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Notation and Theoretical Result Simulation Results (cont.)

Research Question: In adaptive enrichment trial designs, For a subject, define the following:
how do prognostic baseline variables and short-term out-
comes, accrual rate, and delayed outcomes impact trial
power, sample size and duration?

Figure: Impact of prognostic value on expected sample size (ESS), expected duration (ED).
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Null Hypotheses Denote by Ay, Ag, and Ag the average treatment - Rt and RQL‘W can be estimated empirically to predict the precision gain Future Research
effect in subpopulation 1, subpopulation 2, and the combined population, from covariate adjustment.
respectively. We test the following null hypotheses: . Available in R packace ltmle. - Extension to sequential decision time points. The theor
packag _ Y
Hy : Ay <0; Hp : Ay < 0; Hy : Ag < 0. and simulation results presented here are for traditional randomized
We simulate the trials under a) both Hy; and Hyy are true; b) only Hys is trials with a single intervention. When there are multiple time points

Simulation Setup of intervention (e.g., mHealth setting), how to properly adjust for

time-varying covariates and how much precision gain such adjustment
brings is ongoing research.

true; ¢) only Hy; is true; d) neither Hy; nor Hyy is true.

Figure: Example of a two-stage adaptive enrichment design. Our goal is to evaluate the performance of an adaptive enrichment design

with a delayed response when we vary the prognostic values in baseline
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Option 4 — Trial Table: Summary of simulation setup. Default value of parameter: R%V = 0.20, R? =0.48
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d; = 1 years, dy = 2 year, accrual rate 167 patients/year. Ranges of values x — y indicate
the design characteristic(s) varied in the corresponding simulation study.

(Image source: Michael Rosenblum’s short-sourse on Adaptive Enrichment Designs.
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Simulation Results
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Efficacy boundaries are calculated using the covariances of the test-statistics for each sim- Figure: Impact of accrual rate on expected sample size (ESS) and expected duration (ED).
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