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Dear Editor,

We agree with Overhage et al. [1] from the Observational

Medical Outcomes Partnership (OMOP) that better repro-

ducibility is needed in pharmacoepidemiology. In addition

to epidemiology in general [2], the need for better repro-

ducibility has been highlighted across many scientific fields

including psychology [3], economics [4], laboratory-based

biologic research [5, 6], genomics [7], computational sci-

ence [8], clinical trials [9, 10], and meta-analyses of clin-

ical trials [11]. OMOP’s goal of rigorously evaluating the

approaches and databases used in pharmacoepidemiology

is therefore important and laudable. However, we have

three major concerns about OMOP’s recent attempts to

achieve these goals.

Our first major concern is that most of the ‘base truths’

against which OMOP assessed pharmacoepidemiologic

methods may not actually be true. To wit, 48 % of the

‘positive control’ drug–health outcome of interest (HOI)

pairs examined by OMOP were based solely on case

reports or case series [12]—hardly a sound basis for

evaluating the validity of controlled epidemiologic stud-

ies. An additional 19 % of the positive controls had non-

randomized epidemiologic studies as their basis [12]. Of

course, validating a method against the results of studies

that used the same method is circular. In contrast, by

OMOP’s count, only 32 % of the ‘positive control’ pairs

were supported by randomized clinical trials [12]. Surely

we need better reason to believe that ‘base truths’ against

which research methods are evaluated are actually true.

Our second major concern is the potentially poor

validity of three of the four HOI algorithms used by

OMOP [13]. OMOP’s studies examined acute myocardial

infarction (AMI), acute kidney injury (AKI), acute liver

injury (ALI), and gastrointestinal bleeding (GIB).

OMOP’s algorithm for GIB would probably perform well

given that positive predictive values (PPVs; the propor-

tion of putative cases identified by an algorithm that are

actually true cases of that HOI) of 71 to 88 % have been

found for similar algorithms [14–16]. However, OMOP’s

algorithm for AMI did not restrict cases to those for

which the AMI diagnosis was in the principal position

(i.e., the ostensible reason for the hospitalization), as is

recommended [17], nor did it match an algorithm that has

been widely used in recent years [17]. Given this, it is

difficult to estimate the PPV of OMOP’s primary AMI

algorithm, although it might range from 52 to 95 % [17].

OMOP’s primary algorithm for AKI would be expected to

have a PPV ranging from 48 to 96 %, depending on the

reference standard used to define a true case [18–21].

These variable PPVs for AKI highlight the inconsistent

accuracy of diagnoses of renal conditions, which can lead

to unacceptably low PPVs [22]. Identifying ALI from

healthcare claims is even more challenging [23]. Some of

the diagnostic codes used in OMOP’s primary ALI

algorithm have poor-to-moderate PPVs (range 7 to 54 %)

[23]. In addition to chart-based validation studies cited

above, OMOP investigators reported that their primary

and alternate HOI algorithms had poor validity when

evaluated against expert review of claims and laboratory
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values rather than medical records, with PPVs ranging

from 1 to 56 % for AMI, 12 to 82 % for AKI, and 0 to

52 % for ALI [24]. It is unrealistic to expect to reproduce

known associations using HOI algorithms with poor

validity.

Our third major concern is the interpretation by Ove-

rhage et al. that their findings inform knowledge about the

validity of the underlying epidemiologic designs them-

selves rather than (at best) the specific choices made in the

implementation of those designs. There are sound theo-

retical bases for the epidemiologic research designs com-

monly used in pharmacoepidemiology, including cohort,

case-control and self-controlled studies [25]. In the absence

of bias (a key condition!), each design consistently yields a

measure of association that has causal interpretability.

Problematically implemented studies do not invalidate the

underlying research designs, just those implementations.

Developing and evaluating methods to eliminate (or at

least reduce) error is the methodologic imperative of

pharmacoepidemiology. Within this imperative, a key

methodologic challenge is the complete and accurate

identification of important HOIs in large populations in

whom drug exposure is recorded. This challenge can be

addressed by devising and testing better approaches to

identify HOIs. Another key methodologic challenge is the

development and evaluation of approaches to mitigate

confounding. Such approaches continue to be developed

and applied in pharmacoepidemiology, and include self-

controlled designs [26], instrumental variable approaches

[27], the prior event rate ratio [28], high-dimensional

propensity score methods [29], and statistical modeling

approaches that accommodate time-varying confounding

[30]. Each approach is applicable in different settings, and

it is unrealistic to expect that any one method will be useful

for all kinds of questions. Empiric evaluations of the per-

formance of approaches to mitigate confounding are

especially challenging, since we have little sense as to how

faithfully our simulation studies reflect real-world con-

founding, which of course varies by study question.

Therefore, carefully testing methods to mitigate con-

founding against thoughtfully selected known positive and

negative associations using valid HOIs is therefore a useful

and necessary exercise, and one that we hope to see much

more of.
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