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Figure 1. Graphical Model in Decentralized Studies.
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— We leverage Federated Learning to learn more accurately the ATE. Large regime Small regime Conclusion

RCT vs. Observational settings We provide practical gu?dance on th.e advantages of us?ng Federated gsﬁmators VS. Meta estimators in both RCTs
and Observational studies, accounting for heterogeneity across studies (in populations, treatment schemes and

study-effects) which data is decentralized.

RCT: W; | Hi=k ~ B(pr) — Linearly-adjusted
G-Formulas are unbiased + variance reduction compared Observational: W, | H;=k ~ B (ex(X;))
to Difference-in-Means, even if linearity is misspecified.

Soon: generalization of the ATE and Conditional ATE estimation in decentralized settings.
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