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Abstract: Appropriate analysis of observational data is our best chance to obtain answers to many questions that involve
dynamic treatment regimes. This paper describes a simple method to compare dynamic treatment regimes by artificially
censoring subjects and then using inverse probability weighting (IPW) to adjust for any selection bias introduced by the
artificial censoring. The basic strategy can be summarized in four steps: 1) define two regimes of interest, 2) artificially
censor individuals when they stop following one of the regimes of interest, 3) estimate inverse probability weights to adjust
for the potential selection bias introduced by censoring in the previous step, 4) compare the survival of the uncensored
individuals under each regime of interest by fitting an inverse probability weighted Cox proportional hazards model with
the dichotomous regime indicator and the baseline confounders as covariates. In the absence of model misspecification,
the method is valid provided data are available on all time-varying and baseline joint predictors of survival and regime
discontinuation. We present an application of the method to compare the AIDS-free survival under two dynamic treatment
regimes in a large prospective study of HIV-infected patients. The paper concludes by discussing the relative advantages

and disadvantages of censoring/IPW versus g-estimation of nested structural models to compare dynamic regimes.

Several randomized (Hammer et al. 1997) and observa-
tional (Cole et al. 2003; Sterne et al. 2005) studies have
shown that continuous use of highly active antiretroviral
therapy (HAART) improves the acquired immunodeficiency
syndrome (AIDS)-free survival of human immunodefic-
iency virus (HIV)-infected patients compared with no use
of HAART.

The next logical step is to determine the optimal time at
which to initiate HAART to maximize expected survival
or perhaps AIDS-free survival. Current guidelines generally
recommend that HAART be initiated the first time CD4
cell count drops below 350 cells/ul. Formally, this recom-
mendation corresponds to the treatment regime “start
HAART when the CD4 cell count first drops below 350
cells/ul, then always treat.” This regime is an example of a
dynamic treatment regime. A dynamic treatment regime is
one in which the treatment assigned depends upon a sub-
ject’s evolving time-dependent covariate history. In contrast,
most previous studies have compared non-dynamic regimes,
like “always treat” and “never treat,” which assign treat-
ment (or no treatment) regardless of the subject’s history. It
is widely argued that a dynamic regime in which initiation
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of HAART depends optimally on the subject’s CD4 cell
count should result in longer expected survival than any
non-dynamic regime: if one begins therapy before it is really
needed (say, when the CD4 cell count exceeds 500), there is
additional time for viral resistance or drug-related toxicities
to develop. On the other hand, if therapy is withheld for
too long (say, until the CD4 cell count drops below 200
cells/ul), permanent irreversible damage to the immune sys-
tem may have already occurred.

Thus, there is great current interest in answering ques-
tions like the following: Is the (dynamic) regime “start
HAART when CD4 cell count first drops below 500 cells/pl,
then always treat” better than the (dynamic) regime “start
HAART when CD#4 cell count first drops below 200 cells/
pl, then always treat”? It is, however, unlikely that long-
term trials will be ever conducted to compare each of the
possible cutoff points defined by the time-varying covariate
CD4 cell count (500 and 200 are only two examples). Hence
appropriate analysis of observational data is our best
chance to obtain answers to many questions that involve
dynamic treatment regimes.

This article describes a simple method introduced in
Robins (1993) to compare dynamic treatment regimes by
artificially censoring subjects and then adjusting for selec-
tion bias due to censoring by inverse probability weighting
(IPW). We present an application of the method to compare
the AIDS-free survival under two dynamic HAART re-
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gimes in a large prospective study of HIV-infected patients.
The article concludes by discussing the relative advantages
and disadvantages of censoring/TPW versus g-estimation of
nested structural models to compare dynamic regimes. Be-
cause, as we will see, censoring/[PW can be similarly applied
to compare either non-dynamic or dynamic treatments, we
start by reviewing the simpler setting in which the question
of interest involves non-dynamic regimes only.

Comparing non-dynamic regimes

To fix ideas, let us consider the two non-dynamic regimes
“always treat” and “never treat” with HAART. Our goal is
to decide which of these two non-dynamic regimes results
in a longer AIDS-free survival time in HIV-infected pa-
tients. For convenience, we will often use the terms treat-
ment and survival (or mortality) rather than HAART and
AIDS-free survival (or AIDS/mortality).

A randomized experiment to compare these two regimes
could be designed as follows. First, recruit a cohort of pa-
tients recently infected with HIV and that have never re-
ceived antiretroviral therapy. Second, assign them randomly
to either of the two regimes “always treat” (4=1) or “never
treat” (4=0). Third, administer them their assigned treat-
ment regime, HAART or placebo, until the end of follow-
up (say, five years after randomization), AIDS, or death,
whichever occurs earlier. Finally, choose a survival analysis
method to compare the mortality between the two groups.
For example, use a proportional hazards model to contrast
the mortality rates or an accelerated failure time model to
contrast the median survival times in each group.

When the data from this randomized experiment are ana-
lyzed under the intention to treat (ITT) principle, the treat-
ment variable does not change with time. That is, for the
purposes of the analysis, each subject is considered to re-
main in the treatment group (4=1 or 4=0) to which she
was assigned at baseline, regardless of whether she actually
adhered to the assigned regime. A consequence of working
under the ITT approach is that one does not really compare
the regimes “always treat” and “never treat”, but rather the
regimes “intent to always treat” and “intent to never treat”.
In the presence of a treatment effect, the two contrasts will
only be identical when all participants fully comply with
the assigned treatment.

A non-randomized (observational) study to compare the
two regimes “always treat” and “never treat” could be de-
signed and conducted as follows. First, identify a cohort
of patients recently infected with HIV and that have never
received antiretroviral therapy. Second, develop a system to
identify their treatment status over time, e.g., A(¢)=1 if they
received treatment or A(7)=0 if they did not receive treat-
ment at time ¢ after study entry. Third, record data on treat-
ment status and confounders until the end of follow-up (say,
five years), AIDS, or death, whichever occurs earlier.
Throughout this article we will assume that the collected
information included data on all the time-dependent con-
founders for the effect of antiretroviral therapy on mor-
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tality, that is, on all time-varying risk factors for mortality

that are used to decide whether to treat a patient at time .

Finally, choose a survival analysis method to compare the

mortality between the groups. The problem here is what

groups? Unlike in the randomized experiment with full
compliance, participants in an observational study do not
necessarily follow the pre-specified regimes “always treat”
or “never treat.” Some individuals may happen to follow
those regimes but many others will follow different regimes
like “do not treat during the first year, then always treat.”

There could be as many different regimes as participants in

the observational study.

The two main solutions to the problem of multiplicity of
regimes in observational studies with time-varying treat-
ments are:

1. Modeling the causal effect of the time-varying treatment
on mortality. For example, one can use a proportional
hazards model to model the mortality rate, or an acceler-
ated failure time model to model the survival time, under
all possible non-dynamic treatment regimes. If this “dose-
response” model is correctly specified, then one simply
needs to use the model to estimate the hazard rate, or the
median survival time, under each of the two regimes of in-
terest and compare them. We have previously applied this
approach to compare the regimes “always treat” and
“never treat” by using a marginal structural Cox model
(Cole et al. 2003; Sterne et al. 2005) or a nested structural
accelerated failure time model (Hernan et al. 2005). These
methods allowed us to appropriately adjust for measured
time-dependent confounding, even in the presence of
time-varying confounders that are affected by — or share
common causes with — prior treatment history (Hernan et
al. 2004), because the parameters of marginal structural
models are estimated by inverse probability weighting
(IPW) and the parameters of nested structural models by
g-estimation. (Appropriate adjustment for time-depend-
ent selection bias due to loss to follow-up required ad-
ditional IPW whether we used marginal or nested struc-
tural models.) Both the hazard ratio estimated from a
marginal structural Cox model and the median survival
time ratio estimated from a nested structural accelerated
failure time model indicated that the regime “always
treat” was superior to the regime “never treat.” This find-
ing was consistent with results from randomized trials
(Hammer ez al. 1997).

2. Artificially censoring individuals when they deviate from
one of the two regimes of interest. For example, a patient
who was untreated at baseline, 4(0)=0, will be considered
to be following the regime “never treat” (4=0) and we will
censor her when/if she starts therapy during the follow-up.
Because the treatment variable is effectively forced to be
non time-varying — as soon as it varies, the person is cen-
sored — there is no time-varying confounding and there-
fore no need for [IPW or g-estimation to appropriately ad-
just for such confounding. However, the censoring itself
may introduce time-dependent selection bias and IPW is
therefore needed to adjust for such bias.
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Comparing dynamic treatment regimes

The strategies available for comparing dynamic treatment
regimes are conceptually identical to those described above
for non-dynamic treatment regimes. To fix ideas, let us con-
sider the two dynamic treatment regimes “start HAART
when CD4 cell count first drops under 500 cells/pl, then
always treat” and “start HAART when CD4 cell count first
drops under 200 cells/pl, then always treat.” Our goal is to
decide which of these two dynamic regimes results in longer

AIDS-free survival of HIV-infected patients.

A randomized experiment to compare these two regimes
could be designed as follows. First, recruit a cohort of pa-
tients infected with HIV that have never received antiretro-
viral therapy and whose CD4 cell count has just fallen be-
low 500 cells/ul for the first time. Second, assign them at
random to either of the two regimes “always treat” (4=1)
or “wait until CD4 cell count is below 200 cells/pl, then
always treat” (4=0). Third, administer patients in each
treatment group their assigned treatment regime until the
end of follow-up (say, five years), AIDS, or death, whichever
occurs earlier. Finally, choose a survival analysis method to
compare the mortality between the two groups. For ex-
ample, use a proportional hazards model to contrast the
mortality rates or an accelerated failure time model to con-
trast the median survival times in each group. Note that the
design and analysis of the randomized experiment is similar
for dynamic and non-dynamic treatment regimes. In both
cases, individuals are randomized to one of two (or more)
treatment strategies and then the data are analyzed by com-
paring the survival between the groups defined by the as-
signed treatment regime. The variable treatment regime is
non time-varying in both cases.

An observational analysis to compare these two dynamic
regimes could be designed and conducted like the one de-
scribed in the previous section (non-dynamic regimes) ex-
cept that a patient’s study entry is now defined as the time
when her CD4 cell count first falls below 500 cells/pl. Again,
patients will not generally follow the regimes of interest and
the two main approaches to deal with the multiplicity of
regimes in the observational study are:

1. Modeling the causal effect of the time-varying treatment
on mortality. Unlike for non-dynamic regimes, for dy-
namic regimes the model must include not only the time-
varying treatments but also the time-varying covariates
used to assign treatment in the regimes. In our example,
we would need to model the time-varying treatment and
its interaction with the time-varying covariate CD4 cell
count. Nested structural models can naturally include
these interaction terms and thus estimate the effect of
dynamic treatment regimes, but marginal structural
models (Joffe e al. 2001; van der Laan & Petersen 2004),
are less useful for estimating the effect of dynamic treat-
ment regimes.

2. Artificially censoring those who deviate from one of the
two regimes of interest and use IPW estimators. We now
describe how to apply the censoring/IPW approach to
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compare two dynamic regimes in a cohort of HIV-in-
fected individuals.

Application of censoring/IPW to an observational cohort

We defined a cohort comprised by the 2344 HIV-infected
patients included in the French Hospital Database on HIV
(FHDH) (Grabar et al. 2000) who had their first CD4 cell
count measurement below 500 cells/ul between 1 January
1996 and 30 June 2004, and who had never received antire-
troviral therapy before that measurement. We followed
these patients from their first CD4 cell count measurement
below 500 cells/ul (baseline) until a diagnosis of AIDS,
death, or June 2004, whichever occurred earlier. Data on
HAART use, as well as on time-dependent covariates (e.g.,
CD4 cell count) were recorded throughout the follow-up.
Treatment 4 was 1 if the patient started HAART within
one month of baseline, and 0 otherwise. There were 131
patients in the group A=1, and 2217 in the group A=0.

We censored patients when they initiated a non-valid re-
gime, that is, when they did not start HAART use the first
time their CD4 cell count dropped below either 500 or 200
cells/ul. In the 4=1 group no patients were censored be-
cause all of them initiated a valid regime. In the 4A=0 group,
655 patients were censored when they started HAART be-
fore their CD4 cell count dropped below 200 cells/ul or
when they failed to start HAART within one month of their
first CD4 cell count measurement below 200 cells/ul. A Cox
model (or any other model for survival analysis) that com-
pares the mortality between these two censored groups may
not lead to causal estimates for two reasons.

First, the risk factor profile may vary between those who
started and did not start HAART at baseline. For example,
doctors and patients may be more likely to prescribe
HAART to patients known to be infected with HIV for a
long duration. If time since infection predicts a shorter sur-
vival time, independently of CD4 count, it is possible that
subjects assigned to the 4=1 group at baseline may have a
worse prognosis than those assigned to 4=0. This baseline
confounding may be fully adjusted for (by stratification/re-
gression or IPW) only if all baseline risk factors for mor-
tality that predict HAART initiation were measured and
recorded in the database. We adjusted for the measured con-
founding by including, in addition to the binary treatment
regime indicator A4, the following baseline (non time-vary-
ing) covariates in the Cox model: time since diagnosis of
HIV infection, sex, age, risk group, and history of use of
prophylaxis for Pneumocystis carinii pneumonia. See Appen-
dix for details.

Second, among patients in the group 4=0 with CD4 cell
count still greater than 200 cells/ul at time ¢ after entry,
those who initiate treatment and thus become censored at ¢
likely will likely have, on average, lower CD4 cell counts
than those who do not initiate and remain uncensored at
time ¢. If so, individuals censored at ¢ will have a worse
prognosis than those who remain uncensored. Similarly,
among those with a CD4 cell count less than 200 cells/ul
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for the first time, those who did not start HAART and thus
become censored likely have, on average, a higher CD4 cell
count than those who did start HAART and remained un-
censored. This time-dependent selection bias in the artifici-
ally censored data may be fully adjusted for by IPW only if
all time-varying risk factors for mortality that predict
HAART initiation in the A=0 group were recorded. We
adjusted for the measured selection bias by fitting a
weighted non time-varying Cox model for mortality (in-
cluding the baseline covariates listed above and the treat-
ment indicator 4) that used inverse probability weights.

The technical details of the estimation of the weights have
been described elsewhere (Hernan et al. 2000). Briefly, the
patient-time-specific weights are estimates of the inverse of
the patient’s probability of remaining uncensored, that is,
of the probability of following her baseline regime. These
probabilities were estimated by fitting a pooled logistic
model in which HAART initiation was the outcome vari-
able and that was restricted to individuals who had not yet
initiated HAART use. The covariates included in the model
for HAART initiation were the baseline variables listed
above, treatment indicator, and time-varying CD4 cell
count (for patients with treatment indicator 4=0). We also
estimated inverse probability of censoring weights in order
to adjust for the potential time-dependent selection bias due
to non-artificial censoring by loss to follow-up, and stabil-
ized the two sets of weights to improve the statistical ef-
ficiency of our hazard ratio estimate. We use the robust vari-
ance estimate to computed a conservative 95% confidence
interval for the hazard ratio. See the Appendix for a de-
scription of the models used in the analysis. Conceptually,
IPW creates a pseudo-population in which everybody fol-
lows one of the two regimes of interest (Hernan et al. 2004)
and the Cox model for death is fit to the pseudo-population.

Eighty-five patients developed AIDS or died during the
follow-up (before censoring). The estimated hazard ratio
for “treat when CD4 cell count first drops under 500 cells/
ul” versus “treat when CD4 cell count first drops under
200 cells/pl” from our weighted Cox model was 0.5 (95%
confidence interval: 0.2,1.1). In contrast, the standard un-
weighted Cox model that inappropriately adjusted for time-
dependent selection bias by adding the time-varying covari-
ate CD4 cell count yielded a hazard ratio of 0.9 (95% con-
fidence interval: 0.4, 1.8).

Discussion

This article describes how to compare the effect on event-
free survival of two (dynamic or non-dynamic) treatment
regimes by using artificial censoring followed by IPW. The
basic strategy can be summarized in four steps: 1) define
two regimes of interest, 2) artificially censor individuals
when they stop following one of the regimes of interest, 3)
estimate inverse probability weights to adjust for the poss-
ibly informative censoring in the previous step, 4) compare
the survival of the uncensored individuals under each re-
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gime of interest in a weighted analysis adjusted for baseline
covariates. The idea is to create a pseudo-population in
which nobody initiates a treatment regime other than one
of the two regimes of interest. We used dynamic HAART
regimes as an example, but the IPW method can be applied
to compare any treatment regimes using observational data.
Modeling the effect of the time-varying treatment (e.g.,
by g-estimation of nested structural models) is an alterna-
tive approach to censoring/IPW. Both approaches, struc-
tural modeling and censoring/IPW, require the following
two assumptions: (i) no unmeasured baseline confounding
and no unmeasured time-dependent selection bias (that is,
data on all joint risk factors for mortality and treatment
initiation were collected), (i) no model misspecification.
These assumptions are not required in randomized experi-
ments, and can be weakened in observational studies by the
use of doubly-robust estimators (Bang & Robins 2005).
The main conceptual difference between censoring/I[PW
and structural modeling is that censoring/IPW does not im-
pose a structural model for the effect of treatment across
regimes, and therefore the validity of the inference is more
robust to the assumption of no model misspecification for
the effect of treatment on survival. Censoring/IPW simply
discards a patient’s data after she deviates from one of the
two regimes of interest, whereas modeling uses those data
to estimate the mortality under the regimes of interest by
borrowing information from subjects who do not always
follow those regimes. For example, if one proposes a struc-
tural model in which the survival time increases (or de-
creases) monotonically with the duration of treatment, then
the median survival time under the regime “always treated”
must be greater (less) than the median survival time under
any other non-dynamic regime, and the median survival
time under the regime “never treat” must be less (greater)
than the median survival time under any other non-dy-
namic regime. Therefore the data generated after some pa-
tients stop following either of the regimes of interest, “al-
ways treat” or “never treat,” help estimate the survival times
of those who always follow the regimes of interest.
Because censoring/IPW does not utilize the data on the
survival times of the artificially censored subjects, it is a less
(statistically) efficient approach than structural modeling.
This is a paradigmatic bias-variance trade-off: the cen-
soring/IPW approach is robust to bias from misspecifi-
cation of a structural model, but may be an impractical
method in many applications because of poor power that
results in uninformative, excessively wide, confidence inter-
vals. On the other hand, structural models provide more
efficient estimates, but these are only correct under the ad-
ditional assumption that the model for the effect of treat-
ment on the outcome is correct. When the null hypothesis
of no treatment effect is true, any nested structural model
is correctly specified and this additional assumption is ful-
filled. Thus nested structural models can be used to provide
tests of the null hypothesis of no treatment effect without
concern for model misspecification. Indeed, because g-esti-
mation does not require the use of estimated weights in the
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denominator, tests of the null based on nested structural
models may be more robust than those based on IPW.

To further clarify the bias-variance trade-off, consider an
observational study with 100 time points (e.g., months) and
a dichotomous treatment (yes, no) at each point. For sim-
plicity, let us restrict our discussion to non-dynamic re-
gimes. Each study participant follows one of 2'% possible
treatment regimes. Now choose two regimes at random.
The censoring/IPW approach may be of little help to con-
trast those two regimes because no realistic data set can
be expected to include a sufficient number of patients who
followed the regimes. We would need to supplement the in-
formation in the data with the a priori assumptions en-
coded in a structural model. However, if there exist a few
specific regimes that are frequently followed by a large num-
ber of patients, censoring/IPW estimation could be used to
compare these regimes. In our example, the 95% confidence
interval for the weighted hazard ratio was wide, even
though the FHDH is the largest database of HIV patients.
Our findings suggest a beneficial effect of initiating treat-
ment when the CD4 cell count drops below 500 versus de-
laying treatment until the CD4 cell count drops below 200
cells/pl, but this issue needs to be further explored in colla-
borative research with other HIV cohorts.

Another relative advantage of censoring/I[PW over struc-
tural modeling is that the method that can be easily im-
plemented using standard software and minor program-
ming although, when more than two regimes are of interest,
the analysis needs to be rerun several times. For example,
suppose we were interested in identifying the best strategy
among the regimes “start treatment the first time that CD4
count drops below x cells/pl,” with x taking values between
500 and 200 in steps of 10 cells/ul. One possible strategy
would be to choose a regime of reference (say, 500) and
conduct 29 analyses (i.e., estimate 29 hazard ratios) to com-
pare 500 versus 200, 490 versus 200, 480 versus 200, and so
on. The hazard ratio estimates from these 29 analyses can
be inspected to determine the best time to start treatment
by identifying the CD4 cell count level that led to the lowest
hazard ratio. Realistically, however, sampling variability
may be too large for this approach to provide an informa-
tive answer. Fitting a curve (say, a global or local poly-
nomial smoother) to the 29 points may be a better strategy
to identify the best CD4 cell count level, but then the ana-
lyst needs to propose a model across treatment regimes.
More elaborate censoring/[PW methodology can be pro-
posed to compare k>2 regimes in a single analysis that in-
corporates the model across treatment regimes. However,
this methodology is more difficult to implement with stan-
dard software.

Our observational IPW analysis had a built-in intention-
to-treat flavour; although we censored patients when they
initiated treatment at times not prescribed by the regimes
of interest, we did not censor them when they stopped treat-
ment. Therefore, because some do actually discontinue
treatment, as in a randomized experiment with non-compli-
ance analyzed under the ITT principle, our effect estimate is
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likely to be closer to the null than the effect under continued
compliance. However, IPW can be used in both randomized
experiments and observational studies to estimate the effect
of continued compliance with the “assigned” treatment re-
gime by censoring any patient when she first deviates from
her regime. In our example, that implies additionally cen-
soring those in group 4=1 when they stop treatment at any
time. IPW estimates of the effect of continued compliance
are only guaranteed to be unbiased under additional as-
sumptions, regardless of whether the data came from a ran-
domized experiment or an observational study. The ad-
ditional assumptions are no unmeasured joint risk factors
for treatment discontinuation and mortality, and no mis-
specification of the model for treatment discontinuation. In
the absence of full compliance, randomized experiments
with adjustment for non-compliance need to be analyzed
using the same methods as observational studies. However,
we note that if, as is common, discontinuation of therapy
is predominantly due to severe toxicity rather than to non-
medical reasons, then the effect of continued compliance
will not be the effect of public health interest and the ad-
ditional censoring of patients who stop therapy is undesir-
able.

In summary, strong assumptions are necessary in order
to ensure that censoring/IPW estimates and g-estimates can
be interpreted causally. At worst, these observational
methods will be useful as a first-stage approach to identify
promising regimes, which can then be compared in ran-
domized experiments. 2!%° possible regimes is too high di-
mensional a problem to be addressed by conducting ran-
domized experiments, but observational analyses based on
IPW and g-estimation may help reduce the dimension of
the problem. The recent development of so-called “optimal
regime structural nested models” (Murphy 2003; Robins
2004) based on dynamic programming may improve upon
early methods, including censoring/IPW. Although dynamic
programming methods are not guaranteed to find the opti-
mal regime when the set of regimes is restricted to those of
the form “start treatment the first time that CD4 count
drops below x cells/ul,” these methods can be used to esti-
mate the optimal regime among a much larger set of candi-
date regimes. This larger set includes any regimes in which
the decision to start HAART at time ¢ is a function of past
CD4 history. The regimes so identified can then be selected
for subsequent confirmatory face to face comparison in a
randomized trial.

Appendix

Let T denote the time in months from baseline to death (or
AIDS, whichever occurs earlier), A the regime assigned at
baseline (1: start; 0: delay start until CD4 cell count <200
cells/ul), V' the vector of baseline covariates listed in the
text, and G an indicator of whether the baseline eligibility
criteria are met (1: first time CD4 cell count<<500 pl, no
prior use of antiretroviral therapy; 0: otherwise).
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Consider the Cox proportional hazards model:
A(t] A, V, G=1)=ho(1) exp [B14+B.V]

where A(f) is the mortality hazard (rate) at time #, Ao(?) is
the “baseline” hazard at time ¢, and B, is the log mortality
rate ratio for group 4=1 versus 4=0. This model assumes
that B, is constant over time and across values of the base-
line covariates. We fit this model to the person-time that
results from censoring patients who initiate a treatment re-
gime other than the two defined by A. Note that effect
modification by baseline factors 7 can be investigated by
adding interaction terms 3V°4 to the model. The patients,
contributions were weighted by the time-varying inverse
probability weights that are described in the next para-
graph. To overcome software limitations regarding time-
varying weights in Cox models, we actually estimated the
parameters B by fitting a pooled logistic regression model
(Thompson 1977). We computed robust variances and thus
obtained conservative 95% confidence intervals.

Let N(¢r) denote an indicator of artificial censoring by
initiating a non-valid treatment regime at ¢ (1: censored, 0:
uncensored), C(7) an indicator of censoring by loss to fol-
low-up at ¢ (1: censored, 0: uncensored), and L(¢) the most
recently available CD4 cell count measurement at 7 in cells/
pl (which we use to model CD4 cell count history from
baseline to time ¢, L(7), in the models described below). A
subject in the risk set defined at time ¢, was weighted by the
inverse probability weight SWVXSWC. The weight SW is
defined as

SW (1) = ﬁ Pr[N(k) :_0|C(k) =0,Nk—-1)=0,4,V,G=1]
i—o Pr{N(k) = 0| L(k), C(k) =0, N(k—=1)=0, 4, V, G=1]

where the denominator is, informally, the subject’s prob-
ability of remaining uncensored by deviation from protocol
through time ¢ given baseline and time-varying confoun-
ders. We estimated this probability by fitting a pooled logis-
tic model, as previously described (Hernan et al. 2000 &

2001). The weight SW€ is defined as
SWe (@ = li[ PAC(k+1) = 0INGR) = 0. C(k) = 0. 4. V.G = 1]
L PHC(k+1) = 0|N(k) = 0| L(k), C(k) =0, A, V. G =

1]

where the denominator is, informally, the subject’s prob-
ability of remaining uncensored by loss to follow-up
through time ¢ given baseline and time-varying confoun-
ders. We also estimated this probability by fitting a pooled
logistic model (Herndn et a/. 2001). The numerators of both
weights serve a stabilizing purpose to reduce the variance
of the estimate of the parameters , and are also estimated
by fitting pooled logistic models.

Finally, for comparison purposes, we also estimated the
parameters of the unweighted Cox proportional hazards
model

Mt A, V, G=1)=ro(?) exp [B1A+BV+BsL(1)]
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that includes the time-varying confounder CD4 cell count
as a covariate.
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