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Case study: Feature selection In
Problem setting and model health Insurance payments
Interaction between a decision maker who specifies predictor f, Simulate realistic upcoding building on prior work to first generate
and organizations that can modify the reported features of the diagnosis codes In the absence of coding incentives, and then
individuals from x to x 4+ a at cost C(a) = a'Ha/2, where modify them to match the prevalence shift in MA (Kronick et al, 2025),
H e R < 0 is the cost matrix. - Policy proposal: remove top-ten intensely coded diagnoses
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