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Soundness profiles show increased cross-experiment coherence:  normalized
scores shows higher correlation with DMS assays than before integration (C)

Integrated landscape separates synonymous, missense, and  nonsense variants
onto a common scale (D)

Core substitution matrix recapitulates classical stability  constraints:
hydrophobic→polar/charged strongly deleterious (A)

Surface residues show distinct electrostatic sensitivities,  consistent with
disruption of interaction interfaces (B)
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ESMRank: a Learn-to-Rank Approach for protein
variant effect prediction
Riccardo Arnese,  Gennaro Gambardella

MOTIVATION

Predicting protein mutation effects is
crucial for disease variant
interpretation and protein engineering

MAVEs provide large-scale data but
assay heterogeneity limits cross-
experiment comparability

KEY INSIGHTS

Relative ordering of variant effects
is more reproducible across assays
than absolute magnitudes

Partial overlap among independent
experiments encodes a transferable
ordinal signal.

OUR APPROACH

Variant soundness: overlap-aware integration
via Reciprocal Rank Fusion (RRF) allows assay-
agnostic mutational tolerance scoring

ESMRank: learn-to-rank model combining
ESM2 and biophysical descriptors, trained on
~2M variants from MAVEdb

INTRODUCTION
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CFTR CHARACTERIZATION
A

B

D

VariBench folding kinetics: ESMRank outperforms all competitors on both
folding (A) and unfolding (B) rate prediction (median ρ = 0.52 and 0.59).

ProteinGym stability leaderboard: ESMRank ranks first among all methods
(mean SCC = 0.63), including structure-based and MSA-based predictors,
using sequence alone (C).

Human Domainome benchmark: ESMRank achieves median ρ = 0.62,
significanlly outperforming  all other stability/fitness predictors. 

ESMRank scores mapped onto CFTR structure (E).
Intolerant regions (red) localize to transmembrane
helices and interdomain interfaces.

ESMRank correlates with (A) maturation efficiency (ρ =
0.56) and (B) basal channel function (ρ = 0.65) across
585 missense variants — without CFTR-specific training.

 Classification of therapeutically responsive variants:
ESMRank achieves AUC = 0.83 (D), outperforming
AlphaMissense, ThermoMPNN, and rSASA. Higher
ESMRank scores predict better response to modulator
therapy (ELX+TEZ+IVA).

Overlap-aware integration of 2M+ variants across 596 proteins recovers a coherent axis of mutational
constraint enriched for structural stability determinants
ESMRank achieves state-of-the-art on stability benchmarks from sequence alone, under strict
protein-level partitioning
Without clinical supervision, predicted constraint stratifies disease mechanisms (GOF→HI) and
predicts CFTR drug response (AUC = 0.83), linking sequence constraint to therapeutic tractability
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