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Objectives

To describe the potential outcomes model (POM) as a framework for
comparing the features and applications of three causal study designs that
are commonly used to measure the effects of healthcare interventions on
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Exhibit 4: Side-by-side comparison of causal study designs
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Methods

 Data Sources: Simulated data representing a randomized experiment and an
observational study with the same observable mean difference in outcomes
(SDO) (Exhibits 1 and 2).
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‘E” represents expected outcomes; Y and YO represent counterfactual outcomes in treated and untreated
states; D is dichotomous indicator of treatment (O represents not treated, 1 represents treated) exposure;
p is the probability of treatment and is equal to 0.5 in both datasets.
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