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® Penn & Patty

® How does the model account for probabilistic predictions?
® Algorithm says 0 = P(Ysucess = 1|signal) = 0.65
® Human says Youcess = 1(5 >05)=1
® The goal is perfect calibration?
® DPage 9 notes: the algorithm wants Pr(d; = s¢|0) = 05,
® This differs from accuracy and compliance
® Maybe helpful to clarify what s; and ¢ are in the four examples
® Kistner & Boris
® Why not modeling with more natural quantities?
® Sy = the prop. of legislators in the majority party supporting the bill
® Sr = the prop. of legislators across parties supporting the bill
® S, = the prop. of legislators IGs can “turn”?
® The model can make predictions directly?
o E-gv P( Ygate = 1) = ¢M:O‘5,U:O‘5(SM + SIG)
® Compare the prediction with relative frequency in the data
® Maybe helpful to formalize estimands, state assumptions, draw DAGs,

model other theories
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