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Abstract

Purpose—We systematically reviewed pharmacoepidemiologic studies published in 2012 that
used inverse probability weighted (IPW) estimation of marginal structural models (MSM) to
estimate the effect from a time-varying treatment.

Methods—~Potential studies were retrieved through a citation search within Web of Science and a
keyword search within PubMed. Eligibility of retrieved studies was independently assessed by at
least two reviewers. One reviewer performed data extraction and a senior epidemiologist
confirmed the extracted information for all eligible studies.

Results—Twenty pharmacoepidemiologic studies were eligible for data extraction. The majority
of reviewed studies did not report whether the positivity assumption was checked. Six studies
performed intention-to-treat analyses, but none of them reported adherence levels after treatment
initiation. Eight studies chose an as-treated analytic strategy, but only one of them reported
modeling the multiphase of treatment use. Almost all studies performing as-treated analyses chose
the most recent treatment status as the functional form of exposure in the outcome model. Nearly
half of the studies reported that the IPW estimate was substantially different from the estimate
derived from a standard regression model.

Conclusions—The use of IPW method to control for time-varying confounding is increasing in
medical literature. However, reporting of the application of the technique is variable and
suboptimal. It may be prudent to develop best practices in reporting complex methods in
epidemiologic research.

Corresponding author: Kate L. Lapane, PhD, Department of Quantitative Health Sciences, University of Massachusetts Medical
School, 55 Lake Avenue North, Worcester, MA 01655-0002 USA, Telephone: 508-856-8965; Fax: 508-856-8993,
kate.lapane@umassmed.edu.

Conflict of interest
We have no conflicts of interest to declare.

This study has not been previously published or presented at conferences/meetings.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Yang etal.

Keywords

Page 2

inverse probability weighting; marginal structural models; pharmacoepidemiology

INTRODUCTION

A time-varying confounder is a time-varying risk factor for the study outcome which brings
about changes in the treatment use under study.! In the presence of time-varying
confounders that are influenced by previous treatment, standard regression models may
produce biased estimate of the total treatment effect.23 To obtain unbiased estimate in this
situation, Robins et al. proposed the inverse probability weighted (IPW) estimation of
marginal structural models (MSM).23 As the name indicates, IPW estimation attempts to
control for confounding through assigning each participant a weight. The weight is
proportional to the inverse probability of receiving observed treatment given the time-
varying confounders and previous treatment history. The weights are then used to create a
pseudo-population, in which participants receiving treatment and those not receiving
treatment are balanced over the time-varying confounders but the relationship between
treatment and outcome is not changed.3

After publication of the seminal papers on MSM, methodological studies have provided
detailed insights regarding the types of bias this method handles well,*° the assumptions
under which consistent causal effects can be identified,6-8 and the appropriate ways of
constructing weights and building outcome models.%-12 IPW estimation has been
increasingly used in medical research, possibly due to the straightforward interpretation of
the parameters derived from MSM.12 Indeed, from 2000 to October 2009 Suarez et al. noted
a 15-fold increase in the number of studies using this approach.13

Despite the increase in studies using IPW, the extent to which these studies conform to the
recommendations proposed by methodological studies remains unknown. The purpose of
this study was to systematically review pharmacoepidemiologic studies in which IPW was
used to estimate the effect from a time-varying treatment. Based on information abstracted
from these studies, we hope to provide a broader context for scientists considering using this
approach through discussing the scenarios under which IPW method is preferred,
appropriate procedures of conducting IPW analyses and contents which are critical to report
when using IPW in medical literature.

METHODS

This study did not require ethics approval as no human subjects were involved.

Selection of articles

Our goal was to retrieve all pharmacoepidemiologic studies published in 2012 that used IPW
to estimate effect from a time-varying treatment. To achieve this, we used two search
strategies. First, using the Web of Science database, we retrieved all published studies citing
any one of the seminal papers on MSM.2:3.9.14 Second, in case we missed any relevant
studies which did not cite these seminal papers, we also conducted a keyword search within
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PubMed. To improve the methodological rigor of our search strategy, we worked with a
research librarian and developed the following keyword search algorithm: (marginal
structural model*) OR (“marginal structural Cox model”) OR (“inverse probability” AND
(“weight” OR “weighted” OR “weights” OR “weighting™)) OR (inverse weight*). The
following types of studies or publications were excluded from the review: (1)
methodological or simulation studies, (2) studies assessing effect from a point-treatment,
i.e., a treatment that was assumed invariant in the study period; (3) non-
pharmacoepidemiologic studies, i.e., studies not focusing on pharmaceuticals, biologics, or
medical devices as primary exposure; (4) letters, meeting abstracts, review articles, and
editorials.

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines for this review.1® After excluding duplicate records, titles and
abstracts of the remaining articles were assigned to two independent reviewers. Studies with
titles and abstracts judged relevant by at least one reviewer underwent full-text review. Any
discrepancy in eligibility judgment was resolved through discussion between the reviewers.
One reviewer (SY) performed data extraction and a senior epidemiologist (KLL) confirmed
the extracted information for all eligible studies.

Information abstraction

The following sections provide a brief description and rationale of each element of IPW
method we chose to include in our data collection process. In particular, we extracted
information about the type(s) of bias IPW was used to address, how the identifiability
assumptions were assessed, how the weights were constructed and outcome models
specified, and whether substantially different results were derived from IPW method and
standard regression models.

Type of bias

As illustrated by Hernén et al.,* compared to standard regression models, IPW has the
advantages of eliminating bias from two sources when estimating the effect from a time-
varying treatment. First, through applying inverse-probability-of-treatment weighting, IPW
can control for the time-varying confounding while avoiding two types of bias that may
arise in analyses with standard regression models.# The first type of bias occurs when the
time-varying confounder is simultaneously a confounder and intermediate variable.
Conditioning analysis on such a variable (as performed in standard regression models) will
block the indirect effect from previous treatment on study outcome that is mediated by this
variable.2 Another type of bias (called collider-stratification bias!® or selection bias*) occurs
in standard regression models when the time-varying confounder is a common effect (i.e., a
collider) of previous treatment and an unmeasured risk factor for the study outcome.
Conditioning analysis on this time-varying confounder induces a non-causal relationship
between previous treatment and the unmeasured risk factor, which introduces bias in the
effect estimate of previous treatment use.*

Second, through applying inverse-probability-of-censoring weighting, IPW can control for
selection bias from informative censoring.> Our review focused on the use of IPW for

Pharmacoepidemiol Drug Saf. Author manuscript; available in PMC 2015 June 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Yang etal.

Page 4

handling selection bias from artificially censoring participants with treatment
noncompliance, e.g., discontinuing the treatment under study or switching to an ineligible
treatment. Bias may be introduced when this artificial censoring depends on treatment
history and also risk factors for the study outcome.1” Under certain conditions (discussed
below), IPW can eliminate this bias by simulating a pseudo-population, in which all
participants complete the follow-up but the effect of treatment on study outcome is the same
as in the unweighted study population.18

Identifiability assumptions

There are three conditions or assumptions, under which consistent causal effects can be
identified from non-experimental data: no uncontrolled confounding, consistency and
positivity.919 Consistency is the assumption that an individual’s potential (or
counterfactual) outcome under the observed treatment is precisely the observed outcome.20
Because consistency is often considered a reasonable assumption when estimating effects
from medical treatments®, we did not extract information on this assumption.

When there are confounders (time-invariant or time-varying) that are not measured or
measured with error, the IPW estimates will be biased by uncontrolled confounding. We
looked for information about whether studies qualitatively discussed the susceptibility of
their findings to uncontrolled confounding and whether they performed sensitivity analyses
to test the robustness of their results when substantial uncontrolled confounding was
suspected.

The positivity assumption states that each treatment level occurs with some positive
probability at every level of observed confounders in the study population.”21 For example,
this assumption is violated when all (or almost all) patients with a specific contraindication
(which is also a risk factor for the study outcome) are untreated with the medication under
study. Among patients with the contraindication, the probability of receiving treatment will
be zero (or close to zero), and the inverse probability will be inestimable (or a very large
number). The disproportionate reliance on the experience of a few unusual individuals (i.e.,
treated patients with the contraindication) in the weighted population can result in imprecise
and biased effect estimate.” Thus, we extracted information about (1) whether studies
reported that the positivity assumption was checked, (2) how the positivity assumption was
evaluated, and (3) how violations of the assumption were handled (if detected).

Constructing weights

The validity of IPW estimates depends on correct construction of weights.3-19 There are two
types of weights--unstabilized and stabilized. The unstablized weight is calculated as the
inverse of conditional probability of receiving observed treatment given the history of time-
varying confounders and previous treatment history (called weight denominator).3 The
stabilized weight can be calculated as the product of the conditional probability of receiving
observed treatment given baseline confounders and previous treatment history (called
weight numerator) and the unstabilized weight. The stabilized weight is generally
recommended because it can yield estimates with greater precision compared to the
unstabilized weight.3 The conditional probability of receiving observed treatment (for
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weight numerator and denominator) is often estimated with a regression model (i.e.,
treatment model).

When non-compliance after treatment initiation is low, an observational intention-to-treat
(ITT) analysis with IPW has been recommended.39:14 Specifically, this strategy assumes
that once a participant initiates treatment, the participant will remain on treatment for the
remainder of the study period. This assumption simplifies the process of estimating the
probability of receiving observed treatment history, because only one model is needed to
estimate the probability of treatment onset.?? In addition to ITT analyses, analogous to data
analysis of a clinical trial, a non-experimental study can perform per-protocol and as-treated
analyses using IPW.17 In a per-protocol analysis, a comparison is made only among those
who adhere to the treatment under study and patients are censored when they deviate from
the initial treatment. In an as-treated analysis, individuals are classified according to the
treatment they receive during the follow-up rather than the treatment they initiate, and
patients who stop or switch the treatment are also included in the analysis.

We extracted information about the analytic strategy each study adopted, and how they
specified the treatment models for the weight numerator and denominator. For studies not
assuming ITT, we assessed whether or not the authors modeled the multiphase of treatment
use (e.g., treatment initiation, continuation, etc.) and how this was done.

Outcome model building

After weights are constructed, a weighted regression model (i.e., outcome model) is
typically fit to estimate the effect of treatment on the outcome.? All the variables included in
the treatment model for the weight numerator should also be included in the outcome model,
because they are not balanced between treated and untreated participants in the weighted
population and thus can still bias the estimate.® Substantive expertise should drive the
selection of the functional form of exposure in the outcome model.22:23 For instance, under
the assumption of a linear relationship between treatment duration and study outcome,
studies can specify exposure as the total duration of previous treatment use, and the estimate
then quantifies the effect from each additional time unit (e.g., one month) of treatment;3-17
studies performing ITT analyses can also specify exposure with an indicator for treatment
initiation (yes or no) to estimate the average effect of initiating treatment in the follow-up
period.1” In this review, we assessed what covariates were included in the outcome model
and how they specified the functional form of exposure.

Discrepancy between IPW estimates and standard regression estimates

The review by Suarez et al. reported that more than half of the studies using IPW method
yielded an estimate substantially different from that produced by standard regression
models.13 However, the review did not provide information about how studies discussed
reasons for such discrepancy. In this review, we assessed whether studies found a substantial
difference in estimates between the two methods and further extracted information about
how studies explained the discrepancy when it was noted. We considered a difference
“substantial” if the difference was more than 20% of the IPW estimate3.
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Figure 1 depicts the process of identifying studies eligible for the review. We retrieved 164
and 137 studies from citation search in Web of Science and keyword search in PubMed,
respectively. After excluding duplicate studies (h=66), methodological or simulation studies
(n=92), review studies (n=9), studies not focusing on a health-related outcome (n=12) or not
using IPW (n=7), studies assessing effect from a point-treatment (n=66), and non-
pharmacoepidemiologic studies (n=26), we had 23 pharmacoepidemiologic studies which
applied IPW to estimate effect from a time-varying treatment. Among these 23 studies, three
used IPW to evaluate effects from dynamic treatment regimens.24-26 Considering that
weight construction for estimating effects from dynamic regimens is different from that for
static regimens,2” we excluded these studies from the review. Data extraction was performed
on the remaining 20 studies.28-47

Table 1 shows a brief description of the study design, primary exposure and outcome and
potential time-varying confounders. Three studies compared treatments that were
randomized to participants.28:38:44 However, they performed analyses as if data were
collected from a non-experimental design, so we included them in the review. Half of the 20
studies assessed benefits or risks from antiretroviral therapy among HIV-infected
patients31:33:36,37.39.43.47 o risk of HIV transmission from contraceptive use;344042 fjve
studies focused on treatment or prevention of cardiovascular diseases;28-30:3244 two studies
assessed treatments for chronic kidney disease;3°41 and there was one study assessing the
effect of treatment for a protein metabolism disorder,*® schizophrenia,*6 and breast cancer,38
respectively. The primary outcome of most studies was mortality (n=7) or first occurrence of
a pre-specified event (n=12), and one study considered a repeated-measure outcome.*” With
the exception of two studies,32:38 all reviewed studies provided information on the time-
varying confounders.

In Table 2, the type of bias IPW addressed and details regarding the assumptions of
positivity and no uncontrolled confounding are described for each study. Eleven studies used
IPW owing to concerns that standard regression models might eliminate indirect effects
mediated by time-varying confounders, five studies used IPW to deal with bias from the
artificial censoring of noncompliance, and five studies did not provide further details other
than stating that IPW was used because of “concerns of time-varying confounding”. The
majority of studies did not report whether the positivity assumption was checked. Four
studies truncated weights and one study trimmed weights to alleviate the impact of potential
positivity violation. Most studies discussed qualitatively the susceptibility of their findings
to uncontrolled confounding, but none reported performing formal sensitivity analyses to
assess robustness of the results to uncontrolled confounding.

Table 3 includes information on the construction of weights and specification of outcome
models. Six studies performed ITT analyses, three performed per-protocol analyses and
eight performed as-treated analyses. None of the studies assuming ITT reported adherence
levels after treatment initiation. The three “per-protocol” studies censored patients when
they discontinued the treatment under study, and estimated the probability of treatment
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continuation (i.e., being uncensored) separately from treatment initiation. One of the eight
“as-treated” studies modeled current treatment use stratified by previous treatment status.

One study did not use stabilized weights, four did not report whether stabilized weights were
used, and eight reported using stabilized weights but did not describe how it was done. The
remaining studies reported stabilizing weights with unconditional probability of receiving
observed treatment, or conditional probability given baseline covariates and previous
treatment or given baseline covariates only. For the weight denominator, twelve studies
estimated the conditional probability given baseline covariates, time-varying confounders
and previous treatment, three did this given baseline covariates and time-varying
confounders and two adjusted for baseline covariates plus “follow-up period” or baseline
covariates only. Four studies selected variables in the treatment model for weight
denominator based on a statistical criterion. Two studies included covariates with
statistically significant associations with the study outcome and subsequent treatment use.
One study included factors significantly associated with the study outcome only. One study
used a stepwise procedure to select the treatment model which maximized Akaike
information criterion.

Regarding the functional form of exposure in the outcome model, studies performing ITT
and per-protocol analyses included an indicator of treatment initiation and the initial
treatment status, respectively. Almost all studies performing as-treated analyses included
only the most recent treatment status in the outcome model.

Table 4 shows crude estimates, and estimates from IPW and standard regression models for
the associations between primary study exposure and outcome listed in Table 1. The last
column contains information about whether the IPW estimate was substantially different
from the standard regression estimate for any association assessed in the study, as well as
how the study explained any noted discrepancies. Fourteen studies reported results from
both methods and a substantial difference was found in six studies. Among studies reporting
a substantial difference, three did not discuss reasons for the discrepancy, two considered
IPW method correctly estimated the indirect effects from previous treatments, and one
considered IPW method controlled for “confounding by indication”.

We summarized the review results of the 20 studies in Table 5.

DISCUSSION

Our review supports the notion that studies using IPW to deal with time-varying
confounding continue to diffuse in the medical literature. In 2012, 49 studies used IPW to
estimate the effect from a time-varying exposure on a health-related outcome. After
reviewing 20 pharmacoepidemiologic studies, we found that the majority lacked sufficient
details to evaluate the appropriateness of the application of the method. Most studies did not
report that the positivity assumption was checked, and more than half did not report the type
of weights (stabilized or unstabilized) applied or how the weights were stabilized.
Furthermore, we found that more studies performed as-treated analyses than ITT analyses,
but few of these studies considered the multiphase of treatment use in the process of weight
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construction and almost all chose the most recent treatment status as the functional form of
exposure in the outcome model.

Assessment of positivity assumption

Surprisingly, the majority of reviewed studies did not report whether they checked the
positivity assumption. The IPW method is more sensitive to positivity violations than
standard regression models.” Studies using simulated*® and empirical*® data have
demonstrated that positivity violations could result in substantial bias and imprecision in
IPW estimates. Estimated stabilized weights with the mean far from one or with very
extreme values can be indicative of non-positivity.® Thus, a thorough examination of the
weight distribution is essential for checking the positivity assumption.®13 However, a “well-
behaved” weight distribution (i.e., with mean close to one and moderate range) is not
sufficient to ensure the absence of positivity violations.”-39 Thus, Cole et al. recommended
assessing the robustness of IPW estimates with weights truncated at certain percentiles (e.g.,
99th, 95th and 90th) as sensitivity analyses.®

Assessment of uncontrolled confounding

Although it was difficult to judge the adequacy of control for confounding in the reviewed
studies without knowledge in the specific datasets and subject areas, we did find that some
studies reported adjusting for “follow-up period” as the only time-varying confounder or
adjusting for only baseline covariates. If time-varying disease risk factors that cause changes
in treatment use are not correctly measured and appropriately adjusted for, the IPW
estimates will be biased. When substantial uncontrolled confounding is suspected,
sensitivity analyses have been recommended to assess the robustness of the IPW
estimates.8:°1 To perform such sensitivity analyses, investigators need to specify a plausible
function form which quantifies the direction and magnitude of uncontrolled
confounding.851

ITT analyses

When non-adherence after treatment initiation is minimal, an ITT analysis may be preferred
to as-treated analysis in terms of simplifying the weight construction and controlling for
confounding.22:2427 The ITT assumption simplifies the process of constructing weights, in
that the treatment models only need to estimate the probability of treatment initiation. More
importantly, for studies performing ITT analyses, the assumption of no uncontrolled
confounding is satisfied as long as confounders for treatment onset are correctly measured
and specified in the treatment model for weight denominator. This assumption may be
viable for many pharmacoepidemiologic studies using healthcare database, because
“information used by physicians to make a decision to initiate treatment is often captured in
the database”.2* However, the ITT estimate merely measures the effect of treatment
initiation instead of effect from actual treatment.18 High levels of non-adherence after
treatment initiation may drive the ITT estimate away from the true treatment effect.22:52 For
this reason, studies performing ITT analyses should report adherence measures for each
treatment arm so that findings can be interpreted under appropriate consideration of the
observed adherence patterns.>3
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As-treated analyses

Instead of estimating the effect of treatment initiation, we found that more studies performed
as-treated analyses. Validity of “as-treated” estimates relies on the extent to which the study
correctly models the relationships between confounders and the multiphase of treatment
use.22 Because it is very likely that the influence of time-varying confounders on initiating a
treatment is different from their impact on continuing or resuming the treatment, separate
models for different treatment regimens are often needed for adequate control for
confounding. However, when information on time-varying confounders that predict
treatment changes after initiation is not well-recorded in the data sources or when the
number of participants following each specific regimen is small, a correct estimation of the
multiphase of treatment use will be difficult, if not impossible.22:24.27 In sum, when
choosing between an ITT and an as-treated analytic strategy, investigators need to take into
account adherence levels after treatment initiation and availability of information on the
time-varying confounders that predict treatment changes during the study period.

Weight construction

Stabilized weights can generate estimates with greater precision than unstabilized weights
and thus are recommended in data analyses.14 However, we still found that four studies did
not report whether they used stabilized weights and one study used unstablized weights. It’s
unknown to us why unstabilized weights were chosen. Regarding variable selection for
treatment model in the weight denominator, we found that most studies chose covariates
based on substantive knowledge, while four studies used some statistical criterion to select
covariates significantly associated with treatment use and/or study outcome. A simulation
study by Lefebvre et al. found that the performance of IPW method could be improved when
the confounders and risk factors of outcome were included in the treatment model, whereas
including pure predictors of treatment use (i.e., not confounders) led to biased and highly
variable estimates, particularly in the context of small samples.10 These findings are
consistent with the recommendation for variable selection for building propensity scores.>
Therefore, an advisable strategy in building treatment model for weight denominator may be
to include variables considered to be direct risk factors for the outcome.

Functional form of exposure in outcome models

Almost all studies performing as-treated analyses included only the most recent treatment
status in the outcome model. Most of these studies chose IPW method instead of standard
regression models owing to the concerns that standard models would eliminate the indirect
effect from previous treatments mediated by the time-varying confounders. This may imply
that these studies were interested in estimating the effects from both recent and previous
treatments. However, when treatment use is intermittent, including only the most recent
exposure status in the outcome model will not correctly capture the effect from previous
treatments. Furthermore, when the weights are stabilized with previous treatment history but
only the indicator of most recent treatment use is included in the outcome model, the
estimate may also be a biased one for the recent treatment effect, because the status of
previous treatment is not balanced between recently treated and untreated patients and thus
may bias the estimate.>® Finally, if only the most recent treatment effect is biologically
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plausible and is the focus of the study, standard regression models adjusting for time-
varying confounders and previous treatment history can also produce unbiased estimate,14:50
even though there is disagreement regarding the difference in precision between estimates
derived from IPW and standard regression models.56:57

Discrepancy in estimates from IPW and standard regression models

Similar to the previous review,13 we found nearly half of the studies, which provided
estimates from both methods, reported that IPW estimates were substantially different from
the standard regression estimates adjusted for time-varying confounders. Unfortunately, half
of the studies reporting a substantial difference did not discuss reasons for the discrepancy.
As mentioned in the section Type of bias, the discrepancy can be attributed to the correct
estimation of total treatment effect or avoidance of collider-stratification bias by the IPW
method, especially if the direction of discrepancy is consistent with the hypothesized
relationships between exposure, outcome and time-varying confounders. In addition, the
difference can be due to control for selection bias from informative censoring if censoring
weights are incorporated in IPW analyses.

Non-uniform treatment effects

Several studies also noticed that substantial discrepancy in estimates could arise in the
presence of covariates (or a summary of covariates like propensity score) which strongly
predict treatment use and are also strong effect modifiers.#9:58.59 Compared to the standard
regression models, the IPW method gives much more weights to the covariate strata within
which treatment status is almost completely determined by the covariates.60:61 |f the effect
sizes in these strata differ dramatically from other strata, the IPW estimates will be
substantially different from the standard regression estimates.5 The nonuniform treatment
effects across the covariates (or the propensity score) can be due to violation of positivity,°
unmeasured confounding®® or true effect-measure modification. When unmeasured
confounding or positivity violation is the cause of non-uniformity, the IPW estimate will be
biased and weight truncation or propensity score trimming should be applied to ameliorate
the impact.#%8 In summary, when substantially different estimates are derived from IPW
and standard regression models, investigators should take into account these alternative
explanations before being assured that IPW method generates unbiased estimates.

Our review has some limitations. First, we included only pharmacoepidemiologic studies
published in 2012. The findings may not be representative of all publications using IPW to
deal with time-varying confounding. Second, the reporting practices of published studies
may be influenced by journals’ requirements. Authors are reporting their findings given
strict word limitations and as such may have limited space to provide details on these facets
of the application of the method. Nevertheless, with complex methods such as IPW, such
reporting is necessary to evaluate the extent to which the method has been appropriately
applied.

In summary, the use of IPW estimation is increasing in the medical literature. Given the
variable and suboptimal reporting of the application of the technique, it may be prudent to
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develop best practices in reporting complex methods in epidemiologic research and for
journal editors to consider adopting such reporting guidelines.
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Figure 1.

Identification of pharmacoepidemiolgoical studies using IPW to deal with time-varying

confounding in 2012
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Table 1

Page 17

General description of pharmacoepidemiologic studies published in 2012 and eligible for the systematic

review
Reference Study design Exposure & Outcome & Time-varying confounders
Cook et al.Z8 Randomized controlled trial Aspirin vs. no-treatment CVD or CVD-related CVD risk factors,
mortality intermediate CVD events
Desai et al. 2 Cohort Candesartan vs. losartan Mortality Hospitalization
Gerhard et al. 30 Cohort Aggressive vs. conventional CVD or mortality Blood pressure
antihypertensive therapies
Gsponer et al. 3t Cohort Switching to second-line ART Mortality CD4 cell count
vs. first-line ART
Haukka et al. 32 Cohort Statins vs. no-treatment Mortality Not reported T
HCV working group of Cohort Hepatitis C treatment vs. no- Mortality CD4 cell count, HIV RNA
COHERE 33 treatment level, platelet counts,
alanine aminotransferase
levels
Heffron et al. 34 Cohort Hormonal contraceptive vs. no- HIV infection Pregnancy, unprotected sex
treatment

Hernandez et al. 3° Cohort ACEI/ARB vs. no-treatment Graft failure Smoking, concurrent

medication use
HIV-CAUSAL Collaboration 36 Cohort Nevirapine vs. efavirenz Mortality CD4 cell count, HIV RNA

level, AIDS

HIV-CAUSAL Collaboration 37 Cohort ART vs. no-treatment Tuberculosis CD4 cell count, HIV RNA

level, AIDS

Jinetal. 38

Randomized controlled trial

Letrozole vs. no-treatment

Cancer recurrence

Not reported *

lopinavir vs. renofovir
+efavirenz

Kalayjian et al. 3 Cohort Tenofovir+ ritonavir-boosted Chronic kidney disease CD#4 cell count, viral load
protease inhibitor vs. efavirenz/
nevaripine
McCoy et al. 40 Cohort Injectable hormonal HIV infection Sexual behavioral risk,
contraceptive vs. no-treatment condom use, sexually
transmitted infections
Miller et al. 41 Cohort Low dose vs. high dose Mortality Parathyroid hormone,
paricalcital phosphorus, calcium
Morrison et al. 42 Cohort Oral contraceptive vs. non- HIV infection Sexual behavioral risk,
hormonal use condom use, genital
symptoms
Scherzer et al. 43 Cohort Tenofovir vs. no-treatment Proteinuria CD4 cell count, viral load,
lipids, diabetes,
hypertension
Shinozaki et al. 44 Randomized controlled trial Atorvastatin vs. no-treatment CVD Lipid profiles, HbAlc,
blood pressure, BMI
Terrier et al. 4 Cohort Corticosteroid + rituximab vs. Renal and Vasculitis manifestations
corticosteroid alone immunological
response
Tiihonen et al. 46 Cohort Benzodiazepine vs. no-treatment Mortality Concurrent medication use
Young et al. 47 Cohort Tenofovir + ritonavir-boosted eGFR HIV-infection, diabetes,

hypertension, hepatitis B or
C infection, eGFR, CD4
cell count, virological
failure

ACEI: angiotensin-converting enzyme inhibitors; ARB: angiotensin Il receptor blockers; ART: antiretroviral therapy; CVD: cardiovascular
diseases; eGFR, estimated glomerular filtration rate.
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& . . .
Only the primary study exposure and outcome were reported in this table. “No-treatment” means not using the treatment under study.
f This study did not describe any specific substantial time-varying confounders for which adjustment was needed.

*
This study used inverse probability of censoring weighting to deal with treatment crossover. Probability of treatment crossover was estimated
based on baseline characteristics. Time-varying confounders were not mentioned.
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Table 2

Type of potential bias and examination of identifiability assumptions

Page 19

to artificial censoring

Reference Type of potential bias | Positivity assessed Weight Uncontrolled confounding discussed
addressed truncated or
trimmed
Cook et al.Z8 Bias from blocking Mean: 1.01 Weight Yes
mediated effect Median (Inter truncation at
Quartile Range): 0.01th and
1.00 (0.97-1.01) 99.99th
percentiles
Desai et al. 2 Bias from blocking Mean (Standard Not reported Yes
mediated effect; Deviation): 1.00
Selection bias owing (0.06)
to artificial censoring
Gerhard et al. 3 Bias from blocking Not reported Not reported Yes
mediated effect
Gsponer et al. 3 Bias from blocking Not reported Not reported Yes
mediated effect
Haukka et al. 32 No details provided’ Not reported Not reported Yes
HCV working group of Bias from blocking Not reported Not reported Yes
COHERE mediated effect
Heffron et al. 34 No details provided’ Mean (range): 1.07 Weight Yes
(0.82-1.34) truncation at
1st and 99th
percentiles
Hernandez et al. 3 Bias from blocking Not reported Not reported Yes
mediated effect
HIV-CAUSAL Collaboration 36 Selection bias owing Not reported Weight Yes
to artificial censoring truncation at
99th
percentile
HIV-CAUSAL Collaboration 37 Bias from blocking Mean: 1.04 Weight Yes
mediated effect truncation at
10
Jinetal. 38 Selection bias owing Not reported Not reported No
to artificial censoring
Kalayjian et al. % Selection bias owing Not reported Not reported Yes
to artificial censoring
McCoy et al. 40 Bias from blocking Not reported Not reported Yes
mediated effect
Miller et al. 4 Bias from blocking Not reported Weight Yes
mediated effect Trimming at
10
Morrison et al. 42 No details providedT Not reported Not reported Yes
Scherzer et al. 43 Bias from blocking Not reported Not reported Yes
mediated effect
Shinozaki et al. 44 Bias from blocking Not reported Not reported Yes
mediated effect
Terrier et al. 4 No details providedT Not reported Not reported No
Tiihonen et al. 46 No details provided' Not reported Not reported Yes
Young et al. 47 Selection bias owing Not reported Not reported No

Pharmacoepidemiol Drug Saf. Author manuscript; available in PMC 2015 June 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duasnuely Joyny vd-HIN

Yang et al. Page 20

f If studies reported “using IPW to control for time-varying confounding” without further specification of relationships between treatment, time-
varying confounders and outcomes.
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Table 4

Page 24

Primary exposure-outcome association® and discrepancy in IPW estimates and standard regression estimates

Reference Crude Hazard Ratio IPW Hazard Ratio” Standard Discrepancy found
(95% Confidence (95% Confidence regression Hazard Reason discussed
Interval) Interval) Ratio® (95%
Confidence
Interval)
Cook et al.Z8 1.00 (0.89-1.14) 0.93 (0.81-1.07) 0.96 (0.84-1.09) Yes Correction of
blocked mediated
effect
Desai et al. 22 Adjusted for baseline 0.79 (0.42-1.50) Not reported Not applicable

covariates: 0.89 (0.7-
1.06)

Gerhard et al. 3°

Adjusted for baseline
covariates: 0.96 (0.87—
1.07)

0.81 (0.71-0.92)

Not reported

Not applicable

Gsponer et al. 3

0.52 (0.20-1.35)

0.25 (0.09-0.72)

Not reported

Not applicable

Haukka et al. 32

NR

0.42 (0.37-0.47)

0.39 (0.37-0.40)

No

HCV working group of COHERE 33

0.50 (0.35, 0.71)

0.72 (0.43-1.21)

Not reported

Not applicable

Heffron et al. 34

1.73 (0.95-3.15)

1.84 (0.98-3.47)

1.98 (1.06-3.68)

No

Hernéandez et al. 3°

0.77 (0.49-1.21)

0.82 (0.52-1.32)

0.80 (0.51-1.26)

No

HIV-CAUSAL Collaboration 3¢

1.46 (1.21-1.76)

1.59 (1.27-1.98)

1.38 (1.13-1.68)

Yes Not reported

HIV-CAUSAL Collaboration 37

Adjusted for baseline
covariates: 0.81 (0.67—
0.97)

0.56 (0.44-0.72)

1.03 (0.86-1.24)

Yes Not reported

Jinetal. 38

0.68 (0.56-0.83)

0.52 (0.45-0.61)

0.58 (0.47-0.72)

Not reported as such

Kalayjian et al. 3°

Not reported

3.35 (1.40-8.02)

1.34 (0.75-2.40)

Yes Not reported

McCoy et al. 4

1.32 (1.00-1.74)

1.34 (0.75-2.37)

1.37 (1.01-1.85)

No

Miller et al. 41 Not reported 1.26 (1.19-1.35) 1.07 (1.01-1.14) Yes Confounding by
indication

Morrison et al. 42 0.89 (0.55-1.44) 0.84 (0.51-1.39) 0.88 (0.49-1.30) No

Scherzer et al. 43 Adjusted for baseline 1.24 (1.17-1.32) 1.34 (1.25-1.45) No

covariates: 1.30 (1.22—
1.37)

Shinozaki et al. 44

Adjusted for baseline
covariates: 0.65 (0.30—
1.40)

0.48 (0.19-1.16)

0.75 (0.34-1.63)

Yes Correction of
blocked mediated
effect

Terrier et al. 4

Not reported

3.7 (1.3-10.6)

Not reported

Not applicable

Tiihonen et al. 46

1.61 (1.06-2.45)

1.80 (1.02-3.20)

1.91 (1.13-3.22)

No

Young et al. 47

Beta coefficient of
exposure term from linear
model: —4.6 (8.6 to —0.5)

Beta coefficient of

exposure term from

linear model: —2.6
(-7.3t02.2)

Not reported

Not applicable

TPrimary exposure and outcome are listed in Table 1.

*
Adjusted for potential time-varying confounders.
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Table 5

A summary of review results of the 20 pharmacoepidemiologic studies applying IPW method in 2012

Elements of IPW method

No. of studies (percent#)

Types of bias IPW was used to address

Blocking mediated effects by time-varying confounders 11 (55)

Collider-stratification bias 0

Selection bias due to artificial censoring 5(25)
Assessment of identifiability assumptions

Discussed qualitatively uncontrolled confounding 17 (85)

Performed sensitivity analyses of uncontrolled confounding 0

Reported the weight distribution 4 (20)

Reported truncating or trimming extreme weights 5 (25)
Analytic strategy

Intention-to-treat analysis 6 (30)

Per-protocol analysis 3(15)

As-treated analysis 8 (40)
Weight construction

Reported use of stabilized weights 15 (75)

Described how weights were stabilized 7 (a7h

Described covariates in the treatment model for weight denominator 17 (85)

Modeled the multiphase of treatment use 1 (12_5&)
Functional form of exposure in outcome models

Indicator of treatment initiation or initial treatment use 9 (100")

Most recent treatment use 7 (100
Discrepancy in estimates between IPW and standard regression

Discussed reasons for the substantial discrepancy 3 (50§)

#The denominator is 20 unless indicated otherwise.
TThe denominator is 15 studies which reported using stabilized weights.

& . . . .
The denominator is 8 studies performing as-treated analyses.
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N
The denominator is 9 studies performing intention-to-treat or per-protocol analyses. One study performing intention-to-treat analyses also

specified cumulative exposure as an alternative.

*
The denominator is 7 studies performing as-treated analyses which provided information on the functional form of exposure.

§The denominator is 6 studies reporting substantial difference.
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