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Suppose we re-sampled polls & got new data
* |f conclusions are very different, result is non-robust

* How to check? Bayesian uncertainty need not capture
frequentist sampling uncertainty; bootstrap too slow. We
1 show infinitesimal jackknife is fast, accurate, automatic
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PP F(X) p(HIX)[g( )

e Approximate posterior mean with the MAP (no MCMC)
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