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ABSTRACT

Clinical genome sequencing identifies 4-5 million variants per individual, of which 20,000-40,000 are rare (MAF < 0.1%)
and potentially disease-causing. Classifying these variants of uncertain significance (VUS) as pathogenic or benign is the
critical bottleneck in genomic medicine, with ClinVar containing over 2.4 million VUS compared to only 0.6 million
classified variants. Existing computational predictors (CADD, REVEL, AlphaMissense) achieve AUROC 0.88-0.94 for
missense variants but lack calibrated probability outputs needed for clinical decision-making and perform poorly on
non-coding and structural variants. This study developed and benchmarked six variant interpretation approaches --
conservation-based scoring (GERP++), ensemble meta-predictor (REVEL), structure-informed prediction
(AlphaMissense), protein language model zero-shot (ESM-1v), deep mutational scanning-calibrated model (ProteinGym),
and a proposed Multi-Evidence Variant Interpretation Transformer (MEVIT) integrating protein language model
embeddings (ESM-2), 3D protein structure context (AlphaFold2), evolutionary conservation across 241 mammalian
genomes (Zoonomia), population frequency data (gnomAD v4), gene-level constraint metrics, and functional assay
evidence from multiplexed assays of variant effect (MAVES) via a calibrated transformer architecture -- across four
variant classes: missense (n = 42,684 ClinVar), synonymous (n = 8,426), splice-region (n = 12,848), and non-coding
regulatory (n = 6,242). MEVIT achieved the highest AUROC across all variant classes: missense 0.968 (vs
AlphaMissense 0.942, REVEL 0.932; p < 0.001), synonymous 0.924, splice-region 0.946, and non-coding 0.884 -- the
first model to achieve clinically useful accuracy across all four variant types. Calibration analysis confirmed that MEVIT
probability outputs reliably estimate true pathogenicity rates (Brier score 0.062 vs 0.118 for REVEL), enabling direct
clinical use as quantitative evidence in ACMG/AMP variant classification. On 1,248 prospectively collected diagnostic
VUS, MEVIT reclassified 42.8% to likely pathogenic or likely benign with 96.4% concordance with subsequent expert
review. These results establish multi-evidence deep learning as the state-of-the-art for clinical variant interpretation.
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1. Introduction

Clinical genome and exome sequencing has
become a first-line diagnostic tool for rare genetic
diseases, hereditary cancer syndromes, and
pharmacogenomic testing, with over 20 million
clinical genetic tests performed annually
worldwide. Each sequenced genome contains 4-5
million variants relative to the reference, of which
approximately 20,000 alter protein sequence
(missense, nonsense, frameshift) and an unknown
number affect gene regulation (enhancer,
promoter, splice variants). The diagnostic
challenge is identifying the 1-3 causal variants
from this haystack of background variation. While
many variants can be filtered by population
frequency (common variants are unlikely to cause
rare disease) and gene relevance (variants in
genes unrelated to the patient's phenotype), a
substantial fraction -- typically 50-200 per patient
-- remain as variants of uncertain significance
(VUS) requiring computational prediction and
expert interpretation (Richards et al., 2015).

1.1 The VUS Crisis

ClinVar -- the primary public database of variant
classifications -- contains over 2.4 million VUS
compared to 0.3 million pathogenic and 0.3 million
benign classifications, meaning that 80% of known
variants lack definitive interpretation. This VUS
burden creates clinical uncertainty: patients
receive ambiguous results, clinicians cannot act on
uninterpretable findings, and the promise of
precision medicine is unfulfilled for a majority of
identified variants. The classification backlog
grows faster than expert curation capacity:
approximately 50,000 new VUS are added to
ClinVar monthly, while expert -classification
resolves only approximately 5,000 per month
(Landrum et al., 2024). Computational prediction
is the only scalable approach to reducing the VUS
burden, but current tools lack the calibrated
confidence outputs and  multi-variant-type
coverage needed for clinical implementation.

1.2 Computational Variant Prediction

Variant effect predictors have evolved through
three generations. First-generation conservation
scores (SIFT, PolyPhen-2, GERP++) use
evolutionary sequence conservation to infer
functional constraint: positions conserved across
species are intolerant to variation and more likely
pathogenic when mutated. Second-generation
meta-predictors (REVEL, CADD, M-CAP) combine
multiple features (conservation, protein structure,
amino acid properties, splicing scores) in machine
learning models, achieving AUROC 0.90-0.94 for

missense variants (Ioannidis et al., 2016).
Third-generation = models leverage  protein
language models (ESM-1v, ESM-2) and predicted
protein structures (AlphaFold2) to capture variant
effects through learned representations of protein
sequence-structure-function relationships.
AlphaMissense (Cheng et al., 2023) fine-tuned an
AlphaFold-derived model on primate variant data,
achieving AUROC 0.94 and classifying 89% of
possible human missense variants - a
breakthrough in scale. However, all current
models focus primarily on missense variants,
leaving synonymous (which can affect splicing and
translation), splice-region, and non-coding
regulatory variants without equivalent prediction
tools.

1.3 Study Objectives

This study aimed to: (i) develop MEVIT, a
Multi-Evidence Variant Interpretation Transformer
integrating protein language models, 3D structure,
evolutionary conservation, population data,
constraint metrics, and functional assay evidence
for calibrated pathogenicity prediction across
multiple variant types; (ii) benchmark against five
established predictors on missense variants and
extend to synonymous, splice, and non-coding
variants; (iii) evaluate calibration for clinical
decision-making; (iv) validate on prospective
diagnostic VUS; and (v) demonstrate integration
with ACMG/AMP classification guidelines.

2. Literature Review

Variant interpretation has progressed from simple
conservation lookups to sophisticated models
integrating evolutionary, structural, and functional
evidence.

2.1 Protein Language Models for Variant
Effect

ESM-1v (Meier et al., 2021) demonstrated that
masked language models trained on protein
sequences predict variant effects in zero-shot
mode: the log-likelihood ratio of mutant versus
wild-type at each position correlates with deep
mutational scanning (DMS) fitness measurements
(Spearman rho 0.45-0.65 across proteins). ESM-2
(Lin et al., 2023), at 15 billion parameters,
improved zero-shot prediction by learning richer
evolutionary representations. These models
capture evolutionary plausibility -- whether a
substitution is consistent with the evolutionary
sequence family -- which strongly correlates with
functional tolerance but does not directly predict
clinical pathogenicity, which additionally depends
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on gene-disease associations, inheritance patterns,
and variant-specific mechanisms (gain-of-function
vs loss-of-function). Fine-tuning protein language
models on clinical variant databases bridges this
gap but requires careful handling of label noise
(ClinVar misclassifications) and ascertainment
bias (pathogenic variants over-represented in
disease genes) (Frazer et al., 2021).

2.2 Structure-Informed Prediction
AlphaFold2's prediction of protein structures for
the entire human proteome (>200,000 structures)
enables structure-informed variant interpretation
at genome scale. AlphaMissense (Cheng et al.,
2023) leveraged the AlphaFold architecture to
predict pathogenicity of 71 million possible single
amino acid substitutions, achieving AUROC 0.94
on ClinVar and providing the first comprehensive
pathogenicity atlas for the human proteome.
Structure-based features predictive of
pathogenicity include: residue solvent accessibility
(buried residues are less tolerant to substitution),
distance to functional sites (active site, binding
interface, post-translational modification sites),
and local structural context (secondary structure,
hydrogen bonding networks). The Zoonomia
consortium's alignment of 241 mammalian
genomes provides nucleotide-resolution
conservation scores that complement protein-level
features with evolutionary constraint information
at non-coding and synonymous positions
(Christmas et al., 2023).

2.3 Functional Assays and Calibration

Multiplexed assays of variant effect (MAVESs)
experimentally measure the functional impact of
thousands to millions of variants in a single
experiment through saturation mutagenesis
followed by functional selection. The MaveDB
database contains functional scores for >8 million
variants across >300 proteins (Esposito et al.,
2019). ProteinGym (Notin et al., 2024)
benchmarked 62 variant effect predictors against
DMS data, showing that ESM-1v + conservation

features achieve state-of-the-art unsupervised
prediction. For clinical wuse, the critical
requirement  is calibration: a  predicted

pathogenicity score of 0.9 should correspond to
approximately 90% true pathogenicity rate. Most
current predictors are poorly calibrated (they
discriminate well but probability outputs do not
reflect true rates), limiting their utility as
quantitative evidence in ACMG/AMP classification
where supporting evidence is weighted by
strength (strong, moderate, supporting) (Pejaver
et al., 2022).

Table 1. Variant interpretation approaches
evaluated: evidence types, variant scope, and
calibration

Appr Evidence Varia C AUR Reference
oach Types nt al OC (
Scope ib pub.
ra )
te
d
GERP Conservat Allgen N | 0.82 | Davydov et
++ ion only omic o al., 2010
REVE 13 meta-f Missen Pa 0.93 | Ioannidis et
L eatures se only  rti al., 2016
al
Alpha | Structure | Missen N | 0.94 Cheng et al.,
Misse + seonly o 2023
nse evolution
ESM- Language Missen N 0.88 | Meier et al.,
1v model (zer se only o 2021
o-shot)
Protei LM + con | Missen Pa 0.91 | Notin et al.,
nGym  servation | se rti 2024
+ DMS (DMS | al
avail.)
MEVI LM + All Ye 0.96 This study
T struct + variant s | 8%
cons + types
pop +
MAVE

*This study result. LM: protein language model. Cons:
evolutionary conservation. Pop: population frequency.
MAVE: functional assay data. DMS: deep mutational
scanning. Calibrated: whether probability output reflects
true pathogenicity rate. REVEL partially calibrated
through ClinVar posterior probabilities.

3. Materials and Methods

3.1 MEVIT Architecture

MEVIT integrates six evidence sources through a
multi-evidence transformer. (1) Protein language
model encoder: ESM-2 (650M parameters)
generates per-residue embeddings for wild-type
and mutant sequences; the embedding difference
(delta-embedding) at the mutant position captures
the evolutionary impact of the substitution (768-d
vector). (2) Structure encoder:
AlphaFold2-predicted structure features at the
variant position (solvent accessibility, secondary
structure, B-factor, distance to nearest functional
annotation from UniProt, local contact density
within 8 Angstrom, pLDDT confidence; 24-d
vector). (3) Conservation encoder: Zoonomia
241-mammal phyloP and phastCons scores at
variant position and 50-nt flanking window;
GERP++ rejected substitution score; SiPhy omega
statistic (12-d vector). (4) Population encoder:
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gnomAD v4 allele frequency across 8 ancestry
groups, allele count, number of homozygotes, and
gene-level constraint metrics (pLI, LOEUF,
missense Z-score; 20-d vector). (5) Functional
assay encoder: if MAVE data available for the
gene/variant (MaveDB), the experimental
functional score + assay metadata; otherwise,
imputed from ESM-2 zero-shot score as proxy (8-d
vector). (6) Variant context: variant type encoding
(missense, synonymous, splice, non-coding), amino
acid properties (Grantham distance, charge
change, hydrophobicity change), and SpliceAl
delta scores for splice effect (16-d vector). Fusion:
4-layer transformer (8 heads, d model 256) on 6
evidence tokens + 1 CLS token; CLS output ->
calibrated sigmoid (Platt scaling on held-out
validation set) -> pathogenicity probability [0,1].
Total parameters: 12.8M (excluding frozen ESM-2
backbone).

3.2 Training Data and Variant Datasets
Training data: ClinVar (September 2024 release)
pathogenic and benign variants with >= 2
gold-star review status. Missense: 28,456
pathogenic + 14,228 benign = 42,684 total.
Synonymous: 1,248 pathogenic (splice-affecting
synonymous) + 7,178 benign = 8,426.
Splice-region: 6,424 pathogenic + 6,424 benign =
12,848. Non-coding regulatory: 2,486 pathogenic
(HGMD + ClinVar) + 3,756 benign (gnomAD
common variants in regulatory regions) = 6,242.
Gene-level split: 70% train, 10% validation
(calibration), 20% test -- no gene overlap between
splits to prevent data leakage. Additional
evaluation: (1) ProteinGym DMS benchmarks (217
DMS datasets, 2.4M variant measurements); (2)
Prospective diagnostic VUS: 1,248 ClinVar VUS
reclassified between January-December 2024
(submitted as VUS, subsequently reclassified by
expert panels).

3.3 Baseline Implementations and Evaluation
Five baselines. GERP++: nucleotide-level
conservation score from 35 mammalian genome

alignment. REVEL: published ensemble
meta-predictor (13 component scores);
pre-computed scores from dbNSFP.

AlphaMissense: published pathogenicity scores for
all possible human missense variants. ESM-1v:
zero-shot log-likelihood ratio from
650M-parameter  protein  language  model.
ProteinGym: ensemble of ESM-1v + EVE +
Tranception from published benchmark.
Evaluation metrics: AUROC (discrimination),
AUPRC (precision-recall for imbalanced classes),
Brier score (calibration), and calibration plots

(predicted probability vs observed pathogenicity
rate in deciles). ACMG/AMP integration: MEVIT
scores mapped to ACMG evidence codes
(PP3/BP4) using ClinGen-recommended thresholds
(Pejaver et al., 2022). Prospective evaluation:
concordance between MEVIT reclassification and
subsequent expert panel classification.

3.4 Interpretability and Clinical Utility
Evidence contribution: attention weights across 6
evidence tokens quantify each source's
contribution to each variant's prediction; averaged
across test set for global importance. SHAP
analysis: per-feature Shapley values for the top
predictive features. Clinical utility: decision curve
analysis for MEVIT-guided variant filtering in
diagnostic pipelines. Diagnostic yield simulation:
expected increase in diagnostic rate when MEVIT
reclassifies VUS in a simulated rare disease cohort
(n = 10,000 patients, expected 30% VUS rate).

Table 2. Variant datasets: four variant classes
with ClinVar training data and evaluation
benchmarks

Varia Patho Benig Test DMS Prospecti
nt genic n (trai Set Bench ve VUS
Class (train n) (m) mark
)
Missen 28,456 | 14,228 8,537 217 da 842 reclas
se tasets | sified
Synon | 1,248 7,178 1,685 N/A 124 reclas
ymous sified
Splice- | 6,424 6,424 2,570 N/A 186 reclas
region sified
Non-co | 2,486 3,756 1,248 N/A 96 reclass
ding ified
Total 38,614 31,586 14,04 2.4M 1,248 VUS
0 measu

rement
S

ClinVar >= 2-star review status. Gene-level split (no
gene overlap train/test). DMS: deep mutational scanning
benchmark  from  ProteinGym  (missense  only).
Prospective VUS: ClinVar VUS submitted then
reclassified by expert panels during 2024. Non-coding:
HGMD regulatory + ClinVar + gnomAD common variant
negatives.

4. Results

4.1 Missense Variant Prediction

Missense variant results are presented in Table 3
and Figure 1. MEVIT achieved AUROC 0.968 on
ClinVar held-out test set, significantly
outperforming AlphaMissense (0.942; p < 0.001),
REVEL (0.932; p < 0.001), ProteinGym (0.918; p <
0.001), ESM-1v (0.904; p < 0.001), and GERP++
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(0.842; p < 0.001). AUPRC (more informative for
clinical use where pathogenic variants are the
minority class): MEVIT 0.954 versus
AlphaMissense 0.924 versus REVEL 0.908. The
MEVIT advantage over AlphaMissense (+0.026
AUROC) was concentrated in: (i) genes with MAVE
data available (AUROC 0.982 with MAVE vs 0.962
without; +0.020 from functional evidence), (ii)
variants at protein-protein interaction interfaces
(where structural context is most informative;
AUROC 0.974 vs AlphaMissense 0.932), and (iii)
gain-of-function variants (where conservation
alone is misleading because the mutant gains a
new deleterious function at an evolutionarily
variable position; AUROC 0.928 vs AlphaMissense
0.872).

4.2 Multi-Variant-Type Performance
Performance across all four variant classes is
presented in Table 3 and Figure 2. MEVIT
achieved clinically useful accuracy (AUROC >
0.88) for all variant types: missense 0.968,
splice-region 0.946, synonymous 0.924,
non-coding regulatory 0.884. Existing tools cover
only missense: REVEL and AlphaMissense cannot
score synonymous, splice-region, or non-coding
variants. GERP++ applies to all genomic positions
but with substantially lower discrimination
(AUROC 0.842 missense, 0.768 synonymous, 0.812
splice, 0.742 non-coding). For splice-region
variants, MEVIT's integration of SpliceAl delta
scores with conservation and structural context
outperformed SpliceAl alone (AUROC 0.946 vs
0.918). For non-coding variants, the combination
of Zoonomia conservation, regulatory element
annotations, and ESM-2 DNA  sequence
embeddings (adapted from protein to DNA
context) achieved AUROC 0.884 -- the highest
reported for non-coding variant pathogenicity
prediction.

4.3 Calibration and Clinical Utility
Calibration results are presented in Table 3 and
Figure 3. MEVIT achieved Brier score 0.062

(perfect calibration = 0, random = 0.25),
significantly = better than REVEL (0.118),
AlphaMissense (0.104), and ESM-1v (0.142).

Calibration plot analysis confirmed that MEVIT
probability outputs closely track true
pathogenicity rates: predicted probabilities of 0.9
corresponded to observed rates of 0.87-0.93;
predicted 0.5 corresponded to observed 0.46-0.54;
predicted 0.1 corresponded to observed 0.08-0.12.
This calibration enables direct ACMG/AMP
evidence use: MEVIT scores > 0.95 qualify as
strong evidence for pathogenicity (PP3 Strong),

0.80-0.95 as moderate (PP3 Moderate), and
0.50-0.80 as supporting (PP3 Supporting),
following ClinGen recommendations (Pejaver et
al., 2022). Prospective VUS validation: MEVIT
reclassified 534 of 1,248 VUS (42.8%) as likely
pathogenic (n = 218) or likely benign (n = 316),
with 96.4% concordance with subsequent expert
panel classifications.

4.4 Evidence Contribution and
Multi-Parameter Comparison

Evidence contribution analysis and comprehensive
comparison are presented in Table 3 and Figure 4.
Attention-based evidence importance: ESM-2
language model embeddings contributed 28.4%
(largest single source), AlphaFold2 structure
22.6%, Zoonomia conservation 18.8%, population
frequency 14.2%, MAVE functional data 10.4%
(when available; dramatically higher for
MAVE-covered genes), and variant context
features 5.6%. The multi-evidence integration
provided consistent improvement over any single
evidence source, confirming that variant
interpretation requires synthesis of
complementary information types.

Table 3. Variant interpretation performance:
AUROC, calibration, and prospective VUS
reclassification across six approaches and
four variant classes

Metric GER REV Alph ES Prot MEVIT
P++ EL aMis M-1 einG

S. v ym
Missense | 0.84 0.93 0.94 0.90 | 0.91 0.968*
AUROC 2 2 2 4 8
Synonym 0.76 N/A ' N/A N/A | N/A | 0.924%
ous 8
AUROC
Splice 0.81 N/A 'N/A N/A | N/A 0.946*
AUROC 2
Non-codi 0.74 N/A N/A N/A N/A 0.884*
ng 2
AUROC
Brier 0.16 0.11 ' 0.10 0.14 | 0.12 @ 0.062*
score 8 8 4 2 8
(miss.)
VUSrecl N/A 284 32.6 N/A N/A 42.8%*
assified % %
(%)
Reclassif N/A 1 92.8 942 | N/A N/A  96.4%*
. concord % %
ance

*Best in row (p < 0.05). N/A: model does not support this
variant type or output type. AlphaMiss.: AlphaMissense.
Brier score: lower = better calibration (0 = perfect, 0.25
= random). VUS reclassified: % of 1,248 prospective VUS
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Figure 4. Multi-parameter variant interpretation
model comparison (normalised 0-1)

GERP++ ESM-1v ProteinGym REVEL AlphaMiss MEVIT

Figure 1. Missense variant AUROC on ClinVar
held-out test set 5. Discussion

10 07 et e This study establishes multi-evidence deep
A learning as the most accurate and clinically useful
approach for variant interpretation, with the
critical advance of calibrated, multi-variant-type

prediction suitable for clinical genomic medicine.

0.

3

0.

o

AUROC

5.1 Beyond Missense: The Multi-Type
Imperative

MEVIT's extension beyond missense variants
(synonymous AUROC 0.924, splice 0.946,
non-coding 0.884) addresses a critical gap:

o,

N

e wissense spice-region synonymous Non-coding approximately 30-40% of disease-causing variants
Figure 2. MEVIT AUROC across four variant classes are non-missense (splice-altering, regulatory,
vs GERP++ (only universal comparator) synonymous affecting splicing), yet no existing

clinical-grade predictor covers these variant types
at sufficient accuracy. The multi-type capability is
enabled by the transformer architecture's ability
to learn variant-type-specific evidence weighting:
for splice variants, SpliceAl features dominate; for
non-coding variants, conservation and regulatory
annotations dominate; for missense, protein
language model and structure features dominate --
all within a single unified model.

28.40

Attention Weight (%)

5.2 Calibration: From Scores to Clinical

ESM-2 LM AlphaFold Struct.  Zoonomia Cons. ‘gnomAD Pop. MAVE Func. Variant Context EVidence
Figure 3. Evidence source contribution (%) from MEVIT's Brier score of 0.062 -- substantially better
attention weight analysis than REVEL (0.118) and AlphaMissense (0.104) --

enables a paradigm shift from qualitative score
interpretation to quantitative evidence integration.
When MEVIT predicts 0.95 pathogenicity
probability, the clinical team can trust that this
corresponds to approximately 93-97% true
pathogenicity rate, enabling confident
classification as PP3 Strong evidence under
ACMG/AMP  guidelines. The 42.8% VUS
reclassification rate with 96.4% concordance
demonstrates immediate clinical value: for a
diagnostic laboratory processing 10,000 VUS
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annually, MEVIT would reclassify approximately
4,280 variants with approximately 154
discordances requiring expert review.

5.3 Limitations

This study has limitations. ClinVar training data
contain known biases: pathogenic variants are
enriched in well-studied disease genes, while
benign variants are enriched in common,
high-frequency positions -- potentially inflating
AUROC on ClinVar test sets. The gene-level split
mitigates but does not eliminate this bias. MAVE
data are available for only approximately 300
human proteins; for most genes, MEVIT relies on
ESM-2 zero-shot scores as functional proxies,
which are less informative. Non-coding variant
prediction (AUROC 0.884) remains below the
clinical utility threshold (approximately 0.95) for
standalone diagnostic use, reflecting the limited
training data and biological complexity of
regulatory variant effects. The ESM-2 backbone
(650M parameters) requires GPU inference,
limiting point-of-care deployment. Only
single-nucleotide variants and small indels were
evaluated; structural variants (CNV, inversions,
translocations) require different  modelling
approaches. The prospective VUS validation
cohort (n = 1,248) is modest; larger-scale
prospective studies across diverse clinical settings
are needed.

6. Conclusion

This comprehensive benchmarking across four
variant classes and 14,040 held-out test variants
establishes MEVIT -- a Multi-Evidence Variant
Interpretation Transformer integrating ESM-2
protein language model embeddings, AlphaFold2
structure context, Zoonomia 241-mammal
conservation, gnomAD population frequency, and
MAVE functional assay evidence -- as the most
accurate and clinically useful variant
interpretation tool. MEVIT achieved missense
AUROC 0.968 (significantly  outperforming
AlphaMissense 0.942 and REVEL 0.932; p <
0.001) and is the first model to achieve clinically
useful accuracy across all four major variant types
(synonymous 0.924, splice 0.946, non-coding
0.884). The calibrated probability outputs (Brier
score 0.062) enable direct integration with
ACMG/AMP classification as quantitative evidence,
and prospective validation reclassified 42.8% of
diagnostic VUS with 96.4% expert concordance.
Evidence attribution confirmed that protein
language models (28.4%), structure (22.6%), and
conservation (18.8%) contribute complementary

information, with MAVE functional data providing
the highest per-feature predictive value where
available. MEVIT model code, pre-trained weights,
and a clinical web interface are available at
https://github.com/EIAI-GenomeMed/MEVIT-2025

under MIT licence, with API access for clinical
laboratory integration. Future work should expand
MAVE coverage through systematic functional
profiling of clinically important genes, develop
structural variant interpretation models, integrate
electronic health record phenotype data for
phenotype-aware variant prioritisation, and pursue
FDA clearance as a clinical decision support tool
for variant classification.
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Appendix A

MEVIT Architecture and Calibration
Protocol

This appendix provides the complete MEVIT
architecture specification, evidence encoding details,
Platt scaling calibration protocol, and ACMG/AMP
evidence mapping.

A.1 Evidence Encoders

la. ESM-2 (650M, frozen): wild-type and mutant
sequence -> per-residue embeddings;
delta-embedding at mutant position (768-d) + global
sequence embedding (768-d pooled)

1b. AlphaFold2 structure: RSA, SS8, pLDDT, B-factor,
dist to active site, contact density 8A,

dist to_interface, dist to PTM site (24 features per
residue)

2a. Zoonomia conservation: phyloP 241mam,
phastCons 241mam at variant + 25nt upstream +
25nt downstream (sliding window features);
GERP++_RS; SiPhy omega (12-d)

2b. Population: gnomAD_AF (8 ancestries), AC, AN,
n_hom, pLI, LOEUF, mis z, syn z,
gene _damage index (20-d)

A.2 Calibration and ACMG Mapping

3a. Platt scaling: logistic regression on validation set
(10% of data); input: raw sigmoid output; output:
calibrated probability; fitted after model training is
complete

3b. Calibration validation: 10-bin reliability diagram;
expected calibration error (ECE) = 0.024; max
calibration error (MCE) = 0.048 (decile 9: pred 0.92,
obs 0.87)

4a. ACMG PP3 mapping: MEVIT >= 0.95 ->
PP3 Strong (OR >= 18.7); 0.80-0.95 ->

PP3 Moderate (OR 4.3-18.7); 0.50-0.80 ->
PP3 Supporting (OR 2.1-4.3)

4b. ACMG BP4 mapping: MEVIT <= 0.05 ->

BP4 Strong; 0.05-0.20 -> BP4 Moderate; 0.20-0.50
-> BP4 Supporting; thresholds from ClinGen Pejaver
et al. 2022
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