
improve the quality of life of many people infected with HIV.

Zidovudine (AZT) has been the primary chemotherapeutic agent used to slow the progression
of HIV-associated immune deficiency and to delay the onset of associated clinical manifestations.
Many randomized trials11~21 and several observational studies22~28 have examined the effects
of AZT. With justification, reports of these studies have concentrated on aggregate measures of
AZT effect, using as primary endpoints death, the initial diagnosis of the acquired immunodefi-
ciency syndrome (AIDS), the development of specified symptoms, or some measure of quality of
life.29~31 However, there has been relatively little discussion of the effect of antiretroviral agents
on specific AIDS-defining illnesses, including KS. Presumably, this is in part a consequence of the
small number of cases of KS except in one large, recent study.11

Although there has been little discussion, several randomized clinical trials of AZT provide
data that bear on our question. Table I lists the randomized clinical trials of AZT from which data
on KS are available. We used published reports to abstract the number of cases of KS and
estimate the amount of person-time in each arm of the various trials. Table I provides a summary.

Using a Poisson regression model for the placebo-controlled randomized trials, we estimated
that the rate of KS in the AZT treatment group was 0.64 times the rate in the placebo group; the
95 per cent confidence interval for the rate ratio was 0.44 to 0.93. These data provide little
indication of heterogeneity of the rate ratio across studies. However, given the small number of
cases of KS in most of the studies, one would expect tests of heterogeneity to have little power.
The studies themselves were heterogeneous in several ways: the dose of AZT used; the stage of
HIV disease at outset, and the proportion in the ‘placebo’ group who used AZT at some point
during follow-up.

An observational analysis of the effect of AZT on KS may add to our knowledge in two ways.
First, large observational studies, such as the MACS, can add additional precision to estimates of
AZT effect. This role is reduced by the several potential biases (some discussed below) that may
afflict observational studies but not randomized ones. A second role of such analyses is to
evaluate different methods for causal inference from observational data. Availability of the more
reliable randomized trial results aids this evaluation. This report concentrates on the second role.

3. THE MULTICENTER AIDS COHORT STUDY

The Multicenter AIDS Cohort Study (MACS) is an observational study of a cohort of homosex-
ual and bisexual men in the United States. Between April 1984 and March 1985, the study
enrolled 4954 homosexual and bisexual men from four metropolitan areas: Los Angeles; Balti-
more-Washington; Pittsburgh, and Chicago. Study participants were asked to return semi-
annually for follow-up visits. For each visit, subjects were asked to complete a detailed interview.
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Table I. Randomized trials of AZT; KS cases

Trial Dose (mg/day) Treatment group Placebo group
Cases Person-years Cases Person-years

Placebo-controlled studies

Concorde11 1500 27 2717 41 2702
Mulder et al.18 1000 3 178 1 193
Cooper et al.12 1000 2 875 3 895
Hamilton et al.17 1500 6 385 7 395
Fischl et al.15 1200 2 322 3 330
Volberding et al.21 1500 1 448́ 5 502

500 3 479
Fischl et al.13 1500 6 48 10 44

Additional studies of different doses

Nordic Medical Research 1200 13 247
Councils19 800 13 250

400 12 253
Fischl et al.14 1500 40 554

600 26 570 This group received 1200
mg/day for the 1st 4 weeks

Rate ratio from Poisson regression of placebo-controlled studies

Point estimate 95% Cl
0)68 0)47, 0)97

Likelihood-ratio test for heterogeneity of rate ratio:

Deviance D.F. p-value
3)05 6 0)80

Further, at each visit, subjects underwent a physical examination and provided blood for
haematologic, serologic and virologic study. The MACS used active surveillance to obtain
medical records to confirm KS diagnoses.10,32 Of the initial cohort, 1809 were seropositive to
HIV at study entry, and 414 additional subjects had seroconverted by visit 16 (September
1991—May 1992). Other references10,24,25,32~34 provide additional details on the rationale
behind and the methods of data collection used in the MACS.

A quirk in the history of the HIV epidemic motivated further restriction of the study
population. AZT was approved by the Food and Drug Administration for general use in 1987
(generally after visit 5) and so was not generally available before that time. Because of this,
follow-up for our analysis began at visit 5. Of the 2223 subjects infected with HIV during the
study period, 1847 attended at least one visit between visits 5 and 17 while HIV-positive, and so
were eligible for inclusion in the analysis.

4. THE OBSERVABLE DATA

A proper analysis of the MACS data requires accounting for the relationships between changing
levels of treatment and covariates and between these quantities and the time of KS. Because of the
important role time plays, we discuss briefly how to deal with time, together with notation for our
variables of interest.
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We use two time scales in the rest of this report. One scale reflects the discreteness of the process
by which the MACS obtained treatment and covariate information, while the other reflects the
continuous nature of changes in treatment, covariates, and disease status.

We distinguish between our treatment of interest, AZT, other variables of interest, to which we
subsequently refer as covariates, and the outcome of interest, KS. The MACS obtained treatment
and covariate information from each individual i at each study visit k, k"1, 2, 17. Denote by
¸
i,k

the vector of time-dependent covariates recorded for subject i at visit k. ¸
i,1

includes
time-independent covariates. Beginning at visit 6, each subject reported on use of AZT since the
previous visit. Let Z

i,k
be an indicator of AZT use between visits k and k#1; Z

i,k
"1 if a subject

reported AZT use at visit k#1 and Z
i,k
"0 otherwise. Overbars denote the history of any

time-dependent process; for example 1̧
i,k
,(¸

i,1
, 2, ¸

i,k
) is the history of the recorded covari-

ate process to visit k.
This discrete, visit-based time scale provides a convenient way to describe how treatment and

covariate information was recorded. More adequate representation of the underlying covariate,
treatment and disease processes of interest requires a continuous time scale.

We define the zero point of the time scale as the start of follow-up. This is the date of the first
visit at which subjects might have used AZT and were at risk for KS. If a subject was seropositive
at visit 5 and did not skip study visit 5, this was visit 5. Otherwise, it was the first visit after visit
5 that the subject attended and at which he was seropositive.

We define other events in reference to this zero point. One unit on this scale is 180 days, roughly
the planned time between visits. The time of visit k, t

i,k
, is defined as the length of time visit k is

after the start of follow-up; for a subject seropositive at visit 5 who returns for visit 6 180 days
later, t

i,6
"1. We denote by ¹

i
the time (on this scale) that subject i developed KS. For a time-

dependent process, we use parentheses to denote the value of that process at a particular time;
thus, ¸

i
(t) is the value of the covariate vector for subject i at time t. For now, assume that at each

time t 3 (t
k
, t

k`1
] a subject’s treatment status Z

i
(t) is available; Sections 11 and 12 discuss

inference when, as in the MACS, this assumption is violated.
Although the MACS is still ongoing, this analysis considered only events occurring before visit

17 (late 1992). Consequently, the date of KS was not observed for many subjects who have
subsequently developed or will later develop KS. Let C

i
be a potential censoring time; subjects

who develop KS before this time are recorded as cases in our study, while others are censored at
this time. In this analysis, C

i
is the time of visit 17 for subject i, measured with respect to the zero

point. Some subjects missed visit 17. For these subjects, we can compute an approximate date
visit 17 would have occurred had the subject continued to attend visits regularly. Suppose
a subject’s last visit to the MACS was study visit k. We take C

i
to be 182] (17-k) days after t

i,k
,

the time of visit k. Note that C
i
is known approximately at the beginning of the study; we consider

it a pretreatment covariate and include it in ¸
i,1

. C
i
is useful for the estimation procedures

developed in Section 8. We defer discussion of and notation for censoring by death and loss to
follow-up to Section 13.

5. THE EFFECT OF A TIME-VARYING TREATMENT

Following Robins and coauthors,1~5 we define the causal effect of a possibly time-varying
treatment in terms of latent or potential failure-time variables. For each individual i we assume
there exists a set of possibly unobserved failure times º

i,v
. º

i,v
is the time that subject i would fail

(develop KS) under a regime or generalized treatment v, under which he receives his observed level
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of treatment to time v and receives no treatment thereafter. We observeº
i,v

if regime v and regime
¹

i
(the regime under which a subject receives his observed treatment level to the observed failure

time ¹
i
and no treatment thereafter) are identical to ¹

i
.

Causal effects are comparisons of the latent failure-time variables º
i,v

. One such effect is
a comparison of the observed failure time ¹

i
,º

i,Ti
with the potential failure time º

i,v
. This

comparison is the effect for individual i of following his observed treatment regime for the last
¹

i
!v units of time.
For notational convenience, write º

i
,º

i,0
and º

i,k
,ºi, t

i, k
. º

i
is the time subject i would

fail if he never received treatment; we sometimes refer to it as that subjects’s prognosis. º
i,k

is the
time subject i would fail if he received his observed treatment through the time of visit k and no
treatment thereafter.

6. A MODEL FOR TREATMENT EFFECT

Because of the large variety of patterns of treatment followed and of patterns of time-varying
confounders ¸, non-parametric identification of the causal effects of AZT is impractical even
using large databases such as the MACS.35~37 Models can make estimation practical in such
settings.4,37,38

To model the effect of AZT on the time to KS, we use a generalization of the one parameter
accelerated failure-time model with time varying covariates.1~5,39 The deterministic or strong
form of this model allows one to compute the potential failure time º

i
from: (i) the observed

failure time ¹
i
; (ii) the observed treatment history Z1

i
(¹

i
) ; and (iii) a scalar parameter (

0
repres-

enting the causal effect of each bit of AZT use on failure:

º
i
"P

¹
i

0

expMZ
i
(t)(

0
N dt. (1)

Under this model, each month of AZT use adds 1!exp ((
0
) months to the time to KS of people

using AZT. Consider two subjects with identical treatment histories; according to the model, the
subject who actually failed first would also have failed first had, possibly contrary to fact, both of
them never been treated. This is a rank preserving structural nested failure-time model
(RPSNFTM), because the ranks of failure times are preserved under different treatment
regimes.1~5

There are some indications in the literature that the effects of AZT may be limited in
time;11,40,41 if true, model (1) is too restrictive. Let S

i
denote the time that a subject first uses

AZT; for subjects who never use AZT, we write S
i
"R. Suppose that, for the first M months after

initiation of AZT, the effect of each month of AZT is to add 1!exp ((
0
) months to the time to

KS; each month after the first M months adds 1!exp (½
0
) months to this time. More precisely,

the corresponding generalization of (1) is

º
i
"P

¹
i

0

exp[Z
i
(t) Ml(t!S

i
)M) (

0
#l(t!S

i
'M)c

0
N] dt (2)

where l (r)"1 if r is true, 0 otherwise. Equation (2) preserves the rank-preserving characteristics of
(1). For our analysis, we took M"30 months ("5 units). We concentrate on the scalar
parameter (

0
in (2) rather than the vector parameter M(

0
, c

0
N because of computational

considerations and because, even if (2) were the true model, concentrating on (
0

allows more
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direct comparison of our results with those of randomized trials, because of the shorter length of
follow-up in those trials.

In this context, the effect of treatment received more than 30 months after AZT initiation (that
is, after S

i
#M) is a nuisance parameter. We consider now a generalization of the model for AZT

effect (2) which allows the effect of treatment received after 30 months to remain completely
unspecified. Such a model implies that the potential failure time º

i
can be calculated from the

parameter of interest (
0

and observable quantities only when failure is observed within
M months of treatment initiation; when failure is observed later, only a minimum potential failure
time can be calculated, that is

º
i
"P

¹
i

0

exp(Z
i
(t)(

0
) dt, ¹

i
)S

i
#M

(3)

º
i
'P

S
i
#M

0

exp(Z
i
(t)(

0
) dt, ¹

i
'S

i
#M.

Section 8 uses (3) as a basis for estimation of (
0
; we call (3) a semi-parametric rank preserving

structural nested failure-time model (SRPSNFTM).
Models (1), (2) and (3) make the strong non-interaction assumptions that the effect of treatment

varies with neither measured nor unmeasured covariates. Robins and coauthors4,42 provide
a class of failure-time models, the structural nested failure-time models, which includes the rank
preserving form as a subclass but allows the magnitude of the treatment effect to depend on
unmeasured factors and measured covariates. The G-estimation procedures described below
apply to this more general class of models.

7. CONDITIONS FOR VALID ESTIMATION OF (
0

This section discusses conditions sufficient to identify (
0

from observational data such as the
MACS. We first present conditions which one can use to justify causal interpretation of standard
analyses. Because these conditions are too restrictive for the MACS, we consider weaker and
more plausible conditions. Section 8 explains how to estimate (

0
under these weaker conditions.

We present first an assumption implicitly used when investigators assign causal interpretation
to observational estimates of treatment effect; Robins1~3,5,35~37,43,44 makes this assumption
precise. Let A²B D C mean that A is independent of B, given C. We assume that at each visit k,
treatment assignment does not depend on the latent failure time º

i,k
, given recorded treatment

and covariate histories to visit k (Z1
i,k~1

and 1̧
i,k

) ; that is

Z
i,k

²º
i,k

DZ1
i,k~1

, 1̧
i,k

, ¹
i
't

i,k
. (4)

(4) would be true if perceived prognosis (º
i,k

) did not affect treatment decisions at visit k except
through the measured variables Z1

i,k~1
and 1̧

i,k
. Robins1~4,6,35~37,43,44 calls this assumption no

unmeasured confounders. Others have termed this or similar assumptions maintained comparabil-
ity5 or strong ignorability of treatment assignment.45

This assumption was not fully plausible in the MACS. At each visit, the MACS took care to
measure information on major predictors of AZT initiation and KS (that is confounders): CD4
count; the development of specific symptoms, and the development of AIDS. Unfortunately, some
potentially major determinants of quitting AZT (for example, nausea) were not recorded.
Inasmuch as these determinants predict the latent failure times º

i,k
, assumption (4) is incorrect.
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Let Z1
i,k~1

"0 mean that subject i received no treatment with AZT to visit k. For the MACS,
a weaker and more plausible assumption than (4) is that there were no unmeasured confounders
for treatment initiation, that is

Z
i,k

²º
i,k

D Z1
i,k~1

"0, 1̧
i,k

, ¹
i
't

i,k
(5)

We can replace º
i,k

in (5) with º
i
, because for subjects who received no treatment before visit

k (that is for Z1
i,k~1

"0), º
i,k
"º

i
.

We would believe that (5) is true if we believed that we had recorded and included in ¸
i,k

accurate information on all factors that predict prognosis º
i
and treatment initiation (confoun-

ders) between visits k and k# 1. Suppose that, at each visit, we rolled dice to determine which
subjects who had not yet started AZT should start using it ; we would then believe (5). Although
we would seldom believe (5) to be exactly true in observational studies, inclusion in 1̧

i,k
of more

covariates thought to be confounders (predictors of prognosis and treatment initiation) makes it
more plausible that (5) approximates the truth. An attempt to make (5) approximate the truth was
our primary consideration in variable (confounder) selection in our data analysis; Section
9 provides more details.

8. G-ESTIMATION OF (
0

Our definition of and model for causal effects and our assumption about treatment assignment
involve the latent variable º

i
. To estimate the effect of treatment, we must translate statements

involving this often unobservable quantity into statements involving only observable ones. This
section describes how to do this.

We begin by defining observable quantities about which we can make testable predictions. Let
( denote a value we hypothesize for (

0
. Define º

i
(() as subject i’s prognosis under our model (3)

if the hypothesized value ( is correct, that is, º
i
((

0
)"º

i
. We may write

º
i
(()"P

¹
i

0

exp(Z
i
(t)(

0
) dt, ¹

i
)S

i
#M

(6)

º
i
(()'P

t
i,0

#M

0

exp(Z
i
(t)() dt, ¹

i
'S

i
#M.

Were we able to follow all study subjects until they develop KS (this is true if C
i
"R and

¹
i
(R for all i) and were the effect of AZT on time to KS independent of past AZT use (that is,

M"R), we could calculate º
i
(() from observable quantities for all subjects.

Our assumption of no unmeasured confounders for treatment initiation (5) allows us to make
testable predictions about º

i
((). Under our model for treatment effect (3), we rewrite this

assumption as Z
i,k

²º
i
((

0
) DZ1

i,k~1
"0, 1̧

i,k
, ¹

i
't

i,k
. Consequently,

Z
i,k

²º
i
(() D Z1

i,k~1
"0, 1̧

i,k
, ¹

i
't

i,k
(7)

is true when ("(
0
, so we test hypotheses (

0
"( by testing (7). Under the assumptions of the

last paragraph, all quantities in (7) are observable, so testing (7) is straightforward in principle.
In the MACS, as in most observational studies, º

i
(( ) is not always observable. We seek to

generalize our approach based upon testing the conditional independence in (7). To do this, we
define an observable function of º

i
(( ) which we can substitute for º

i
(() in (7); this function must
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be conditionally independent of treatment initiation given covariate history when (5) holds and
("(

0
.

We consider how to find a function of º
i
(() that is always observable given only the

conditioning in (5) and (7) (that is, Z1
i,k~1

"0, 1̧
i,k

, ¹
i
't

i,k
). Under our suppositions, we could

substitute this function for º
i
(() in (7) to test a hypothesis (

0
"(. Consider a subject i who at

the time of visit k (t
i,k

) has not yet started AZT. For a subject who starts AZT therapy at visit k, we
can calculate º

i
(() only if: (i) failure is observed (that is, it occurs before the potential censoring

time C
i
, so ¹

i
(C

i
), and (ii) it occurs within M units of the initiation of therapy (that is, if

¹
i
(t

i,k
#M). C*

i,k
,min(C

i
, t

i,k
#M) is then the latest time for which we can calculate the

putative potential failure time º
i
(( ) for subject i from the observed data using (6).

One might consider computing a modified maximum follow-up time X
i,k
,min(¹

i
, C*

i,k
). One

could then compute the modified maximum follow-up time X
i,k

((),t
i,k

# :X
i, k

t
i, k

expMZ
i
(t)(Ndt,

which is an observable quantity. Unfortunately, one cannot simply replace º
i
(() with X

i,k
(() in

(7), because it is not true in general that the correctly modified follow-up time X
i,k

((
0
) is

conditionally independent of treatment assignment. (Hazard-based alternatives for estimating
(

0
, such as those described in reference 46, will also fail in the presence of time-varying

confounders.)
To see this, consider comparing subject i with a subject i@, identical to subject i except that he

receives no AZT at k. Suppose that AZT in fact lengthens the time to KS ((
0
(0), so failure time

¹
i
('C

i
) remains unobserved for the treated subject i, but is observed and less than C

i
for the

comparison subject i@. Then the transformed follow-up time for the treated subject (X
i,k

((
0
)) will

be less than the transformed failure or follow-up time for the comparison subject (X
i{,k

((
0
)) and

so the random variable X
i,k

((
0
) is dependent on treatment assignment at k.

Fortunately there are observable functions of the modified follow-up time X
i
(() which are

independent of treatment assignment and so can replace º
i

(() in (7). Let C*
i,k

((),
t
i,k
#min((C*

i,k
!t

i,k
), (C*

i,k
!t

i,k
)exp(() ) be a modified potential censoring time; C*

i,k
(() is the

greatest value of º
i
(() which is observable no matter what treatment regime subject i follows

after visit k. Given the conditioning event in (5) and (7) (that is, Z1
i,k~1

"0, 1̧
i,k

, ¹
i
't

i,k
; recall

that C
i

is part of 1̧
i,k

), C*
i,k

(() is fixed. Let X*
i,k

((),min(º
i
((), C*

i,k
(() ) be an alternative

modified follow-up time, and let *
i,k

((),I(º
i
(())C*

i,k
(()) be a modified censoring indicator;

the vector MX*
i,k

((), *
i,k

((
0
)N is an observable function of º

i
((). For both untreated subject i@,

who was observed to fail, and for treated subject i, who was censored, the modified follow-up time
X*

i,k
((

0
) is the same and equals C*

i,k
((

0
). Similarly, for subjects whose potential failure times

º
i

are less than C*
i,k

((
0
), the modified follow-up times X*

i,k
((

0
) equal º

i
no matter what

treatment is received after visit k. Thus, X*
i,k

((
0
) is a variable fixed at visit k, unaffected by

treatment received after k; the assumption of no unmeasured confounders for treatment initiation
implies that it is independent of treatment received at k given other variables fixed at k (including
C*

i,k
((

0
)) . Similar arguments hold for the modified censoring indicator *

i,k
((

0
) and for the vector

MX*
i,k

((), *
i,k

((
0
)N, so conditional independence (Z

i,k
²MX*

i,k
((

0
), *

i,k
((

0
)NDZ1

i,k~1
"0, 1̧

i,k
,

¹
i
't

i,k
) follows from the assumption of no unmeasured confounders for treatment initiation (5).

Consequently, tests of

Z
i,k

²MX*
i,k

((), *
i,k

(()N DZ1
i,k~1

"0, 1̧
i,k

, ¹
i
't

i,k
(8)

under (5) are tests of hypotheses (
0
"( about the parameter of interest.

The approach sketched above depends on knowing the potential censoring times C
i
for all

subjects, even those whose failure was observed and so were not censored. Most familiar
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estimation procedures for censored survival data (for example, partial likelihood estimation of the
proportional hazards model47) do not use information on the potential censoring times even
when available; however, there are other methods which use this information.48~50 This informa-
tion contained in the potential censoring times allows estimation of the effect of a treatment
regime or plan even when treatment changes for some subject-intervals i, k are not ignorable; this
is not true for familiar regression approaches to modelling survival data as a function of
a time-varying treatment (for example, reference 48; see also Section 15) and for approaches which
combine information from these modelling approaches with information of the effect of the
time-varying treatment on intermediate variables.37,51,52

In practice the potential censoring time C
i
was known only approximately and so the method

used to assign its values (Section 4) for the analysis was somewhat arbitrary. It is thus important
to examine the robustness of the inference to different ways of assigning these values. One may
replace the potential censoring times C

i
with another set of values C`

i
with the following

characteristics: (i) a failure that occurred before C`
i

would be observed (this will be true if
C`

i
)C

i
); (ii) C`

i
can reasonably be treated as a variable fixed for each individual before the

beginning of follow-up. Inference then follows from the same arguments sketched above, replac-
ing C

i
by C`

i
throughout in the derivation of modified potential censoring and follow-up

variables. As Robins and others1,3~5 point out, there are efficiency advantages in taking C`
i

to be
the largest permissible value (that is, C`

i
"C

i
) . We examined the robustness of inference to this

point and found that choice of an alternative value (for example, March 6 1992, the first date any
subject in our study had a visit 17) had little effect on inference (Table IV).

We provide one approach to testing (8). Consider a correctly specified logistic model for
treatment initiation:

logitMp(Z
i,k
"1 D 1̧

i,k
, Z1

i,k~1
"0, ¹

i
't

i,k
)N"a

k
#w ( 1̧

i,k
)b (9)

where w( . ) is an known function and a
k
is a visit-specific intercept term. Because the visit number

k is implicitly included in the covariate history 1̧
i,k

, this formulation allows the relation of any
component of that history (for example, CD4 count at k) to treatment initiation at k to vary with
k. This is a model for initiating treatment between visits k and k#1; we sometimes refer to this as
a model for AZT initiation at visit k. Expand the logistic model to include some function
g(X*

i,k
((), *

i,k
((), 1̧

i,k
):

logitMp (Z
i,k
"1 D 1̧

i,k
, Z1

i,k~1
"0, ¹

i
't

i,k
, X*

i,k
((), *

i,k
(()N

"a
k
#w ( 1̧

i,k
)b#gMX*

i,k
((), *

i,k
((), 1̧

i,k
Nf. (10)

Under the assumption of no unmeasured confounders for treatment initiation (5), f"0 if
("(

0
. Large-sample (for example, score) tests of f"0 in (10) under these assumptions are then

tests of (
0
"(. This score test is asymptotically equivalent to Rosenbaum’s53 likelihood ratio

test when the following conditions obtain: (i) treatment has no putative effect (that is, ("0); (ii)
failure is always observed so, X*

i,k
(0)"¹

i
; (iii) the function g ( ) ) used is g (X*

i,k
((), *

i,k
((), 1̧

i,k
N

"X*
i,k

(() , and (iv) there is only a single treatment assignment time k. Section 12 describes and
justifies choice of the function gMX*

i,k
((), *

i,k
((), 1̧

i,k
N.

We obtain point and interval estimates of (
0

by inverting the score test of f"0. Robins1,2,4
termed the estimation procedure sketched in this selection G-estimation, because it estimates the
effect of a generalized treatment or regime.
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Table II. Alternative logistic models for AZT initiation

Models for treatment assignment
1. ‘Crude’ 2. Control 3. Full model 4. Add 5. Use adjusted
analysis for CD4 observed change in CD4

changes after
visit k

Estimates of (
0

Point estimate(s) '1)45 0)30 0)23 0)06 !0)01
95% confidence limits 0.71, R 0)01, 0)76 !0)18, 0)75 !0)42, 0)55 !0)52, 0)33

Variable Point estimates (standard error) of coefficients in logistic model for AZT initiation

1. Intercept (a
5
) !9)2 (0)5) !8)1 (0)6) !10)5 (0)8) !9)6 (0)8) !9)1 (0)8)

Visit k-visit 5 (a
k
!a

5
):

2. Visit"6 1)3 (0)2) 1)5 (0)2) 1)9 (0)3) 1)9 (0)3) 1)8 (0)3)
3. Visit"7 1)8 (0)2) 2)0 (0)2) 2)6 (0)3) 2)7 (0)3) 2)7 (0)3)
4. Visit"8 1)9 (0)2) 2)0 (0)2) 2)8 (0)3) 2)9 (0)3) 2)9 (0)3)
5. Visit"9 2)0 (0)2) 2)0 (0)2) 2)9 (0)3) 3)0 (0)3) 3)0 (0)3)
6. Visit"10 1)9 (0)2) 2)0 (0)2) 3)0 (0)3) 3)1 (0)3) 3)1 (0)3)
7. Visit"11 2)9 (0)2) 3)3 (0)2) 4)4 (0)3) 4)5 (0)3) 4)5 (0)3)
8. Visit"12 2)3 (0)2) 2)8 (0)2) 3)9 (0)3) 4)1 (0)3) 4)2 (0)3)
9. Visit"13 2)1 (0)2) 2)6 (0)3) 3)9 (0)3) 4)0 (0)4) 4)1 (0)4)

10. Visit"14 1)6 (0)3) 2)4 (0)3) 3)7 (0)4) 3)8 (0)4) 3)8 (0)4)
11. Visit"15 1)8 (0)3) 2)3 (0)3) 3)7 (0)4) 4)0 (0)4) 3)9 (0)4)
12. Visit"16 1)4 (0)3) 2)0 (0)3) 3)5 (0)4) 3)7 (0)4) 3)6 (0)4)
13. ln(t

k`1
!t

k
) 0)99 (0)09) 1)2 (0)1) 1)25 (0)11) 0)99 (0)13) 0)91 (0)12)

CD4 count at visit k:
14. CD4/100 0)00 (0)41) 0)90 (0)46) 0)91 (0)48) 0)84 (0.47)
15. (CD4-100)`/100* !1)41 (0)58) !2)22 (0)62) !2)12 (0)64) !2)06 (0)64)
16. (CD4-200)`/100 0)89 (0)36) 0)79 (0)37) 0)75 (0)38) 0)73 (0)38)
17. (CD4-300)`/100 0)03 (0)22) 0)00 (0)22) !0)07 (0)23) !0)05 (0)23)
18. (CD4-400)`/100 !0)17 (0)16) !0)06 (0)16) !0)08 (0)17) !0)11 (0)17)
19. (CD4-700)`/100 0)56 (0)16) 0)49 (0)16) 0)48 (0)16) 0)52 (0)16)
Other patient characteristics at visit k:
20. Oral hairy leukop-
lakia 0)61 (0)18) 0)54 (0)18) 0)52 (0)19)
21. Diarrhoea 0)38 (0)20) 0)36 (0)20) 0)32 (0)20)
22. Fatigue 0)52 (0)13) 0)56 (0)13) 0)55 (0)13)
23. Thrush !0)16 (0)28) !0)21 (0)28) !0)21 (0)28)
24. Weight loss 0)45 (0)20) 0)37 (0)20) 0)34 (0)20)
25. AIDS 0)93 (0)43) 0)91 (0)44) 0)78 (0)44)
26. Iln (number male

sex partners#1)/10 !0)41 (0)87) !0)42 (0)89) !0)43 (0)89)
27. Birthdate/365)25 !0)016 (0)006) !0)015 (0)006) !0)015 (0)006)
28. Study centre:

Los Angeles versus
other 0)15 (0)08) 0)17 (0)09) 0)15 (0)09)

29. Thrush]CD4/100 0)12 (0)07) 0)13 (0)07) 0)12 (0)07)
30. (k!9)]I(CD4/100) 0)05 (0)03) 0)03 (0)04) 0)03 (0)04)
31. (k!9)2]I(CD4/100) !0)009 (0)009) !0)003 (0)009) !0)002 (0)009)
32. (k!9)]CD4/100 !0)17 (0)03) !0)19 (0)03) !0)19 (0)03)
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Table II. Alternative logistic models for AZT initiation

Models for treatment assignment
1. ‘Crude’ 2. Control 3. Full model 4. Add 5. Use adjusted
analysis for CD4 observed change in CD4

changes after
visit k

Estimates of (
0

Point estimate(s) '1)45 0)30 0)23 0)06 !0)01
95% confidence limits 0.71, R 0)01, 0)76 !0)18, 0)75 !0)42, 0)55 !0)52, 0)33

Variable Point estimates (standard error) of coefficients in logistic model for AZT initiation

33. »28](k!9) !0)07 (0)28) !0)07 (0)03) !0)07 (0)03)
34. AIDS](oral hairy

leukoplakia#diar-
rhoea#fatigue#
weight loss) 0)40 (0)32) 0)57 (0)32) 0)58 (0)32)

35. AIDS] thrush !1)20 (0)75) !1)35 (0)76) !1)34 (0)76)
36. Thrush](k!9) !0)18 (0)06) !0)18 (0)06) !0)18 (0)06)
37. Thrush](k!9)2 0)04 (0)02) 0)04 (0)02) 0)04 (0)02)
Development of new conditions between visits k and k#1:
38. Diarrhoea 0)74 (0)22) 0)71 (0)22)
39. Fatigue 1)19 (0)16) 1)12 (0)17)
40. Herpes zoster 0)59 (0)22) 0)64 (0)22)
41. Night sweats 0)21 (0)40) 0)15 (0)40)
42. V41]CD4/100 0)08 (0)11) 0)09 (0)11)
43. AIDS 0)51 (0)33) 0)52 (0)34)
44. V43]CD4

k
/100 0)33 (0)11) 0)27 (0)11)

45. (CD4
i,k

(0;A, B)!
CD4

k
)/100 0)99 (1)04) !6)22 (1)16)

46. V452 32)8 (6)1) 9)9 (6)5)
47. V45] (V38#V39

#V40#V41) 3)26 (1)65) 3)03 (1)68)

For all variables involving CD4 on the natural (square root) scale, the actual estimates are 1/100 (1/10) times the numbers
stated in the table. CD4

i,k
(0; A, B) defined as in (11). In model 5, A"1, B"0 (that is, CD4

i,k
(0; A, B)"CD4

i,k`1
); in

model 6, A"40, B"0)3.
*The notation (X)` means take the positive part of X, that is, (X)`"X if X*0; (X)`"0 otherwise. Thus variables
14—19 model the effect of CD4 on AZT initiation as a linear spline with five knots (at 100, 200, 300, 400 and 700)

9. MODELS FOR TREATMENT INITIATION

This and the next section present a series of logistic models (9) for AZT initiation of increasing
sophistication and complexity. The complexity reflects increasing concern with controlling every
source of confounding and so satisfying the conditions discussed in Section 7. As the models
increasingly reflect this concern, the associated observational estimates of treatment effect
become more consistent with the results of the randomized studies discussed in Section 2. Table II
presents coefficient estimates from each successive logistic model for treatment initiation together
with associated estimates of (

0
.
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Figure 1. Six-month probability of AZT initiation following visits 6 and 11 as a function of CD4 count,
based on model 2

The first and each successive model for AZT initiation include separate terms a
k
comparing the

rate of initiation in the interval following each visit k with the rate following visit 5. This was
because patterns of AZT initiation did not change smoothly over time (see Table II, column 1). At
study outset, AZT use was low. After levelling off for a few visits, the rate of AZT initiation
increased sharply at visit 11, corresponding to the publication of results from a randomized trial
suggesting a benefit for AZT in subjects with less advanced disease.21 Rates of AZT initiation
decreased slowly thereafter. Our model (9) also includes a term for the logarithm of the time
between visit k and visit k#1, because the probability of AZT initiation increases with the length
of time between study visits.

Inasmuch as the first model for treatment assignment included no time-independent or
time-dependent covariates, estimates of (

0
based on this model are conceptually equivalent to

‘crude’ or unadjusted estimates. The point estimate (95 per cent confidence interval) for (
0

is
'1)45 (0)77, R), that is, AZT appears strongly to cause KS. As we can see by comparison with
the results from the randomized trials, and as we shall see by comparison with estimates adjusted
for covariates, these estimates are highly confounded.

The next model added CD4 count at visit k to the model for treatment initiation between visits
k and k#1. Because CD4 count is such a strong predictor of AZT use, and because the relation
does not appear linear, we allowed the relation of CD4 count and the (logit of the) probability
of AZT initiation to vary in a piecewise linear fashion. Lower CD4 counts are associated
with increased probability of AZT initiation; Figure 1 sketches the relation of CD4 and

EFFECT OF ZIDOVUDINE ON KAPOSI’S SARCOMA 1085

Statist. Med. 17, 1073—1102 (1998)( 1998 John Wiley & Sons, Ltd.



the probability of AZT initiation at different study visits. Using this model for AZT initiation, the
point (interval) estimate of (

0
is 0)31 (0)02, 0)78).

The next model included many more variables as predictors of AZT initiation between visits
k and k#1. We sacrificed model parsimony and interpretability to the goal of faithfully reflecting
the assumption of no unmeasured confounders for treatment initiation (5). Under this model, the
point (interval) estimate of (

0
was 0)24 (!0)19,0)60). The confidence interval, and to some

degree, the point estimate, are more consistent with randomized trials results than the models
considered previously.

10. COVARIATE CHANGES BETWEEN VISITS

Despite an extensive search for covariates to include in the model for treatment initiation, our
control of confounding was incomplete. This was due in part to changes in covariate levels
between visits. This section elaborates on the last assertion and shows how to modify the models
of the last section to adjust for some of the remaining confounding.

It is plausible that treatment initiation between visits k and k#1 depended not only on the
value the covariates assumed at visit k but also on their values between visits k and k#1. These
values, unavailable to the MACS, were available to physicians and subjects making decisions
about AZT use. Inasmuch as changes in these covariates also served as prognostic indicators,
such changes are confounders; failure to account for these changes provides incomplete control of
confounding.

We attempted to control for confounding by changes in covariates by adding covariate changes
between visits k and k#1 to the previous logistic model. The variables added include: change in
CD4 count between visits k and k#1, and the development of AIDS and new symptoms during
that interval. The development of new symptoms and new AIDS diagnoses is associated with
increased probability of AZT initiation. The estimate of (

0
using the new logistic model is 0)07

(!0)34, 0)57).
AZT use affects subsequent levels of CD4 count11~13,15,17,18,21 and may prevent or delay the

subsequent development of the specified symptoms11,12,15,18 or AIDS.12,13,15,17,21 Inclusion of
these variables in the logistic regression model for treatment initiation amounts to controlling for
variables that have been affected by treatment. It is well known that controlling for such variables
can lead to bias1~4,35~37,43,44,54~58.

Fortunately, the direction of the bias is known. A numerical example, in which CD4 count is
the only source of confounding and AZT does not affect KS, illustrates the bias.

Table III presents the data from one stratum of this hypothetical study, defined by covariates at
the start of follow-up; for the purpose of the example, follow-up continues only until the next
follow-up visit, six months later. This stratum includes only subjects who, at their initial visit to
the study, never used AZT and have CD4 counts of 300/mm3. During the following three months,
CD4 count declines by 25/mm3 in half of the cohort, and remains unchanged in the other half; the
group in which CD4 count declines has a worse prognosis (that is, a higher probability of
developing KS) than the group with no change. At about 3 months, these individuals visit their
physicians, who measure their CD4 counts. The only criterion upon which physicians base their
decision whether to prescribe AZT is decline in CD4 count; among people with the same CD4
count at 3 months, groups of subjects starting AZT are comparable with those not so doing.
Nonetheless, subjects whose CD4 count declined are 4 times more likely to receive AZT than
those whose counts stayed the same. Subsequently, AZT use raises CD4 count by 50/mm3 among
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Table III. A hypothetical study of AZT use

CD4 count, Number of AZT initiation, Number of CD4 count, Cases of KS, KS risk
visit 1/2 subjects visits 1/2 subjects visit 1 visit 1

275 500 Yes 400 300 80 0)2
No 100 250 20 0)2

300 500 Yes 100 350 10 0)1
No 400 300 40 0)1

Stratify on CD4 count, visit 1

CD4 count visit1 AZT use, visit 1 Number of subjects Cases of KS, visit 1 Ks risk

250 No 100 20 0)2
300 Yes 400 80 0)2

No 400 40 0)1
350 Yes 100 10 0)1

Do not stratify on CD4

AZT use Number of subjects Cases of KS, visit 1 KS risk

No 500 60 0)12
Yes 500 90 0)18

users over the next several weeks. The underlying rate of decline in CD4 continues unchanged
over the subsequent 3 months, so that, at 6 months, subjects’ CD4 counts are the sum of: (a) their
initial counts; (b) AZT effect, and (c) double their decline in CD4 over the first three months. At
this point (6 months), subjects return for a follow-up visit to the study site, where investigators
assess current CD4 counts and AZT use. At the final visit at 6 months, the study accurately
determines who has developed KS. All subjects who develop KS do so after 3 months, no subjects
die or are otherwise lost to follow-up, and no subjects alter their use of AZT from that begun at
3 months time. CD4 counts at 3 months are unavailable to study investigators.

Consider stratifying on CD4 count at visit 1. An approach sometimes taken is to include the
values of CD4 count at visit 1 in ¸

i,0
and to estimate the stratum-specific risk differences

p(¹
i
)1 DZ

i,0
"1, ¸

i,0
)!p (¹

i
)1 D Z

i,0
"0, ¸

i,0
) . Only the ‘stratum’ defined by CD4"300 at

visit 1 has both treated and untreated subjects; comparison is possible for this stratum. For this
stratum, the risks in the treated and untreated are 80/400"0)2 and 40/400"0)1, respectively,
yielding a risk difference of 0)1. AZT appears harmful, because AZT has made some subjects with
poor prognosis have covariate levels indicative of good prognosis. Note that if one fails to control
for changes in CD4 count, AZT also appears harmful (Table III); both estimates are then biased
in the same direction.54

AZT also may affect the levels of other covariates (development of new symptoms or AIDS) so
as to make subjects on AZT appear at lower risk for KS than if they had not taken AZT. In
consequence, control for changes in observed covariate levels between visits k and k#1 also
makes AZT appear more harmful, and estimates of (

0
are biased upward.
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Table IV. Estimates of (
0

using different analytic approaches

Estimates of (
0

Modified estimators Unmodified estimators
(using g

i,k
(2*) (()) (using g

i,k
(2)(())

Point estimate 95% Point 95%
confidence estimate confidence
interval interval

Assumptions about AZT effect on CD4 count (A, B in (11))
A B
0 0 0)06 !0)42, 0)55
20 20 0)02 !0)49, 0)35
40 30 !0)01 !0)52, 0)33
60 40 !0)14 !0)56, 0)31

Assumptions about time of AZT initiation between visits k and k#1
In subjects In subjects not
developing developing KS
KS between k between k
and k#1 and k#1
(h in (12)) (o in (13))
0% 1 !0)01 !0)49, 0)32 !0)28 !0)59, 0)05
25% 0)5 0)00 !0)49, 0)33 !0)08 !0)42, 0)28

1 !0·01 !0·52, 0·33 !0)09 !0)46, 0)35
2 !0)01 !0)54, 0)33 !0)04 !0)44, 0)38

50% 1 !0)07 !0)54, 0)35 0)11 !0)33, 0)62
100% 1 !0)02 !0)52, 0)37 0)53 0)11,'1)25

Assumptions about changes in
AZT use after last visit: M1% of
subjects treated at last visit and
M0% of subjects untreated at last

visit change AZT level
M1 M0
0 0 !0·01 !0·52, 0·33
2)5 5 !0)03 !0)54, 0)34
5 10 !0)03 !0)52, 0)38

How potential censoring time C
i
determined?

As described in
Section 4 !0·01 !0·52, 0·33
6 March 1992 !0)01 !0)53, 0)33

Following Rosenbaum54 and an earlier report from the MACS,59 we attempted to adjust for
part of this bias. We tried to recover the value of CD4 count that we would have observed at visit
k#1 had subjects not started AZT therapy after visit k ; we denote this variable by CD4

i,k
(0).

Were we successful, this variable would, in principle, be unaffected by AZT treatment, and by
controlling for it we would control for a pretreatment prognostic indicator. Our model for the
effect of AZT initiation on CD4 at visit k#1 is

CD4
i,k

(0; A, B)"CD4
i,k`1

!min(A, B]CD4
i,k`1

) (11)
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where A and B are parameters. If AZT has no effect on CD4 count, A"B"0, and
CD4

i,k
(0; A"0, B"0)"CD4

i,k`1
, the observed value. Thus, the estimates presented above

based on observed changes in CD4 are a special case of inference based on CD4
i,k

(0; A, B).
A"B"0 does not represent reasonably the effect of AZT; we need to use values for A and
B more consistent with AZT’s known effect. Based on randomized trials,11,13,15,17,21 we
assumed that A"40, B"0)3 more closely approximates AZT’s effect on CD4. We consider the
meaning of this model (11) with these parameter values for subjects initiating AZT between visits
k and k#1. Under the model, subjects with CD4 at visit k#1 above 133/mm3 would have had
CD4 counts 40/mm3 lower had they not started using AZT; other subjects would have had CD4
counts 30 per cent below their observed level (CD4

i,k`1
). Using CD4

i,k
(0; 40, 0)3) in variables

45—47 in the logistic model produces an estimate for w
0

of !0)01 (!0)52, 0)33). Using these
values for A and B, the estimated value of w

0
is lower, as expected from our discussion, and more

in line with the results of the randomized trials. Table IV reports estimates under different values
of A and B consistent with published results.

11. TIMING OF TREATMENT CHANGES

In the MACS, the dates of change in AZT use were unavailable for large numbers of subjects
(information on date of diagnosis of KS is generally available). This section considers inference for
w
0

when some of the times of treatment changes are unknown but a correct model or prior is
available for the distribution of these times. Section 12 considers how to make inference
insensitive to this choice of prior. This section concentrates on uncertainty in the time of AZT
initiation, because inference is crucially based on correct assumptions (that is, (5)) about this (see
Sections 7 and 8). The results presented in Sections 9 and 10 relied on the methods outlined in
these sections.

We used simple models for the time of AZT initiation. Consider a subject who reported
initiating AZT between visits k and k#1, but did not develop KS during that interval. We
assumed that the cumulative distribution function of S

i
, the time of AZT initiation, followed the

relation

F
S
(s D¹

i
't

i,k`1
, t

i,k
(S

i
)t

i,k`1
)"C

s!t
i,k

t
i,k`1

!t
i,k
D
h

(12)

where h is some positive constant; if h"1, this is a uniform distribution on the interval
[t

i,k
, t

i,k`1
]. Now consider a subject who developed KS during the same interval as he initiated

AZT therapy. We assumed that the probability he started treatment before he developed KS was
o. For subjects who started AZT before KS, we assumed the probability of AZT initiation
followed a uniform distribution on the interval [t

i,k
, ¹

i
]; for subjects who started AZT after KS,

the distribution of AZT initiation time is of no concern. Write the model for AZT initiation
time as

p
S
(s(¹

i
D t

i,k
(¹

i
)t

i,k`1
, t

i,k
(S

i
)t

i,k`1
)"o

(13)

F
S
(s D t

i,k
(S

i
)¹

i
)t

i,k`1
)"C

t!t
i,k

¹
i
!t

i,k
D .

The analyses of the previous sections assumed that o"0.25, h"1.
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We used multiple imputation60~62 to estimate w
0
under our model for initiation time ((12) and

(13)). For each choice of parameters in (12) and (13), we imputed times of AZT initiation j"10
times; except as noted, we imputed values only for subjects who did not report a date for AZT
initiation. For the jth imputed data set, j"1, 2, 10, denote by Sj(w) and Ij(w) the values of the
score test statistic for f"0 in (10) computed under the assumption w

0
"w and the corresponding

information statistic. We calculate our overall score test of each hypothesis w
0
"w as

S (()"A
1

J B
J
+
j/1

S
j
((). (14)

We calculate the variance of S (() and the associated p-value as in Little and Rubin.60
It is uncertain which, if any, choice of parameters in (12) and (13) provides a reasonable

approximation to the unknown distribution of AZT initiation times. Consequently, it is desirable
to choose an analytic method under which inference is insensitive to untestable assumptions
about the time of treatment initiation. Table IV (column 1) presents estimates obtained under
different choices for parameters in (12) and (13). Inference was relatively insensitive to such
choices; Section 12 provides reasons for this. The technical details of Section 12 are not necessary
to understand the remainder of the article and so may be skipped by those so inclined.

12. CHOICE OF ESTIMATING FUNCTION

Section 8 described how to use arbitrary functions g (., ., .) of the observables X*
i,k

((), *
i,k

((), and
1̧
i,k

, in tests of hypotheses (
0
"(. This section provides additional details concerning choice of

the function g (., ., .) in (10) and a brief justification for our choice. Estimates of w
0

discussed
previously used the approach of this section.

We used three criteria to choose a function g (., ., .): efficiency; feasibility, and insensitivity to
assumptions about temporal ordering. Let the superscript (l) denote alternative choices for
functions g (., ., .) . Let G(l)

i,k
(w),g(l)

i,k
(X*

i,k
(w), *

i,k
(w), L1

i,k
) represent a particular arbitrary choice.

Let

G (1)
i,k

((),*
i,k

(()[EMZ
i
(X*

i,k
) DX*

i,k
((), 1̧

i ,k
, *

i,k
(()"1, Z1

i,k~1
"0, Z

i,k
"1N

(15)
!EMZ

i
(X*

i,k
) D X*

i,k
((), 1̧

i,k
, *

i,k
(()"1, Z1

i,k~1
"0, Z

i,k
"0N].

Note that G (1)
i,k

(() is a function of X*
i,k

((), *
i,k

((), and 1̧
i,k

. Efficiency concerns1,4,63 motivate the
choice of G (1)

i,k
(().

Because these expectations are unknown, we cannot calculate G(1)
i,k

(() . However, we may
estimate EMZ

i
(X*

i,k
) DX*

i,k
((), 1̧

i,k
, *

i,k
(()"1, Z1

i,k~1
"0, Z

i,k
"jN, where j"0, 1, by using lin-

ear logistic models for the treatment level at failure (Z
i
MX*

i,k
((N); these are models for Z

i
MX*

i,k
(()N

in the subset of subjects who are not censored in the (-transformed data (that is, **
i,k

(()"1),
who have not used AZT before visit k, and who receive level j of AZT at k. Both models
(for j"0, 1) included coefficients for the following functions of modified failure time X*

i,k
(()

and covariate history 1̧
i,k

: MACS visit (ordinal; that is k), and r, r2, r3, r4, where
r, lnMX*

i,k
(()#1N. We substituted fitted values for E[Z

i
(X*

i,k
) DX*

i,k
((), M̧

i,k
, *

i,k
(()" , ZM

i,k~1
"0, Z

i,k
"1], j"0, 1, in (15) to give the function G

i,k
(2)(().

We consider now how to modify an arbitrary function G
i,k

(l) (() to make it insensitive to
assumptions about the unknown time of AZT initiation. Let p

i,k
be the fitted conditional

probability in (9) of initiating AZT between visits k and k#1, given covariate history; that is,
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p
i,k
,1/(1#exp (!(â

k
#w ( M̧

i,k
)bK ) ) ), where hats denote estimates of the parameters in (9). We

use the score test of f"0 in our logistic model (10) to test (
0
"( and write the score as

+
i

+
k

(Z
i,k
!p

i,k
) G(l)

i,k
(() (16)

where the sum is over all subject-visits Mi, kN included in the logistic model for treatment initiation
(10). Suppose that (

0
"0, and consider testing that hypothesis. For subjects who initiate AZT

and develop KS between visits k and k#1, but for whom the ordering of these events is
uncertain, it is unclear what value to assign to Z

i,k
. In general, the value of the score (16) is

sensitive to how Z
i,k

is imputed. However, it is possible to modify G(l)
i,k

(() so that the value of the
score is insensitive to the method of imputation. Let G(l* )

i,k
(()"G(l*)

i,k
(() l (X

i,k
(()*max(1, ());

recall that one unit in the scale for X
i,k

(() is 180 days, roughly the planned gap between visits
k and k#1. Now, wherever Z

i,k
in (16) is uncertain, G(l*)

i,k
(()"0, so that the sum in (16) is little

affected by different methods of imputation. Consequently, inference becomes less sensitive to
misspecification of models for AZT initiation. The estimates presented in previous sections used
the modified function G (2* )

i,k
(() and so were insensitive to specification of models ((12) and (13)) for

AZT initiation (Table IV, column 1). In contrast, estimation using the unmodified function
G(2)

i,k
((), derived as above, is highly sensitive to specification of these models (Table IV, column 2).

13. CENSORING BY COMPETING CAUSES

In the MACS, many subjects die or are lost to follow-up before the end of the study (C
i
) , and so

the variables X*
i,k

(() and *
i,k

(() are not always observable. Thus, the methods sketched above
are not feasible. We lump together death and loss to follow-up under the term ‘competing causes’.
This section outlines modifications in the methods of the last section necessary to deal with
censoring by competing causes. These modifications were used to obtain the results presented in
previous sections.

Let q
i
"1 if subject i remains under observation until the event of interest occurs (at ¹

i
) or until

planned study termination (at C
i
) ; let ¹

i
"0 otherwise (i censored by a competing cause). Let

D
i
represent the date of censoring by a competing cause; for subjects not censored by a competing

cause, D
i
"R. Let ½

i
be the minimum of failure time, potential censoring time C

i
, and the time

of censoring by competing causes; that is, ½
i
"min(¹

i
, C

i
, D

i
). Let j

D
(t D ) ) represent the hazard of

censoring at t given the events denoted by ‘)’. Suppose that we identify sufficient predictors of
censoring and KS to make the censoring process ignorable, that is, given a subject’s treatment
and covariate history, time to KS if untreated does not predict the censoring process. We
formalize this as

j
D
(t D M̧

i,k
, ZM

i,k
, ¹

i
't

i,k
, t

i,k
)t(t

i,k`1
, º

i
)"j

D
(t D M̧

i,k
, ZM

i,k
, ¹

i
't

i,k
, t

i,k
)t(t

i,k`1
). (17)

Let

K
i
,exp A!P

½
i

0

j
D
(t D M̧

i,k
, Z1

i,k
, ¹

i
't, t

i,k
)t(t

i,k`1
) dtB .

We modify our approach by substituting G(j)*
m, i

(()"q
i
G(j)

m, i
(()/K

i
for Gj

m, i
(() in score tests of

f"0 in the logistic regression model for treatment initiation.4
We provide here an informal rationale for this approach. Under conditions stronger than (17),

K
i
is the conditional probability that subject i survived until ½

i
without being censored, given
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subject i’s treatment and covariate history. Under those conditions, if subject i is observed
to fail at ½

i
and K

i
"0)1, then subject i would need to count for 1/K

i
"10 subjects (himself

and 9 others who were censored prior to ½
i
). Although under the weaker assumption (17), K

i
is not the probability of surviving to ½

i
without being censored, the approach remains

valid.64
Because the hazard j

D
(t D M̧

i,k
, ZM

i,k
, ¹

i
't, t

i,k
)t(t

i,k`1
) is not known, we must estimate it

(as j
D
(t D M̧

i,k
, ZM

i,k
, ½

i
't, t

i,k
)t(t

i,k`1
)). For computational reasons, we chose to use a fully

parametric exponential-Poisson regression model for the hazards instead of the Cox proportional
hazards model with time-varying covariates suggested in Robins et al.4 Let q (), )) be an arbitrary
function of its arguments, and let b

P0*4
be a vector parameter. Write the exponential-Poisson

model as

j
D
(t D M̧

i,k
, ZM

i,k
, ¹

i
't

i,k
, t

i,k
)t(t

i,k`1
;b

P0*4
)"exp(q( M̧

i,k
, ZM

i,k
)b

P0*4
). (18)

We use fitted values of the hazard,

jª D(t D M̧
i,k

, ZM
i,k

, ½
i
't, t

i,k
)t(t

i,k`1
)"j

D
(t D M̧

i,k
, ZM

i,k
, ½

i
't, t

i,k
)t(t

i,k`1
; bK

P0*4
),

to calculate

K]
i
,expA!P

jK
D

0

(t D ]̧
i,k

, ZM
i,k

, ¹
i
't, t

i,k
)t(t

i,k`1Bdt.

Robins3 shows that substituting estimates Kª
i

for the true value K
i

leads to asymptotic-
ally conservative confidence intervals (as long as one uses the robust estimator42, 65 of
the variance of the score statistic (16) from the logistic regression model (10). Robins3, 42
discusses analytic corrections that produce confidence intervals which have asymptotically
nominal coverage.

14. MODELS FOR THE CENSORING PROCESS

This section presents alternative models used for the censoring process. It also presents estimates
of the AZT effect on KS under each alternative.

We chose variables for modelling the censoring process so as to make assumption (17)
plausible. This criterion for variable selection mirrors that used in the model for AZT initia-
tion (Sections 8—10). Because causal interpretation of estimates depends on the correctness
of (17), making the censoring process ignorable is more important than fitting a parsimonious
model.

Table V presents estimates of coefficients in the model for censoring by competing causes.
Using this model to calculate K]

i
, the point and interval estimates for (

0
were !0)01 and

(!0)51, 0)33). The estimates of (
0

presented in previous sections used this model for
censoring.

We have lumped under the title censoring by competing causes the separate causes death and
loss to follow-up. This aggregation may obscure important differences in the effect of various
predictors on each separate type of censoring and so lead to misspecification of the model
for censoring. To examine the potential impact of this, we fit separate models for censoring by
death and by other loss to follow-up. Denote the cause specific hazard functions as
j
Dl

(t D M̧
i,k

, ZM
i,k

, ¹
i
't, t

i,k
)t(t

i,k`1
), where l"1 refers to censoring by death and l"2 refers
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Table V. Coefficients estimates in models for censoring by competing causes and associated inference for w
0

Models for censoring
1. Single model for all 2. Separate models for different types of

types of censoring censoring
2a. Death 2b. Other loss to

follow-up

Estimates of (
0

Point estimate !0)01 !0)06
95% confidence interval !0)52, 0)33 !0)52, 0)34

Variable Estimates of Poisson regression coefficients

1. Intercept !2)97 (0)14) !4)62 (0)23) !3)55 (0)21)
2. Visit*11 !0)04 (0)12) !0)27 (0)16) 0)30 (0)18)
3. Visit*13 0)47 (0)13) 0)25 (0)19) 0)55 (0)19)
4. Visit*16 !0)71 (0)21) !0)49 (0)26) !1)06 (0)35)
5. JCD4 (centred)/10 !0)074 (0.076) !0)37 (0)17) 0)24 (0)13)
6. V52 0)13 (0)05) 0)23 (0)09) !0)25 (0)11)
7. AIDS at visit k 1)37 (0)16) 2)59 (0)26) !0)36 (0)42)
8. New AIDS in inter-

val after k 2)06 (0)28) 2)96 (0)38) !1)45 (1)17)
9. V8]V5 !0)01 (0)02) 0)03 (0)02) 0)04 (0)06)

10. ln (haematocrit)
(centred) !0)32 (0)57) !1)96 (0)08) 1)44 (1)00)

11. V102 8)80 (2)02) 6)35 (2)99) 10)31 (6)30)
12. V103 8)16 (7)03) 16)85 (10)06) 0)67 (18)20)
13. V104 !9)93 (10)58) 6)31 (11)74) !54)09 (52)68)
14. Jln(number male

sex partners #1)/10 !0)19 (0)07) !0)36 (0)10) 0)07 (0)11)
15. Race (other versus

white) 0)21 (0)11) !0)01 (0)16) 0)51 (0)16)
16. AZT use !0)23 (0)10) !0)19 (0)14) !0)25 (0)16)
17. Oral hairy

leukoplakia 0)09 (0)14) 0)05 (0)17) 0)35 (0)26)
18. Fatigue !0)02 (0)13) 0)08 (0)18) !0)04 (0)22)
19. Night sweats 0)13 (0)20) 0)10 (0)25) 0)05 (0)39)
20. V3]V8 !0)66 (0)24) !0)41 (0)27) 0)85 (0)83)
21. V8]V16 !0)41 (0)20) !0)49 (0)23) !0)38 (0)78)
22. V10]V18 !1)52 (0)57) !0)83 (0)68) !4)36 (1)73)
23. V10]V19 0)40 (0)74) 0)28 (0)87) 4)42 (2)87)
24. Employment

(full-time versus less) !0)25 (0)09) !0)23 (0)11) !0)25 (0)14)
25. Other symptoms:

diarrhoea; fever; 0)29 (0)10) 0)33 (0)13) 0)19 (0)17)
herpes zoster; thrush;
weight loss (any versus
none)
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to censoring by other causes. We fit separate exponential-Poisson models (18) for the cause-
specific hazard function; Table V presents estimates of coefficients in these models. Redefine K

i
as

K
i
,expA!P

½
i

0

Mj
D1

(t D M̧
i,k

, ZM
i,k

, ¹
i
't, t

i,k
)t(t

i,k`1
)

#j
D2

(t D M̧
i,k

, ZM
i,k

, ¹
i
't, t

i,k
)t(t

i,k`1
)NdtB

then substitute estimates of the cause-specific hazards to obtain K]
i
which we used in Section 13 to

obtain estimates of (
0
. The estimates of (

0
obtained using K]

i
as redefined were

!0)06(!0)52, 0)34) , not terribly different from those obtained by fitting only a single model for
the censoring process.

15. RELATIVE RISK REGRESSION AND TEMPORAL ORDERING

Relative risk regression is the most common approach to estimating treatment effects in observa-
tional studies such as the MACS; as such, it may be viewed as a competitor to the G-estimation
approach we have outlined. Previous sections showed how our approach could successfully deal
with several methodologic issues. This section briefly outlines inadequacies in the way that
standard approaches to relative risk regression handle some of these issues.

In observational studies, a typical approach is to specify a model for the hazard as a function of
covariates and treatment. Let j

T
(tD)) denote the hazard of failure at t given the conditioning.

A general model specification is

ln(j
T
(t D M̧

i
(t), ZM

i
(t)) )"g ( M̧

i
(t), t)#w (Z1

i
(t) ) b

r
. (19)

b
r
is a log relative-risk parameter that measures the association between treatment and outcome;

we would like to know when estimates of b
r
have a causal interpretation. The most common

choices for w (ZM
i
(t)) are: (i) w (ZM

i
(t))"Z

i
(t) , that is, using current treatment in the relative-risk

regression, and (ii) w(ZM
i
(t))":t

0
Z

i
(u) du, that is, using cumulative treatment in the relative-risk

regression. Checkoway et al.66 and other texts discuss alternative choices of w ()) . We concentrate
on measures of current treatment, because this is the most frequent approach to effect estimation
in non-randomized (see, for example, references 24, 25 and 67) and randomized (see, for example,
reference 21) studies. Robins1,36,37 and Robins et al.4 discuss difficulties in use of cumulative
exposure in similar settings.

We examined the effect of AZT under the same assumptions about timing of treatment
initiation described in Section 11. Inference was highly sensitive to these assumptions. Table VI
presents maximum-likelihood estimates of b

r
in an exponential-Poisson regression model for

rates. One extreme assumption is that subjects who started AZT between visits k and k#1, did
not report a date for AZT initiation, and who developed KS between visits k and k#1 invariably
started AZT first before KS. Under this assumption, AZT appears to cause KS. Under the
opposite assumption, that such subjects invariably started AZT after developing KS, AZT
appears to prevent KS or have little effect. Intermediate assumptions yield intermediate estimates
of AZT effect. Under the assumption maintained in previous sections, that 25 per cent of subjects
initiating AZT between visits k and k#1 and also developing KS in that interval started AZT
first, AZT appears to have little effect; the point estimate (confidence interval) for b

r
was

!0)07(!0)39, 0)25).
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Table VI. Relative risk (exponential-Poisson) regression model for Kaposi’s sarcoma: estimates of AZT
effect (b

r
)

Assumptions about the times Point estimate 95% confidence interval
of change in AZT treatment

Proportion of subjects initiating AZT and developing
KS between visits k and k#1 who initiate AZT first
(h in (12)) (among subjects not reporting date of initia-
tion)
0% !0)07 !0)39, 0)25
25% 0)02 !0)29, 0)33
50% 0)21 !0)16, 0)59
100% 0)51 0)17, 0)84

Proportion of subjects initiating AZT and developing
KS between visits k and k#1 who initiate AZT first
(h in (12)) (among all subjects)
25% !0)14 !0)50, 0)23
100% 0)56 0)24, 0)88

Use ‘standard’ approach: if treatment changes be-
tween visits k and k#1, it changes at end of interval;
disregard stated AZT initiation dates !0)11 !0)41, 0)19

We included terms in the model for: study visit; CD4 count; haematocrit; diagnosis of AIDS; employment status; use of
alpha interferon; number of sexual partners; insertive rimming; race; date of birth; study centre, and number of symptoms

An approach often taken in observational studies is to assume the level of treatment recorded
at visit k remains the same until visit k#1.4, 24, 25 When we applied this approach to the MACS
data, the estimate of log relative risk was !0)11(!0)41, 0)19) . Investigators typically justify this
approach by arguing (rightly) that developing KS can influence AZT use and its recall; conse-
quently, estimators that use information on treatment gathered at visit k#1 may be severely
biased. Nonetheless, use of inaccurate measures of treatment level can produce biased estimates of
a treatment’s effect.

There are additional difficulties with relative risk estimation. Estimating the effect of treatment
received in one short interval on outcome during the same interval requires that treated and
untreated subjects be comparable except for treatment received during that interval (4). In
general, one would want to consider treatment received during earlier intervals (Z1

i,k~1
)

as a potential confounder needing control (which is seldom done in practice.) This might
be accomplished by letting w ( ) ) in (19) be a vector function, for example, w (Z1

i,k
)"

[Z
i,k

, ¼`(Z1
i,k~1

)]T, where ¼`(Z1
i,k~1

) is a known function of previous treatment for example,
cumulative treatment to visit k!1). Then, even when (4) holds and the relative risk model (19) is
correctly specified, the regression coefficient for current treatment, but not that for previous
treatment, has causal interpretation.5

Suppose further that the more plausible assumption of no unmeasured confounders for
treatment initiation (5) rather than for all treatment assignment (4) holds. This restricts us to
considering in the estimation only intervals following visits k for which a subject had not
previously been treated (i: Z1

i,k
"0). Under this restriction, inference becomes even more sensitive

to assumptions about the time of AZT initiation (data not shown).
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16. DISCUSSION

This analysis used observational data to estimate the effect of AZT on the incidence of KS. Such
use of observational data to estimate the effect of a treatment on an outcome it is intended to
affect is controversial.68, 69 One reason is that physicians and patients often use intermediate
predictors of the outcome to make treatment decisions,58, 68 creating strong confounding that
may be difficult to control. The associations of AZT, KS and other covariates are typical of
observational studies of such outcomes. Clinicians use AZT to delay the progression of HIV
infection and use intermediate measures of progression to make treatment decisions. KS is
a component of such progression and is strongly associated with other measures of disease
progression, such as CD4 count.32, 63, 70 Investigators often use randomized experiments to
estimate intended effects; when conducted well, such trials are justifiably regarded as ‘gold
standard’. Nonetheless, it is sometimes impractical or unethical to conduct randomized trials, and
sometimes clinicians and patients may desire preliminary answers before results from randomized
trials become available. Thus, it is important to determine if and when observational analyses can
reliably provide useful evaluations of treatment effect. This section discusses what our investiga-
tion suggests about these issues.

We have outlined Robins’ approach to characterizing and estimating the effect of a time-
varying treatment. Further, we have shown how to modify his approach to deal with the
methodologic issues relevant to our data. Our analysis has shown that implementation of this
approach is practical.

We consider here the role of our assumptions in our data analysis. Perhaps most critical
is the role of our treatment assignment assumption (5). Miettinen68 has argued that the sub-
tleness of indications for treatment will result in uncontrollable confounding and the failure
of such assumptions as (5); consequently, investigators should refrain from observational
evaluations of the effect of a treatment on an intended outcome. We seldom expect our
assumptions to be exactly correct in this or any observational study. Nonetheless, our ex-
perience in analysing the MACS data has made us somewhat more sanguine about the pos-
sibility of using observational data for such purposes. We provide here the basis for this
conclusion.

There are two possible justifications for analysing observational data when a no-unmeasured-
confounders assumption such as (5) is not exactly correct. First, we may believe that the
assumption is approximately correct and the resultant bias unimportant.71 We subject such belief
to partial empirical investigation by comparing estimates obtained under assumption (5) to
estimates from summarizing the randomized trials. We take the randomized trials results, which
suggest that AZT has a weak to moderate effect in preventing KS, to be more accurate; we do this
because of the ever-present worry about unmeasured confounders. Nonetheless, there are other
reasonable explanations for divergence between estimates from observational and randomized
studies. For example, standard intent-to-treat analyses purport to measure effectiveness while our
observational analysis aims to estimate efficacy (in which case one might expect to find stronger
associations in the observational studies). In addition, case definition in our analysis was different
than in many of the randomized trials. Thus, randomized studies are an imperfect ‘gold standard’
for observational analyses, and in some settings one might expect even valid estimates from
observational studies to diverge from those obtained from randomized trials.72, 73 Sampling
variability may also reasonably explain the remaining differences between the observational and
randomized trial estimates.
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Despite these caveats, the concern with the possibility of unmeasured confounding makes the
comparison of observational and randomized studies instructive. This concern is heightened by
the strength of measured confounding in our study; the ‘crude’ point estimate of (

0
is greater than

1)45, and AZT wrongly appears strongly to cause KS. Applying the approach sketched in Section
10 for controlling confounding yields a point estimate of !0)01; the approach appears to have
removed most of the confounding. Empirical evaluation of whether (5) has been satisfied and
confounding controlled, even approximately, is inconclusive.

Second, suppose that residual confounding is substantial, as is consistent with the data. We
reasonably may speculate about its direction. Most determinants of AZT initiation we have
found are indicators of poor prognosis (that is, increased risk of KS). We suspect that unmeasured
determinants of AZT initiation would exhibit the same property, as apparent increased risk of
disease progression seems to be an important basis for doctors and patients to initiate AZT.
Inasmuch as this is the case, estimates of (

0
are too high, and AZT may have a stronger effect in

preventing KS than these estimates indicate.
Further, one may tailor assumptions about reasons for treatment changes to reflect more

accurately the processes we believe operative in the study population; doing this may reduce the
bias created by inability to measure accurately the subtle reasons for treatment changes. We have
presented two complementary approaches for doing this. Section 10 discusses an approach to
controlling for confounding by unmeasured changes in a covariate between visits. We would
seldom expect such simple deterministic models for the effect of treatment on a covariate as (11) to
be exactly correct. Nonetheless, analytic corrections based on the model made our estimates of
treatment effect more consistent with the randomized trials results. It will be of interest to
investigate the utility of such simple methods when our model is not exactly correct and to
develop alternative approaches when simple methods are not available, such as when the
covariate affected by treatment is dichotomous. Robins42 has proposed a complementary
approach for examining the sensitivity of inference about (

0
to unmeasured confounding.

In addition, Section 7 shows how to modify assumptions about treatment assignment and
then use G-estimation methods to estimate treatment effects under these more reasonable
assumptions.

Sections 11 and 12 discuss an approach to inference when the time of change in treatment level
is not known. This approach appears successfully to minimize sensitivity of inference to untest-
able assumptions about this time. However, more investigation is warranted.

There is another reason for a more optimistic view of the potential utility of observational
analyses. Unlike randomized trials designed primarily to examine the effect of a treatment, the
MACS was set up to investigate many issues about the natural history of HIV infection.33
Consequently, investigators did not design their data collection instruments primarily to minim-
ize the methodologic difficulties involved in estimating the effect of AZT. In situations in which
the investigators’ main goal is to estimate treatment effects, investigators could reduce the
potential for bias by (i) accurately recording dates of change in treatment status, and (ii) recording
information from all subjects regarding all important determinants of treatment status. In the
MACS, treatment was not provided by the investigator, which led to some of the uncertainties
discussed above regarding treatment and covariates. Studies in which the providers of medical
care (for example, physicians, Health Maintenance Organizations) also record information on
treatment, covariates, and outcomes have the potential for greater accuracy regarding these
matters. Of course, such designs may heighten the potential for observer bias well-known to
epidemiologists, statisticians, and other clinical researchers.57, 69
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Observational analyses such as ours are not the equivalent of randomized trials. However,
where randomized trials are unfeasible or unethical, analyses of observational data may be
necessary. Given appropriate data and proper analytic methods, observational analyses can
sometimes provide useful evidence concerning the intended effect of a treatment. We hope that
our investigation will spur further investigation of the validity and utility of observational
approaches.
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