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Introduction Objectives

The Missing Piece: VEP benchmarking is structurally incomplete. It heavily
prioritizes folded domains, largely ignoring Intrinsically Disordered Regions
(IDRs) that comprise half the human proteome.'*>

Distinct Biology: IDRs drive critical cellular functions via Short Linear Motifs w\
(SLiMs) and Liquid-Liquid Phase Separation (LLPS). Their sequence IDPs LLPS PP| Network Short Linear Motifs
constraints are highly diverse, ranging from strict local conservation to broader

molecular grammar.’

Assess Structural Bias: Evaluate VEP performance in IDRs to trace predictive

ClinVar Mutated Positions gaps back to the severe lack of IDRs 1n clinical and experimental data.
The Clinical Bias: Clinical databases are severely skewed. IDR mutations are Pathogenic Uncertain Bamign o . , ,
rarely annotated as pathogenic; instead, they are overwhelmingly classified as Understand Predlctl.v.e Success: Deteqnme It VEP accuracy m [DRs relies on
VUS or benion. creatine a massive diaenostic blindspot.2+° 8.0% the successful recognition of local functional contexts (e.g., SLiMs).
gn, g g pot. (2957) 35.2%
(270.4K) 41.7% 52.3% : :
The Experimental Challenge: To bypass clinical limits, the field increasingly 64.8% (28.8K) /" (31.6K) Characterize Mutational Landscapes: Analyze MAVE data to contrast
relies on MAVEs. However, it remains unexplored whether these foundational 92,09'5 (498.7K) mutation distributions 1n folded vs. disordered regions, quantifying localized
: ) (33.9K

experimental datasets inherently share the same structural bias against IDRs.* functional clustering.

Results

1. Structural & Dataset-Specific Biases

Global Underperformance The Overfitting Problem
VEPs show significantly reduced accuracy in IDRs compared to ordered regions, a bias evident across both ClinVar  High inter-predictor correlation on known ClinVar variants collapses when applied proteome-wide to IDRs. Current VEPs
classifications and deep mutational scanning (DMS) correlations. overfit to folded-domain-heavy data, poorly modeling IDR functionality.
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2. The Functional Signal in the “Noise”
Pathogenicity in IDRs Local Context Matters Capturing Motifs
Global metrics mask critical performance differences. Top-tier models succeed in Functional motifs in IDRs are conserved as i1solated evolutionary islands.
IDRs by distinguishing functional sites from the non-functional background, Superior VEPs effectively detect this localized constraint, producing sharp,
IDR relying on local evolutionary constraints. “island-like pathogenicity ” patterns in the sequence.
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3. MAVESs Reveal Structural Bias and Pathogenic Clustering
Analyzed Experiments Position Sensitivity LoF Clustering of Mixed Experiments GoF Clustering of Mixed Experiments
Experimental Structural Bias (G2P) (LoF = -1, GoF = 1.5) (Z = -1, Min Pos= 3, n=28) (Z = 1.5, Min Pos= 3, n=18)
MAVE experiments predominantly target structured domains. Filtering 60 53 &
for robust IDR coverage leaves a severely limited dataset, exposing a g=Gnl < 100 bl Lk " N=33:801 § : 40
massive experimental blindspot. € 600 = S 2
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Within the available experimental landscape, intrinsically disordered . o = 20 =
regions exhibit a higher relative proportion of Gain-of-Function & g 40 85.4% 82.1% 84.9% 'FE, 20
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SLiMs), directly mirroring the predictive peak signals captured by 00\6
top-tier VEPs.
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