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Abstract

Objectives: In a setting with two concurrent treatments, inverse-probability-of-treatment weights can be used to estimate the joint treat-
ment effects or the marginal effect of one treatment while taking the other to be a confounder. We explore these two approaches in a study
of intravenous iron use in hemodialysis patients treated concurrently with epoetin alfa (EPO).

Study Design and Setting: We linked US Renal Data System data with electronic health records (2004—2008) from a large dialysis
provider. Using a retrospective cohort design with 776,203 records from 117,050 regular hemodialysis patients, we examined a composite
outcome: mortality, myocardial infarction, or stroke.

Results: With EPO as a joint treatment, inverse-probability-of-treatment weights were unstable, confidence intervals for treatment ef-
fects were wide, covariate balance was unsatisfactory, and the treatment and outcome models were sensitive to omission of the baseline
EPO covariate. By handling EPO exposure as a confounder instead of a joint treatment, we derived stable weights and balanced treatment
groups on measured covariates.

Conclusions: In settings with concurrent treatments, if only one treatment is of interest, then including the other in the treatment model
as a confounder may result in more stable treatment effect estimates. Otherwise, extreme weights may necessitate additional analysis

steps. © 2013 Elsevier Inc. All rights reserved.
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1. Introduction

Inverse-probability-of-treatment—weighted (IPTW) esti-
mation is now commonly used to control for confounding
in nonexperimental studies of medical interventions
[1—3]. IPTW estimation requires that the analyst specify
a model of the treatment rather than the outcome. The fitted
treatment model is then used to estimate inverse-
probability-of-treatment weights that are applied to each
subject. If the treatment model is correctly specified, the re-
weighting results in a population of patients in whom treat-
ment assignment is unrelated to the baseline variables that
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are included in the treatment model. Under the assumptions
of exchangeability, positivity, consistency, and a correctly
specified treatment model [1,4,5], IPTW estimation results
in estimates that can be interpreted as the average treatment
effect (ATE) in the population being studied. (Informally,
exchangeability refers to the absence of unmeasured con-
founders, positivity requires that each subject have a non-
zero probability of receiving each of the treatments being
compared, and consistency means that the observed out-
come equals the counterfactual outcome of the treatment
actually received.) The IPTW approach is attempting to
mimic a situation in which treatment is randomly allocated
to individuals.

IPTW estimation can be extended to settings with con-
currently administered treatments. Herein, one is attempt-
ing to estimate the average joint effect of the treatments.
Thus, IPTW estimation is attempting to mimic a situation
in which each concurrent treatment is randomized individ-
ually. This requires that one construct a model of the prob-
ability that a patient would receive any particular
combination of the treatments being studied.
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What is new?

e Inverse-probability-of-treatment—weighted (IPTW)
estimation can be applied to two or more concur-
rently administered treatments.

e In this setting, IPTW estimation may be more
likely to result in large weights and estimates that
are very sensitive to model specification.

e If only one treatment is of interest, then including
the other treatment in the treatment model as a con-
founder may result in more stable estimates of the
effect of interest.

e In studies of concurrent treatments, analysts using
IPTW methods should be vigilant for problems
arising from large weights. In some settings, it
may be more feasible to estimate the marginal ef-
fect of a single treatment.

e If a joint treatment effect is of interest, extreme in-
verse probability of treatment weights may need to
be addressed by excluding observations whose co-
variate values are rare in any treatment group, by
limiting the analysis to common treatment regimes,
or through other means.

IPTW estimates can be highly unstable in the presence
of large weights because the estimates may be driven by
outcomes occurring in a small number of patients [6—8].
This can happen if patients are treated contrary to indica-
tion, the population is poorly defined (i.e., includes patient
subgroups that rarely receive treatment), or the treatment
model is misspecified (i.e., predicted probabilities of treat-
ment are incorrect). Large weights may be particularly
likely in settings with concurrent treatments, where there
may be many treatment categories, some treatment combi-
nations may be uncommon, and correct specification of the
treatment model may be more difficult.

In a setting with concurrent treatments, if interest fo-
cuses primarily on the effect of one treatment, IPTW esti-
mation can be used to estimate the marginal effect of the
treatment of interest, taking the concurrently used treat-
ments to be confounders. This simplifies the estimation of
the treatment model. It also imposes fewer assumptions
on the analysis because exchangeablility, positivity, and
consistency need to hold for only one treatment.

We explore these issues in a study of iron treatment out-
comes in hemodialysis patients, a setting in which concur-
rent use of erythropoiesis-stimulating agents (ESAs) must
be addressed and extreme weights are known to be prob-
lematic [9]. Specifically, our study examines the effect of
iron treatment administered at a point in time, as measured
during a 1-month exposure period, on a composite cardio-
vascular outcome.

2. Background
2.1. Anemia management in hemodialysis patients

Anemia affects about 10% of patients in the early stages
of chronic kidney disease and more than 70% of patients
with end-stage renal disease (ESRD) [10]. The anemia of
ESRD is primarily caused by impaired production of renal
erythropoietin. It is worsened by dialysis-related blood loss,
which depletes iron reserves [11]. The anemia of ESRD in-
volves treatment with ESAs to stimulate the production of
red blood cells and administration of intravenous iron to ad-
dress iron deficiency [12].

Several biological mechanisms suggest potential risks
associated with the use of iron [13]. For example, frequent
iron administration may lead to oversaturation of transfer-
rin and the release of free, catalytically active iron into
the plasma [14]. Free iron is also known to catalyze the for-
mation of highly reactive oxygen species [15,16]. These
could give rise to lipid radicals, which may damage the
vasculature [17] and lead to atherogenesis [18], possibly
increasing the long-term risk of cardiovascular events
[13,19]. However, little is known about the relation be-
tween iron dose and cardiovascular outcomes.

We recently undertook a study in which we used data
from the US Renal Data System linked with data from di-
alysis providers to assess the relative safety and effective-
ness of different iron formulations and dosing strategies.
We used multivariable models to examine multiple out-
comes, including cardiovascular events and mortality. To
minimize bias owing to confounding factors, we sought
to implement IPTW estimation. Because joint treatment
with ESAs and iron complicated the IPTW analysis, we
conducted sensitivity analyses to identify the best way to
model treatment. To demonstrate the sensitivity of treat-
ment effect estimates to the treatment model, we used as
an example a composite outcome: mortality, myocardial in-
farction, or stroke. In this article, we report the results of
our sensitivity analyses and comment briefly on the han-
dling of concurrent treatments in IPTW analyses.

3. Methods
3.1. Data, study design, and sample

Funded by the National Institute of Diabetes and Diges-
tive and Kidney Diseases, the US Renal Data System col-
lects, analyzes, and distributes information about ESRD
treatment in the United States, including data from the
Medical Evidence Report Form, the Medicare Enrollment
Database, the ESRD Death Notification Form, and the stan-
dard analytic files, which contain final action claims data
[20]. We linked US. Renal Data System data with 5 years
of electronic health record data (2004—2008) from a large
US dialysis provider that owns and manages more than
1,500 outpatient dialysis facilities throughout the United
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