Marginal Structural Models to Estimate the Causal
Effect of Zidovudine on the Survival of HIV-Positive
Men

Miguel Angel Herndn,' Babette Brumback,? and James M. Robins!?

Standard methods for survival analysis, such as the time-
dependent Cox model, may produce biased effect estimates
when there exist time-dependent confounders thar are them-
selves affected by previous treatment or exposure. Marginal
structural models are a new class of causal models the param-
eters of which are estimated through inverse-probability-of-
treatment weighting; these models allow for appropriate ad-
justment for confounding. We describe the marginal structural
Cox proportional hazards model and use it to estimate the
causal effect of zidovudine on the survival of human immuno-
deficiency virus-positive men participating in the Multicenter
AIDS Cohort Study. In this study, CD4 lymphocyte count is
both a time-dependent confounder of the causal effect of
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zidovudine on survival and is affected by past sidovudine
treatment. The crude morality rate ratio (95% confidence
interval) for zidovudine was 3.6 ( 3.0-4.3), which reflects the
presence of confounding. After controlling for baseline CD4
count and other baseline covariares using standard methods,
the mortality rate ratio decreased to 2.3 (1.9-2.8). Using a
marginal structural Cox model to control further for rime-
dependent confounding due to CD4 count and other time-
dependent covariates, the mortality rate ratio was 0.7 (95%
conservative confidence interval = 0.6-1.0). We compare
marginal structural models with previously proposed causal
methods. (Epidemiology 20001 1:561-570)

survival analysis, structural models, confound-

Marginal structural models (MSMs) can be used to es-
timare the causal effect of a time-dependent exposure in
the presence of time-dependent confounders that are
themselves affected by previous trearment.! The use of
MSMs can be an altemative to g-estimation of structural
nested models (SNMs).3

In our companion paper we describe inverse-probabil-
ity-of-treatment weighted (IPTW) estimation of a mar-
ginal structural logistic model.* In this paper, we intro-
duce the marginal structural Cox proportional hazards
model, show how to estimate its parameters by inverse-
probability-of-treatment weighting, provide practical ad-
vice on how to use standard statistical sofcware to obtain
the IPTW estimates, and include, as an appendix, the
SAS code necessary for the analysis. We use this Cox
proportional hazards MSM to estimate the' effect of
zidovudine on the survival of human immunodeficiency

From the Departments of FErdemioiowy and Buneatstics, Harvard Schoul of
Publie Health, Bantun, MA.

Addrew cotrespondence no: Miguel Hernan, Depaezmene of Eplemmdiny, Har-
vard School ot Public Healta, 877 Hunnngton Asenue, Boston, MA 02115,

This research wan suppoensd = NiH i ROL-ADI2475.

Subnutted March U, 1999; noal vereonon weepted Februars 23, 2000,

Copsrrgiie © 2000 by Lippincore Wl & Wik:as, Ine.

virus (HIV)-positive men enrolled in an observational
cohort study, the Multicenter AIDS Cohort Study
(MACS). We conclude by comparing methods based on
MSMs with previously proposed methods based on g

estimation of SNMs and on the direct estimation of the

g-computation algorithm formula.

We now begin by describing the MACS and then
summarize why standard methods for survival analysis
are not appropriate for estimating the effect of zidovu-
dine on mortality in this cohort.

The Multicenter AIDS Cohort Study and Bias
of Standard Methods
Between 1984 and 1991, the MACS enrolled 5,622
homosexual and bisexual men, with no prior acquired
immunodeficiency syndrome (AIDS)-defining illness.
from the metropolitan areas of Los Angeles, Baltimore-
Washington, Pittsburgh, and Chicago. Study partici-
pants were asked to return every 6 months to complere
a questionnaire, undergo physical examination, and pro-
vide blood samples. The design and methods of the
MACS have been described in detail elsewhere.$®

We restricted our cohore to HIV-positive men alive in
the period during which zidovudine was available for use
(that is, after study visic 3; March 1986 through March
1937). Follow-up ended at study visit 21, Qcrober 1994,
deach, or 24 months after the Lase visic, whichever ciume
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first. Our analysis incl:Zed the 2,178 men who actended

at least one visit l:e':-:-":en visits 5 and 21 while HIV

positive, and who did =ot have an AIDS-defining illness
and were not on antir=~oviral therapy at the first eligi-
ble visit. By the end of the follow-up (median dura-
tion-69 months), 1.25% men had initiated zidovudine

treatment and 75C hzZ died.

The usual approach o the estimation of the effect of
a time-varying exposurz. such as zidovudine, on survival
is to model the hazz-= of failure at a given time as a
function of past exposi=z history using a time-dependent
Cox proportional hazz=3s model. Robins’ has shown this
approach may bte bizsed, whether or not one further
adjusts for past covarizte history, whenever (1) there
exists a time-dependent covariate that is both a risk
factor for mortality 2=3 also predicts subsequent expo-

sure and (2) past exgpesure history predicts the risk fac-

tor. Covariates satistving condition 1 are called time-

dependent confoundess. Past CD4 count is a time-
dependent confounde: for the effect of zidovudine on
survival, because it is 2 risk factor for mortality and a
predictor of subseque=t initiation of zidovudine thera-
py. and past zidovudize history is an independent pre-
dictor of subsequent CD4 count?® In fact, all standard®
methods (for example. Cox or Poisson regression) that
predict the mortalicy rzte at each time using a summary
of zidovudine history up to that time may produce biased
estimates of the causal effect of zidovudine whether or
not one adjusts for past CD4 count in the analysis.

Marginal Structural Cox Proportional Hazards
Model

In the absence of time-dependent confounding, a time-
dependent Cox propcrrional hazards model is typically
used. We treac visit 3. or the earliest subsequent visit at
which a man was HI\" positive, as start of follow-up time

for our analysis. We Zefine T to be a subject’s time of

death with time meascred in months since start of fol-
low-up, and A(t) to te 1 if a subject was on zidovudine
at time . We use cverbars to represent a covariate
history so, for example. A(t) = A, 0 = u < dis
a subject’s treatment history up to t. Finally, let V be a
vector of time-independent, baseline covariates mea-
sured before stare of sollow-up. Then the conditional
hazard of death (tha: is, moreality rate) Ar(dA(r), V)
given treatment histcry A(t) and baseline covariates Vis
modeled as

A=A, V= Addexp(nAQ) + 7:V).

The subscripe T in A= «fA(e), V) merely identifies this
haztrd function as Fe:me that corresponding to the vari-
able T. In our anaivis. the covariates in Voare age,
calendar vear, CD4 ¢2unt, CD8 count, white blood cell
count (WBCY, red =0l cell count (REC) platelets,
and presence of symzproms. Sympromatic status was Jde-
fined by previcus presznce of one or more ot the follow-
ne clieal svmpeems o signst fever (emperature
S 37050 for 22 weeks, oral candidiass, diarthea for
3

weeks, weicht loss of 245 ke, oral hairy teukoplakia,
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or herpes zoster. We assume, for simplicity, that patients
remain on therapy once they start it and that the hazard
of death ac time ¢t depends on a subject’s zidovudine
history only through its current value, bur altemative
specifications are possible. Suppose, for the moment, no
censoring occurs, that is, death times T are observed for
all subjects.

In the presence of time-dependent covariates L(t)
satisfying the conditions 1 and 2, the estimate ¥, ob-
tained by maximizing the Cox partial likelihood is an
(asymprotically) unbiased estimate of the association
parameter y,. However, it is a biased estimate of the
causal effect of zidovudine on mortality, even if we had
included the time-dependent covariates L(t) as regres-
sors in the model.

Arguing as in our companion paper,* we can eliminate
or reduce this bias by fitting the above time-dependent
Cox model with the contribution of a subject i to a
risk-set calculation performed at time t weighted by the
“stabilized” weights

swi(t) =

H“ pr(A(K) = a(JAKk - 1) = a(k — 1), V = v)
hm0 pr(Ak) = a()|A(k — 1) = ’

afk — 1), E(k) = Ty(k))

to obtain an IPTW partial likelihood estimate. In the
above A( — 1) is defined to be 0. Here, int(t) is the
largest integer less than or equal to t and k is an integer-
valued variable denoting whole months since start of fol-
low-up. Because a subject’s recorded treatment changes
at most one per month, each factor in the denominator
of sw(t) is, informally, the probability that the subject
received his own observed treatment at month k, given
his past trearment and prognostic factor history [V is
included in L{0)). Each factor in the numerator is, in-
formally, the probability that the subject received his
observed treatment conditional on his past treatment
history and baseline covariates, but not further adjusting
for his past time-dependent prognostic factor history.

“Nonstabilized” weights w,(t), in which the numerator of _

swt) is replaced by 1, can be used in lieu of swt).
Although this choice will not influence the consistency
of our causal estimates, the stabilized weights sw(t) are
preferred because they generally yield 95% confidence
intervals that not only are narrower (thart is, more effi-
cient) but also have actual coverages rates that are closer
to 95%. In a latter section, we describe how these
stabilized inverse-probability-of-treatment weighes sw,(t)
can be estimated from the daa.

Suppose all relevant time-dependent confounders are
menured and included in L{e). Then, weighting by
sw,(t) effecavely creates, for arisk set at time ¢, a pseu-
dupepulacion in which (1) L{t) no longer predicts ini-
tiatton of sidovudine ac e (ehacis, L{o) is noca contound-
er), and (2Y the causal assocnation betwezn andovudine
and morealioy s the same as in the original study popu-
avon.! As argued in Ref 4, this implies chaz an IPTW
estinator, sav By of the parameter v of our time-
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dependent Cox model will converge to a quantity B
that can be appropriately interpreted as the causal effect,
on the log rate ratio scale, of zidovudine on mortality.

To formalize the above, we introduce counterfactual
outcomes.* For each possible treatment history a =
fa(t); 0 = t < =}, let T; be the random variable
representing the subject’s time to death had he followed,
possibly contrary to fact, the zidovudine history @ from
the start of follow-up, rather than his observed history.
For example, T; with a such thata(t) = Ofort < 2.5
and a(t) = 1 fort = 2.5 is the subject’s survival time
when he started zidovudine therapy 2.5 months after the
start of follow-up. We only observe T; for those treat-
ment histories @ that agree with the subject’s observed
treatment history until the subject’s observed death time
T. For these histories T; equals T. For each a, we specify
the marginal structural Cox proportional hazards model

A(t[V) = Ag(t)exp(Byal(t) + B2V)

where A7 (t]V) is the hazard of death at t among subjects

with baseline covariates V in the source population had,

contrary to fact, all subjects followed zidovudine history
a through time t, the scalar 8, and the row vector B, are
unknown parameters, and Ay(t) is ani unspecified base-
line hazard. We refer to this model as an MSM because,
within levels of V, it is a structural (that is, causal) model
for the marginal distribution of the counterfactual vari-
ables T;.

The parameter 8, of our MSM is the causal log rate
ratio for zidovudine. Hence, exp(B,) has a causal inter-
pretation as the ratio of the mortality (hazard) rate at
any time ¢ had alt subjects been continuously exposed to
zidovudine compared with the hazard rate at time ¢ had
all subjects remained unexposed. B, is consistently esti-
mated by our IPTW estimator B, under the untestable

assumption of no unmeasured confounders given the

measured risk factors in L(t).! We shall make this as-
sumption with L(t) being the covariate vector with the
following elements: the most recent recorded CD4,
CDS, WBC, RBC, platelets, presence of an AIDS-de-
fining illness, and sympromatic status before .

It is difficule to ger standard Cox model software to
compute our IPTW estimator f; because our subject-
specific weights sw,(t) vary over time, and most standard
Cox model software programs, even those that allow for
subject-specific weights, do not allow for subject-specific
time-varying weights. The approach we shall adopt
overcome this software problem is to fie a weighted
pooled logistic regression treating each person-month as
an observation. (In the MACS, our 2,178 men contrib-
ute 143,194 person-months of observation.) That is, we
will fit, by weishted logistic regression using weights
sw (o), the model

logic pr[Disy = | Die = =0, A =D, V] =
B + BAu -1 + BV

where, hencetorth o tike ko s integer valued denotine
whole months since stare of follow-up, D) = Qa2
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subject was alive in month t and 1 if the subject died in
month ¢, and B;(t) is a time-specific (that is, month-
specific) intercept. This method has the advantage of
teing easily programmed in mary standard statistical
packages. In the unweighted case, it is essentially equiv-
alent to fitting an unweighted time-dependent Cox
model, because the hazard in any single month is small.’
However, the use of weights induces within-subject cor-
relation, which invalidates the standard error estimates
outputted by a standard logistic program (they can be
either too large or too small). To overcome this diffi-
culty, the above weighted logistic model should be fit
using a generalized estimating equations" program (for
example, option “repeated” in SAS Proc Genmod) that
outputs “robust” variance estimators that allow for cor-
related observations. The robust variance estimator pro-
vides a conservative confidence interval for the B. That
is, under our assumptions, the 95% confidence interval
calculated as B = 1.96 X robust standard error is guar-
anteed to cover the trie B at least 95% of the time in

large samples.

Censoring

The analysis just described assumes that there is no
dropout or censoring by end of follow-up. We define the
censoring indicator C(¢) to be 1 if a subject is right-
censored by time t and C(t) = 0 otherwise, where a
subject is right-censored if he either dropped out of the
study or reached the administrative end of follow-up
alive. To estimate B, in the presence of censoring, we fit
a weighted Cox model in which, for a subject at risk at
month t, we use the weight sw,(t) X su} (1), where

sw,(1) =

pr{C(k) = 0|C(k - 1) =
C o 0,AK=-1)=ak-1),V=y]
ros PICHR)=0[Ck—1)=0,A(k—1) ="
ak=1), Lk = 1) =T(k = 1)]

where C( — 1) and A( — 1) are defined to be 0. sw/(r) is,
informnally, the ratio of a subject’s probatility of remain-
ing uncensored up to month ¢, calculared as if there had
been no time-dependent determinants of censoring ex-
cept past zidovudine history, divided by the subject’s
condicional probability of remaining uncensored up to
month t. The denominator of the product sw,(t) < suy
(1) is, informally, the probability that a subject had had
his observed sidovudine and censoring history through
month . Because sw(t) and sw! (1) are unknown, they
must be estimared from the data as Jdescribed below.
Weivhting by sw () X sw! (¢} produces a consistent
estimate ot the causal parameter . under the assump-
non that the measured covariates are sufticient to adjust
for both confounding and selection bias Jue to loss to

tollow-up.?

Estimation of the Weights
The practcal peoblem faced by the investigaror i~ how
o abrain the quanuties sw () X sw) (1) necessary to run
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==stic regression model. Consider
first the estimation of :w (1). We need to estimate con-
sistently the denomirz:-r and numerator of sw,(r) for
each subjecr and time £+ int. Because any subject starting
zidovudine was assumeZ o remain on it thereafter, we
can regard the time to :tarting zidovudine as a failure
=2¢l the probabilicy of starting

time variable and m:
sidovudine through a zwoled logistic model that treats

each person-month as z observation and allows for a
time-dependent interczzt. Specifically, we can, for ex-
ample, fit the model lcziz pr [A(k) = OJA(k — 1) =
0, L(k)] = aik) — o. L(k) + o, V and obrain
estimates & = (&.(k). & . é&:) for the unknown parame-
ters. It is only necessar~ -z fit the model for subjects alive
and uncensored in mor.z= & who had yet to begin zidovu-
dine (that is, the 83,124 person-months in the MACS
with Ak — 1) = QM.

The estimated preiicted values p(k) = expit
(&y(k) + & L(k) = @- V) from this model are the
estimated probabilities <7 subject i not starting zidovu-
dine in month k giver that zidovudine had not been
started by month k — . where expit(x) = /(1 +
e*). Our estimate of the ::—'-nominat‘?r of sw (k) for person

the pooled weighted lczst

i in monch k is the produc: p(k)=_ 1 p(u) if subjectidid
not start zidovudine up to month k and is
t-1

p(k)=[1=p (] I_:l o piser i subject i started zidovudine at
month ¢ for t < k. [Ncze thar, in calculating p( !(), we
have used our assumpticn that no subject stops zidovu-
dine once begun.] Simiizrly, we estimate the numerator
of sw,(k) by fitting the 2>ove logistic model except with
the covariates L(i) remcved from the model.

There is a small bu: important technical detail we
have yet to discuss. For cur IPTW estimates of B to be

TABLE 1. Inverse-Prokzbility-of-Treatment ~ Weighted

Estimates of the Causal Effect of Zidovudine Therapy on

Mortality in the Multicenter AIDS Cohort Study

Unweighted estimates* RR 95% ClI
Unadjusted 3.55 2.954.27
Only bascline covariates 13 1.92-2.81

Invalid

Vakid 95% Mt\lsl-B:\scdi
Conservative Cl 95% ClI

Weighted estimacest  RX

Stabdbized weighes .02 0.57-0.96 q.gz-o.bl
Nomstabilized weghes 0.7 C54-105 C71-0.80

RR = mortabiey rate ninn (38 28 2e wers 6 aonwen), CU = contidence

wterval,
* Noncausal models, shown bor oo seen putposesonly. The uttadjsted mealel

~Cand sbovikhie use (ves o nod. The
sl age, calendae year (1953, D950,

mdudes only the e v 2
mesfel wath P eciine aonanares -
TONTON, G DY afemidy 2N 10

SN e L OO per al), WE SN LA e 23000 per ul),
RIWCT ¢33, 85244 0 233 0 ] et (1130 130 2240 e 2250 <

L per ), presence of ampten

rever. ol candidiases, diaeghes, wenehe
et o e ot otherwne)

rent ming Jata on bawhee anartares
TN A o 240 & 10 per pld),

Pratclers, proseites ot amptoms =oc smee o0 AIDS dennng e, wnd previous

losas ol ey leuhoplania, or

SWovrehies cancidatad s Jdoser
s mese eecent s N CDN WE

Stevidine e
T talod e mitens i e s nd ner sserghited meddels Becaee they ol
[ N Y B N AT SN VR TTRTTSNT O] sotrees undoced By wendiene
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TABLE 2. Inverse-Probability-of-Treatment  Weighted
Estimates of the Parameters of a Marginal Structural Model
for the Causal Effect of Zidovudine on Mortality in the
Multicenter AIDS Cohort Study

. Parameter Robust Conservative
Covariates* Estimate Standard Error 93% CL
Zidovudine -0.301 0.132 —-2.259, -0.043
Age art baseline 0.038 0.008 C.222.0.053
Baseline CD4, per ul
<200 1.913 0.136 1.645.2.130
200499 0.634 0.088 481, 0.8C6
=5C0 0.000
Baseline CD8, per ul
<500 —0.648 0.122
500-99 -0.477 0.087
=1000 0.c00
Baselir;c WBC, per
M .
<3000 0.790 0.085 (.373.1.205
3000-4999 0.273 0.420 106, 0.440
=5000 0.000
Baseline RBC, x10%,
per pul
<33 0.231 0.420 =595, 1055
35-45 0.254 0.105 0.045,0.460
=45 0.000
Baseline placelecs.
X 10%, per pl
<150 0.616 0.129 0364, 0369
150-249 0.189 0.087 £.019,8.359
=250 0.000
Presence of 0.618 0.086 0448, 0.787
symptoms
Calendar year at
line
1985 0.405 0.426 -{.431,1.240
1986 0.440 0.432 —Q.408, 1.287
1987-89 0.250 0.442 -0.617, 1.120
1990-93 0.000

CL = confidence limits.

* Weighted logistic model including the covariates listed in the ttle plus a
time-varying intercept (not shuwn). Weighs were estimated by sd: (1} > s (¢)
as defined in the text.

consistent, it is necessary that the denominator of sw(t) ]
be consistently estimated. To do so, we cannot estimate
a separate intercept (k) for each month k. Rather, we
need to “borrow strength” from subjects starting zidovu- .
dine in months other than k to estimate (k). This can
be accomplished by assuming that a,(k) is constant in
windows of, say, 3 months. An alternative approach is to
assume the a,(k) are a smooth function of k and thus can
be estimated by smoothing techniques (such as regres-
sion splines, smoothing splines, or kernel regression).!!

To correct for censoring, we estimate sw’(k) in a
manner analogous to the estimation of sw (k) except
with A(k) replaced by C(k) as the outcome variable,
with A(k = 1) added as an additional regressor, and not
conditioning on A(k = 1) = 0 but rather on Ck —
=0

Causal Effect of Zidovudine in the Multicenter
AIDS Cohort Study

Using a standard Cox proportional hazards model—or
the equivalent pooled logistic regression medel—wich
no covaentes, the crude moreality race ratio for zdovu-
dine was 3.0 (93% confidence interval-3.0-4.3). The

T T e e e e e m et = — ————— ———— =
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TABLE 3. Estimated Probabilicy of Having One’s Own Observed Treatment History [Estimated Denominator of sw(t)] and
Censoring History [Estimated Denominator of sw] (t)] at 24 and 84 Months of Follow-Up, Multicenter AIDS Cohort Study

Mean SD Median IQR Minimum Maximum
24 Months (N = 2.063)
robability of having cbserved
zidovudine history . N B
Given baseline covariates® 0.52 0.34 0.69 C.77 0.003 0.917
Given time-varying covariatest 0.54 0.35 0.68 .32 0.00: 0.939
Probability of being uncensored . N
Given baseline covariates* 0.96 0.08 0.99 g-b‘? 0.228 0.997
Given time-varyirz covariates® 0.96 0.08 0.99 0.04 0.199 0.997
84 Montchs (N = 836)
Pr'obalijility Lo\f having otserved
:zidovudine history
Given baseline covariates™ 0.11 Q.17 0.0l .22 0001 0.536
Given time-varyin.z covariates® 0.15 0.24 0.02 0.26 0.001 C.728
Protability of being uncensored N ,
Given baseline covariates® 0.78 0.17 0.86 0.C8 0.244 0.932
Given time-varying covariates® 0.78 0.17 . 086 .08 0.256 0.940

SD = standard deviation, IQR = interquartile range.

* Age (vears), calendar year (1535, 1986, 1957-1989, or 1990~1993), CD4 (<200, 200~499, or 500 per ul), CDB {<300; 500-999; 21,000 per i), WBC (<3.000;
3,000-4,559; or 25,000 per ul), REC (<35, 35-44, or 245 X 10% per pl), platelets (<1350, 150-249, or 2150 X 10ul), presence of symptoms {ves if fever, oral

candidiasis, diarthea, weighe loss. oral hairy leukoplakia. or herpes zoster, or no otherwise), and previous zidovudine use. ) o
* Baseline covariates plus most recent CD4, CD8, WBC, RBC (<35, 35-44, =45 X 10% per pl), placelets, presence of symptoms, or presence of an AIDS-Jefining

illness.

addition of the baseline covariates V to the model de-
creased this rate ratio to 2.3 (1.9-2.8).

To adjust further for confounding due to the time-
dependent factors L(t), we estimated the parameters of
our marginal structural Cox model by calculating a sta-
bilized weight sw(t) X sw! (1) for each person-month
and fitting a weighted pooled logistic model. The esti-
mated causal mortality rate ratio exp(B;) was 0.7 (95%
conservative confidence interval-0.6-1.0), indicating
that, under our assumptions, zidovudine therapy appears
to decrease the risk of death. When nonstabilized
weights @ {t) X 4@/(r) were used, the rate ratio was
virtually identical but the 95% conservative confidence
interval was 30% wider, compared with the stabilized
resules (Table 1). We also report the invalid model-
based intervals obtained using an ordinary weighted
logistic regression program that does not account tor
within-subject correlations. The point estimates and
95% conservative confidence intervals for each of the
parameters of our marginal structural Cox model are
displayed in Table 2. .

The stabilized weights were calculated by means of
four pooled logistic regression models, as described in the
prevtous section. In two of the models the outcome was
“initiation of zidovudine.” Using the estimated predicted
values from each of these models, we caleulated two
quantities for each observation: the probability of each
person having hus own observed zidovudine history up
month ¢ given basehine covariates V., and, then, given
also time-varying covariates Lic). Sunilar models were fie
wor the outcome “cenrering,” atter adding zidovudine
Antory as a time-varving dichotomous variable indicat-
e whether the subjess had started zidovudine by
month ¢ = |. '

Table 3 shows the cenzer and disperston parameters ot
the distribution of the roer estimated probabilicies at two

RS

whitrary tme pomnts: 23 and 84 months of follow-up.

The estimated probabilities of having one’s own ob-
served zidovudine history at 24 months of follow-up,
given time-varying covariates, range from 0.939 to
0.002. This would be translated into (nonstabilized)
inverse-probability-of-treatment weights @(t) ranging
from 1.06 (1/0.939) to 500 (1/0.002). Thus, in the
pseudopopulation, some observations would be repre-
sented by 1.06 copies of themselves, whereas others
would be represented by 500 copies. The use of stabilized
inverse-probability-of-treatment weights s (r) “normal-
izes” or stabilizes the range of these inverse probabilities
and increases the efficiency of the analysis by preventing
just a few people from contributing most of the obser-
vations in the pseudopopulation. Thus, the values sit,(¢)
for t = 24 are centered around 1.01 and show a nar-
rower range (0.14-6.67).

The estimaced probabilities of being uncensored at 24
months follow a more peaked distribution, tightly cen-
tered around values close to 1 (0.96). This is expected, as
95% of the men were uncensored at 24 months of
follow-up. Inverse probabilities @(t) range from 1.00
(1/0.997) to 5.03 (1/0.199). The stabilized weights
sl (r), for e = 24, are centered around 1 and range trom
0.93 to 1.23. The estimaced probabilities of being un-
censored at $4 months are lower, as expected.

The distribucion of the final weights, which combine
information on zidovudine and censoring history, is pre-
sented in Figures 1 and 2 tor several ollow-up times (a
logarichmic transtormation was applied for display pur-
poses only). Two sets of weights were esumated: the
stabilized weishes sw(e) X s () and che nonstabilized
weighes @ {e) < @ (1), The disesrbution of stalibized
weights is symmetric and centered around 1 at all ames,
whereas its virance incredses over ame. The Jdistoibu-
ton of the nomstabilized wewhes 5 skewed, and s
vartance preacly exceeds du of the stbidized wershr,,
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FIGURE 2. Distribution of nonstabilized weights SW.
The box for each group shows the location of the mean (*),
median (middle horizontal kar) and quartiles (border hori-
=ontal bars). Vertical lines extend to the most extreme ob-
servations which are no more than 1.5 X IQR beyond the
quartiles. Observations bevond the vertical lines are plotted
individually, if they lie within the limits of the frame.

The weight estimates were robust with respect to the
method used to estimate the time-dependent baseline
logit ay(k) in the logissic models for zidovudine and
censoring, provided that sufficient flexibility was al-
lowed. The weights in Figures 1 and 2 were obtained by
modeling the time-dependent intercept ay(k) with nat-
ural cubic splines with five knots (on months 23, 44, 71,
94, and 100, which correspond to the percentiles 3, 27.5,
50, 72.5, and 95, respectively).!

Adjusting for Time-Dependent Confounders in
a Cox Model

We abo fic a standard 1eaweighted) time-dependent
Cox model in which we :=ciuded, at each monch ¢, the

current value L{t) of the sime-dependent covarates, the
: <he reatment A(t). We ob-

haseline covariates V', an

tained 4 point estimate of 2.3 (935% confidence interval-
Q3-003) for the sidoviedine coetticient, which was con-
siderably less chan our siaziized IPTW etimate of Q7.
. <ection 7.1 of vur compan-

Nc\'crthclc\s. as discusied
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jon paper,* because the covariates in L(t) are affected by
earlier treatment, the zidovudine coefficient cannot be
causally interpreted as either the overall zidovudine ef-
fect or the direct effect of zidovudine mediated by path-
ways not through the covariates L{t). In contrast, under
our assumption of no unmeasured confounders, the co-
efficient of zidovudine in our marginal structural Cox
model represents the overall effect of zidovudine.
More specifically, if we had included in the above
covariate-adjusted time-dependent Cox model toth a
term for current zidovudine exposure [that is, A(t)] and
several terms for past zidovudine exposure {for example,
cumulative months on trearment before t [cm(t)}, and
the indicator A(t — 6) of whether a subject was on
treatment 6 months previously}, then, in the absence of
unmeasured confounders and model misspecification,
the coefficient of A(t) would have a causal interpreta-
tion but the coefficients cum(t) and A(t — 6) would
not, because only current zidovudine does not affect
L(r). The coefficient of A(t) would represent the effect
on a log rate ratio scale of recent zidovudine on morzality
in month ¢ within strata defined by zidovudine and
covariate history up to t and would generally differ from
the coefficient B, of A(t) in our MSM, as the coefficients
*in the two models represent different causal contrasts.
[Indeed, it can be shown that if our MSM is correct and
B, is nonzero, the causal rate ratio for current -idovudine
in the covariate and past treatment-adjusted time-de-
pendent Cox model will not be constant over strata
defined by past treatment and covariate history. Hence,
we would need to include interaction terms between
A(t) and the variables L(t), A{t — 6), and caon(t) in our
covariate and past treatment-adjusted time-dependent
Cox model to avoid model misspecification.] However,
as mentioned above, the coefficient (estimated to be
0.4) of A(t) in the covariate-adjusted time-dependent
Cox model that does not include terms for past zidovu-
dine exposure does not have a causal interpretation,
because past treatment is a confounder for current treat-
ment and thus must be adjusted for. This is true even
under the null hypothesis of no direct, indirect, or over-
all effect of zidovudine on mortality whenever, as will be
essencially always the case, a component of L(1), say
RBC, and mortality in month t have an unmeasured
common cause (for example, the baseline number of
bone marrow stem cells); adjusting for a variable L(t)
affected by past zidovudine makes past zidovudine a
noncausal independent (protective) risk factor for mor-
tality within strata of L(¢) and A(¢), and thus, to estimate
the effect of recent zidovudine exposure, past zidovudine
must be controlled as a confounder in the analysis.

Comparison of Marginal Structural Models with
Previously Proposed Methods

Before inrroducing MSMs, Rokins and co-workers intro-
Jduced three methods tor estimation of the causal efrect
of a time-varving treatment in the presence of tme-
varying contounders: the parametric g-computation al-
porichm formala estimator,' M g-estumation of structural
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nested models,!>!*¥3 and the iterative conditional expec-
tations (ICE) estimator.3!> IPTW estimation of MSMs
constitutes a fourth method. When (1) both treatment
and the confounders are discrete variables, (2) they are
measured at only a few time points, and (3) che study size
is large, then estimarion can be carried out using fully
saturated models (that is, nonparamerrically), and all
four methods are precisely equivalent. They differ when,
owing to sparse multivariare data, one must introduce
modeling assumptions.

ICE estimators can only rarely be used, because they
often lead to logically incompatible models and will not
be discussed further.!? Of the remaining three methods,
inference based on SNMs and MSMs is preferable to
that based on the parametric g-computation algorithm.
The reason is that MSM and SNM models, in contrast
to models based directly on the conditional probabilities
in the g-computation algorithm formula, include param-
eters that represent the null hypothesis of no treatment
effect.!>!3 As a consequence, when using the parametric
g-computation algorithm estimator, it is quite difficult to
determine whether one’s confidence interval for the
treatment effect includes the null hypothesis of no ef-
fect.

MSMs have two major advantages over SNMs. Al-
though useful for survival time outcomes, continuous
measured outcomes (for example, blood pressure), and
Poisson count outcomes, logistic SNMs cannot be con-
veniently used to estimate the effect of treatment on

‘dichotomous (0, 1) outcomes unless the outcome is
rare.>!? This is because logistic SNMs cannot be fit by
g-estimation. In contrast, as we have seen,* IPTW esti-
mation of logistic MSMs can be used to estimate the
effect of a time-dependent treatment on a binary out-
come.

The second major advantage of MSMs is that they
resemble standard models, whereas SNMs do not. For
example, the logistic MSM described in our companion
paper* and the Cox proportional hazards MSM described
here are the natural way to extend the ordinary logistic
and time-dependent Cox models to allow for estimation
of causal effects. The close resemblance of MSMs to
standard statistical models makes their application more
incuitive for researchers and easier for programmers.

Nevertheless, SNMs have a number of advantages
over MSMs. For example, as discussed in Ref 4, MSMs
should not be used to estimate effects in studies (such as
occupational cohort or cancer screening studies) in
which, at each time k there is a covariate level I(k) such
that all subjects with that level of the covariate are
certain to receive the identical exposure a(k).!”

A sccond major drawback of MSMs is that one must
be able to specify a correct model tor the condidional
probability of exposure,

pr(AKk) = a(k)|L(k) = Tiky, Atk = 1) =atk = 1),
for each time k up to end of follow-up. This is untorcu-

nate because, it the L(k) and A(k) are discrete, we could
use nonparametric saturated models for small values ot k,

-3
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(say k = 0, 1, 2), but for large k we require strong
modeling assumptions, as there are many variables in
Itk) = (l0), (1), ..., I(k)) and in a(k — 1). It is
unlikely that these modeling assumptions would be pre-
cisely correct. Furthermore, even when these modeling
assumptions are correct, if the distribution of the stabi-
lized weights is highly variable and skewed as a result of
very strong covariate-treatment associations, 93% con-
fidence intervals based on IPTW estimation of an MSM
will be very wide and may fail to cover the true param-
eter at least 95% of the time, unless the sample size is
very large.

The use of g-estimation of SNMs overcomes the
above difficulties. For example, one can use SNMs to
estimate the effect of an exposure on mortality in occu-
pational cohort studies.'*!¢ Similarly, one can unbi-
asedly estimate the causal parameter of a SNM without
having to model the probability of treatment given the
past through end of follow-up. Instead, in the setting of
a discrete A(k) and L(k) described above, one can un-
biasedly estimate the parameters of SNMs by using a
saturated model for the probability of exposure A(k)
given the past for k = 0,1,2 periods and ignoring expo-
sure at later periods, thus preventing bias due to mis-
specification® of the model for exposure. Of course, as
always in statistical analysis, there will be a loss of
efficiency of estimation associated with this protection
against bias. Finally, in the presence of strong covariate-
treatment associations, theoretical arguments imply that
it should be possible to construct confidence intervals
based on g-estimation of SNMs that are both namrower
and have better coverage properties than those based on
IPTW estimation of MSMs. However, further research is
required to see whether this theoretical prediction is
borne out in practice.

Another advantage of SNMs over MSMs is thar,
although MSMs are useful for estimating the causal
effect of the prespecified treatment regime a (for exam-
ple, always treat, treat on altemate months, etc), they
are much less useful than SNMs for modeling the inter-
action of treatment with a time-varying covariate and
for estimating the effect of dynamic treatment plans in
which treatment on a given month is decided in part on
the basis of a subject’s evolving covariate history.!? It is
important to recognize that actual medical treatment
regimes are usually dynamic, because if a patient devel-
ops a toxic reaction to a drug, the drug must be stopped.
Nonetheless, causal questions concerning prespecified
trearment plans, such as estimating the effect of a con-
tinuous exposure at a certain level vs no exposure, are of
great interest in many areas of epidemiology, including
nutritional and environmencal.

Discussion

We have used a marginal structural Cox propoertional
hazards medel to estimate che causal effect of zidovudine
on mortality of HIV-positive patients in the MACS.
This method was used because standard stacistical meth-
ods are not appropriate when there exists time-depen-
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dent confounding by variztles, such as CD4 count, that
are affected by previous exposure.

Because of the presence of confounding, the crude
mortality rare ratio for Zdovudine was 3.6 (95% confi-
dence interval-3.0-4.3). erroneously suggesting that
zidovudine increased risk of death. The rate ratio esti-
mated by the (unweighted) standard model that in-
cluded only baseline covariates, and that therefore does
not adjust for time-dependent confounding, was 2.3
(95% confidence interval-1.9-2.8), which still suggests
a detrimental effect of zidovudine.

In fact, the mortalicy rate ratio for zidovudine was 0.7
(95% conservarive considence interval-0.6-1.0) in the
weighted analysis that provides, under our assumptions,
an unbiased estimate of the causal rate ratio, exp(B,), of
the marginal structural Cox model, because . the
weighted analysis appropriately adjusts for time-depen-
dent confounders affected by earlier treatment.

The difference betwesn the unweighted and weighted
estimates is an indication of the amount of confounding
due to the time-dependent prognostic factors. The
weights can be interpreted as the number of copies of
each observation that are necessary to form a pseudopo-
pulation in which censoring does not exist and in which
the time-dependent prognostic factors do not predict
initiation of zidovudine history (that is, treatment is
unconfounded).

Like all causal inferences, the validity of our analyses
depends on a number of assumptions. First, we assume
that the information on month of zidovudine initiation
and month of death is accurate. Second, we assume that
the measured covariates in L(r) are sufficient to adjust
for both confounding and selection bias due to loss to
follow-up. This assumgtion implies that we have avail-
able, for each month t, accurate dara recorded in L(t) on
all time-dependent covariates that (1) are independent
predictors of death and (2) independently predict the
probability of starting -idovudine and/or of being cen-
sored in that month. Unfortunately, as in all observa-
tional studies, these two assumptions cannot be tested
from the data. In our analysis, we assume that this goal
has been realized, while recognizing that, in practice,
this assumption would never ke precisely or sometimes
even approximately true. Recently, Robins et al.'$ have
developed extensions of IPTW estimation of MSMs that
allow one to evaluate the sensitivity of one's estimates to
increasing violation of these fundamental assumptions.

Third, we assume that the models for initiation of
sidovudine and censoring, given the past, are correctly
specified. Fourth, we assume that our MSM for the eftect
of sidovudine on merality, within levels of baseline
covariates V', is correctly specified.

Although the stated assumptions may scem heroic,
note that in point-exgesure studies the same assump-
tions (accunte informanon, no unmeasured confound-
efs, noninformative censoring, and no misspecification
of the madel? are requered to give a causal interpretation
to the parameters of standard statistical models. Furcher-

more, when studying the effect of @ time-dependent
sumptions of MSMs

treatment such as sidovudine, the as

Epidemiology ~September 20C0, Vol. 11 No. 5

are less restrictive than those of standard methods;
MSMs do not require the absence of time-dependent
confounding by variables affected by previous exposure.
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APPENDIX

SAS CopE FOR THE MARGINAL STRUCTURAL COX
PrOPORTIONAL HAZARDS MODEL

In this appendix, we provide SAS code to fit the Cox
proportional hazards MSM described in the text. The
original MACS dara file contains one record per man,
but here we use a transformed, or pooled, file (MAIN)
with each person-month as a separate record. This file
format is necessary to fit pooled logistic models. The
code used to generate the pooled dataset from the orig-
inal one is available from the first author upon request.
The records in the file MAIN must be sorted by patient
identification numker (variable ID) and, within each ID
level, by month of follow-up (MONTH).

The SAS code shown below is organized as follows.
First, we use Proc Logistic to fit four pooled logistic
models (two for the probability of remaining off zidovu-
dine and two for the probability of remaining uncen-
sored) and obtain their predicted values. Second, we use
a SAS data step to calculate the weights for each person-
month from the predicted values of the previous four
models. Last, we use Proc Genmod to fic the final
weighted pooled logistic model that estimates the causal
parameter of interest and its robust standard error.

The outcome variable in models 1 and 2 is a dichot-
omous variable A indicating whether the patient had
started (A = 1) or remained off (A = 0) zidovudine on
that month. When the option “descending” is not spec-
ified, Proc Logistic models the probability that the out-
come variable is 0. Hence, models 1 and 2 model the
probability of remaining off zidovudine. The “where”
statement restricts the analysis to patients not previously
on zidovudine by specifying that either month of fol-
low-up (MONTH) is less than or equal to month of
onset of zidovudine (ZDV_M) or zidovudine was never
initiated during the follow-up period (ZDVM is coded
as missing, if this is the case). Model 1 includes as
regressors a time-dependent intercept and the baseline
covariates V: baseline age, calendar year, CD4, CDS,
WBC, RBC, platelets, and presence of symptoms. Model
"2 includes, in addition, the time-dependent covariates
L(¢): most recently available CD4, CD8, \WBC, RBC,
platelets, symptoms, and AIDS-defining illness. We es-
timate the time-dependent intercept by a smooth func-
tion of the time since beginning of follow-up (MONTH)
using natural cubic splines with five knots. To do so, we
need to include, as regressors, the variables MONTHI,
MONTH2, and MONTHS3, that are specitic polynomial
functions of MONTH (calculaced with the cubic splines
SAS macro RCSPLINE in survrisk.pak, by Frank Harrel,
which is publicly available on heep:/fjse.stat.nesu.edu: 70/
Ls/software/sas).

The outcome variable in models 3 and 4 is a dichot-
omous variable C indicating whether the patient was
censored (C = 1) or uncensored (C = 0) in chac month.
Thus, models 3 and 4 model the probability of remaining
uncensored for each person-month. All available per-
wn-months are used. Model 3 includes the baseline
covariates and the time-dependenc intercept, whereas
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model 4 includes the time-dependent covariates (to
which we add A) as well.

For each model, we output a new data file (option
“out =" in Proc Logistic) that contains, for each person-
month, the original variables plus the predicted values
from the model (option “p="). As an example, the first
Proc Logistic creates the data set MODELI with its
predicted values as the variable PZDV.0.

In the following data step, we merge the four output
files in the file MAIN_W that contains the predicted
values from the four logistic models. We then compute
the numerator K2_0 and the denominator K2_W of the
sw’ (t) from models 3 and 4.

Similarly, we calculate the numerator K1.0 and the
denominator K1_W of the weights sw,(t) for months in
which the subject has not yet started zidovudine from
models 1 and 2. For a month in which a subject did
begin zidovudine, we multiply by 1 minus the predicted
value. For months subsequent to starting zidovudine, we
no longer update K1.0 and K1.W. Then we use the
numerators and denominators to calculate the “stabi-
lized” weights sw(t) X sw] (1) (STABW), and use the
denominators alone to calculate the “nonstabilized”
weights w(t) X w/ (1) (NSTABW). .

Finally, wé call Proc Genmod to fit a weighted pooled
logistic model for survival to obtain consistent estimates
of the parameters of our Cox MSM. The outcome vari-
able of this model, D, is a dichotomous variable indicat-
ing whether the patient died (D = 1) or remained alive
(D = 0) in that month. The program will provide robust
standard errors for the model parameters when the op-
tion “repeated” is included. The patient identification
variable and the independent working correlation ma-
trix (“subject = IDftype = ind”) must be specified. We

fit the model using the stabilized weights by specifying

the variable STABW in the “scwgt” statement. Speci-
fying the variable NSTABW fits the model with non-
stabilized weights.

The SAS code given below can also be used to fit the
logistic MSM of our companion paper.! The only differ-
ence is that the final weighted logistic model in Proc
Genmod includes a single observation per person using
as outcome variable the logistic variable Y of our com-
panion paper, rather than the survival variable D con-

sidered in this paper.

/* MooeL 1 */
proc logistic data=MAIN;
where MONTH <= ZDV_M or ZDV M=
model A=AGE.0 YEAR.Ql YEAR.0Z YEAR 03
CD4.01 CD4.02 CD38.01 CDs.02
\WBC.01 WBC.02 RBC.01 RBC.L2
PLAT.0L PLAT.C2 SYMPTQ
MONTH MONTHI-MONTH3;
output out=modell p=pzdv.C;
run; g
J* MopeL 2 %/

proc logistic Jata=MAIN;
where MONTH<=ZDV.m or ZDV. M=
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wn

model A=AGE0 YEAR 01 YEAR 02 YEAR 03
CD4.01 CD+.02 CD8.01 CD8.02
WBC.01 WEC.02 RBC.01 RBC.02
PLATE.C1 PLATE.0Z SYMPT.0
CD4.1 CD4.2 CD8.1 CD82
WBC.1 WBC_2 RBC_1 RBC2Z
PLAT.1 PLAT_2 SYMPT AIDS
MONTH MONTHI1-MONTHS3;

output out=model2 p=pzdv.w;

run;

/* MopEL 3 */
proc logistic dara=MAIN;
model C=A AGE.C YEAR 01 YEAR 02 YEAR 03
CD4.01 CD+.02 CD8.01 CD8.0Z
WBC.01 WBC.02 RBC.01 RBC_02
PLATE.01 PLATE.0Z SYMPT.0
MONTH MONTHI-MONTH3;
output out=model3 p=punc_0;
run; ’

J* MoDEL 4 */
proc logistic data=MAIN;
model C=A AGE.0 YEAR 0] YEAR 02 YEAR 03
CD4.01 CD4.02 CD8.01 CD8.02
WBC.01 WBC.02 RBC.01 RBC.0Z
PLATE.O1 PLATE.02 SYMPT.0
CD4.1 CD4.2 CD8.1 CD8.2
WBC.1 WBC_2 RBC.1 RBC_2
PLAT.1 PLAT2 SYMPT AIDS
MONTH MONTHI-MONTH3;
output out=model4 p=punc_w;
run;

data main_w;
merge modell model2 model3 model4;
by ID MONTH;
/* variables ending with _C refer to the numerator of the
weights
variables ending with _w re
the weights */

fer to the denominator of
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/* reset the variables for a new patient */
if first.id then do;
k1.0=1; k2.0=1; kl.w=1; k2 w=1;
end;
retain k1.0 k2.0 kl_w k2_w;

/* Inverse probability of censoring weights */
k2_.0=k2_0*punc 0;
k2_.w=k2_w*punc_w;

/* Inverse probability of treatment weights */
/* patients not on zidovudine */
if zdv_m>day or zdv_m =. then do;

k1.0=k1.0*pzdv_0;
kl_w=kl.w*pzdv_w;
end;
/* patients that start zidovudine this month >/
else if zdv_m=day then do;
k1_0=k1.0*(1-pzdv_0);
kl_w=kl_w*(1-pzdv_w);
end;
/* patients that have already started zidovudine */
else do;
k1.0=k1.0;
kl.w=kl_w;
end;

/* Stabilized and non stabilized weights */
stabw=(k1.0*k2_0)/(k1_w*k2_w);
nstabw=1J(kl_w*k2_w);

run;

proc genmod data=main w;
class id;
model D=A AGE.O YEAR 01 YEAR 02 YEAR 03
CD4.01 CD4.02 CD8.01 CD8.02
WBC.01 WBC_02 RBC_.01 RBC.C2
PLAT.01 PLAT_02 SYMPT.0
MONTH MONTH1-MONTH3/
link=logit dist=bin; ’
scwgt stabw;
repeated subject=1D/ type=ind;
nun;

—a - - —— .
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