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Even in the absence of unmeasured confounding factors or model misspecification, standard methods for estimating the causal effect of
time-varying treatments on survival are biased when (a) there exists a time-dependent risk factor for survival that also predicts subsequent,
treatment. and (b) past treatment history predicts subsequen risk factor level. In contrast. methods based on marginal structural models
(MSMs) can provide consistent estimates of causal effects when unmeasured confounding and model misspecification are absent. MSMs
are a new class of causal models whose parameters are estimated using a new class of estimators—inverse-probability-of-treatment
weighted estimators. We use a marginal structural Cox proportional hazards model to estimate the joint effect of zidovudine (AZT) and
prophylaxis therapy for Preumocystis carinii pneumonia on the survival of HIV-positive men in the Multicenter AIDS Cohort Study,
an observational study of homosexual men. We obtained an estimated causal mortality rate (hazard) ratio of .67 (conservative 95%
confidence interval .46-.98) for AZT and of 1.14 (.79. 1.64) for prophylaxis therapy. These estimates will be consistent for the true
causal rate ratios when the functional forms chosen for our models are correct and data have been obtained on all time-independent and
time-dependent covariates that predict both subsequent treatment and monality.
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1. INTRODUCTION

This article describes the application of marginal structural
models (MSMs), a new class of causal models (Robins 1999),
to estimate the joint effect of time-dependent nonrandomized
treatments, zidovudine (AZT) therapy and prophylaxis ther-
apy, for Pneumocystis carinii pneumonia (PCP) on survival
among HIV-positive subjects participating in the Multicen-
ter AIDS Cohort Study (MACS), an observational study of
homosexual men. The parameters of a MSM can be consis-
tently estimated using a new class of estimators—the inverse-
probability-of-treatment weighted estimators. The use of
MSMs is an alternative to the semiparametric g-computation
algorithm estimator (Robins 1986) and to g-estimation of
structural nested models (SNMs) (Robins 1998a).

It is well understood that causal effects can generally be
estimated from observational studies only when data on all rel-

evant time-independent and time-dependent confounding fac-

tors have been obtained. What is less well known is that stan-
dard approaches to confounder control can be biased, even
when the causal null hypothesis of no treatment effect is true
and there are no unmeasured confounding factors. Specifically,
the standard approach to the estimation of the causal effect
of a time-varying treatment on_ survival has been to model
the hazard of failure at ¢ as a function of treatment history
with a time-dependent proportional hazards model. Robins and
colleagues have shown that even in the absence of unmea-
sured confounding factors or model misspecification, the usual
approach may be biased even under the causal null hypoth-
esis, whether or not one adjusts further for the past history
of measured covariates in the analysis, when (a) there exists
a time-dependent risk factor (say CD4 count and/or PCP his-
tory) for survival that also predicts subsequent treatment, and
(b) past treatment history predicts subsequent risk factor level
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(Robins 1986, 1998a; Robins and Greenland 1994). Specif-

~ ically condition (a) implies that the analysis that does not

adjust for covariates is biased because of confounding by CD4
count and/or PCP. Condition (b) implies that the analysis that
includes current CD4 count and/or PCP history as a regres-
sor is biased because it adjusts for a variable (CD4 count
and/or PCP history) affected by past treatment (see Robins,
Greenland, and Hu 1999 for additional details). We show that
both conditions (a) and (b) are true in the MACS data. In con-
trast to standard methods, estimation methods based on MSMs
provide consistent estimates of causal effects when unmea-
sured confounding and model misspecification are absent.

2. THE MULTICENTER AIDS COHORT STUDY

The MACS is an ongoing cohort study of more than 5,000
homosexual men from Baltimore, Chicago, Los Angeles,
Pittsburgh, and Washington, DC. Study enrollment took place
between 1984 and 1991. Follow-up visits are scheduled for
every 6 months. During each clinic visit, a structured inter-
view (including questions on demographic variables, therapeu-
tic drugs, and AIDS-related symptoms) is administered, and
a physical examination is performed. Blood is collected for
a complete blood count, T-cell phenotyping, and assays for -
HIV-1 antibody. The design and methods of this study have
been described previously (Graham et al. 1992). The MACS
dataset is available through the National Technical Informa-
tion Service.

Our analysis concerns two therapies commonly used by
HIV-infected patients in the MACS and elsewhere: AZT and
prophylaxis for PCP. (In the MACS, aerosolized pentami-
dine, trimethoprim-sulfamethoxazole, and dapsone were all
used as prophylaxis therapy.) AZT temporarily prevents the
decline of CD4 lymphocyte count, slows the progression of
HIV/AIDS, and, in clinical trials has increased the survival
of HIV-infected individuals. PCP is an opportunistic infection
that afflicts AIDS patients. Patients may suffer repeated bouts
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of PCP, which can be fatal. Prophylaxis therapy might prolong
survival by preventing further episodes of PCP.

We restricted the cohort to HIV-positive men alive in the
periad during which AZT was available for use; that is, after
study visit 5 (March 1986-March 1987). Follow-up began at
the later of visit 5 and first visit at which the subject was
known to be infected. Follow-up ended at study visit 21 Octo-
ber 1994, death, or 24 months after the last visit, whichever
came first. Our analysis includes the 2168 HIV-positive men
who had at least one visit between visits 5 and 21 and who
did not have AIDS and were not on AZT or prophylaxis for
PCP on the visit at which follow-up commenced. By the end
of the follow-up (median duration 67 months), 1,286 men had
initiated AZT treatment, 912 had initiated prophylaxis therapy
for PCP, and 738 had died.

3. NOTATION

Time is denoted by ¢ and is measured in months since the
beginning of a subject’s follow-up. Here we use capital let-
ters to represent random variables and lower-case letters to
represent_possible realizations (values) of random variables.
A,;(#) and A,(¢) are time-varying dichotomous variables indi-
cating whether patient i is on AZT or prophylaxis at time ?.
Then A, (1) =[A;(r), A,;(2)] is the treatment vector at 1. L,(t)
is a vector of relevant prognostic factors for (i.e., predictors
of) survival, such as CD4 count and number of PCP bouts.
For the purposes of this analysis, we assumed that if a treat-
ment or covariate process jumped in month ?, then it did so
on the first day of the month. We also assumed that once
an individual started treatment with AZT, he remained on

it thereafter, and similarly for prophylaxis, and that L(r) is’

temporally earlier than A(r) because physicians commonly
obtained data recorded in L(¢), such as CD4 count, before
deciding on a treatment A(f) to be given in month 7. For
any time-dependent variable, we use overbars to denote the
history of that variable up to and including ¢; for example,
L.(2) = [L;(0), L;(1), Li(2), . .., L(2)] is the covariate pro-
cess through r. We often suppress the i subscript denoting
individual, because we assume that the random vector for each
subject is drawn independently from a distribution common to
all subjects. We use the symbol }] to indicate statistical inde-
pendence; for example, AL[B | C means that A is condition-
ally independent of B given C.

4. MARGINAL STRUCTURAL MODELS

Before describing the marginal structural proportional haz-
ard models for a survival outcome, we describe the simpler
marginal structural logistic model for a dichotomous outcome
measured at the end of follow-up.

4.1 Inverse-Probability-of-Treatment

Weighted Estimator

Let Y be a dichotomous outcome (e.g., ¥ =1 if the
Karnofsky score is greater than 70, which indicates an accept-
able functional status, and 0 otherwise) measured at,the end
of follow-up at time K + 1. Our goal is to estimate the causal
effect of the time-dependent treatment A(r) on the mean of
Y. In this section we assume that there is no loss to follow-
up, so Y is observed on each study subject. To motivate the
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need for MSMs, we first study the association (i.e., regression)
model that states that the mean of Y, given treatment history
A = A(K), is a linear logistic function of a subject’s duration
of AZT and prophylaxis therapies. That is,

E[Y | A]=g(A; 7).

where

- exp{vo + YId“"(A—l) + y,dur(A,)]
g(Asy) = = = (N
1+exp[yo+ v,dur(A,) + v,dur(A,)]

Here dur(zj) = Z,’f —oA;(k) is the subject’s duration of
AZT (j = 1) or prophylaxis (j = 2) treatment in months,
and A;(k) equals 1 if the subject is on treatment j in
month k and 0 otherwise. The maximum likelihood estima-
tor of vy = (¥, ¥, ¥2) maximizes [];_, lik;(y), with lik(y) =
g(A; v)"[1—-g(A; ¥)]*Y being the likelihood contribution for
a single subject.

Assuming that the association model (1) is correct, when
do v, and 7, have a causal interpretation? Suppose that treat-
ment at each time ¢ was assigned completely at random and
noncompliance was absent. Then, treatment at ¢ will be inde-
pendent of the history up to ¢ of both measured and unmea-
sured prognostic factors (i.e., there is no confounding). In the
absence of confounding, association implies causation, and
we would expect vy, to represent the effect of AZT treatment
and ¥, to represent the effect of prophylaxis therapy on the
mean of Y. More generally, we define a treatment process to
be “causally exogenous or ancillary” if the conditional prob-

. ability of receiving a treatment A(z) at month 7z given past

treatment and prognostic factor history (measured and unmea-
sured) depends only on past history of treatment A(z —1). It is
well recognized in the social sciences, econometrics, epidemi-
ologic, and biostatistical literature that the treatment param-
eters of a correctly specified association model will have a
causal interpretation if treatment is causally exogenous. Our
defintion of causal exogeneity is essentially equivalent to that
of Leamer (1985), but differs somewhat from that given by
Engle, Hendry, and Richard (1983) and Manski (1995). It is
also closely related to Kalbfleisch and Prentice’s (1980) con-
cept of an “external covariate process of the ancillary type.”

To help assess whether AZT and prophylaxis therapy may
be causally exogenous, we introduce the concept of “statisti-
cal exogeneity.” We say that treatment A(z) is a “statisticaily
exogenous or ancillary” process if the probability of receiving
treatment at time ¢ does not depend on the history of mea-
sured time-dependent prognostic factors up to r conditional on
treatment history before z; that is,

L] [A@ | A@-1).

Note that a nearly necessary condition for A(7) to be “causally
exogenous” is for it to be “statistically exogenous.” But the
fact that a process is “statistically exogenous” does not imply
that it is “causally exogenous,” because unmeasured prognos-
tic factors for the outcome (i.e., confounders) may predict the
probability of treatment A(z) at time ¢ given past treatment
history. We can empirically test whether A(z) is statistically
exogenous, but not whether it is causally exogenous.
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Suppose that we can correctly model the probability of
receiving prophylaxis therapy in each month ¢ as a function
of past treatment and measured prognostic factor history. We
could then quantify the degree to which the treatment process
is statistically nonexogenous through month ¢ by the random
quantity

5 fIAR)IAK = 1)]
SW(t)—g)f[A(k)!;(k_l),Z(k)],

()

where f[A(k)|A(k ~ 1). (k)] is by definition the conditional
probability mass function f -1y z00la(k) | a(k—1), £(k)],
with (a(k), a(k — 1), £(k)) evaluated at the random argument
(A(k), A(k — 1), L(k)). Informally, the denominator in each
term in SW(¢) is the probability that a subject received his own
observed treatment, A(k), at time k given his past AZT, pro-
phylaxis, and prognostic factor history. Informally, the numer-
ator is the probability that a subject received his observed
treatment conditional only on his past AZT and prophylaxis
history. Note that the numerator and denominator of SW(r)
are equal for all r with probability 1 if and only if the treat-
ment process is statistically exogenous; that is, Z(£) 1] A(?) |
A(z—1). In practice SW(r) will have to be estimated from the
data, but for pedagogical purposes, assume for now that it is
known.

When A(t) is statistically nonexogenous, we consider esti-
" mating y by a weighted logistic regression in which a subject
is given the weight SW = SW(K). Standard software pack-
ages for logistic regression will allow the user to specify the
subject-specific weight SW (e.g., option “weight” in SAS proc
genmod). The weighted logistic regression estimator, which
we call an inverse-probability-of-treatment weighted (IPTW)
estimator, is the maximizer of [, [/ik;(y)]*¥:. This weighted
logistic regression would agree with the usual wnweighted
analysis described earlier only in the case in which A(f) were
statistically exogenous. The IPTW estimator is an extension to
longitudinal causal inference models of estimators proposed
by Horvitz and Thompson (1952), Kalbfleisch and Lawless
(1988), Flanders and Greenland (1991), Rosenbaum (1987),
and Robins and Rotnitzky (1992) for missing-data models.

The somewhat surprising result is that if the vector of prog-
nostic factors recorded in L(r) constitutes all relevant time-
dependent prognostic factors (i.e., confounders), then, whether
or not the treatment process is statistically exogenous, the
weighted logistic regression estimators of -y, and y, will con-
verge to quantities B, and B, that can be interpreted as the
causal effects of AZT and prophylaxis therapy on the mean of
Y (on the log odds ratio scale). In contrast, when A(?) is statis-
tically nonexogenous, the usual unweighted logistic regression
estimators will still converge to the association parameters 7y,
and ¥, , but now vy, and 7y, will have no causal interpretation.
We now give a formal mathematical meaning to the informal
concepts of the causal effects of AZT and prophylaxis history
on the mean of Y.

4.2 Counterfactuals and Marginal Structural Models

To formalize our results. we use counterfactual or potential
outcomes. Neyman (1923) introduced counterfactual outcomes
to analyze the causal effect of time-independent treatments in
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randomized experiments. Rubin (1978) and Holland (1986)
championed Neyman’s idea and emphasized the usefulness of
counterfactuals in the analysis of the causal effects of time-
independent treatments from observational data. Robins (1986,
1987) proposed a formal counterfactual theory of causal infer-
ence that extended Neyman’s time-independent treatment the-
ory to longitudinal studies with both direct and indirect effects
and sequential time-varying treatments and confounders. In
this theory, for any fixed AZT and prophylaxis history a =
(a,, a.). Y; is defined to be the random variable representing
a subject’s outcome had (possibly contrary to fact) the sub-
ject been treated with a rather than his observed treatment
A=(4,, A,). Note that a is a possible realization of the ran-
dom variable A. For each possible history a, we are assuming
that a subject’s response Y; is well defined, although gener-
ally unobserved. Indeed, we observe Y; only for that treat-
ment history a equal to a subject’s actual treatment history
A; that is, Y = Y5. This identity is the fundamental “consis-
tency” assumption that links the counterfactual data Y; to the
observed data (Y, X).

Note that if at each month ¢, A;(¢) can take but one of two
values (O for untreated and 1 for treated) with j € {1, 2} and
the study duration is K months, then 4% different Y; values
are associated with each subject. Then, formally our statement
that the effect of treatment history on the mean of Y is a linear
logistic function of duration of AZT and prophylaxis therapy
is the statement that for each a = (a,, a,),

E[Y;] = g(a; B),

where

exp(Bo + B, dur(a,) + B,dur(a,))
1-+exp(By + Bidur(a,) + B,dur(a,))’

gla;p)= 3

B=(Bo» Bi» B2), and dur(a;) = X5, a;(k) is the duration of
treatment j under the treatment history a. We call this model
a MSM for the effect of AZT and prophylaxis therapy on
the mean of Y, because it is a model for the marginal dis-
tribution of counterfactual variables and, in the econometric
and social science literature, causal models (i.e., models for
counterfactual variables) are often referred to as structural.
Let {Y;} denote the set of all 4% counterfactuals. Then our
MSM is a semiparametric model for ({Y;}, L, A) in which the
marginal distribution of each Y; is known up to the unknown
parameter 8 but the joint distribution of {Y;} is otherwise
completely unrestricted. For each subject, only 1 of these
4% counterfactuals are observed, which can create substantial
problems for naive users of Bayesian and other likelihood-
based methods of inference. For example, in the E step of
the EM algorithm one would in principle have to impute for
each subject 4 — | unobserved counterfactuals from the con-
ditional distribution of the unobserved counterfactuals given
the single observed counterfactual. If, as in the MACS study,
K is approximately 100, this would be computationally infea-
sible unless we assume a nearly degenerate joint distribution.
[See Robins et al. (1999) for an alternative but stll compu-
tationally demanding approach to estimation of an MSM by
maximum likelihood.] Furthermore, the fact that our model
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does not specify a parametric form for this conditional dis-
wribution creates difficulties in implementing the Monte Carlo
EM algorithm even when K is moderate. In contast, the
non-likelihood-based semiparametric IPTW estimator is eas-
ily computed with standard off-the-shelf software.

The parameters 8 of our MSM encode the magnitude of
the average causal effects of the treatments on the outcome.
By definition, the causal effect of treatment regimen @ on the
outcome Y for a given study subject is the difference Y; — Y3
between his outcome Y; when treated with regimen a and his
outcome Y; when never treated with either AZT or prophylaxis
therapy. Thus the average causal effect of regimen a is E[Y;—
Y;] = E[Y;] — E[Ys] = 8(@ B) — g(0; B), which depends on
B. For example if B, is 0, then we say that there is no effect
of AZT treatment &, on the outcome, because E[Y;]— E[Y5}
is the same for all @,. In contrast, the association parameter
v, lacks a causal interpretation.

4.3 Formal Definitions of Causal Exogeneity and
No Unmeasured Confounders

We are now in a position to offer more mathematically pre-
cise definitions of causal exogeneity and of no unmeasured
confounders. Formally, we say that the treatment process A1)
is causally exogenous if for all treatment histories a,

Y, [[A(M) | AC-1), )

which is mathematically equivalent to the statement that Y;
is independent of A. Note that even when A(?) is “causally
exogenous,” if the treatment has an effect on the outcome,
then the observed outcome Y = Yz will not be independent of
A, because Yz is a function of 2 subject’s observed treatment
history A itself. Given the covariates recorded in L(¢), follow-
ing Robins et al. (1992), we say that there are no unmeasured
confounders for the effect of A(#) on Y if, for each a,

Y; L1 A() | A6 =1, ()

We also refer to the assumption of no unmeasured confounders
(5) as the assumption that treatment A(¢) is sequentially ran-
domized given the past. This assumption generalizes Rosen-
baum and Rubin’s (1983) assumption of ignorable treatment
assignment to longitudinal studies with time-varying treat-
ments and confounders. The assumption states that, condi-
tional on treatment history and the history of all recorded
covariates up to f, treatment at ? is independent of the coun-
terfactual random variables Y;. This will be true if all prog-
nostic factors for (i.e., predictors of) ¥ used by physicians
to determine whether treatment is given at f are recorded in
I(r) and A(r —1). For example, because physicians tend to
administer prophylaxis to subjects with previous bouts of PCP,
and in untreated subjects PCP predicts Y, the assumption of
no unmeasured confounders would be false if L(r) does not
contain PCP history. The primary goal of the epidemiologists
conducting an observational study is to collect data on a suffi-
cient number of covariates to ensure that the assumption of no
unmeasured confounders will be at least approximately true.
In an observational study, the assumption of no unmeasured
confounders cannot be guaranteed to hold even approximately,
and it is not subject to empirical test. Thus investigating the

©)
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sensitivity to violations of the assumption through a formal
sensitivity analysis may be useful. Robins, Greenland, and Hu
(1999) and Robins, Rotnitzky, and Scharfstein (1999) have
provided details.

Robins (1999) proved that when there are no unmeasured
confounders, (a) statistical exogeneity implies causal exogene-
ity (4), (b) the weighted logistic regression estimator using the
weights SW converges 10 the parameter 3 of the MSM (3) for
E[Y;), and (c) the probability limit y of the usual unweighted
logistic estimator generally differs from the causal parameter
B of the MSM unless the treatment process is statistically
exogenous. Here we provide an informal heuristic argument
for (b). View each person as a member of a pseudopopula-
tion comprising SW copies of themselves. In the Appendix,
we show that in this new pseudopopulation, ‘L(r) does not
predict treatment at { given past treatment history, and thus
we have created a pseudopopulation in which treatment is sta-
tistically and thus causally exogenous. Furthermore, Robins
(1999) proved that the causal effect of treatment on Y is the
same in the pseudopopulation as in the original population.
That is, if E[Y;] = g(a; B) in the true population, then the
same will be true of the pseudopopulation. Hence we would
like to do ordinary logistic regression in the pseudopopulation.
But that is what our weighted logistic regression estimator is
doing, because the weights create, as required, SW copies of
each subject.

We can generalize our MSM (3) slightly and model the
marginal distribution of ¥; within levels of a subset V of the
pretreatment (baseline) covariates L(0). Then our marginal
structural logistic model (3) could be modified to

Ely_ l V] — CXP(BO + Bldur([i]) + Bzdur(&z) + B;V)
’ 1+ exp(Bo + Brdur (@) + Bodur(@;) + BsV)

An IPTW estimator of the parameter B can be obtained by
weighted logistic regression _with weights SW except now the
Jogistic model includes dur(A,), dur(A,), and V as regressors,
and SW(¢) is redefined to be

! A(k) | A(k—1),V
s - [] JAQAG=D. V]
io fIA(K) [ Ak —1), L(K)]
Note that V is already included in the denominator, because
V is a subset of the variables in L(0}).

(6)

4.4 Marginal Structural Cox Proportional
Hazards Model

MSMs can easily be extended to failure time outcomes
by specifying a marginal structural Cox proportional hazards
model. In our analysis of the MACS, we specify the MSM

Ar(t] V) =Ao(t)exp(B,a,(t)+Bza3(t)+B'3V), (7
where T; =T;, ;, is the subject’s time to death if he had fol-
lowed AZT history @, and prophylaxis history a, Ar(t|V)
is the hazard of T at t conditional on having pretreatment
variables V, A(t) is an unspecified baseline hazard function,
exp(B,;) and exp(B,) are the causal rate ratios for the effects
of AZT and prophylaxis therapy, and V is the vector of base-
line regressors comprised of age, calendar year, CD4 count,
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CDS8 count, white blood cell (WBC) count, red blood cell
(RBC) count, platelets. and the following symptoms: fever,
diarrhea, herpes zoster, thrush. oral leukoplakia, and weight
loss. For variety, we have chosen a model that specifies that
the hazard of death at time 7z depends on current weatment
status only. We considered other dose—response models and
obtained qualitatively similar results to those reporied herein.
We make the assumption of no unmeasured confounders with
L(¢) comprised of CD4, CD8, WBC, RBC, platelets, AIDS-
defining illness, number of episodes of PCP, and symptoms at
month ¢. The baseline covariates V are equal to L(0).

Let T be a subject’s observed failure (i.e., death) time, so
that 7 = T3. Arguing as earlier, Robins (1999) showed that
in the absence of censoring, a consistent estimator of the
unknown parameter 8 = (8,, B,, 83)" is obtained by fitting
the ordinary time-dependent Cox model A, (z| 4,, A,(1), V) =
Ag(2) exp(y, A, (1) + ¥2A,(2) +¥;V), except that the contribu-
tion of subject i to a risk set calculation at time ¢ is weighted
by SW.(¢), as defined in (6), with T > k added to the con-
ditioning event. Note that the subject-specific weights change
with time. Unfortunately, few standard Cox proportional haz-
ard software programs allow for time-varying weights. To
avoid this software problem, we fit a weighted pooled logistic
regression, treating each person-month as an observation and
allowing for a time-dependent intercept. That is, we fit, by
weighted logistic regression using weights SW(t), the model

logitPr[D(1) = 1| D(t ~1) =0, A(r — 1), V]
=Y (1) + At~ D)+ 1A0-1)+vrV, (8

where D(¢) = 0 if a subject was alive at month ¢ and 1 if
the subject died at month ¢, and ¥,(¢) is a time (i.e., month)-
specific intercept. This method offers the advantage of being
easy to program in any standard statistical package. Under our
assumptions, we thereby obtain a consistent estimator of the
parameter vector 3 of the MSM,

logitPr[D;(t) = 1| D;(:—1)=0, V]
=By (1) +B1a,(t—1)+Ba,(t—1)+BV. (9)

Because the death rate in any given month ¢ is small, the
parameters of (9) and (7) closely approximate one another.
Because of the weights, the standard error estimates out-
putted by a standard logistic program are invalid and may be
either too large or too small. To overcome this difficulty, (8)
should be fit using a generalized estimating equations (GEE)
(Liang and Zeger 1986) program (e.g., option “repeated” in
SAS proc genmod), which outputs robust variance estima-
tors. The robust variance GEE estimator provide a conser-
vative confidence interval for the B (Robins 1999); that is,
the 95% Wald confidence interval calculated as B+ 1.96x
(robust) standard error is guaranteed to cover the true B at
least 95% of the time in large samples. GEE intervals are
conservative because they do not account for the fact that the
weights are estimated (as described in Sec. 4.5), and estimat-
ing the weights shrinks the variance of our IPTW estimator
of B. The observation that an IPTW estimator that uses esti-
mated weights has smaller variance than one that uses the
true weights has been discussed by Robins (1999). Robins
provided a nonconservative variance estimator; however, this
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estimator cannot be easily computed using widely available
software.

We now describe how to accommodate censoring in the
analysis. We defined a subject as right censored at time ¢
[i.e., C(r) = 1] if by time ¢ he either dropped out of the study
or reached administrative end of follow-up alive. No new idea
is required to account and adjust for right censoring. To want
to adjust for censoring is only to say that our interest is in
estimating the effect of @ when ¢ = 0; that is, when censoring
is abolished. Thus the marginal structural Cox model that we
are interested in is now

Ar, ot 1V) = do(0) xp[By, (1) + By (1) + By V1.

where T; ;. is a subject’s failure time when treated with reg-
imen a in the absence of censoring.

We say that censoring is ignorable or noninformative if
the conditional cause-specific hazard of being censored at k
among subjects alive and uncensored up to k does not depend
on the failure times T ., given AZT A, (k — - 1), prophylaxis
A,(k—1), and the time-dependent covariate L(k — 1) history
before k. Under the assumptions of ignorable censoring and
no unmeasured confounding, Robins (1999) showed that we
still obtain from (8) consistent estimators of B if we weight a
subject alive and uncensored at month r by SW(r) x SW'(s),
where

. L Pr[C(k)=0|C(k—1)=0,A(k—1),V,T>k]
SW'(n) = N e =01tk = 1)=0, A(k—1),L(k), T > k]

is informally the inverse of the ratio of a subject’s probabil-
ity of remaining uncensored up to month ¢ divided by that
probability calculated as if there had been no time-dependent
determinants of censoring except past treatment history and V,
and we modify our definition (6) of SW(¢) to add C(k) =0 to
the conditioning events in both the numerator and the denom-
inator. The denominator of SW(z) x SW'(r) is informally the
probability that a subject would have his own observed treat-
ment and censoring history through month 1.

4.5 Estimation of the Weights

We now describe how to estimate the unknown weights
SW(r) and SW'(1). First, consider estimation of the SW(1).
Let P (k) = Pr[A,(k) = 0]A,(k—1) = 0, A,(k— 1), L(k),
C(k) =0,T > k] and P,(k) = Pr[A, (k) = 0|A, (k), A, (k —
1) =0, L(k), C(k) =0, T > k] denote the conditional proba-
bility of remaining off AZT and prophylaxis in month & given
past treatment and time-dependent covariate history L(k). Let
Py (k) and P; (k) be defined analogously, except that L(k) is
replaced by V.

We obtained estimates f’j(k) of the P;(k), j =1,2, by fit-
ting to subjects at risk to initiate therapy with treatment j at
time k the pooled logistic model for the binary response A ’

P;(k) = expit{a o (k) +a},0;(k)},
where the a(k) are month-specific intercepts. Q, (k) =

(Ay(k—1), L(k), V'), and O (k) = (A, (k), A, (k= 1), L(kY,
V'), We obtained analogous estimates P (k) of the P (k) by
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removing L(k) from Q;(k). Our estimate of the denominator
of SW,(1) is ﬁli(r)ﬁy(t), where

Pa(t) =1 Puw)
u=0

if subject 7 did not start treatment A; up to month 7, and

_ k-}
P =[1-P,0)][1P:w)
u=0

if subject i started treatment A; in month k for k < 1.

Note that in calculating ﬁ :(k), we have used the assump-
tion that no subject stops exther treatment once he begins it.

We obtained estimates P,,(t)P ;(1) of the numerator of SW;(r)
by using the P;(k) in place of the P;; (k). To estimate SWi(k),
we fit logistic models for the bmary responses C(k) in exact
analogy to the logistic models for P, (k) and P} (k).

Robins (1999) proved that our IPTW estimator will be con-
sistent if the models for treatment initiation and censoring
used in estimating the denominators of SW(r) and SW’(z) are
correctly specified, regardless of whether or not the numerator
models are misspecified.

There is one further detail we have yet to discuss. Under
the asymptotic theory that motivated our estimation proce-
dure, the IPTW estimator of 8 will be n'/? consistent only
if our estimate of SW(t) converges at a rate of n'/* or better
{Robins 1999). The practical implication of this result is that
for our IPTW estimator of B to perform well in moderate-sized
samples, our estimate SW(t) of SW(¢) cannot be exceedingly
variable. To ensure this, we reduced the number of free param-
eters in the logistic model for P;(r) by not fitting a separate
intercept a;4(k) for each month k Rather, we modeled a (k)
using natural cubic splines with five knots (at months 23, 44,
71, 94, and 100).

5. DATA ANALYSIS

We first demonstrate that conditions (a) and (b) stated in
Section 1 are true in the MACS data. To determine whether
current CD4 count and PCP were independent risk factors for
death, we fit an (unweighted) time-dependent Cox model for
the hazard of death at time ¢ that included the baseline covari-
ates V and time-dependent covariates PCP, CD4 count, AZT,
and prophylaxis. The mortality hazard ratio for a PCP episode
before r (1 = yes, 0 = no) was 3.77 (p < .001). The hazard
ratios for low CD4 count (<200} and moderate CD4 count
(200-500) relative to a normal CD4 count (=500} were 16.5
(p < .001) and 3.48 (p < 001). To determine whether current
CD4 and PCP predicted subsequent treatment with AZT and
prophylaxis, we fit pooled linear logistic models for treatment
initiation with AZT and with prophylaxis that included the
baseline covariates V and the time-dependent covariates PCP
and CD4 count. In the model for initiation of prophylaxis,
the (discrete) hazard ratios corresponding to PCP history, low
CD4 count, and moderate CD4 count were 1.87 (p < .001),
494 (p < .001), and 2.82 (p < .001). In the model for the
initiation of AZT, the corresponding hazard ratios were 2.18
(p < .001), 3.38 (p < .001), and 2.56 (p < .001). Taken
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together, these results imply that condition (a) of Section 1
holds.

To determine whether condition (b) holds, we first modeled
the logit of the probability of developing a first episode of PCP
in month r given the baseline covariates V, AZT, and prophy-
laxis at time ¢ — 1, and the time-dependent covariates L(r —2).
The discrete hazard ratios were 1.03 (p = .64) for AZT and
0.77 (p < .001) for prophylaxis. This implies that condition
(b) holds in the MACS data, because prophylaxis is a protec-
tive risk factor of the development of subsequent PCP. Finally,
we fit a linear model for the mean of CD4 count in month ¢
given the baseline covariates V, AZT and prophylaxis at time
t — 1, and the remaining time-dependent covariates L{r —2).
In this model neither the estimated AZT nor prophylaxis coef-
ficient was a significant predictor of higher CD4 count.

Having demonstrated that the standard analytic approaches
cannot be used to validly estimate the joint effects of AZT
and prophylaxis on mortality in the MACS dataset, we now
proceed with our MSM analysis. Table 1 summarizes -the
empirical distribution at two time pomts (24 and 84 monr.hs
of follow-up) of the estimated weight SW(I) = P,,(t)P2, )/
P,,(t)PZ‘(t) and the l:reatment-speaﬁc contributions to the
numerator [Ph(t) for AZT and le(t) for prophylaxis] and
denominator [P,;(¢) and le(t)] of SW(t). We do not include
the estimated weights SW (t) for censoring in the table,
because they were all close to 1, indicating little selection bias
due to censoring.

Table 2 compares our IPTW estimates and conservative
standard errors with the usual unweighted estimates and stan-
dard errors obtained by fitting (8). The difference between the
weighted and unweighted analyses is especially striking for
AZT. By exponentiating, we can obtain 95% conservative con-
fidence intervals (CIs) for the treatment hazard (i.e., mortality)
ratios. The estimated mortality rate ratios were .67 (conserva-
tive 95% CI of .46, .98) for AZT users versus nonusers, and
1.14 (conservative 95% CI of .79, 1.64) for prophylaxis users
versus nonusers. The statistically significant beneficial effect
of AZT agrees with the results of randomized clinical trials.
The hazard ratios estimated by the unweighted model were
substantially greater: 1.85 (95% CI of 1.49,2.30) for AZT
and 1.58 (95% CI of 1.31, 1.89) for prophylaxis. This differ-
ence indicates a large amount of residual confounding by the
time-varying prognostic factors recorded in L(z), even after
adjusting for the baseline confounders V. Indeed, both treat-
ments appear significantly harmful when we fail to adjust for
time-varying confounding. The large degree of confounding
occurs because there exist time-dependent covariates such as
CD4 count and PCP that are strong predictors of both subse-
quent mortality and treatment.

6. DISCUSSION

Before introducing MSMs, Robins and colleagues introduced
three methods for estimating the causal effect of a time-varying
treatment: the semiparametric g-computation algorithm for-
mula estimator (Robins 1986, 1998b), g-estimation of struc-
tural nested models (Robins 1998b; Robins, Blevins, Ritter,
and Wulfsohn 1992), and the iterative conditional expectations
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Table 1. Probability of Having One’s Own Observed Treatment History at 24 and 84 Months of Follow-Up, MACS

Mean (SD)* Median (IQR)? Percentile 1 Percentile 99
24 months (n = 2,048)
Probability of having observed AZT .
- Given baseline covariates® ' P.(29) .521(.337) 689(.771) .006 864
- Given time-varying covariates® §1,(24) -538(.354) .676(.821) 002 916
Probability of having observed prophylaxis history
- Given baseline covariates® ?;(24) .747(.323) .936(.342) .002 .864
- Given time-varying covariates® 52,(24) 751(.329) .933(.318) .001 972
Estimated weight SW 1.07(1.01) 93(.23) 29 3.92
84 months (n =801)
Probability of having observed AZT history
- Given baseline convariates® 5:,@4) .116(.170) .013(.235) .003 .520
- Given time-varying covariates® 3,,«(84) .155(.237) .016(.254) .002 .697
Probability of having observed AZT history
- Given baseline covariates® P, (84) 332(.345) 181(.784) 002 855
« Given time-varying covariates® ;?2,(84) .356(.360) .244(.773) .001 .503
Estimated weight SW 1.10(1.24) 75(.74) 15 5.39

85D = standard deviation; /QR = interquartile range.
°Age (years), calendar year (1985, 1986, 1987-89, >1990), CD4 (<200, 200499, 500/ul, CD8 (< 500,500-999, 1000/0 x bSL}, WBC (<3000, 3000-4999, 5000/ixL). RBC (<35,35-44,

45 x 105/uL), platelets (<150, 150-248, 250 x 10%/uL), presence of symptoms, AZT use, and prophyiaxis use.
©Baseling covariates plus most recent CD4, CD8, WBC, RBC (< 35,3544,45x 105/uL), platelets, peesenca of symptoms, presence of an AIDS-defining iiness, and number of previous PCP

bouts (0, 1, 2 or more).

Table 2. IPTW Estimates of the Parameters of a Marginal Structural Model for the Causal Effects of AZT and Prophylaxis on Mortality, MACS

Weighted mode! Unweighted model®
Parameter Robust Parameter

Variable® estimate standard error p value estimate Standard error p value
Zidovudine -.396 192 .040 615 .110 <001
Prophylaxis 131 .185 AT7 .455 .094 <.001
Age .041 .009 <.001 .028 .005 <.001
Year 1985 358 527 497 652 509 200
1986 - .325 .540 547 579 515 ' 261
1987-1989 429 595 472 247 527 .639

>1990 0 0
CD4 (/ul) <200 1.847 258 <.001 1.658 136 <.001
{200,500) 599 .150 <.001 519 .089 <.001

>500 0 0
CD8 (/ul) <500 -.599 .188 .001 —.488 123 <.001
[500,1,000} —.486 .151 .001 -.338 .089 <.001

>1,000 0 0
WBC (/ul) >3000 .815 .266 .002 356 221 .108
[3,000,5,000) .305 .149 .040 109 .086 .208

>5000 0 0
RBC (x10%/ul) <35 -.093 .623 .882 .536 .349 .180
[35,45) .166 .198 .403 .345 .105 .001

>45 0 0
Platelets (x103/uL) <150 521 .239 .030 .305 .133 .022
[150,250) .010 .136 .939 .013 .086 .880

>250 0 0
Thrush 454 .198 .022 .480 .112 <.001
Oral leukoplakia .318 .383 407 516 .202 .011
Weight loss 641 .220 .004 .538 136 004
Herpes zoster .089 294 .761 073 .184 691
Diarrhea 469 .305 124 203 .186 275
Fever .354 277 .200 452 .278 .105

3A)l variables were measured at baseline except AZT and prophylaxis {1 = ever user, 0 = never user). Weights SW(t) x SWT(1) are as defined in the text.

°Unweighted estimates do not have a causal interpretation and are shown for comparison purposes onty.
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(ICE) estimator (Robins 1998b). Arjas and Eerola (1993) pro-
posed an approach that is a particular example of the semipara-
metric g-computation algorithm estimator. Lavori and Dawson
(1994) described a different approach that is applicable only
under rather restrictive assumptions.

ICE estimators can be used only rarely, because they often
lead to incompatible models (Robins 1998b). Inference based
on SNMs and MSMs is preferable to that based on the semi-
parametric g-computation algorithm estimator, because models
based on the g-computation algorithm are often unable to rep-
resent the null hypothesis of no treatment effect (Robins 1986,
1998b).

A major advantage of MSMs is that they resemble standard
models, whereas SNMs often do not. For example, the logis-
tic MSM and the Cox proportional hazards MSM described
herein are natural ways to extend the ordinary logistic and
time-dependent Cox models to allow for estimation of causal
effects. SNMs cannot be conveniently used to estimate the
effect of treatment on dichotomous (0, 1) outcomes unless
the outcome is rare (Robins 1998a,b, 1999), because logistic
SNMs cannot be fit by g-estimation.

MSMs do have limitations, however. For example, Robins
(1999) showed that in contrast to SNMs, MSMs cannot be
used to estimate effects in studies in which all subjects with
a particular covariate value, say [*(k), are certain to receive
the same treatment at k , as would be true in a study of the
effect of exposure to an industrial chemical on the mortality
of a cohort of chemical workers; all workers with the covari-
"ate value “off work at time k” receive no exposure to the
chemical at k. Another advantage of SNMs over MSMs is
that although MSMs are useful for estimating both interactions
between treatment and baseline covariates V and the effect of
prespecified treatment regimens a, they are much less useful
than SNMs for estimating either interactions between treat-
ment and time-dependent covariates or the effect of dynamic
treatment regimens in which treatment in a given month is
decided in part based on a subject’s evolving covariate history
(Robins 1998a, 1999). Finally, if data on an instrumental vari-
able can be obtained, SNMs, in contrast to MSMs, can still
be consistently estimated even in the presence of confounding
by unmeasured factors (Robins, 1999).

In summary, we have used IPTW estimation of a marginal
structural Cox proportional hazards mode! to estimate the
joint effect of AZT and prophylaxis therapy on the mor-
tality of HIV-positive patients in the MACS. We found a
significant beneficial effect of AZT on mortality. IPTW esti-
mators appropriately adjust for time-dependent confounding.
An unweighted analysis that adjusted only for baseline con-
founding found an artifactual statistically significant adverse
effect on mortality for both AZT and prophylaxis therapy.

The correctness of the causal inferences from our weighted
analysis depends on three key assumptions. First, we must
assume that the covariates in L(r) are sufficient to adjust for
both confounding and selection bias due to loss to follow-up.
In an observational study, this assumption is not testable. But,
as described earlier, methods have recently been developed to
quantify the sensitivity of effect estimates to increasing viola-
tion of this assumption. Second, we need to assume that our
MSM for the effect of AZT on mortality is correctly specified.

447

Finally, we must assume that our models for initiation of treat-
ment and censoring, given past covarniate and treatment his-
tory, are correctly specified. This last assumption can be weak-
ened if we use the doubly-robust MSM estimators described
in Robins (2000) and in Section 3.3 of Robins (1999) instead
of IPTW estimators. Given the first two assumptions, doubly-
robust estimators are consistent for the parameters of an MSM
when either (but not necessarily both) our model for treatment
and censoring is correct or a model for the remaining, as yet
unmodeled, part of the joint distribution of the observables is
correct.

The foregoing assumptions may appear heroic. Nonetheless,
even when estimating the effect of a time-independent treat-
ment using standard statistical models, the same assumptions
(no unmeasured confounders, noninformative censoring, and
no model misspecification) are needed to endow the param-
eters with a causal interpretation. Furthermore, when estimat-
ing the effect of a time-varying treatment, our assumptions
are less restrictive than those required by standard unweighted
analyses. Our approach does not require for validity the
absence of confounding by time-dependent covariates affected
by previous treatment.

APPENDIX: LEMMA

Lemma A.1. In the pseudopopulation created by weighting by
SW, treatment is statistically exogenous.

Proof. By definition, the density of (Lg,Ay) in the
pseudopopulation is the weighted density L, Ay) =
f@x, A)sw(Te. A)/ Ly, A)sw(Ly, Ac)du(Lg, Ax), where
sw(Lg, Ax) = SW. Now, using the defintion of SW, a direct cal-
culation shows that the denominator is 1 and the numerator is
Micof(Le | Lot Aect) TTico /(Ae | Ay-y), which  implies  that
Fr(A Ly Ary) = (A | Axl) = f(Ac | Acoy), thus proving the
lemma.

[Received August 1998. Revised December 2000.]
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