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When I teach graduate students in pharmacoepidemiology 
they are well-trained by having taken multiple courses in 
epidemiologic methods and causal inference. I observe that 
many feel paralyzed when confronted with real data real-
izing that such data do not come with tags saying whether 
variables are common causes of the exposure and outcome 
or whether they are instrumental variables or colliders. How 
will they connect the concepts, rules, and exemptions they 
have learned studying causal inference to the reality of data? 
Tyler VanderWeele is to be applauded for having compas-
sion with us who spend less time contemplating DAGs and 
still want to do non-experimental studies that lend them-
selves to causal conclusions. His pragmatic recommenda-
tions are actionable for a broad range of applications yet 
founded in principled considerations. I tried to put them to 
a test.

I am a pharmacoepidemiologist and study the safety and 
effectiveness of medications as they are used in routine care 
without the help of randomized treatment assignment. Like 
in other areas of epidemiology, causal conclusions are para-
mount as we apply our insights to patients and influence 
treatment decisions.

It is implicit in Dr. VanderWeele’s commentary that 
we have a clear grip on temporality and can distinguish 
between pre-exposure variables and those patient charac-
teristics measured after exposure started. As trivial as this 
may sound one is surprised how often this is confused, par-
ticularly when working with secondary analyses of already 
collected data [1]. Such mix-up occurs more frequently in 
case–control sampling designs nested in cohorts of patients 
identified within longitudinal patient databases. Staying with 

a cohort analysis and focusing on new users of medications 
with a defined inception point and covariate assessment 
before cohort entry substantially reduces the chance for such 
self-inflicted errors [2].

How do we identify the causes of exposure? Textbooks 
recommend “prior knowledge” or “a review of the literature” 
among others. Studying treatment guidelines and conver-
sations with colleagues (better outside of major academic 
medical centers with their idiosyncrasies) help us to identify 
potential predictors of treatment choice. While this is a good 
starting point, predictors for treatment choice often vary sub-
stantially depending on health care systems, provider organi-
zations and individual providers. Are we as investigators 
always doing a most rigorous job in identifying all poten-
tial predictors of treatment choice? Investigators studying 
hypoglycemic events among users of the oral anti-diabetic 
drugs glyburide versus glipizide inadvertently oversaw that 
pregnancy and gestational diabetes are strong predictors for 
choosing one over the other in some healthcare systems. 
These covariates were not pre-specified by this highly expe-
rienced investigator team [3].

Causes of the disease outcome should be identifiable by 
reading medical textbooks and most causes of disease should 
be universal. However, in a given population the strength or 
the observability of such risk factors of a health outcome 
will vary. Based on our prior knowledge, how sure are we 
that we have identified all risk factors of the disease and have 
captured them sufficiently?

In addition to these generic issues comes the complica-
tion that we usually work with secondary electronic data that 
were collected by operating a healthcare system, including 
administrative claims data and electronic health records [4]. 
This means we are not in control of what, when, and how to 
measure covariate information and we often rely on proxy 
variables of the constructs that we are really after. In order 
to identify diabetes, we may rely on a diagnostic code for 
diabetes. Was that code checked because a glucose test was 
performed to rule out diabetes? Should we therefore rather 
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require at least 2 codes of diabetes within a couple of weeks, 
maybe plus treatment with an antidiabetic medication to be 
really sure? [5].

For all the reason above, the difficulty of knowing all 
causes of exposure and of the outcome plus the added dif-
ficulty to measure them fully, VanderWeele mentioned 
data-adaptive methods like high-dimensional propensity 
scores (HDPS) or collaborative targeted maximum likeli-
hood estimation (CTMLE) [6, 7]. The principle idea of both 
is to empirically identify predictors of exposure and of the 
outcome in the data at hand and then prioritize variables for 
adjustment. HDPS is frequently used in pharmacoepidemiol-
ogy as it is specifically adapted to the typical data sources 
we work with. CTMLE is a generalization of HDPS. It per-
forms equally well and is seen as more opaque by decision 
makers [7, 8]. A simple covariate prioritization operation in 
HDPS [9] performs as well as a range of machine learning 
techniques to augment variable selection, at least in the data 
we typically work with [10]. It is specific to working with 
secondary healthcare databases that we include markers for 
health services utilization intensity. Diagnoses and proce-
dures are only recorded when patients encounter the profes-
sional healthcare system and therefore utilization intensity is 
related to our ability to observe confounders and the surveil-
lance for study outcomes.

Both of these data-adaptive approaches embrace the prin-
ciple of VanderWeele’s “common cause criterion” but in 
practice are often closer to his “disjunctive cause criterion” 
because we may not fully understand the underlying causal 
diagram. Like him, we are concerned about adjusting for 
instrumental variables (IVs) and colliders that may increase 
rather than decrease bias. There is strong evidence that if one 
cannot decide empirically whether pre-treatment variables 
are confounders, IVs, or colliders one is better off adjusting 
for them in most realistic settings [11, 12]. One can empiri-
cally screen for variables that behave like IVs and can with-
hold them from the adjustment strategy or, if truly lucky, 
they might be real IVs and one would choose an IV analysis.

As pharmacoepidemiologists we relate with regulatory 
agencies and payer organizations that make decisions about 
the availability and coverage of prescription drugs. Trans-
parency and pre-specification of our covariate adjustment 
strategy are seen as critical for such high-stakes decision-
making. As such we declare our selection criterion, possi-
bly in VanderWeele’s terminology, and describe our precise 
procedure on how we identified the covariates used for the 
treatment effect analysis.

In summary, Dr. VanderWheele’s recommendations are 
much aligned with our preferred approaches in pharma-
coepidemiology and outcomes research using secondary 
data sources.
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