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INTRODUCTION

MOTIVATION KEY INSIGHTS OUR APPROACH
e Predicting protein mutation effects is e Relative ordering of variant effects e Variant soundness: overlap-aware integration
crucial for disease variant IS more reproducible across assays via Reciprocal Rank Fusion (RRF) allows assay-
interpretation and protein engineering than absolute magnitudes agnostic mutational tolerance scoring
 MAVESs provide large-scale data but  Partial overlap among independent e ESMRank: learn-to-rank model combining
assay heterogeneity limits cross- experiments encodes a transferable ESM2 and biophysical descriptors, trained on
experiment comparability ordinal signal. ~2M variants from MAVEdb
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CFTR CHARACTERIZATION
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