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Estimating causal effects from randomized experiments is crucial in clinical research, and

enhancing the precision is a key goal for statisticians. Historical data from registries, prior

clinical trials, and health records offer a rich resource for understanding patient outcomes

under standard-of-care and should be leveraged to increase study power. However, many

existing methods using historical data trade off reduced variance for less stringent type-I-

error rate control. We presents a novel approach to leveraging historical data, specifically

focusing on covariate adjustment for generalized linear models (GLMs) to enhance the

efficiency of analyses without introducing bias. Our method involves training a prognostic

model using historical data and then estimating the marginal effect using the plug-in GLM

procedure proposed by Rosenblum & van der Laan 2009, while adjusting for the trial

subjects' predicted outcomes, known as their prognostic scores, within the linear predictor.

This extends the approach of Schuler 2021 beyond the linear model. Under certain

conditions, this prognostic score adjustment procedure achieves the minimum possible



variance among a broad class of estimators. Even when these conditions are not fulfilled,

prognostic score adjustment remains more efficient than raw covariate adjustment, with the

efficiency gains depending on the prognostic model's predictive accuracy beyond the linear

relationship with the raw covariates. We validate our approach through simulations and a

reanalysis of a trial conducted by Novo Nordisk A/S, demonstrating notable variance

reductions of the marginal effect estimate. Finally, we present a simplified formula for

asymptotic variance, facilitating power calculations that account for these efficiency gains.


