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The analysis of longitudinal healthcare data outside of highly controlled parallel- group randomized trials, termed 
real- world evidence (RWE), has received increasing attention in the medical literature. In this paper, we discuss the 
potential role of RWE in drug regulation with a focus on the analysis of healthcare databases. We present several 
cases in which RWE is already used and cases in which RWE could potentially support regulatory decision making. 
We summarize key issues that investigators and regulators should consider when designing or evaluating such 
studies, and we propose a structured process for implementing analyses that facilitates regulatory review. We 
evaluate the empirical evidence base supporting the validity, transparency, and reproducibility of RWE from analysis 
of healthcare databases and discuss the work that still needs to be done to ensure that such analyses can provide 
decision- ready evidence on the effectiveness and safety of treatments.

The analysis of longitudinal healthcare data outside of highly 
controlled traditional randomized trials, termed real- world ev-
idence (RWE), has received increasing attention in the medical 
literature.1–4 In the United States, the 21st Century Cures Act 
and the sixth re authorization of the Prescription Drug User Fee 
Act both underscore the potential utility of data generated during 
the routine operation of the healthcare system for the regulation 
of therapeutics and treatment decision making by patients. Both 
also require that the US Food and Drug Administration (FDA) 
publish guidance addressing when and how RWE may be used to 
support the assessment of safety and effectiveness in regulatory 
submissions.5,6

The majority of RWE studies published to date rely on health-
care databases that aggregate routinely collected health informa-
tion for large numbers of patients, such as health insurance claims 
databases, electronic health record databases, or some disease reg-
istries.7 These databases may be derived from source data that are 
structured or unstructured and subsequently curated. Retrospective 
studies resulting from these databases are uniformly lacking ran-
domization because, by definition, the treatments provided to pa-
tients enrolled in these databases are simply observed and are not 
randomly assigned. Patients receive treatments as part of routine 
clinical care selected in consultation with their treating provider, 
not by study investigators. Therefore, when comparing patients 
selectively receiving alternative treatments, confounding bias is a 
major concern that can diminish the validity of such studies.8

In this paper, we discuss the potential roles of RWE in drug reg-
ulation with a focus on the analysis of healthcare databases, as the 
role of pragmatic randomized trials has been discussed previously.9 
We present several cases in which RWE is already used as well as 

cases in which RWE could potentially support regulatory decision 
making. We also summarize key issues that investigators and regu-
lators should consider when designing or evaluating such studies, 
and we propose a structured process for implementing analyses 
that facilitates regulatory review. We further evaluate the empirical 
evidence base supporting the validity, transparency, and reproduc-
ibility of RWE from healthcare database analyses, and we discuss 
the work that still needs to be done to ensure that such analyses can 
provide decision- ready evidence on the effectiveness and safety of 
treatments.

POTENTIAL USE CASES FOR RWE
In Figure 1, we summarize four key use cases in which RWE 
could support regulatory decision making. The first example, 
case 1, uses RWE to support primary approval of a new medica-
tion. Because medications are not yet available outside of trials 
at the time of approval, data on patients receiving the new med-
ication would need to be collected from trial data. However, 
data on control patients could be derived from real- world data 
(RWD) sources to form “external controls.”10 This strategy may 
be particularly desirable when the disease under study is rare, 
making the conduct of a well- powered randomized controlled 
trial (RCT) more difficult, as in rare diseases or highly targeted 
therapies with low- frequency molecular subsets.11 Such ap-
proaches are more likely to succeed if the condition in question 
has a predictable and measurable decline of health without the 
new treatment, and the treatment is expected to have a large 
effect.12 Control patients could be identified as patients with 
indications for the new medication who are receiving an older al-
ternative treatment or are receiving no treatment in cases where 
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there is no currently approved therapy. In either case, the goal of 
using RWD is to quantify the typical disease trajectory in the 
absence of the new medication to provide a counterfactual to 
the disease trajectory observed on the experimental treatment. 
Regulatory agencies have used external controls derived from 
RWD and other sources, and guidance has been published in 
this area.10 Considerations for how to define the control group 
and conduct the analysis are discussed in later sections.

In case 2, RWE is used to support a supplemental indication. For 
example, many drugs receive a primary approval based on interme-
diate outcomes, such as lowering blood pressure for antihyperten-
sives or lowering Hemoglobin A1c for antidiabetic medications. 
Once the drug is marketed, RWE can be used to evaluate drug ef-
fects on clinical outcomes, such as myocardial infarction or stroke, 
thereby supporting an expanded indication for prevention of the 
clinical outcomes. Alternatively, RWE could be used, along with 
other evidence, to support broadening the population, for example, 
to other disease stages or to pediatrics if initially approved in adults. 
RWE may be particularly useful in supporting pediatric approvals, 
because drugs are sometimes approved for pediatric patients based 
on demonstrated effectiveness in adults along with data supporting 
extrapolation to younger populations without new RCTs to evalu-
ate efficacy conducted specifically in pediatric patients.

Note that RWE submitted to support supplemental applications 
may sometimes be based on off- label use. Patients using the drug 
off- label may be quite different from the larger pool of patients 
who would use the drug if it were approved in the new therapeutic 
area because they may have already exhausted approved treatment 
regimens or they may be generally more aggressive in their treat-
ment strategy. However, there are sometimes challenges in reliably 
ascertaining why a n particular drug is being used. Therefore, the 
design of an RWE study to evaluate effectiveness in a new popu-
lation should consider how off- label use may differ from use of an 
approved comparator therapy and how evidence may need to be 
updated once the expanded approval is attained.

Case 3 depicts the use of RWE to support adaptive or accelerated 
approval. For example, the European Medicines Agency conducted 

a pilot project to explore the use of adaptive pathways with medi-
cines under development. In the adaptive pathway, an initial condi-
tional marketing authorization was made for a limited population 
with high unmet medical need on the basis of biomarker data or 
small clinical trials. The sponsor was then required to collect ad-
ditional data to substantiate therapeutic effectiveness and safety to 
receive full marketing authorization.13,14 One way to provide that 
additional data is to record the outcomes of patients receiving the 
drug during the conditional market authorization period in a reg-
istry or other RWD source. Similar to the supplemental approval 
case described above, the full approval could further broaden the 
indication to clinical outcomes or to additional populations not 
included in the initial marketing authorization.

Although the FDA does not have an adaptive pathways program 
or a conditional approval mechanism, RWE could be used in an 
analogous fashion to support further assessments of effectiveness 
and safety after accelerated approval. Accelerated approval allows 
for earlier approval of drugs for serious diseases based on a surro-
gate end point that is reasonably likely to predict clinical benefit 
or on an intermediate clinical end point that is reasonably likely 
to predict an effect on irreversible morbidity or mortality or other 
clinical benefit, taking into account the availability of alternative 
treatments.15 Drug companies are still required to conduct phase 
IV confirmatory studies to substantiate the expected clinical ben-
efit. In the majority of accelerated approvals, the confirmatory 
study is a clinical trial. If the trial shows that the drug actually pro-
vides a clinical benefit, then the FDA grants traditional approval 
for the drug. Among the subset of accelerated approvals in which 
confirmatory studies are not randomized trials, RWE might be 
applicable.16

Although the first three scenarios focus on using RWE to pro-
vide evidence on medication effectiveness to support approval, the 
fourth scenario includes the assessment of drug safety. The FDA 
and other regulatory agencies have a long history of using RWE 
to assess the safety of regulated medications. For example, RWE 
played a role in raising the alarm of increased cardiovascular risk 
on rofecoxib17 and in alleviating concerns about bleeding risk on 

Figure 1 Real- world evidence (RWE) in regulatory decision making: key use cases.
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dabigatran.18,19 The Sentinel Initiative, launched in 2008, cre-
ated a national system of health insurance claims databases that 
can be used for rapid safety assessment.20 The first safety labeling 
change in response to a Sentinel study was prompted by an assess-
ment of the risk of intussusception after rotavirus vaccine.21 In 
general, RWE safety studies, such as postmarketing requirements 
or imposed postauthorization studies, can arise as a result of pre- 
approval or premarketing authorization pharmacovigilance and 
risk management planning, as in case 4(a), or as part of a rapid reg-
ulatory response to a new safety signal that arises at any time after 
marketing, as in case 4(b). However, many postmarketing studies 
of safety continue to rely on randomized trials. The mandate for 
studies of cardiovascular safety for all newly approved antidiabetic 
drugs has resulted in at least 19 large clinical end point trials that 
are either completed or ongoing, although many of them have been 
initiated with the secondary aim of demonstrating efficacy in pre-
venting cardiovascular events in order to receive supplemental ap-
proval for that indication.22,23

DATA RELEVANCY CONSIDERATIONS
In order to study a causal treatment effect in a healthcare database, 
the following four features need to be measured: (i) the population 
inclusion and exclusion criteria to characterize the target popula-
tion and understand its generalizability, (ii) the exposure status, 
(iii) the outcome, and (iv) the confounding factors that influence 
both the treatment decision and the outcome. The measurement 
of each of those features comes with specific measurement charac-
teristics that are quantified by metrics like sensitivity and specific-
ity for binary variables or mean squared difference and proportion 
missing for continuous variables (Figure 2 middle column). For 
example, accuracy of measurement of diabetes based on the pres-
ence of a relevant diagnosis code is characterized with sensitivity, 

specificity, and positive predictive value. Accuracy of measure-
ment of a continuous measurement, such as Hemoglobin A1c is 
characterized by the proportion of patients who have the measure-
ment of interest in the time period relevant for the study, for exam-
ple, during the 3 months prior to treatment initiation, and by the 
error in the measurement.

In a specific study, most of these measurement characteristics 
are unknown and approximated from prior experience in the same 
or similar data. Investigators often apply general principles of con-
structing measurements in such data to increase the likelihood 
that the measurement characteristics will improve in the desired 
direction (Figure 2 left column). However, even if the exact mea-
surement characteristics of the four study features are perfectly 
known, it is not obvious how good is good enough for unbiased 
treatment effect estimation (Figure 2 right column).14 It is well 
known that in randomized trials with primary data collection not 
all measurements are perfect24; nevertheless, we see them usually as 
the best evidence available. Often, the values of the measurement 
characteristics that are required depend on the setting. For illustra-
tion, if one wishes to estimate a risk ratio, it is advisable to have the 
highest possible specificity of the outcome measurements, whereas 
if the estimate of interest is the risk difference, a high sensitivity is 
preferred to reduce bias.7 Data relevance is also informed by addi-
tional issues, such as the potential representativeness of the popula-
tion, drug uptake, and the person- time under observation.25

ASSESSING THE VALIDITY OF INDIVIDUAL RWD ANALYSES
Building on the considerations for data relevancy, both sponsors 
and regulators need to be able to identify the features of a high- 
quality study that are likely to result in actionable evidence. This 
evaluation must incorporate assessment of when an RWE study is 
appropriate and how to design the study in a way that promotes 

Figure 2 A structured approach to real- world data relevance. PPV, positive predictive value.
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validity. We have previously discussed when and how to con-
duct RWD analyses in the context of a comparative study with 
an internal control group.26 In Figure 3, we summarize the con-
siderations for comparative studies, and we additionally note the 
considerations for single-arm RWD analyses that are used as an 
external control to a single-arm trial.

A comparative database study is appropriate only when both 
the outcome and exposure are measurable in the available data and 
when key confounders that are not balanced through study design 
are measured as well. Although nonuser comparator groups are 
possible in RWE studies, active comparators are preferred because 
patients taking an alternative therapy with similar indications as the 
therapy under study are likely to be more similar to the treated pa-
tients, thereby reducing concerns about unmeasured confounding. 

Indeed, nonuser comparator groups have been shown in several 
examples to be very different from patients receiving active treat-
ments.27,28 Therefore, the key confounders that must be measured 
are those that are unlikely to be balanced through selection of the 
comparator group or other features of the study design.

The outcome must be measurable also when using RWD to 
form an external control group (Figure 3). In addition, the disease 
under study should have a highly predictable progression with low 
variability across patients, and key prognostic factors that predict 
disease progression should be measured in the database at approxi-
mately equal quality to that in the treatment arm from the clinical 
trial. As noted in earlier sections, other factors that make an exter-
nal control group more acceptable include scenarios with a prom-
ising treatment with a large expected effect size or a treatment for 

Figure 3 A summary of general recommendations on when and how database studies of drug effects are likely to produce actionable causal 
insights similar to randomized controlled trials using an internal control group (a comparative study where both treatment groups are derived 
from real- world data (RWD)) or an external control group (where only patients in the control group are derived from RWD).
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a highly fatal or debilitating disease and few alternative treatments, 
where it would be unethical to randomize patients. In rare diseases 
or in scenarios with targeted therapies for a small subpopulation, 
such as cancers with a rare genetic subtype, it may be difficult to 
identify enough patients to conduct a well- powered clinical trial; 
therefore, identifying external control patients from a healthcare 
database may be preferable.

Although the considerations for when to conduct an RWE study 
are quite different between internal and external control group 
studies, the key considerations for how to conduct the analysis 
are largely overlapping (Figure 3). Data- dependent issues include 
whether the outcome is observable in the RWD database with high 
specificity and defined similarly in the two treatment groups, allow-
ing for unbiased estimates of relative treatment effect29 and with 
sufficient sensitivity to yield meaningful conclusions. Investigators 
should also check, prior to conducting comparative analyses, that 
there is a sufficient number of outcomes recorded to result in good 
statistical power in the population under study.

Confounding adjustment methods, such as propensity score 
methods, have not often been used in the context of external con-
trol groups. However, a single-arm trial with an external control 
group is a type of observational study. Indeed, it is known that ex-
ternal control groups tend to have worse outcomes than a similar 
control group in an RCT.30,31 This discrepancy may be due to the 
fact that control groups in a randomized trial need to meet inclu-
sion and exclusion criteria that are generally more stringent and 
identify a less-sick population than is typical of external control 
groups. In the setting of a contemporaneous external control group 
identified in RWD, inclusion and exclusion criteria can be applied, 
secular differences can be avoided, and propensity score– based 
methods may be expected to reduce differences between the treat-
ment group and the external control group, leading to more valid 
comparisons and less biased estimates of treatment effect.

For RWE studies with either internal or external control groups, 
investigators should confirm that the strategy for confounding 
adjustment is able to achieve balance in the covariates between 
treatment groups.32 If balance has not been achieved, investigators 
can consider modifying the confounding adjustment strategy prior 
to evaluating comparative results. However, if balance can only be 
achieved with a strategy that prunes a large proportion of the study 
sample, then the treatment groups may simply be too different to 
be compared in the available data.

Common avoidable design and analytic flaws have been dis-
cussed primarily in the context of comparative RWE studies with 
an internal control group, but they are also potential concerns in an 
RWE study using an external control group in which one or more 
existing treatments are available. For example, problems with im-
mortal time can result if a nonuser external control group is iden-
tified by selecting patients with recorded indications for treatment 
who are not treated throughout follow- up.33,34 In this situation, 
patients who survived long enough to receive treatment during 
follow- up are systematically excluded from the control group, po-
tentially making the control group seem worse. As in RWE studies 
with internal control groups, the identification of external control 
groups should also ensure that covariates are measured prior to 
the start of exposure to an existing treatment to avoid adjusting 

for causal intermediaries.35 Finally, design of the external control 
group should acknowledge the impact of time- varying hazards 
and, ideally, identify patients at a similar point in their disease 
course as the patients in the treated arm in order to avoid depletion 
of susceptibles.36

Once a design and analysis plan is selected, robustness checks 
can help regulators and sponsors gauge the likely reliability of the 
findings (Figure 3). Replicating negative or positive control com-
parisons, where the true effect or lack of a true effect is known from 
prior studies, can increase confidence in the database and the study 
design.37–39 If some confounders are measured only for a subset 
of the study population, and, therefore, not used in confounding 
adjustment procedures, then confirming that balance is achieved 
on those confounders by proxy in the subset can mitigate concerns 
about unmeasured confounding.40 If differences remain between 
treatment groups, the amount of imbalance can inform formal sen-
sitivity analyses that evaluate the potential impact of unmeasured 
confounders on study conclusions.41 Evaluating the variability of 
findings across multiple databases can also be helpful for establish-
ing reliability, and it is especially important in the context of an 
external control group, because a well- chosen control group that 
is a good match for the treated patients should vary little across 
databases or should vary only in ways that are predictable given the 
measured prognostic factors.12

Relying on RWE for regulatory decisions also requires measures 
to ensure that analyses are completed and reported accurately. 
There have been several recent initiatives aimed at improving 
transparency in reporting of RWE database studies by encour-
aging standardized and comprehensive reporting of design and 
analytic choices.42,43 RWD analyses can further be enhanced by 
using a software developed specifically for RWD.44–46 Such soft-
ware can reduce human error that can occur when programming 
code is written de novo for specific analyses, encourage good de-
sign by prohibiting designs that are known to lead to bias, increase 
transparency by clearly documenting design and analysis choices 
in human- readable language rather than statistical programming 
code alone, and store audit trails of all analyses done, ensuring that 
reported analyses have not been cherry- picked based on results that 
agree with the sponsor’s goals.

A STRUCTURED PROCESS FOR USING RWD TO SUPPORT 
DRUG REGULATION
RCTs are a trusted source of evidence in drug regulation not 
only because randomization allays concerns about confounding 
but also because there is a strong and well- understood process 
in place at the FDA, the European Medicines Agency, and other 
regulatory agencies for how RCTs can be designed and imple-
mented in a way that facilitates regulatory decision making, 
accompanied by several decades’ experience in translating the 
results from these studies into decisions. Although postmarket 
RWD has been used to evaluate medication safety, the use of 
healthcare database analyses to potentially support product 
effectiveness and approval is a relatively new concept. In addi-
tion, as noted in the previous section, there are many clinical 
scenarios that are unlikely to result in a successful RWD analy-
sis. Therefore, study sponsors will require guidance on deciding 
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when to conduct an RWD analysis vs. when to make the in-
vestment in an RCT and how to structure design and analysis 
activities. We propose one template that could be considered for 
this process, summarized in Figure 4.

The proposed process incorporates the suggestions for when 
and how to do RWD analyses from Figure 2 into a structured 
process of elimination (blue box in Figure 4) with the default 
being an RCT with primary data collection. For example, if the 
outcomes or exposures are not measured in RWD, if there are no 
alternative treatments to use as a comparator so that placebo con-
trol is required, or if strong confounding is expected that will be 
unmeasured in RWD, then the study setting is inappropriate for 
RWD, and an RCT is required. If the study setting is believed to be 
amenable to an RWD analysis, then a specific RWD source must 
be selected and evaluated to determine whether the population and 
measures are sufficient to answer the question with high validity.

Assuming an appropriate database is available, the investigators 
can proceed with developing the protocol and statistical analysis 
plan, detailing selection of the study population, methods for con-
founding adjustment, and specification of primary vs. secondary 
analyses. After initial cohorts are extracted from the RWD, investi-
gators are encouraged to evaluate the statistical power expected in 
a comparative analysis given the observed number of events, com-
bining data from the two treatment groups, to ensure comparative 
results do not influence the decision to proceed. In addition, inves-
tigators should evaluate the level of covariate balance that can be 
achieved between treatment arms in the RWD without proceed-
ing to the analysis of outcome data. The check of covariate balance 
could provide a final decision point for regulators and investigators 
to determine whether the selected RWD source is capable of an-
swering the question of interest. At this point, if all parties agree 
that the RWD analysis is likely to result in actionable evidence, 
then the study protocol is registered and comparative analyses can 
subsequently be completed.

The study process further incorporates the need for registration 
of RWD analyses, transparent implementation of a study, complete 
reporting, and audit trails of every analysis conducted (gray box in 
Figure 4). The audit trail allows for regulators to verify that the 
recommended process sequence was respected and that compar-
ative results were not evaluated before the protocol was finalized 
and registered. This system would enable regulators to repeat the 
exact same study and change assumptions or definitions in the de-
sign and statistical analysis either through submission of data or by 
providing access to the data. When data belong to third parties, 
licensing agreements that enable sharing through data lakes and an-
alytics platforms may need to be drafted (orange box in Figure 4).

EMPIRICAL EVIDENCE ON THE REPRODUCIBILITY OF RWD 
ANALYSES
If the results of nonrandomized studies from healthcare databases 
are to be trusted, then they must be reported with enough trans-
parency that an independent group could replicate the results. 
Direct replicability the ability to exactly reproduce an analysis in 
a given dataset based on reporting of the methods without accom-
panying programming code(47), is distinct from reproducibility, 
which assumes programming code is available, as well as concep-
tual replicability, which is focused on whether findings replicate 
in a new experiment or new dataset.47,48 Direct replicability of 
RWD analyses is important, as it not only allows other investiga-
tors to independently verify the findings, but also ensures that de-
tails of the RWD analysis are reported completely such that other 
groups can appropriately judge the rigor and scientific merit of the 
design and analysis. In order to quantify the level of replicability 
of the published RWD literature, past work has attempted to rep-
licate 40 published studies using one healthcare claims database.44 
Although both treatment effects and baseline characteristics were 
typically similar between the original findings and the replica-
tions, there were some large differences (Figure 5). In addition, 

Figure 4 A structured process for implementation of real- world data (RWD) analyses for regulatory decision- making. *Feasibility analysis can 
include checking covariate balance after applying the chosen confounding adjustment strategy, checking statistical power, evaluating positive 
or negative control outcomes, and other analyses without evaluating the study outcomes in the two treatment groups. HTA, Health Technology 
Assessment; RCT, randomized controlled trial.
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several replications required some trial and error to find the cor-
rect specification that led to similar findings when the original 
publication did not report the specification sufficiently clearly. 
Replicability was generally better when the replication investiga-
tors had the original protocol available, as details that are often 
left out of a publication were clearly specified in the protocol, 
highlighting the need for additional reporting on implementation 
outside of published papers, which often have space constraints 
that prevent full reporting.

Although this study provided some data on the level of repli-
cability that can be expected in the current literature, it included 
a small and highly selected set of publications. The REPEAT ini-
tiative (www.repeatinitiative.org) seeks to extend these data by 
evaluating replicability more broadly across published RWD anal-
yses of medication effectiveness and safety. This initiative plans to 
assess 250 publications based on analyses of healthcare claims for 
completeness in reporting, of which 150 will be replicated. Moving 
forward, confidence in the findings of RWD analyses requires that 
at least some RWD analyses, particularly those with high-impact 
or important regulatory consequences, continue to be replicated. 
However, there is currently little incentive for replication activities, 
either by the original investigator or by other teams. Therefore, 
new strategies will be needed for encouraging replication of RWD 
analyses, which may include funding streams for replications, an 
independent global consortium of database analysts who work 
together to sample and replicate findings, or replication groups 
within regulatory agencies.

EMPIRICAL EVIDENCE ON THE VALIDITY OF RWD 
ANALYSES
Past assessments of RWD
Despite procedures to ensure careful design and implementa-
tion of high quality RWD analyses, many in the clinical re-
search community remain unpersuaded that a nonrandomized 
study, particularly one based on a healthcare database, can 
routinely match the results of an RCT asking a similar ques-
tion. The history of nonrandomized RWD analyses is full of 
high- profile failures, where findings from nonrandomized 
studies were overturned in subsequent RCTs. Although post hoc  
analyses sometimes reveal which specific design choice caused 

the misleading findings,36 many researchers and practicing 
physicians have come to believe that nonrandomized studies of 
treatment effects are categorically not valid and, therefore, not 
a source of information for treatment decision making. These 
failures are drowning out a more nuanced message that appro-
priately designed RWE studies have often aligned with the ev-
idence from RCTs. The field has strengthened considerably in 
the last 2 decades, as epidemiologists have consolidated knowl-
edge about when and how valid healthcare database studies 
can be conducted.26 Many of the biases found to plague earlier 
studies can now be avoided by adhering to principled design and 
analytic choices for RWD analysis (Figure 3).

Several systematic reviews have attempted to answer the ques-
tion as to whether RWD analyses can systematically match the 
results of well- controlled RCTs by comparing the results of pub-
lished nonrandomized and randomized studies of the same clin-
ical question.49 Nearly all of these reviews have found at least 
some large differences in estimated treatment effects between the 
two study types, but none of them attempted to understand why 
a specific study implementation failed or to remove those studies 
that had obvious known design flaws, such as immortal time bias. 
Therefore, these systematic reviews do not provide an accurate rep-
resentation of the agreement that could be achieved between RCTs 
and RWD analyses using current state- of- the- art methods.

New evidence on the validity of RWD analyses
Recent healthcare database studies that follow modern epide-
miologic principles could provide a new evidence base on the 
agreement between RWD analyses and RCTs (Figure 6). In the 
assessment of potentially harmful drug side effects, healthcare da-
tabase studies identified an increased risk of death following car-
diac surgery for patients treated with aprotinin,50 which was later 
confirmed in the Blood Conservation Using Antifibrinolytics in 
a Randomized Trial (BART) trial.51 A database study of tocili-
zumab in patients with rheumatoid arthritis supported the cardio-
vascular safety of this drug relative to alternative treatments,52 and 
another database study supported no difference in the combined 
cardiovascular safety of allopurinol vs. febuxostat for gout.53 Both 
findings were presented at scientific meetings prior to the presen-
tation of trial results, which confirmed those findings.54,55 Studies 

Figure 5 The ability to replicate real- world data (RWD) analyses is a foundational requirement for regulatory decision making. Reprinted with 
permission from Wang et al.44
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of treatment safety are sometimes considered to be more predict-
ably valid if there is little patient channeling into treatment groups 
based on concerns about a yet unknown adverse event.

In contrast, nonrandomized phase IV studies of beneficial treat-
ment effects that may support secondary approvals are considered 
more challenging, as physicians will make treatment decisions on 
the basis of disease severity and prognosis, leading to strong con-
founding by indication in many situations. However, even in the 
setting of effectiveness studies, there are recent encouraging exam-
ples of alignment (Figure 6). The findings of the Canagliflozin 
Cardiovascular Assessment Study (CANVAS) trial evaluating 
the effectiveness of canagliflozin for prevention of cardiovascular 
events were predicted by an RWE study presented months before 
the trial was completed, confirming the reduction in heart fail-
ure hospitalizations.56,57 The effectiveness of blinatumomab for 
the treatment of acute lymphoblastic leukemia was documented 
in a study that utilized data from a single-arm trial of blinatum-
omab vs. an external control group derived from RWD sources.58 
Analyses controlled for prognostic factors that may have differed 
between the blinatumomab arm and the external control group 
using weighting and propensity score methods. Study findings 
were later confirmed by the Blinatumomab Versus Standard of 
Care Chemotherapy in Patients With Relapsed or Refractory 
Acute Lymphoblastic Leukemia (ALL) (TOWER) trial.59

Using RWD to mimic the design of randomized trials and pre-
dict trial results prior to their release, as in the previous examples, 
provides important evidence that RWD can sometimes be used 
to support regulatory and treatment decision making. However, 

producing such examples requires identifying ongoing high- 
quality trials that are likely to be replicable in RWD. Therefore, 
there remain only a small number of these examples completed. To 
supplement this evidence base, some investigators have also begun 
to replicate published RCTs to identify whether RWD analyses 
can post hoc match the results of the RCT.

A retrospective example, mirroring the data availability in 2009 
when telmisartan received a secondary approval for the reduc-
tion of cardiovascular risk, showed that the Ongoing Telmisartan 
Alone and in Combination with Ramipril Global Endpoint Trial 
(ONTARGET) trial findings of noninferiority could have been 
generated from RWD at that time (Figure 6).37,60 As noninferior-
ity findings in database studies can be the consequence of measure-
ment error biasing results toward the null, the study also included 
an analysis confirming ramipril’s increased risk of angioedema to 
demonstrate “assay sensitivity” of the analysis.61 In addition, a com-
parison of dabigatran and warfarin that was designed to match the 
Randomized Evaluation of Long-Term Anticoagulation Therapy 
(RE-LY) trial replicated the effects sizes observed in the RCT.19,62 
All of these studies used new- user, active- comparator cohort de-
signs with extensive covariate adjustment via propensity score 
methods, following the guidance summarized in Figure 3.

Further building the evidence base for RWD
Given the potential uses of RWE for augmenting the information 
from RCTs in drug regulation and the growing list of RWD anal-
yses that have either predicted or post hoc matched the results from 
RCTs, how much confidence should physicians and patients have 

Figure 6 Seven examples of real- world data studies that followed recommendations in Figure 3 and matched the results of a randomized 
controlled trial (RCT). For each example, the study that was released first is shaded.
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in the results of such studies? How can the FDA translate these 
findings into standards for regulatory decision making? Just as a 
few anecdotes of failed database studies do not provide sufficient 
evidence to condemn all such studies, the examples of success-
ful studies provided here cannot ensure the validity of all future 
RWD studies. Two key issues need to be resolved through addi-
tional experience with RWE studies: How will we know from the 
outset with high confidence that an RWE study, after its comple-
tion, will provide us with a level of evidence that is acceptable for 
decision making? Among completed studies, how will we reliably 
identify high- accuracy RWEs and separate out low- quality RWEs 
in a time- efficient way?

A starting point is the consideration on when and how to use 
RWD analyses summarized in Figure 3. However, to better under-
stand how those criteria can guide decision makers, we now need 
a systematic evaluation of the ability of different RWD study de-
signs to consistently match the results of RCTs across a number 
of selected clinical questions. Comparing published RWD and 
RCT findings, accounting for methodological quality in the RWD 
implementation, provides one avenue of research. However, the 
published RWD studies may be subject to publication bias, where 
results may have gone unpublished, depending on the findings. In 
addition, published RWD studies often were not designed specif-
ically to match the design of RCTs and may instead intentionally 
include populations not included in the RCTs to evaluate the gen-
eralizability of the RCT findings.

An alternative approach is to prospectively design new RWD 
studies to match the design of a large sample of published RCTs. 
This approach avoids publication bias by prespecifying all RCTs 
that are being replicated, and it allows for studies to be designed 
to match the RCT as closely as possible. Creating new RWE stud-
ies also allows for extensive sensitivity analyses to identify whether 
alternative designs or analyses could have improved agreement be-
tween the RWE finding and the RCT finding. This type of study 
could, therefore, provide an empirical evidence basis capable of 
quantifying the level of confidence that can be assumed for high- 
quality RWD analyses using state- of- the- art methods across several 
clinical areas. The FDA has recently funded an initiative to do just 
that, focused on replicating at least 30 published RCTs in healthcare 
claims data (www.rctduplicate.org). This project will also inform 
future work focused on replicating ongoing RCTs with results not 
yet released to evaluate whether RWD analyses can a priori predict 
the results of RCTs. Based on this empirical evidence, the agency 
still has the unenviable task to produce guidance. What rate of repli-
cation in a specific therapeutic area is acceptable, and are there other 
measurable features related to the clinical and regulatory question 
or the data source that partly determine RWE replication success?

CONCLUSION
High- quality nonrandomized studies from healthcare databases 
may improve treatment decision making by patients and their 
providers by supplementing the evidence available from RCTs 
and other forms of RWE. If only a small proportion of postmar-
keting trials were replaced with nonrandomized studies from 
real- world healthcare databases, this change would translate 
into faster availability of relevant information to patients and 

providers using substantially fewer resources in terms of patients 
randomized, who could instead contribute to other research that 
requires randomization. Over time, enhanced curation of un-
structured secondary healthcare data as well as prospective data 
capture from registries and mobile technologies could also po-
tentially be leveraged to broaden the utility of existing secondary 
RWD. In this paper, we attempted to summarize major consid-
erations for building an evaluation framework that can reliably 
interpret and utilize evidence on therapeutics generated from 
nonrandomized RWE studies. These considerations include the 
key use cases, recommendations on when and how to conduct 
database studies, a process for implementation, and empirical ev-
idence on validity. Refining the science on these issues is crucial 
to meet the high standards demanded for regulatory approval.

Nonrandomized studies from RWE databases have many advan-
tages for use in regulatory decision making. The large size of many 
databases can often yield powerful analyses for even rare diseases 
or rare safety events. In addition, the patient populations derived 
from RWD reflect the wide spectrum of patients actually using the 
treatment in routine clinical care, including many patients who 
are unlikely to ever be studied in a clinical trial. However, these 
advantages are accompanied by several potential disadvantages, 
including lack of controlled and standardized measurements and 
lack of baseline randomization to control confounding resulting 
from treatment selection. Developing transparent and standard-
ized approaches for RWD analyses and an empirical evidence base 
that supports those approaches will allow regulators to balance 
these advantages and disadvantages in decision making.
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