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We present a simulation study investigating the performance of an approach for estimating
treatment effects in randomized clinical trials adjusting for a prognostic score, where a
prognostic model is obtained from within-study control treatment data. This method builds
on and extends the original Prognostic Covariate Adjustment (PROCOVA) methodology
qualified by the European Medicines Agency, which aims to enhance the efficiency of
estimating treatment effects by employing machine learning techniques to develop
prognostic scores that condense the prognostic information from multiple baseline
covariates. While PROCOVA utilizes data from historical trials, our approach focuses on
estimating prognostic models from within-study data. By using Random Forests and out-of-
bag predictions, we ensure that prognostic scores for each participant—including those in
the placebo arm—are derived from models trained on independent datasets, thus
mitigating biases related to model selection. This is especially beneficial in situations where
historical data is scarce, of insufficient quality, or when population characteristics have
shifted over time, compromising the prognostic model's suitability for new studies.

Our extensive simulations indicate that the within-study approach can enhance the
precision of treatment effect estimates without introducing bias or compromising the Type 1
error control across various scenarios, thereby supporting the usefulness of this method.
Although the historical study approach may offer greater benefits when prognostic factors
are consistent and historical databases are large, our within-study method demonstrates
superior performance when these factors differ, making it a robust alternative in diverse
clinical contexts.






