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ARTICLE

ACMG/AMP interpretation of BRCA1 missense variants:
Structure-informed scores add evidence strength
granularity to the PP3/BP4 computational evidence

Lobna Ramadane-Morchadi,1 Nitsan Rotenberg,2,3 Ada Esteban-Sánchez,1 Cristina Fortuno,3

Alicia Gómez-Sanz,1 Matthew J. Varga,4 Adam Chamberlin,4 Marcy E. Richardson,4

Kyriaki Michailidou,5 Pedro Pérez-Segura,1 Amanda B. Spurdle,2,3 and Miguel de la Hoya1,*
Summary
Classification of missense variants is challenging. Lacking compelling clinical and/or functional data, ACMG/AMP lines of evidence are

restricted to PM2 (rarity code applied at supporting level) and PP3/BP4 (computational evidence based mostly on multiple-sequence-

alignment conservation tools). Currently, the ClinGen ENIGMA BRCA1/2 Variant Curation Expert Panel uses BayesDel to apply PP3/

BP4 to missense variants located in the BRCA1 RING/BRCT domains. The ACMG/AMP framework does not refer explicitly to protein

structure as a putative source of pathogenic/benign evidence. Here, we tested the value of incorporating structure-based evidence

such as relative solvent accessibility (RSA), folding stability (DDG), and/or AlphaMissense pathogenicity to the classification of

BRCA1 missense variants. We used MAVE functional scores as proxies for pathogenicity/benignity. We computed RSA and FoldX5.0

DDG predictions using as alternative input templates for either PDB files or AlphaFold2 models, and we retrieved pre-computed

AlphaMissense and BayesDel scores. We calculated likelihood ratios toward pathogenicity/benignity provided by the tools (individually

or combined). We performed a clinical validation of major findings using the large-scale BRIDGES case-control dataset. AlphaMissense

outperforms DDG and BayesDel, providing similar PP3/BP4 evidence strengths with lower rate of variants in the uninformative score

range. AlphaMissense combined with DDG increases evidence strength granularity. AlphaFold2 models perform well as input templates

for DDG predictions. Regardless of the tool, BP4 (but not PP3) is highly dependent on RSA, with benignity evidence provided only to

variants targeting buried or partially buried residues (RSA% 60%). Stratification by functional domain did not reveal major differences.

In brief, structure-based analysis improves PP3/BP4 assessment, uncovering a relevant role for RSA.
Introduction

The introduction of next-generation sequencing in the

clinical setting has revolutionized genetic diagnostics.

However, the identification of an ever-growing number

of genetic variants of uncertain significance (VUSs) pre-

sents a major challenge in the clinical interpretation of

the findings. For genes where loss-of-function is the

gene/disease association mechanism, most nonsense/

frameshift variants are readily annotated as pathogenic,

but assessment of missense changes is far more

complex.

Mounting evidence suggests that a high proportion of

missense changes have little or no effect on protein func-

tion, albeit some are severely damaging1 and, depending

on the specific gene, the ratio of tolerated/damaging

changes is very variable.2 Several studies have shown that

reduced thermodynamic stability is a major driver of path-

ogenicity for missense variants.1,3–6

Studies conducted in cancer susceptibility genes have

shown that missense variants predicted to be destabilizing

are likely non-functional.5,7,8 However, the reverse is not

necessarily true, as missense variants not disturbing stabil-

ity may still cause loss of function via other mechanisms,
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such as perturbing critical protein-protein or protein-

ligand interactions.9

Many computational algorithms predict Gibbs free en-

ergy changes (DDG) in protein folding (or protein interac-

tion) upon mutation, with FoldX10 outperforming others

in identifying pathogenic missense variants.11 Since FoldX

uses Protein Data Bank atomic coordinate (PDB) files as

input templates, the availability of experimental structures

might limit the ability of structure to provide evidence.

Recently, deep-learning algorithms have dramatically

improved the accuracy of structure predictions from

amino acid sequences, potentially expanding the clinical

application of DDG predictions to any protein of interest.

AlphaFold2 has demonstrated outstanding performance,

predicting the structure of protein globular domains with

an accuracy matching X-ray crystallography, nuclear mag-

netic resonance (NMR), or cryogenic electron microscopy

data.12,13 Assessment of AlphaFold2 models as templates

to evaluate protein structural features show results that

(for high-confidence predicted regions) consistently match

or surpass those obtained with experimental templates.14

Recently, Google DeepMind has developed AlphaMis-

sense, a machine-learning tool that utilizes the Alpha-

Fold2-based structural context to predict pathogenicity
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Figure 1. Summary of relevant structural, functional, and clinical annotations of the 1,867-aa BRCA1 protein
The Missense pathogenic variants track displays all BRCA1 missense changes (N ¼ 38) classified as pathogenic by the ClinGen ENIGMA
BRCA1/2 VCEP (last consulted August 22, 2024) (scale not preserved). Note that pathogenic missense variants cluster at the RING and
BRCT domains, with no pathogenic missense variants reported so far in other regions. The PP3/BP4/BP1 track summarizes ClinGen
ENIGMA BRCA1/2 VCEP rules to apply ACMG/AMP predictive evidence to BRCA1 missense changes. Depending on BayesDel-noAF
scores, PP3 (R0.28) or BP4 (%0.15) computational evidence is applied to missense variants targeting the RING, CC, or BRCT domains.
By contrast, PP3/BP4 is not applied to missense variants targeting other regions (mostly, disordered regions). Instead, the BP1_Strong
code is applied (regardless of computational predictions). The Domains/Motifs cartoon track represents BRCA1 conserved domains/mo-
tifs as defined by the ClinGen ENIGMA BRCA1/2 VCEP, with the RING and BRCT domains defined as clinically important functional
domains and the CC (coiled-coil) motif as potentially clinically important (note that the precise boundaries of these domains might
be slightly different according to other sources such as UniProt: P38398). The Key partners track shows BRCA1 key interacting proteins
BARD1 (interacting with the RING domain), PALB2 (interacting with the CC motif), Abraxas, BRIP1 (also known as BACH1), and CtIP
(the latter three interacting with the BRCT domains). The AlphaFold-disorder cartoon track represents BRCA1 disordered regions as
deduced from the AlphaFold-2 model AF-P38398-F1 (p.LDDT score <70). The AlphaFold2-models track displays the BRCA1/BARD1
RING heterodimer and BRCT-domain AlphaFold2 models generated for this study. The PDBs track shows ID, descriptive name, and
method for experimentally determined 3D structures used in this study.
for all human proteome missense variants.15 A study com-

paring predictions with data from multiplexed assays of

variant effect (MAVE) suggests that AlphaMissense outper-

forms existing multiple-sequence-alignment conservation

(meta-)predictors.16

ClinGen Variant Curation Expert Panel (VCEP) classifi-

cation using gene-level specifications of the American Col-

lege of Medical Genetics and Genomics/Association for

Molecular Pathology (ACMG/AMP) framework,17 a process

that has Food and Drug Administration (FDA) recognition,

is increasingly acknowledged as a gold standard for clinical

classification of germline variants in Mendelian disease

genes. Despite the comprehensiveness of the framework,

classification of rare missense variants remains chal-

lenging, and many variants remain VUSs after VCEP re-

view. In the absence of compelling clinical and/or func-

tional data, ACMG/AMP pathogenicity/benignity lines

of evidence are restricted to the absence/rarity code

PM2with strength level decreased by ClinGen to ‘‘support-

ing’’ (SVI recommendation for absence/rarity PM2 v.1.0,

available at https://clinicalgenome.org/working-groups/

sequence-variant-interpretation), and computational co-

des PP3/BP4, based mostly on multiple-sequence-align-
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ment conservation (meta-)predictors.18,19 Surprisingly,

the current ACMG/AMP framework does not refer explic-

itly to structural features as a putative source of patho-

genic/benign evidence and certainly does not incorporate

structure-based pathogenicity and/or benignity codes.

Currently, the ClinGen ENIGMA BRCA1 and BRCA2

VCEP20 uses scores generated by the meta-predictor

BayesDel21 to apply PP3/BP4 computational evidence to

BRCA1 missense variants located in the really interesting

new gene (RING), coiled-coil (CC), and BRCA1 C-terminal

(BRCT) domains (see Figure 1 for further details). Here, we

tested the value of incorporating structural features, based

on DDG predictions and/or AlphaMissense pathogenicity

scoring, for the ACMG/AMP classification of BRCA1

missense variants. Overall, we show that regardless of the

BRCA1 functional domain analyzed (RING or BRCT),

AlphaMissense outperforms BayesDel (PP3/BP4 moderate

evidence strength applied to more variants), DDG stratifies

AlphaMissense evidence strength, and relative solvent

accessibility (RSA) is a critical factor in evaluating the

PP3/BP4 computational evidence (PP3/BP4performingbet-

ter for buried/partially buried residues than for exposed res-

idues). In addition, our analysis suggests that regions other
, 2025
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Figure 2. AlphaMissense,DDGPDB,DDGAF, and BayesDel perfor-
mance at discriminating LoF and FUNC variants at the RING and
BRCT domains
The figure displays ROC plots and the corresponding auROC
value. Overall, AlphaMissense (AM) provides the best discrimina-
tion. DDGAF outperforms DDGPDB.
than the RING, CC, and BRCT domains might be function-

ally important.
Material and methods

Starting with a BRCA1MAVE experiment reporting RNA and func-

tional scores for 2,086 genetic variants annotated as missense,22

we generated a test cohort of 1,638 bona fide missense variants

(536 targeting RING and 1,102 targeting BRCT residues) with asso-

ciated functional data (MAVE dataset, see supplemental methods).

The MAVE dataset included 1,182 variants scoring functional

(FUNC, score > �0.748), 337 variants scoring non-functional

(LoF, score < �1.328), and 119 variants scoring intermediate

(INT, �1.328 < score < �0.748) (Table S1).

We predicted DDGwith FoldX5.010 and six web-based methods.

As input templates for FoldX5.0, we used experimental PDB files

(DDGPDB) and AlphaFold2 models (DDGAF) (see supplemental

methods for further details). All predicted DDG values (N ¼
14,742) are shown in Table S1.

RSAwas computedwith the psamodule of JOY.23 ComputedRSA

scores (N ¼ 1,638) are shown in Table S1. Variants were stratified

into those targeting buried (RSA < 30%), partially buried (30% %

RSA % 60%), and exposed (RSA > 60%) residues. BayesDel scores

(see Table S1) were retrieved from the database for non-synony-

mous SNPs’ functional predictions (dbNSFP) using the Ensembl

Variant Effect Predictor (https://www.ensembl.org/Tools/VEP).24

Pre-computed AlphaMissense scores (see Table S1) were retrieved

at console.cloud.google.com/storage/browser/dm_alphamissense.

Statistical analyses and graphical plots were performed using the

statistical software R and packages ggplot2 (https://ggplot2.tidy

verse.org), ROCR,25 and pROC.26 Statistical comparison of LoF,

FUNC, and INT distributions was performed with non-parametric
The Amer
Wilcoxon test with the R ggpubr package (https://rpkgs.datanovia.

com/ggpubr/). Differences between areas under the receiver-oper-

ating characteristics curve (auROCs) were assessed using the

roc.test function of pROC through 10,000 bootstraps.26 The

likelihood ratios toward pathogenicity or benignity provided

by different AlphaMissense, DDG, and BayesDel cutoff scores

were assessed using an R-based online tool set up to simplify likeli-

hood ratio (LR) calculations for bioinformatic prediction tool cat-

egories (gwiggins.shinyapps.io/lr_shiny). To transform LRs into

evidence strengths, we followed recommendations arising from

the Bayesian modeling of the ACMG/AMP rules.27 Accordingly,

log2 LRs rounded to 1, 2, and 4 (point scores) equate to ACMG/

AMP Supporting, Moderate, and Strong evidence strength, respec-

tively.28 Stratified LR analysis was used to assign evidence weights

to variants based on the combination of RSA, AlphaMissense, and

DDG (see supplemental methods for further details). Diagnostic

test evaluationwas performed online withMedCalc statistical soft-

ware (www.medcalc.org/calc).

We retrieved variant-level counts for 122 bona fidemissense var-

iants targeting the BRCA1 RING or BRCT domains from the Breast

Cancer After Diagnostic Gene Sequencing (BRIDGES) breast can-

cer association study29 (see supplemental methods).
Results

We have evaluated missense variants targeting the BRCA1

clinically relevant domains RING or BRCT and for which

MAVE functional data were available (Table S1). In total,

we have evaluated 1,638 missense variants (536 targeting

the RING domain and 1,102 targeting the BRCT domain)

with MAVE data indicating LoF (n ¼ 337), INT (n ¼ 119),

or FUNC (n ¼ 1,182). Stratification by functional domain

did not reveal differences, with variants demonstrating

impaired activity (LoF þ INT) representing 28% of the var-

iants in both domains. In contrast, stratification by RSA re-

vealed major differences, with impaired activity variants

representing 42% of the variants targeting buried residues

(n¼ 879), 16% of the variants targeting partially buried res-

idues (n ¼ 331), and 7% of the variants targeting exposed

residues (n ¼ 428). We observed this trend in both do-

mains, but it appearedmost striking in the subgroup of var-

iants targeting the BRCT domain. Table S2 and Figures S1A

and S1B summarize relevant features of the MAVE dataset

stratified by domain, RSA, functional category, or residue

subtype (within the RING domain).

Using PDB files as input templates (DDGPDB), FoldX5.0

predicted, on average, a strong destabilizing effect for

LoF variants (DDG ¼þ5.77 kcal/mol), a mild destabilizing

effect for FUNC variants (DDG ¼ þ0.64 kcal/mol), and

an intermediate destabilizing effect for INT variants

(DDG ¼ þ3.09 kcal/mol). Using AlphaFold2 models

(DDGAF), we observed similar results, with average desta-

bilizing impacts of þ6.55 kcal/mol for LoF, þ1.04 kcal/

mol for FUNC, and þ3.41 kcal/mol for INT variants.

DDGPDB (or DDGAF) stratification per domain or per RSA

suggested that the average destabilizing effect is higher

both for variants targeting RING residues and for variants

targeting buried residues (Table S2; Figures S2 and S3).
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Table 1. PP3/BP4 computational evidence based on AlphaMissense, DDGAF, DDGPDB, or BayesDel at different benignity and pathogenicity
cutoff thresholds

Benignity evidence (BP4)
No bioinformatic
code applicable

Pathogenicity evidence (PP3)

Threshold Evidence strength, log2 LR (95% CI) Threshold Evidence strength, log2 LR (95% CI)

AM %0.34a �4.603 (�5.535 to �3.671) 12% R0.56a þ2.083 (þ1.919 to þ2.247)

%0.60 �3.038 (�3.508 to �2.569) 10% R0.80 þ3.007 (þ2.746 to þ3.269)

%0.65 �2.914 (�3.354 to �2.474) 5% R0.75 þ2.810 (þ2.578 to þ3.042)

DDGAFb %þ1.0 �3.417 (�4.051 to �2.784) 26% Rþ3.0 þ2.691 (þ2.448 to þ2.933)

%þ1.5 �2.946 (�3.433 to �2.456) 8% Rþ2.5 þ2.367 (þ2.164 to þ2.570)

DDGPDBb %þ1.0 �2.663 (�3.135 to �2.191) 26% Rþ3.0 þ2.780 (þ2.515 to þ3.045)

%þ1.5 �2.264 (�2.632 to �1.895) 12% Rþ2.5 þ2.309 (þ2.093 to þ2.525)

BD %0.15c �2.923 (�3.401 to �2.444) 14% R0.28c þ2.643 (þ2.415 to þ2.872)

aGeneric thresholds as per AlphaMissense developers (note that benignity evidence strength is very strong but pathogenicity evidence strength is weaker, and rate
of variants in the uninformative score range is high).
bFoldX5.0 predictions.
cBP4/PP3 BRCA1 VCEP thresholds.
Overall, the data suggest that MAVE functional class strat-

ification by DDG is better for variants targeting buried/

partially buried residues (RSA % 60%) than for variants

targeting exposed residues (RSA > 60%). In the latter

case, we did not observe statistically significant differ-

ences in the average DDGPDB (or DDGAF) value of INT

and FUNC variants (Figures S2 and S3). Stratification by

functional domain (RING vs. BRCT) did not reveal major

differences (Figures S2 and S3).

Interestingly, AlphaMissense and BayesDel showed

similar trends, with INT variants displaying intermediate

scores, variants targeting RING residues scoring higher

than variants targeting BRCT residues, and variants target-

ing buried residues scoring higher than others (Table S2).

As observed for DDG, MAVE functional class stratification

by AlphaMissense was better for variants targeting

buried/partially buried residues (RSA % 60%) than for var-

iants targeting exposed residues (RSA > 60%), with no ma-

jor differences between RING and BRCT domains (Figure

S4). BayesDel performed similarly, with some evidence

that it might outperform DDG and AlphaMissense at vari-

ants targeting exposed (RSA>60%) residues (Figure S5).

Overall, the (negative) correlation of AlphaMissense

with MAVE functional scores (r ¼ �0.67) is higher

compared to the correlation with BayesDel (r ¼ �0.61),

DDGAF(r ¼ �0.55), and DDGPDB (r ¼ �0.51). Note that

DDGAF correlated better than DDGPDB (Figure S6).

We next tested the performance of DDGAF, DDGPDB,

AlphaMissense, and BayesDel to distinguish LoF (used here

as a proxy for pathogenicity) from FUNC variants (proxy

for benignity). For this analysis, we filtered out INT variants

(the associationof partial activitywith disease predisposition

is unclear), restricting our analysis to an MAVE cohort of

1,519variants (337LoFand1,182FUNC).Overall, AlphaMis-

sense (auROC¼ 0.93) outperformed DDGAF (auROC ¼ 0.91,

p ¼ 0.003), BayesDel (auROC ¼ 0.90, p ¼ 0.0001), and

DDGPDB (auROC ¼ 0.87, p ¼ 1.23 10�6) (Figure 2).
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Six web-based DDG predictors perform poorly, with

auROCs ranging from 0.64 (CUPSAT) to 0.78 (INPS3D),

and correlation with MAVE functional scores ranging

from r ¼ �0.21 (CUPSAT) to r ¼ �0.44 (INSP3D)

(Figures S6 and S7).

Stratification by functional domain showed that: (1)

AlphaMisense and DDGAF (each with auROC ¼ 0.94) out-

performed BayesDel (auROC ¼ 0.92, p not significant)

and DDGPDB (auROC ¼ 0.86, p ¼ 0.003) at discriminating

LoF and FUNC variants at the RING domain (N ¼ 408);

and (2) AlphaMissense (auROC ¼ 0.95) outperformed

BayesDel (auROC ¼ 0.90, p ¼ 1.2 3 10�5), DDGAF

(auROC ¼ 0.89, p ¼ 3.9 3 10�6), and DDGPDB (auROC ¼
0.88, p ¼ 3.7 3 10�8) at discriminating LoF and FUNC var-

iants in the BRCT (N ¼ 1,032) domain. Note that overall,

DDGAF outperformed DDGPDB, mostly due to a better per-

formance in the RING domain (Figure S8).

We next evaluated the performance of computational

evidence based on AlphaMissense or DDG (FoldX5.0 pre-

dictions) and how it compared with the BayesDel-based

PP3/BP4 evidence currently specified for the ACMG/AMP

classification of BRCA1 missense variants. To start with,

we analyzed the evidence strength against (or toward)

pathogenicity provided by AlphaMissense at various

thresholds, including an uninformative score-range cate-

gory (i.e., bioinformatic evidence not applicable) centered

at the optimal binary cutpoint. A trade-off iterative process

aimed at maximizing strength of evidence andminimizing

the proportion of variants in the uninformative range led

us to conclude that AlphaMissense performed well with

benignity/pathogenicity thresholds set near 0.7. Applying

%0.65 (benignity) and R0.75 (pathogenicity) thresholds,

1,015 variants would receive evidence in the benign direc-

tion (log2 LR ¼ �2.91) and 426 variants in the pathogenic

direction (log2 LR ¼ þ2.81), while only 78 variants (5%)

would fall in the uninformative score range (Table 1 and

Figure 3).
, 2025
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Figure 3. PP3/BP4 computational evidence strengths provided by AlphaMissense, DDGAF, and BayesDel
AlphaMissense evidence strengths using %0.6 (BP4)//R0.8 (PP3) (red) or %0.65 (BP4)//R0.75 (PP3) (blue) thresholds (top). DDGAF ev-
idence strengths using %þ1 kcal/mol (BP4)//Rþ3 kcal/mol (PP3) (red) or %þ1.5 kcal/mol (BP4)//Rþ2.5 kcal/mol (PP3) (blue) thresh-
olds (middle). BayesDel evidence strengthwith ClinVar ENIGMABRCA1/2 VCEP recommended thresholds (bottom). Percent of variants
falling in the non-informative score range. log2 LR calculations and plot (including Log2 LR 95% confidential intervals) generated at
gwiggins.shinyapps.io/lr_shiny/.
A similar trade-off iterative process led us to conclude

that DDGAF performed well with benignity/pathogenicity

thresholds set near þ2.0 kcal/mol. Applying %þ1.5 and

Rþ2.5 kcal/mol thresholds, 869 variants received evi-

dence of benignity and 462 variants received evidence of

pathogenicity (log2 LR ¼ �2.95 and þ2.37, respectively),

with 12% of the variants falling in the uninformative score

range. See Table 1 and Figure 2 for further details. Of note,

DDGPDB did not outperform DDGAF either in benignity/

pathogenicity evidence strengths (log2 LRs) or in the rate

of variants in the uninformative range (Table 1).

Using current BRCA1 VCEP BayesDel thresholds for BP4

and PP3, 883 missense variants receive evidence of benig-

nity (and 420 evidence of pathogenicity) (log2 LR ¼
�2.92 and þ2.64), and 216 variants (14%) fall in the unin-

formative score range (0.15< BayesDel< 0.28). See Table 1

and Figure 2 for further details.

In brief, AlphaMissense, DDG (FoldX5.0 predictions),

and BayesDel provide evidence toward pathogenicity

(þ2 < log2 LR < þ4) and benignity (�4 < log2 LR < �2)

with evidence strengths in the moderate to strong range.

A diagnostic test evaluation does not reveal major differ-

ences between the tools (Table 2).
The Amer
We conclude that an AlphaMissense-based PP3/BP4 evi-

dence would outperform BayesDel-based (or DDG-based)

PP3/BP4 evidence, since it would provide similar pathoge-

nicity and benignity evidence strengths but with a lower

rate of variants in the uninformative score range (Table 1).

Stratification by functional domain (RING vs. BRCT) did

not reveal major differences, with all three computational

tools supporting moderate to strong pathogenicity/benig-

nity evidence strength (and AlphaMissense providing a

lower rate of variants in the uninformative score range)

in both domains (Table S3).

Burden-type association analysis (see material and

methods) confirmed that, on average, AlphaMissense R

0.75 (odds ratio [OR] ¼ 4.69), DDGAF R 2.5 kcal/mol

(OR ¼ 4.35), DDGPDB R 2.5 kcal/mol (OR ¼ 3.62), and

BayesDel R 0.28 (OR ¼ 3.59) each identify BRCA1

missense variants with clinically actionable BC risk

levels.30 Equally relevant, the analysis confirmed that var-

iants scoring below PP3 thresholds are not associated with

clinically actionable risk levels (ORs < 1.3) (Table 3 and

Figure 4).

Stratification by domain (RING vs. BRCT) did not reveal

major differences (Table S4). Further, the analysis revealed
ican Journal of Human Genetics 112, 993–1002, May 1, 2025 997
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Table 2. Diagnostic test evaluation

Threshold Sensitivity Specificity PPV NPV Accuracy

AM

R0.75 84.3 (79.9–88.0) 88.0 (86.0–89.8) 66.7 (63.0–70.1) 95.2 (93.8–96.2) 87.2 (85.4–88.8)

DDGAFa

Rþ3 89.1 (84.9–92.5) 85.9 (83.5–88.0) 64.0 (60.2–67.6) 96.6 (92.3–97.5) 86.6 (84.6–88.4)

Rþ2.5 81.6 (77.1–85.6) 84.2 (81.2–86.2) 59.5 (56.1–62.8) 94.1 (92.8–95.3) 83.7 (81.7–85.4)

DDGPDBa

Rþ3 87.7 (83.1–91.4) 85.9 (83.4–88.2) 63.7 (59.7–67.6) 96.1 (94.7–97.2) 86.3 (84.2–88.3)

Rþ2.5 74.2 (69.2–78.8) 85.0 (82.9–87.0) 58.5 (54.9–62.1) 92.0 (90.6–93.3) 82.6 (80.6–84.5)

BD

R0.28 79.8 (75.1–84.0) 87.2 (85.2–89.1) 64.1 (60.3–67.6) 93.8 (92.5–94.9) 85.6 (83.7–87.3)

With the indicated thresholds, the table shows the performance of AlphaMissense, DDGAF, DDGPDB, and BayesDel discriminating MAVE LoF variants. AM,
AlphaMissense; BD, BayesDel; PPV, positive predictive value; NPV, negative predictive value.
aFoldX5.0 predictions.
that DDG (or BayesDel) scoring provides clinically relevant

risk stratification to AlphaMissense R 0.75 variants. On

average, concordant scores identified high-risk variants

(ORs > 6.0), while discordant scores identified variants

not associated with risk (Figure 4).

Since averageDDG,AlphaMissense, andBayesDel scoring

of LoF, INT, and FUNC variants was influenced by RSA, we

suspected that pathogenicity/benignity evidence strength

might beRSAdependent too. To test thehypothesis, wefirst

analyzed DDGAF discriminating performance stratifying

target residues into buried (RSA % 30%), partially buried

(30% < RSA % 60%), and exposed (RSA > 60%). Overall,

we observe that DDGAF (Rþ2.5 kcal/mol) provides evi-

dence toward pathogenicity regardless of RSA. By contrast,

DDGAF (%þ1.5 kcal/mol) provides evidence toward benig-

nity for buried/partially buried but not for exposed residues

(Table S5). DDGPDB-based analysis provided similar results

(Table S5). Interestingly, the target residue RSA influenced

AlphaMissense-based and BayesDel-based computational

evidence similarly. For variants targeting exposed residues,

neither AlphaMissense nor BayesDel provided statistically

significant evidence toward benignity (Table S5). This RSA

influence on computational evidence was observed in

both the RING and BRCT domains (Table S6).

We next explored the possibility of combining

AlphaMissense with other computational scores to maxi-

mize PP3/BP4 code utility in the ACMG/AMP classification

of BRCA1 missense variants. Since RSA, DDGPDB, and

DDGAF correlations with AlphaMissense are moderate (r ¼
�0.49,þ0.46, andþ0.50, respectively), while BayesDel cor-

relation (r¼þ0.74) is high (Figure S6), we focused our anal-

ysis on combining AlphaMissense with RSA and DDG. We

tested different approaches. Computational evidence based

onAlphaMissense/DDGconcordance provided Strong level

of pathogenic and benign evidence at the cost of a high

rate of variants (31%) in the uninformative score range

(Figure S9). RSA stratification revealed that AlphaMis-
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sense/DDG concordance does not provide statistically sig-

nificant benignity evidence at even Supporting strength

to variants targeting exposed residues (Figure S10), con-

firming the relevance of RSA stratification in computa-

tional scoring. In our hands, cascade stratification by RSA,

AlphaMissense, and DDG performed well for variants tar-

geting buried/partially buried residues, providing patho-

genic/benign evidence strength stratification into Strong

and Moderate, with only 16% of variants falling in the un-

informative score range (Figure S11). Regarding variants

targeting exposed residues, cascade stratification improved

the rate of variants with evidence of pathogenicity (Moder-

ate or Strong strength) but failed to provide evidence of

benignity with Supporting strength (Figure S11).

Finally, we performed a protein-wide AlphaMissense

analysis to investigate whether pathogenic BRCA1

missense variants might cluster in regions other than the

RING and BRCT domains. The analysis suggested that, in

addition to CC residues 1,391–1,424 (already highlighted

as ‘‘potentially clinically important’’ in the BRCA1/2

VCEP specifications, see Figure 1), BRCA1 regions spanning

residues 127–133, 180–185, 378–386, 458–465, 515–519,

and 853–869 might be candidates for further investigation

and potentially important for impact on protein function

(Figure S12).
Discussion

In the present study, we have evaluated the AlphaMissense-

based and DDG-based PP3/BP4 computational evidence

contribution to the ACMG/AMP classification of BRCA1

missense variants located at the RING and BRCT domains

and how these compare with the current BayesDel-based

PP3/BP4 applied by the BRCA1 VCEP. The analysis is based

on a BRCA1MAVE study,22 using LoF and FUNC categories

as proxies for pathogenicity and benignity. We showed
, 2025



Table 3. BRIDGES-based breast cancer risk estimates (burden analysis) stratified by AlphaMissense, DDGAF, DDGPDB, and BayesDel scoring

Threshold Unique BRCA1 missense variants BCa Controlsb OR (95% CI) p

AM

R0.75 33 94 18 *4.69 (2.83–7.76) *4.15 3 10�9

0.65 < AM < 0.75 7 22 16 1.23 (0.68–2.35) 0.53

%0.65 82 146 101 1.30 (1.01–1.66) 0.04

DDGAFc

Rþ2.5 32 97 20 *4.35 (2.69–7.05) *4.52 3 10�9

þ1.5 < DDG < þ2.5 23 43 24 1.61 (0.98–2.65) 0.06

%þ1.5 67 122 91 1.20 (0.92–1.58) 0.18

DDGPDBc

Rþ2.5 35 121 30 *3.62 (2.43–5.40) *7.04 3 10�10

þ1.5 < DDG < þ2.5 19 16 15 0.96 (0.47–1.93) 1.08

%þ1.5 68 125 90 1.25 (0.95–1.63) 0.11

BD

R0.28 33 120 30 *3.59 (2.41–5.36) *9.25 3 10�10

0.15 < BD < 0.28 19 54 30 1.61(1.03–2.52) 0.04

%0.15 70 88 75 1.05 (0.77–1.43) 0.75

Asterisk (*) indicates statistically significant. See Figure 3 and Table S4 for further information.
a53,572 population-based breast cancer (BC) cases.
b48,048 matched controls.
cFoldX5.0 predictions
that, overall, PP3/BP4 evidence strengths provided by

AlphaMissense, DDG, and BayesDel are similar (in all cases

in themoderate to strong range), but AlphaMisense outper-

formed DDG and BayesDel in the lower proportion of

missense variants with uninformative scores (PP3/BP4 not

applicable). Our data are compatible with recent studies

indicating that AlphaMissense correlates better with

MAVE data for five genes (DDX3X, BRCA1, MSH2, PTEN,

and KCNQ4) than earlier prediction algorithms, including

BayesDel.16

AlphaMissense developers recommend benignity/path-

ogenicity default score thresholds of %0.34 and R0.56,

specifying that (depending on the desired use) different

gene-level cutoffs may improve trade-offs and general per-

formance.15 Here, we showed that AlphaMissense achieves

best PP3/BP4 performance with benignity/pathogenicity

score thresholds set much higher, at %0.65 and R0.75,

respectively.

DDG achieved the best PP3/BP4 performance with

thresholds near þ2 kcal/mol. This is in agreement with

previous studies in other proteins indicating that DDG

values >þ3 kcal/mol predict pathogenicity.7,9 Interest-

ingly, DDGAF and DDGPDB performed similarly. To what

extent AlphaFold2 models can substitute experimental

structures in predicting the impact of missense variants is

currently a matter of debate.31,32

Our data on BRCA1 suggest that AlphaFold2-generated

models may replace experimental PDBs in the very specific
The Amer
task of applying FoldX5.0-predicted DDG-based PP3/BP4

computational evidence. The observation is remarkable

but not necessarily true for other proteins and, in partic-

ular, for proteins lacking experimental structural data (it

is possible to argue that DDGAF performs well for human

BRCA1 RING and BRCT domains precisely because existing

experimental data contribute to generation of high-quality

AlphaFold2 models).

Perhapsmore relevant is the finding that, in the subset of

variants targeting the BRCT domain, DDGAF and DDGPDB

performed similarly, while DDGAF outperformed DDGPDB

in the subset of variants targeting the RING domain. The

difference might be related to the fact that the BRCT struc-

ture PDB: 1T15 was solved by X-ray diffraction,33 while

the human BRCA1/BARD1 RING heterodimer structure

PDB: 1JM7was solved by solution NMR.34 First, it is known

that FoldX DDG prediction accuracy is higher in crystallo-

graphic structures.10 Second, on computing DDGPDB for

variants targeting the RING domain, we used as template

the best ranked out of 14 conformers. Perhaps the corre-

sponding AlphaFold2model reflects the average conforma-

tionmore accurately than each individual NMR conformer,

thus generating more accurate DDG predictions. That said,

it is worth mentioning that computing DDGAF at the

RING domain was challenging and that initial attempts us-

ing a model of the BRCA1 RING monomer (equivalent to

AF-P38398-F1) performed poorly (data not shown). We

achieve good DDGAF PP3/BP4 performance at the RING
ican Journal of Human Genetics 112, 993–1002, May 1, 2025 999



Figure 4. BRIDGES-based breast cancer risk estimates (burden analysis) stratified by computational scores
The plot on the right displays breast cancer ORs (and 95% confidential intervals) for variantsR (<) the indicated cutoff. The plot on the
left shows corresponding distribution of MAVE functional classes. Note that higher ORs correspond to higher proportion of MAVE LoF
variants. AM, AlphaMissense; BD, BayesDel; N/A, BRIDGES variants not assessed in MAVE.
domain only after creating a model of the BRCA1/BARD1

heterodimer that was latterly modified to introduce four

critical Zn2þ atoms (supplementalmethods). In this regard,

is worth mentioning that AlphaFold3 (an AlphaFold2

update that simplifies the modeling of metalloproteins

and other biomolecular entities) has been released very

recently.35

Our study points to RSA as a relevant factor to evaluate

DDG-based PP3/BP4 performance. Overall, the data indi-

cate that DDG provides computational pathogenicity evi-

dence (PP3) regardless of RSA but benignity evidence

(BP4) only for variants targeting buried/partially buried

(RSA % 60%) residues. The finding is not without a ratio-

nale. DDG identifies pathogenic variants only if causing

reduced thermodynamic stability, i.e., predicts benignity

if stability is not impacted. Since most core pathogenic var-

iants are likely to lead to loss of stability, the absence of

destabilization is predictive of benignity for core missense

variants. By contrast, surface pathogenic variants may act

through protein destabilization (explaining that DDG pro-

vides pathogenicity evidence) but also through alternative

mechanisms such as impairing critical protein-protein in-

teractions (without affecting folding/stability).9,14 Conse-

quently, absence of destabilization does not necessarily

guarantee functionality for protein changes at the surface

(explaining thatDDGdoes not provide benignity evidence).

In principle, AlphaMissense and BayesDel identify patho-

genic variants regardless of the underlying driving mecha-

nism, so that RSA is not an obvious factor in modulating
1000 The American Journal of Human Genetics 112, 993–1002, May
PP3/BP4 performance. Yet we find somewhat unexpectedly

that both tools, similarly to DDG, are RSA modulated, and

that neither of them provides computational benignity ev-

idence (BP4) to variants targeting exposed residues. The

finding probably reflects the fact that, indirectly,

AlphaMissense and BayesDel (and other computational

tools) capture stability-related features (unsurprisingly, since

tools have been trained to discriminate pathogenic and

benign missense variants and most missense pathogenic

variants impact stability). At any rate, the putative relevance

of RSA on evaluating PP3/BP4 computational evidence war-

rants further analyses in other clinically relevant proteins.

As expected, AlphaMissense shows a positive correla-

tion with DDG and BayesDel scores (Figure S6). The corre-

lation with BayesDel is strong (r ¼ 0.74), but the correla-

tion with DDG is weaker (r ¼ 0.46), opening the

possibility of independent AlphaMissense and DDG con-

tributions to variant classification. Indeed, we show that

combined use of AlphaMissense and DDG (and RSA)

adds granularity to the pathogenicity and benignity

evidence strengths provided by computational tools

(Figures S9–S11).

Apart from increasing PP3/BP4 evidence strength gran-

ularity, the combined analysis with AlphaMissense and

DDG may provide additional information. For instance,

we speculate that AlphaMissense and DDG discordance

may encapsulate relevant information contributing to

the identification of INT missense variants (INT variants

might be associated with AlphaMissense and DDG
1, 2025



discordance; Figure S13). Further, AlphaMissense pathoge-

nicity scores do not provide direct mechanistic interpret-

ability. Combining analysis with DDG may provide such

interpretability, contributing to the mapping of protein

regions/residues with relevant functions other than pro-

tein stability (Figures S14 and S15).

Finally, we think that our study (limited to missense var-

iants in two functional domains of the tumor-suppressor

gene BRCA1) illustrates some general principles and rec-

ommendations that might be relevant in evaluating PP3/

BP4 computational evidence in other proteins.

(1) PP3/BP4 assessment benefits from a structure-based

analysis.

(2) AlphaMissense likely outperforms earlier computa-

tional tools, but optimal gene-specific pathogenic/

benign cutoffs might be very different from the

generic cutoffs originally proposed.

(3) Regardless of the computational tool under assess-

ment, we recommend a comprehensive evaluation

of performance stratified by RSA (anticipating that

meeting computational benignity evidence BP4

for changes at the protein surface will be chal-

lenging for many proteins).

(4) DDG (FoldX5.0 predictions) adds evidence strength

granularity to AlphaMissense-based computational

evidence.

(5) If structural data available for the protein of interest

is based on NMR, we recommend considering DDG

(FoldX5.0predictions) basedonanAlphaFoldmodel

as an alternative (provided that the model reflects

the physiologically relevant monomeric, homo[het-

ero]-dimeric, or multimeric structure, and that, in

the case of modeling metalloproteins, metal ions

have been added).

To what extent these five principles are truly generic

(applicable to other proteins), or BRCA1 specific, warrants

further studies.
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