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Randomized controlled trials (RCTs) are widely con-
sidered the gold standard for inference on the

comparative effects of 2 or more treatment strategies.
Randomization is the most powerful technique avail-
able in causal inference, and the controlled setting of
carefully designed experiments is a necessity in evalu-
ating most treatments. Still, as currently designed, con-
ducted, and analyzed, clinical trials are not without lim-
itations and might be susceptible to some of the biases
present in observational studies (1, 2). Strict inclusion
and exclusion criteria, as well as trials often being con-
ducted “in parallel” with regular clinical care, have led
to concerns that the enrolled sample might not ade-
quately represent the population to which the tested
intervention will be applied and that data collected dur-
ing the trial, although generally of high quality, may not
represent the “real world.”

Another approach to obtaining evidence relies on
real-world data, a term generally used to describe infor-
mation collected as part of clinical care and everyday life.
These data include electronic health records, registries,
claims, and information collected through personal de-
vices and apps. Although real-world appeal, ubiquity, in-
creasing ease of access, and potential for lower cost make
these data attractive for research, important limitations re-
main. Because the data collection process is not driven by
research needs and does not follow what is routinely
done in research studies, it may suffer from several short-
comings, including low interoperability between systems,
excessive missingness, informed presence bias (3), and
poor outcome ascertainment. Furthermore, studies con-
ducted with real-world data are plagued by the use of
inadequate and simplistic methods applied with the hope
that the size of the data will compensate for the quality of
the analysis.

Experts and regulators have called for tools and
methods used in traditional trials to be adapted to real-
world settings (4). Here, we describe 3 promising ap-
proaches: embedding RCTs within the universe of rou-
tinely collected health data, translating the results of an
RCT to a population of interest, and applying modern
comparative effectiveness methods to design experi-
ments that mimic RCTs.

Embedding randomization within real-world data
helps enlarge the trial-eligible population to make it
more representative of the actual clinical setting (5). It is
equally applicable to large, multisite trials and small,
health system experiments. Given the relatively low
cost of embedding randomization, it should be the de-
fault approach for testing new methods of care deliv-
ery. Embedding is illustrated by pragmatic studies,
such as ADAPTABLE (Aspirin Dosing: A Patient-centric

Trial Assessing the Benefits and Long-term Effective-
ness) (6). This trial, which will enroll 15 000 participants,
embedded randomization into electronic health re-
cord data from the National Patient-Centered Clinical
Research Network (PCORnet) to determine the risk–
benefit profile of 2 low doses of aspirin. Although most
RCTs rely on simple, participant-level randomization,
trials embedded in health systems and registries may
benefit from cluster randomization at the site or pro-
vider level. This not only increases the feasibility and
efficiency of the process but also builds in the appro-
priate hierarchy in which outcomes might be affected
by site- or provider-related variability. Still, careful plan-
ning and execution are required to minimize the risks
of imbalance and bias and to ensure appropriate han-
dling of vulnerable populations.

If embedding is not feasible, another option may
be to translate the results of an RCT to a population of
interest. This may be done by fitting a model to the
original trial data and then applying it to a sample from
the target population. If sufficient heterogeneity exists
within the original RCT and can be captured by using
appropriate variables collected as part of the trial and
also available in the target population sample, one may
obtain more accurate results for the population of inter-
est. This approach may be particularly relevant as we
move toward value-based care, in which health systems
will be interested in evaluating new treatment strate-
gies based on the effect in their particular setting.
Translating trial results to specific populations may be
viewed as a step toward better precision of the results.
True personalization may occur with the use of predic-
tive models built to optimize trial results to individuals
on the basis of benefit and risk considerations (7). The
resulting treatment strategies must be validated in fur-
ther studies, including RCTs.

Recent advances in comparative effectiveness re-
search methods may help us design experiments that
mimic RCTs. If appropriate data are available, such
techniques as matching of fixed or time-varying vari-
ables in a longitudinal data setting, g-estimation, or
parametric g-formula may be used to mimic the ran-
domized setting reasonably well, provided that stan-
dard assumptions are met (8). Recent application of risk
set matching over time allowed investigators to con-
clude that digoxin increases mortality risk in patients
with atrial fibrillation. The study leveraged the existing
data from a trial that randomly assigned patients with
atrial fibrillation to receive apixaban or warfarin, with
digoxin used concomitantly by some participants in each
group (9). New propensity score–based techniques were
proposed recently that put the weight where the equi-

This article was published at Annals.org on 24 July 2018.

Annals of Internal Medicine IDEAS AND OPINIONS

Annals.org Annals of Internal Medicine 1

Downloaded From: http://annals.org/ by a Duke Medical Library User  on 07/24/2018

http://www.annals.org
http://www.annals.org


poise is and achieve optimal balance on the measured
covariates, and that better mimic what randomization
does (10). These methodologies also may be used before
a full clinical trial is designed for a new indication to in-
form the expected outcomes and to test the effectiveness
of a treatment being used “off-label.”

The differences in evidence from data collected as
part of traditional clinical trials versus real-world data
gathered as part of routine care create the false impres-
sion of dichotomy. Given the opportunities afforded by
appropriate statistical methodology, moving away from
RCTs as the sole view of clinical evidence is as important
as expecting sufficient rigor and reproducibility from anal-
yses performed on real-world data. Such trends as “open
science,” the push to open more clinical trial data to wider
uses, and such efforts as PCORnet, which standardizes
data collected through electronic health records across
more than 100 health institutions, will accelerate this
movement. Clinical research will benefit greatly from an
acceptance that data are complementary, which will result
in a much larger universe of health questions to be asked
and answered.
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