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Motivation Building block: Growth-rate optimal e-values Simulation Experiments
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E-power against H, : Y <; X.
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To test the intersection null Hy, we can take mixtures over

the prob. that Y exceeds z is no more  °*

than the prob. that X exceeds z. — et multiple test thresholds Z, € R at each time t.
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where Hy(z) = {P : P(X <z) S P(Y £ 2)}. t— 00 Data: Every paired at-bat outcome against MLB pitcher Blake Snell,

from 2016 to 2025 (regular seasons).



