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Why Try to Emulate Trials at All?
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• Goal is not to show that it is possible to get the same answer

• Emulation efforts help us understand when it is possible to replicate findings from the target trial and 

when it is not.  We learn more from the failures than the successes!

• However, there are spillover effects when emulation is successful—loosening the inclusion/exclusion 

criteria of the index trial to examine treatment effect estimates in the broader population treated in 

actual clinical practice.



Most Trials Can’t Be Emulated with RWD
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Emulation Starts with Defining the Target Trial



1. Active comparator, same treatment 

modality

2. New users 

3. High-dimensional proxy 

adjustment

4. Control for medication exposure

5. Avoiding design flaws:

a. reverse causation

b. adjustment for causal 

intermediaries

c. immortal time bias

d. depletion of susceptibles

We’ve learned a lot about how to do comparisons 
correctly
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Design Trumps Statistics!
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FOR OBJECTIVE CAUSAL INFERENCE, DESIGN TRUMPS ANALYSIS1

BY DONALD B. RUBIN

Harvard University

For obtaining causal inferences that are objective, and therefore have the best chance of revealing scientific truths,

carefully designed and executed randomized experiments are generally considered to be the gold standard.

Observational studies, in contrast, are generally fraught with problems that compromise any claim for objectivity of the

resulting causal inferences. The thesis here is that observational studies have to be carefully designed to ap- proximate

randomized experiments, in particular, without examining any final outcome data. Often a candidate data set will have

to be rejected as inadequate because of lack of data on key covariates, or because of lack of overlap in the distributions

of key covariates between treatment and control groups, often revealed by careful propensity score analyses.

Sometimes the template for the approximating randomized experiment will have to be altered, and the use of principal

stratification can be helpful in doing this. These issues are discussed and illustrated using the framework of potential

outcomes to define causal effects, which greatly clarifies critical issues.

http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/08-AOAS187
http://www.imstat.org/
%255Cl%20%2522bookmark0%2522


OPERAND

• Study Objective: 

• (1) to better understand sources of variability in treatment effect estimates from observational health 

care data through comparisons with RCTs 

• (2) to examine heterogeneity in treatment effect estimates as the inclusion/exclusion criteria of the 

RCTs are relaxed to reflect the real world patient population
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OPERAND Overview

Teams and 

Approach

Two research teams independently attempt to emulate the 

same two trials:

1. ROCKET AF

2. LEAD-2 Diabetes

Data OptumLabs Data Warehouse. (1) claims data alone and (2) 

claims plus EMR. Initial analyses restricted to 

inclusion/exclusion criteria of the trials.  Followed by 

relaxation of inclusion/exclusion criteria but within approved 

indication

Approach 1. Each team used study design documentation provided in 

the original pivotal publications of the trial results. 2. Given a 

prescribed set of methods. 3. Allowed to use methods of 

their own choosing

Decision-making of 

researchers

Each team documented analytic decisions in research 

design
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Emulation Measures

• 1. Regulatory Agreement—statistically significant result with directional equivalence between RCT 

and observational estimate

• 2. Statistical Agreement—defined as the point estimate from the observational study falling within 

the 95% confidence interval of the ATE of the RCT using the reported standard errors of the RCT to 

define the confidence interval
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Findings from OPERAND

• Despite having access to the same RCT documentation and the same OptumLabs data, the two 

research teams identified somewhat different study cohorts, used different statistical methods but, 

ultimately, came to similar conclusions of concordance with the target trials.

• This reflected more than just differences in operationalizing RCT inclusion/exclusion criteria and 

was related to differences in their interpretation of the emulation exercise itself. For example, the 

endpoint for the LEAD-2 diabetes trial was change in HbA1c.  As a result, one team identified a 

study cohort requiring baseline and follow-up HbA1c levels. The other team, using the target trial 

emulation framework assumed that the target trial would have no missing HbA1c data. As a result 

they required only baseline HbA1c levels and dealt with missing values using inverse probability 

weights.

• This illustrates how researcher decision making can influence study design and statistical methods. 

In this case, two experienced research teams used appropriate methods. But in the broader world 

of observational studies, researcher decision-making can lead to selection of poor researcher 

design and statistical methods.

11



What Have We Learned From Clinical Trials Emulation Efforts?

▪ In emulation efforts, the target trial is defined by the RCT being emulated.

▪ Several emulation efforts have shown that it is possible to estimate similar treatment effects with 

observational data—at least in certain disease areas. Although rarely done in emulation efforts, 

relaxing the inclusion and exclusion criteria of the target trial enables treatment effect estimates 

to be obtained for patients treated in routine care.

▪ Most RCTs cannot be emulated because of complex treatment regimens and/or clinical 

inclusion/exclusion criteria that cannot be emulated with available observational data. However, 

when the data are available, emulations using strong research design and statistical methods 

have shown that it is possible to estimate similar treatment effects with RCTs and observational 

studies.

▪ It is reasonable to expect that the data necessary to emulate economic target trials is generally 

available in observational data such as claims. As a result, such studies should usually produce 

reliable results even when there is no actual trial to emulate, as long as they use appropriate 

research design and statistical methods.
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What Have We Learned (continued)

▪ Variability in researcher decision-making is understudied. In OPERAND we found evidence of 

variability between two experienced research teams even though the emulation exercise was 

highly structured and used a common dataset.

▪ It is reasonable to assume some variability in decision-making on design and statistical methods 

by experienced researchers. This is unlikely to undermine the reliability of study results as long 

as appropriate designs and methods are used.

▪ However, there is wide variance in the quality of observational studies in general. It is important 

to recognize that, ultimately, this is driven by researcher decision making about data, research 

design, and statistical methods.

▪ Additional efforts on fit-for-purpose data, provision of harmonized research protocols, and other 

efforts are needed to reduce inappropriate decision-making by inexperienced researchers.
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