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The effect of highly active antiretroviral therapy (HAART) on the evolution of CD4-positive T-lymphocyte (CD4
cell) count among human immunodeficiency virus (HIV)-positive participants was estimated using inverse
probability-of-treatment-and-censoring (IPTC)-weighted estimation of a marginal structural model. Of 1,763 eligible
participants from two US cohort studies followed between 1996 and 2002, 60 percent initiated HAART. The IPTC-
weighted estimate of the difference in mean CD4 cell count at 1 year among participants continuously treated
versus those never treated was 71 cells/mm3 (95% confidence interval: 47.5, 94.6), which agrees with the reported
results of randomized experiments. The corresponding estimate from a standard generalized estimating equations
regression model that included baseline and most recent CD4 cell count and HIV type 1 RNA viral load as
regressors was 26 cells/mm3 (95% confidence interval: 17.7, 34.3). These results indicate that nonrandomized
studies of HIV treatment need to be analyzed with methods (e.g., IPTC-weighted estimation) that, in contrast to
standard methods, appropriately adjust for time-varying covariates that are simultaneously confounders and in-
termediate variables. The 1-year estimate of 71 cells/mm3 was followed by an estimated continued increase of
29 cells/mm3 per year (estimated effect at 6 years: 216 cells/mm3), providing evidence that the large short-term
effect found in randomized experiments persists and continues to improve over 6 years.

acquired immunodeficiency syndrome; antiretroviral therapy, highly active; bias (epidemiology); causality; CD4
lymphocyte count; confounding factors (epidemiology); HIV

Abbreviations: AIDS, acquired immunodeficiency syndrome; CI, confidence interval; GEE, generalized estimating equations;
HAART, highly active antiretroviral therapy; HIV, human immunodeficiency virus; IPTC, inverse probability-of-treatment-and-
censoring; MSM, marginal structural model.

A declining number of T-lymphocytes expressing the
CD4 molecule (CD4 cells) is an important marker of the
progression of human immunodeficiency virus (HIV) dis-
ease among infected persons (1). Randomized trials con-
ducted in the 1990s indicated a dramatic effect of highly
active antiretroviral therapy (HAART) on CD4 cell count
(2, 3). The clear evidence of a survival benefit meant that the

HAART trials had to be stopped for ethical reasons. Thus,
randomized trial data bearing on the long-term effectiveness
of HAART on the evolution of CD4 cell count are neither
available nor likely to become available. However, HAART
was approved by the US Food and Drug Administration in
1996, and data from the Multicenter AIDS Cohort Study and
the Women’s Interagency HIV Study are available through
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2002. In this paper, we use these observational data to esti-
mate the effect of HAART on mean CD4 evolution over
a period of 6 years.

Estimation of the effect of HAART on CD4 evolution is
challenging for the following reason. Current treatment
guidelines (4, 5) suggest that physicians use plasma HIV
type 1 (HIV-1) RNA level (i.e., viral load) and CD4 cell
count to determine the timing of HAART initiation. How-
ever, current viral load and CD4 cell count are known pre-
dictors of subsequent CD4 cell counts (6). Therefore, to
obtain an unconfounded estimate of the total (i.e., direct
and indirect) effect of HAART on CD4 cell count, it is
necessary to adjust for viral load and CD4 cell count before
HAART initiation. A standard approach is to include past
viral load and CD4 cell count as time-varying covariates in
a regression model for the mean of the current CD4 cell
count, conditional on past treatment and confounder history.

Unfortunately, this standard approach fails because
evolving viral load and CD4 cell count are strong interme-
diate variables on the causal pathway from past HAART
treatment to current CD4 cell count. For example, the bi-
ologic effect of HAART is known to be largely mediated
through its effect on viral load (7): HAART dramatically
reduces the load of circulating virus by blocking replication
at multiple points in the viral life cycle. Thus, the standard
approach can, at best, only estimate the relatively small di-
rect effects of past HAART treatment on current CD4 cell
count at time t that are not mediated through the reduction
in viral load and the increase in CD4 cell count prior to
time t. Moreover, the standard approach may additionally
induce selection bias, because CD4 cell count is affected by
previous HAART use (8–10).

However, the above difficulties can be surmounted.
Robins (11–13) has developed methods based on marginal
and nested structural models to adjust for variables, such as
viral load, that are time-varying confounders affected by
prior treatment. In a previous report (14), we estimated
the total effect of HAART initiation on time to acquired
immunodeficiency syndrome (AIDS) or death using a mar-
ginal structural Cox model based on observational data from
the Multicenter AIDS Cohort Study and the Women’s Inter-
agency HIV Study. Here, we use a marginal structural mean
model to estimate the effect of HAART on the evolution of
CD4 cell counts from 1996 to 2002 in these two ongoing
cohort studies.

MATERIALS AND METHODS

Study population and measurements

In this analysis, we used information from theMulticenter
AIDS Cohort Study (15), which, beginning in 1984, enrolled
5,622 homosexual men in four US cities (Baltimore,
Maryland; Chicago, Illinois; Pittsburgh, Pennsylvania; and
Los Angeles, California), and theWomen’s Interagency HIV
Study (16), which, beginning in 1994, enrolled 2,628 women
in five US cities (New York, New York; Chicago, Illinois;
Los Angeles, California; San Francisco, California; and
Washington, DC). Every 6 months, participants in both stud-
ies completed an extensive interviewer-administered ques-

tionnaire with information on antiretroviral therapy use and
provided a blood sample for the determination of CD4 cell
count and viral load. Institutional review boards approved all
protocols and informed consent forms, which were com-
pleted by study participants in both cohorts. Results pre-
sented here are limited to the 1,763 men and women who
were alive, HIV-positive, and under follow-up in April 1996
when HAART became available.

Each participant contributed a maximum of 12 person-
visits beginning with the first semiannual study visit after
April 1996 (the baseline visit) and ending with 1) the last
visit at which he or she was seen alive, 2) the last visit before
the first missing CD4 cell count, or 3) April 2002, whichever
came first. For participants who were missing baseline data
on any time-varying covariate, baseline was redefined to be
the first visit with complete data.

The outcome variable was the number of CD4 cells per
cubic millimeter of blood. T-lymphocyte subsets were de-
termined by immunofluorescence using flow cytometry in
laboratories participating in the National Institute of Allergy
and Infectious Diseases Quality Assurance Program. Spe-
cifically, T-cell subsets were measured in purified peripheral
blood mononuclear cells or ethylenediaminetetraacetic
acid-anticoagulated whole blood by staining with fluores-
cent dye-conjugated monoclonal antibodies that were spe-
cific for CD4 lymphocytes (Becton Dickinson, Mountain
View, California) (17).

The effect of exposure to HAART on CD4 cell count was
of primary interest. The definition of HAARTwas based on
the US Department of Health and Human Services panel
guidelines (4) and has been previously published (14). Typ-
ical HAART regimens consisted of two or more nucleoside
or nucleotide reverse transcriptase inhibitors in combination
with at least one protease inhibitor or one nonnucleotide
reverse transcriptase inhibitor. Therapy regimens not classi-
fied as HAART were categorized as either monotherapy or
combination antiretroviral therapy.

Data on a number of time-fixed and time-varying (i.e.,
visit-specific) covariates were recorded, including CD4 cell
count (in cells/mm3), viral load (in copies/ml), and indica-
tors of monotherapy and combination antiretroviral therapy
use. Viral load was quantified using a reverse transcription
polymerase chain reaction amplification technique (Roche
Molecular Systems, Branchburg, New Jersey), which had
a lower limit of detection of 400 copies/ml. When there
was missing information on time-varying covariates, in-
formation was carried forward from the most recent prior
observed value.

Statistical model

Let Xij be a time-varying indicator of HAART initiation
for participant i on or before the jth semiannual visit from
the start of follow-up (i.e., visit j ¼ 0). Let Lij be the vector
of time-varying covariates measured at visit j � 1, ensuring
that Lij is temporally prior to Xij, with Li0 being the vector of
covariates (time-fixed and time-varying) measured at the
visit before baseline. For any time-varying variable, over-
bars are used to denote the history of that variable up to and
including j; for instance, �Lij ¼ fLi0; Li1; . . . ; Lijg is the
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covariate process for participant i up to visit j. The CD4
cell count Yij is a component of Lij. The subscript i, denoting
the participant, ranges from 1 to 1,763, while the subscript j,
denoting the semiannual study visit, ranges from 0 to a max-
imum of 11.

Consider the piecewise linear spline regression model
with a knot at cumulative treatment of 1 year:

E Yijþ1jLi0; �Xij
� �

¼ b0jþb#1Li0þb2Cumij

þb3 Cumij�1
� �

þ; ðmodel 1Þ

where E[�j�] denotes conditional expectation, b0j is a visit-
specific intercept, b#1 is the transpose of the column vector
of coefficients for the components of the vector Li0,
Cumij ¼

Pj
k¼0 Xik=2 is cumulative years of HAART treat-

ment through visit j, and (Cumij � 1)þ is cumulative treat-
ment minus 1 if cumulative treatment exceeds 1 year and
0 if cumulative treatment is less than or equal to 1 year.
Thus, the model states that the mean CD4 cell count in-
creases linearly with cumulative treatment at a slope of b2
until 1 year of cumulative treatment; at that point, the slope
changes to b2 þ b3. The baseline covariates Li0 were mea-
sured at the semiannual study visit immediately prior to the
baseline visit and included indicators of female sex, mono-
therapy or combination antiretroviral therapy, CD4 cell
count in categories (<200, 200–350, and >350 cells/mm3),
and plasma HIV-1 viral load in categories (<401,
401–10,000, and >10,000 copies/ml).

For participants who remained alive and under follow-up
at visit j, the above model was fitted using standard gener-
alized estimating equations (GEE) repeated-measures soft-
ware with an identity working covariance matrix, except
that the model was weighted by inverse probability-of-
treatment-and-censoring (IPTC) weights. If confounding
by unmeasured factors is absent and censoring is ignorable,
the IPTC-weighted GEE estimate the parameters of a mar-
ginal structural model (MSM) (18). To describe this MSM,
let the potential outcome Yijþ1 �xð Þ be a random variable rep-
resenting participant i’s CD4 cell count at visit j had he or
she followed a given therapy history �x, rather than his or her
observed therapy history �X. An average causal effect on a
difference scale is the mean of the potential outcomes under
the HAART regimen �x minus the mean of the potential out-
comes under an alternate HAART regimen �x#, E Yijþ1 �xð Þ

� �
�

E Yijþ1 �x#ð Þ
� �

. The aforementioned IPTC-weighted estimates
of model 1 are consistent estimates of the parameters of the
marginal structural piecewise linear spline regression model
with a knot at cumulative treatment of 1 year:

E Yijþ1 �xð ÞjLi0
� �

¼ a0jþa#1Li0þa2cumij

þa3 cumij�1
� �

þ; ðmodel 2Þ

where cumij ¼
Pj

k¼0 xik=2. Under model 2, the average
causal effect

E Yijþ1 �xð ÞjLi0
� �

�E Yijþ1 0ð ÞjLi0
� �

;

comparing the mean CD4 cell count under regimen �x with
the regimen 0, wherein treatment is always withheld, is
given by a2cumij þ a3(cumij � 1)þ.

Fitting model 1 with IPTC weights gives asymptotically
unbiased estimates of the parameters of model 2 under the
assumptions of 1) no model misspecification, 2) ignorable
censoring, and 3) no unmeasured confounding. This last
assumption states that conditional on past measured
HAART and covariate histories, current therapy is indepen-
dent of future potential outcomes (19).

The contribution of participant i to the calculation at
visit j for model 1 is weighted by an estimate of the IPTC
weight Wij, which is the product of the estimated stabilized
inverse probability-of-treatment and inverse probability-of-
censoring weights. The stabilized inverse probability-of-
treatment weights are

W
X
ij ¼

Yj

k¼0

f Xikj �Xik�1;Li0; �Cik ¼ 0½ �=

f Xikj �Xik�1; �Lik; �Cik ¼ 0½ �;
where f [�j�] is the conditional density function evaluated
at the observed covariate values for a given participant and
�Lik includes baseline covariates Li0. The stabilized inverse
probability-of-censoring weights are

W
C
ij ¼

Yjþ1

k¼1

Pr Cik ¼ 0j �Cik�1¼ 0; �Xik�1;Li0½ �=

Pr Cik ¼ 0j �Cik�1¼ 0; �Xik�1; �Lik�1½ �;
where Cik is 1 if participant i is censored by visit k and
0 otherwise, and where censoring is defined as the minimum
of time to death, first missing CD4 cell count, or adminis-
trative censoring in April 2002.

We estimated the denominator of the WX
ij using a pooled

logistic model (20) for the probability of initiating HAART
at each visit given baseline and time-varying covariates (18).
Specifically, for estimation of the denominator of WX

ij ,
the model for the logit of the probability that participant i,
uncensored at visit k, initiated treatment between visits
k � 1 and k (i.e., Xik) included the baseline regressors Li0
and the subset of the time-varying covariates Li1, . . ., Lik.
This subset consisted of 1) indicator variables for detectable
HIV-1 RNA and 2) non-HAART retroviral therapy at k � 1,
3) CD4 cell count, and 4) detectable log10 HIV-1 viral load
measured at time k � 1, modeled as restricted cubic splines
with four knots located at the 5th, 35th, 65th, and 95th
percentiles. For estimation of the denominator WC

ij , the
model for the logit of the probability that participant i was
first censored between k and k þ 1 included the above co-
variates plus treatment Xik at k. The same logit models were
used to estimate the numerators of WX

ij and WC
ij , except

that terms depending on the time-varying covariates Lik,
k > 0, were eliminated.

Numerous additional functional forms for the above
pooled logistic models were explored (e.g., including covar-
iates measured at times j� 2 and j� 3), as well as a broader
set of covariates (e.g., age, race, clinical AIDS, body mass
index, HIV-related symptoms, receipt of Pneumocystis
carinii pneumonia prophylaxis, and red blood, platelet,
CD3, and CD8 cell counts), but such alternative model
specifications did not appreciably alter the results.
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The piecewise linear spline form for model 2 was chosen
on the basis of an exploratory analysis in which each sub-
sequent year of cumulative exposure was allowed to have its
own linear effect. This exploratory analysis clearly showed
that the slope of the treatment effect changed at approxi-
mately 1 year of cumulative exposure. This would be ex-
pected on biologic grounds, since, after sufficient
improvement in CD4 cell counts, one would expect homeo-
static mechanisms to slow the rate of further increase.
In secondary analyses, interactions between HAART and
sex and between HAART and baseline CD4 cell count cate-
gories, which were suggested by prior research (14), were
allowed. In further secondary analyses, the weights were
trimmed at the first and 99th percentiles, which is an imper-
fect method of exploring the impact of influential observa-
tions. Trimming weights is not an ideal model-checking
procedure, because the extreme weights encode the greatest
amount of confounding. Therefore, trimming the weights
will typically result in a shift of the estimated effect
towards the (biased) unweighted value. Analyses using the
natural logarithm of CD4 cell count as the outcome variable
provided similar inferences.

All analyses were conducted using the Statistical Analy-
sis System, version 8 (SAS Institute, Inc., Cary, North
Carolina). Confidence intervals were based on robust
variance estimates (21). For comparison, results from a stan-
dard repeated-measures linear model fitted using GEE are
presented (22).

Sensitivity analysis

To explore the possible impact of unmeasured confound-
ing, we performed a sensitivity analysis in which a parameter
c that encodes the degree of confounding by unmeasured
factors was varied but not estimated. To do so, we imple-
mented the augmented IPTC-weighted estimators of Robins
(23) in a similar fashion as Brumback et al. (24) and Ko
et al. (25). Briefly, the observed outcome Yijþ1 is replaced
with a bias-adjusted outcome Yijþ1(c), defined as

Yijþ1�
Xj

k¼0

cð2Xik�1Þ3 f 1�Xikj �Xik�1; �Lik½ �:

In words, when a participant is exposed at visit j (i.e., xij¼ 1),
one subtracts the product of c and the conditional prob-
ability of being unexposed from the observed outcome,
but when a participant is unexposed, one adds the product
of c and the conditional probability of being exposed to the
observed outcome. The bias parameter c in the function
represents the average difference (measured in CD4 cells/
mm3) between the potential outcome in the exposed and
the potential outcome in the unexposed, conditional on the
covariates. When c equals 0, there is no unmeasured con-
founding, and the sensitivity analysis returns the estimate
from the standard MSM. When c is less than 0, the bias-
adjusted CD4 count in the exposed exceeds the unadjusted,
as is needed to correct for unmeasured confounding
(whereby the sickest participants are most likely to receive
HAART). For example,with c¼�50, an exposed participant
with Yijþ1 ¼ 310 cells/mm3 and a conditional probability of

being unexposed of 0.4 would have Yijþ1 (c¼�50)¼ 310þ
50(1)0.4 ¼ 330 cells/mm3. When c is greater than 0, the
confounding is in the opposite direction. In the present ex-
ample, net confounding in this opposite direction is highly
unlikely.

RESULTS

Characteristics of the 1,763 participants at study entry
and the 6,017.5 person-years of follow-up are presented in
table 1. The average length of follow-up was 4.8 years (stan-
dard deviation, 1.7) over the 6-year follow-up period. At
study entry, the participants had a median age of 39 years
(interquartile range: 34, 44); 72 percent were female, 34
percent were Caucasian, 25 percent had CD4 cell counts
below 200 cells/mm3, and 54 percent had HIV-1 RNA levels

TABLE 1. Characteristics of 1,763 HIV-1*-positive participants

from two US cohort studies at study entry, April 1996–April

2002

Characteristic

Persons
(n ¼ 1,763)

Person-years
(n ¼ 6,017.5)

% No. % No.

Median age (years) 39 (34, 44)y

Female sex 72 1,270

Caucasian race 34 595

HIV-1 treatment

Antiretroviral therapy 48 842 25 1,476.0

HAART* 0 0 47 2,815.5

HAART initiation 0 0 54 3,258.0

Clinical acquired
immunodeficiency
syndromez 30 521 32 1,908.5

CD4 cell count
(cells/mm3)

<200 25 432 18 1,077.5

200–350 23 418 22 1,343.0

>350 52 913 60 3,597.0

Median CD4 cell
count (cells/mm3) 366 (202, 548) 411 (251, 601)

HIV-1 RNA level
(copies/mm3)

<401 24 415 41 2,474.0

401–10,000 22 390 26 1,571.0

>10,000 54 958 33 1,972.5

Median log10 HIV-1
RNA level
(copies/mm3)§ 4.5 (4.0, 5.0) 4.2 (3.5, 4.8)

* HIV-1, human immunodeficiency virus type 1; HAART, highly

active antiretroviral therapy.

y Numbers in parentheses, interquartile range.

z Based on the clinical criteria of the Centers for Disease Control

and Prevention (30).

§ Among 1,348 detectable measurements made at baseline and

7,087 made during follow-up.
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above 10,000 copies/mm3. A total of 599 (34 percent) par-
ticipants completed follow-up alive; the remaining 1,164 (66
percent) were censored at their first missing CD4 cell count.
There were 2,759.5 HAART-free person-years of follow-up,
and 1,055 participants (60 percent) initiated HAART, yield-
ing a HAART initiation incidence of 38 per 100 person-
years. Among the 1,055 HAART initiators, the average
cumulative exposure was 3.1 years (standard deviation, 1.8).

Table 2 shows the estimated difference in average
CD4 cell counts per year since HAART initiation for three
repeated-measures linear spline models for the response
Yijþ1. The first model was unweighted and only adjusted
for the baseline regressors, Li0 (i.e., model 1). The second
model was unweighted and adjusted for both the baseline
regressors and the same time-varying regressors as those
used in the logistic model for the denominator of WX

ij . The
third model used IPTC weights and adjusted for the baseline
regressors.

The estimates of parameters b2 and b3 from the weighted
model were 71 (95 percent confidence interval (CI): 47.5,
94.6) and �42 (95 percent CI: �71.3, �12.7), respectively.
Thus, the weighted model showed a large effect of HAART
in the first year after initiation (71 cells/mm3) and a smaller
effect thereafter (71 � 42 ¼ 29 cells/mm3 per year). There-
fore, the estimated increase in mean CD4 cell count at the
maximum follow-up time of 6 years was 216 cells/mm3. In
a secondary analysis, the estimates were found to be fairly
stable after the weighted model was refitted with weights
trimmed at the first and 99th percentiles (difference in
CD4 cell count: up to 1 year, 68.1 cells/mm3, 95 percent
CI: 44.7, 91.4; beyond 1 year, 25.3 cells/mm3, 95 percent
CI: 11.6, 38.9).

The corresponding estimates from the standard (un-
weighted) GEE regression model that included baseline
and time-varying CD4 cell count and HIV-1 viral load as
regressors were 26 cells/mm3 (95 percent CI: 17.7, 34.3) for
the first year and�0.6 cells/mm3 per year after the first year,
which results in an estimated mean CD4 increase at 6 years
of 23 cells/mm3.

There appeared to be a larger effect ofHAARTonCD4 cell
count within 1 year of initiation amongmen (92.9 cells/mm3,
95 percent CI: 53.9, 131.8) than among women (62.1 cells/
mm3, 95 percent CI: 36.0, 81.3) (interaction p < 0.001), but
there was a similar effect of HAART on CD4 cell count by
cohort beyond 1 year after initiation (interaction p¼ 0.341).
There also appeared to be a larger effect of HAARTon CD4
cell count within 1 year of initiation among persons with
a lower baseline CD4 cell count (interaction p ¼ 0.047).
Specifically, among those with a baseline CD4 count below
200 cells/mm3, the difference was 105.7 cells/mm3 (95 per-
cent CI: 80.7, 130.6), while among thosewith a baseline CD4
count of�350 cells/mm3, the difference was 54.1 cells/mm3

(95 percent CI: 17.8, 90.3). There was no strong evidence for
heterogeneity in the effect of HAARTon differences in CD4
count beyond 1 year after initiation (interaction p ¼ 0.194).

Figure 1 illustrates the sensitivity of the average differ-
ence in CD4 cell count due to unmeasured confounding.
When the bias parameter c was �30 cells/mm3, reflecting
moderately strong residual confounding, the difference in
CD4 count within 1 year of HAART initiation increased

TABLE 2. Estimates of the effect of HAART* on difference in

CD4 cell count among 1,763 HIV-1*-positive participants from

two US cohort studies, April 1996–April 2002

Model
Difference in
CD4 cell count
(cells/mm3)

95%
confidence
interval

Unweighted, baseline
regressorsy

�1 year 21.5 0.3, 42.8

>1 year 33.0 21.5, 44.6

Unweighted, baseline and
time-varying regressorsz

�1 year 26.0 17.7, 34.3

>1 year �0.6 �4.4, 3.1

Weighted, baseline regressors§

�1 year 71.0 47.5, 94.6

>1 year 29.0 15.8, 42.3

* HAART, highly active antiretroviral therapy; HIV-1, human

immunodeficiency virus type 1.

y Baseline regressors were sex, use of non-HAART antiretroviral

therapy, CD4 cell count, and HIV-1 RNA viral load (in categories).

z Time-varying regressors were use of non-HAART antiretroviral

therapy and splines for CD4 cell count and HIV-1 RNA viral load.

§ Conservative 95% confidence interval.

FIGURE 1. Sensitivity of estimated differences in CD4 cell count
from a marginal structural piecewise linear model as a function of bias
due to unmeasured confounding, for up to 1 year (solid line) and
beyond 1 year (dashed line). Analyses were based on data on 1,763
human immunodeficiency virus type 1-positive participants from two
US cohort studies (April 1996–April 2002).
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from 71 cells/mm3 to 109.6 cells/mm3, while the difference
in CD4 count beyond 1 year after HAART initiation
increased from 29 cells/mm3 to 38.5 cells/mm3. A c of
�30 represents unmeasured confounding of nearly two
thirds the amount of the measured confounding (i.e., 30/
(71 – 21.5)).

DISCUSSION

Using a marginal structural piecewise linear model, we
estimated that HAART increases the mean CD4 count by
71 cells/mm3 during the first year after HAART initiation
and by 29 cells/mm3 per year thereafter. The initial effect
of HAART appeared greater in the cohort of men and in
persons with lower CD4 cell counts at baseline. Estimates
of the initial effect of HAART from standard repeated-
measures linear models were much smaller regardless of
whether time-varying CD4 cell count and HIV-1 viral load
were included as regressors, and were presumably biased
towards the null because of the presence of time-varying
confounders affected by prior treatment (8–10).

In a randomized trial, AIDS Clinical Trials Group 320 (2)
previously reported an 82-cell/mm3 (95 percent CI: 46, 118)
difference in CD4 cell count after 40 weeks of HAART treat-
ment as compared with a less potent treatment among par-
ticipants with prior antiretroviral therapy and CD4 cell
counts below 201 cells/mm3. In the subgroupwith a CD4 cell
count less than 200 cells/mm3 at baseline, a similar estimated
81-cell/mm3 (105.73 40/52 ¼ 81.3) difference at 40 weeks
was found using the marginal structural linear spline model.

The present work extends the findings of randomized
trials (2, 3) by including participants with baseline CD4 cell
counts above 200 cells/mm3 and extending follow-up to 6
years. In a recent report using an MSM and 2 years of pro-
spective data from the HIV Epidemiology Research Study,
Ko et al. (25) reported a 64-cell/mm3 difference in CD4
count for persons on HAART as compared with those not
on HAART in the stratum where baseline CD4 count was
below 200 cells/mm3. While the effect estimates of Ko et al.
appear somewhat muted, the inferential pattern of 1) smaller
effects in standard unweighted analyses and 2) a stronger
effect at lower baseline CD4 cell counts remains consistent.

These results should be taken in concert with the follow-
ing limitations. First, the estimates have a causal inter-
pretation only under the assumption of no unmeasured
confounding. This assumption probably holds (approxi-
mately) here, because the most important clinical and labo-
ratory information used by physicians as indications for
HAART was collected and used in the models for the esti-
mation of the weights (26). If the assumption of no unmea-
sured confounders is correct and the model used to create
the treatment weights is correct, then weighting creates
a pseudopopulation in which 1) the probability of HAART
initiation is not a function of the time-varying covariates
(i.e., no confounding exists) but 2) the effect of HAART
initiation on CD4 cell count is the same as in the actual
study population.

Second, the results are based on the assumption that drop-
out is ignorable, conditional on measured covariates. Neither

the present analyses nor past analyses (14, 27) suggested that
there is notable measured informative censoring in these
data. However, a majority of participants were censored at
their first missing CD4 cell count. A secondary analysis
censoring participants at dropout rather than at first missing
CD4 cell count provided a similar estimate but did not sig-
nificantly improve precision (data not shown). Note that
death was treated as a censoring event in the analysis, which
may not always be appropriate. Robins and Greenland (28)
discuss the pros and cons of this choice.

Third, these results may be sensitive to the relative infre-
quency of data collection (i.e., 6-month intervals). Misclassi-
fication due to this coarse measurement (with respect to time)
could have reintroduced some confounding, which could
have biased the estimated difference in either direction (29).

Fourth, in these analyses, we assumed that participants
remained on HAART after initiation. This assumption was
correct for 86 percent of 6,516 post-HAART-initiation
person-visits. However, because 14 percent of the visits
occurred among persons who had stopped using HAART,
the IPTC-weighted analysis did not estimate the effect
of continuing HAART therapy versus no HAART ther-
apy. Formally, the IPTC-weighted analysis estimated the
‘‘intention-to-treat effect’’ of HAART therapy versus no
HAART therapy in a hypothetical randomized clinical trial
in which 1) participants were randomly assigned to begin
continuous HAART at different visits, 2) all participants
initially complied and began HAART at their assigned visit,
and 3) 14 percent later discontinued HAART. If many of
the patients in the study discontinued HAART because
of toxicity (rather than for nonmedical reasons), it is
this intention-to-treat effect, not the effect of continuous
HAART usage, that would be the parameter of public health
interest. This is because, had we estimated the effect of
continuous HAART, we would have been estimating the
effect of forcing people to continue therapy even in the
presence of toxicity. In fact, detailed information on reasons
for discontinuation was not contained in the database. How-
ever, on the basis of anecdotal discussions with clinicians,
we believe that many participants discontinued therapy be-
cause of toxicity, and therefore the analysis presented is the
most appropriate. Note that the above discussion implies
that the results reported in this paper do not address the
effect of discontinuing HAART on CD4 cell count.

Without data from randomized trials that follow patients
with widely varying risk profiles for prolonged periods, on-
going prospective observational studies with repeated as-
sessments of exposure and detailed collection of clinical
and laboratory information provide the best evidence avail-
able for the estimation of risk group-specific, long-term
therapeutic effects. These results show, however, that one
must be careful to correctly analyze such data. We found
that the estimated effect of HAART on CD4 cell count at
6 years based on IPTC-weighted estimation of an MSM was
strikingly larger than estimates based on standard GEE ana-
lyses. We believe the MSM estimate to be closer to the true
effect, both on theoretical grounds (11, 19) and because the
MSM analysis, in contrast to standard GEE analyses, suc-
cessfully reproduced the limited results from a previous ran-
domized trial.
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