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Figure S15: Analysis of Insulin Receptor Binding Campaign
A) Insulin Receptor binders are well-predicted by AF2. Yellow/orange: target/hotspot residues;
gray: design model; purple: AF2 prediction. B) Insulin Receptor binders are expressed with high
yield, in line with the rest of the binder campaigns. C) SEC elution profiles indicate most Insulin
Receptor binders elute as monomers, in line with the rest of the binder campaigns.
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