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B Background

Alongside great opportunities, great precaution should be taken regarding the possible sensitive nature of medical data and related privacy
concerns. Synthetic data are artificial data that mimic the original data in terms of statistical properties. As such, synthetic data might be able
to replace the original data in statistical analysis, while preserving the privacy of the individual members of the original dataset.
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We use 2 von Mises expansions to study the difference between 6(5B,,) and 1. SE of estimators converge at approximately root-n rates.

6(P). We show that this reduces to: 2. Results in empirical coverage levels for the 95% CI

that in most cases approximate the nominal level.
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implementation depends on the EIC.

Example for the population mean with @(0,P) = 0 — 6(P)
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