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Background = po(x; )
Signal = p1(x; 0)
Test Hp: A =0

Confidence interval for 6
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Can cause false positives and low power.
How to include this as part of the uncertainty? Very difficult.
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The mixture model is not identified if k is unrestricted.
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Estimate 0 over sideband. Semiparametric: p and g are
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or use optimal transport (morphing). See Tudor Manole's talk on
Wednesday for more on this.
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Maximum likelihood (Bayes) are not robust to model
misspecification.

One solution: use power divergence (Basu, Harris, Hjort and Jones
1998):
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Power Divergence

Minimize
S(v) = /po(x;v)”a - (1 + ;) iZPo(X: 7)*

a — 0 gives mle.

a > 0 much more robust.
a=1is Ly [(p—py)>

« T: robustness 1 and efficiency |
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e THE END



