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Current Methods of Pathogenicity Prediction
• AlphaMissense

• AlphaMissense is a deep learning model by DeepMind built on AlphaFold’s protein structure predictions. It 
estimates the pathogenicity of missense variants by considering structural and evolutionary information.

• REVEL (Rare Exome Variant Ensemble Learner)
• Ensemble method combining outputs from multiple tools (e.g., PolyPhen-2, SIFT, MutationTaster). It 

predicts missense variant pathogenicity with high accuracy. Scores range 0-1, with higher values more likely 
pathogenic.

• CADD (Combined Annotation Dependent Depletion)
• CADD integrates multiple annotations into a single metric to estimate the relative pathogenicity of variants. 

It uses machine learning trained on simulated and real variants. Scores >20 suggest potential pathogenicity.

• PolyPhen-2 (Polymorphism Phenotyping v2)
• PolyPhen-2 predicts the effect of amino acid substitutions on protein function using sequence conservation, 

structural features, and functional annotations. Output: benign, possibly damaging, probably damaging.

• SIFT (Sorting Intolerant From Tolerant)
• SIFT predicts whether an amino acid substitution affects protein function based on sequence homology and 

conservation. Scores ≤0.05 indicate deleterious variants, >0.05 tolerated.
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AlphaMissense Motivation

• Prediction of the pathogenicity of novel variants is essential for precision 
medicine

• Prediction methods remain highly inaccurate

• MAVE data is growing as a source of positive control data

• Integrating known pathogenic/benign variants in prediction leads to leaks 
between training and test sets (previous methods)

• Training only on frequency (assuming observed variants are benign and 
unobserved are pathogenic) is riddled with false positives and false negatives 
(previous methods)



Overview of AlphaMissense



Figure 2:  Performance of AlphaMissense on clinically curated 
classification benchmarks.



Performance of AlphaMissense on clinically curated 
classification benchmarks.

* Precision = True Positive/(All Positive)



Performance of AlphaMissense on clinically curated 
classification benchmarks.



AlphaMissense achieves state-of-the-art agreement with multi-
plexed assays of variant effect.



AlphaMissense achieves state-of-the-art agreement with multi-
plexed assays of variant effect.



AlphaMissense achieves state-of-the-art agreement with multi-
plexed assays of variant effect.
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AlphaMissense vs DMS Score 

R2=0.14

Comparison of SGCB DMS Functional Score Predictors

Conclusion: AM has high pathogenic variant sensitivity but mediocre benign variant accuracy



Limitations

• Not great at predicting pathogenicity of variants in disordered regions

• Lacks specificity for benign variants
• Quite a high rate of predicted pathogenicity (30%?)

• Does it really use structure? Removing structure doesn’t harm the 
prediction too much.  

• Still somehow cheating in predicting ClinVar variants? 
• Is clinVar highly biased toward having common variants as the only 

benign variants? … Answer: Yes. 
• Does AM model variant frequency… Yes. 



Functional Genomics: 
A natural extension of human genetics



Predicting Pathogenic vs. benign?
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How to functionally test a 
candidate disease variant?

One at a time variant testing x 3,000,000,000 bases  x $10,000 x 4 years = forever



The VUS problem: 99% of Vs are VUSs
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Deep Mutational Scan (DMS) of Sarcoglycans 
that cause Limb-Girdle Muscular Dystrophy 

(LGMD)



SGC Genes encode the sarcoglycans and cause 
Limb-Girdle Muscular Dystrophy (LGMD)



Data available on ClinVar . Website: https://www.ncbi.nlm.nih.gov/clinvar/

SGCA SGCB SGCG SGCD

ClinVar Annotations of SGC gene variants are almost entirely VUS

https://www.ncbi.nlm.nih.gov/clinvar/


Function assay: Cell-surface expression
Intracellular extracellular 

SGCA

SGCA (extracellular)

SGCA (total)
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Figure S1. Flow cytometry of HA-SGCB cell-surface immuno-stained ADG-HEK cells 

transduced with mutation containing SGCB. (A) FLOW cytometry dot plots showing the 
relationship between HA-immunofluorescence (HA-Alexa647) and YFP expression level 
(FITC, y-axis) for ADG-HEK cells transduced with lentivirus to express either wildtype (WT) 

or mutant SGCB. B) Quantification of the number of YFP-positive cells that also 
demonstrated positive HA cell-surface staining. 
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Workflow for Deep Mutational Scanning of SGCB
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Without creating all possible amino acid changes, you don’t 
obtain a full appreciation for the protein structure or the 
importance of different domains



DMS Scores corroborate ClinVar Pathogenicity



DMS Scores Outperform Variant Prediction Algorithms



Variant Function Predicts Disease Severity 

R91C

A

WT

R91P

R91L

S114F

G167S

B

HA-Alexa647

FI
TC

C
Age (years)% of Alexa647+ cells

0 20 40 60 80 100 0 20 40 60

90

57

17

8

1

0

AAO

ALA

D

p <0.001



Transmembrane
Domain

Extracellular

90°

R91

Structural insights from SGCB deep mutational scanning

AlphaFold2 Multimer Structure Predictions

In ChimeraX: color byattr beta /C palette -0.2,red:0,white:0.2,blue





Summary 

• Proper membrane localization of β-sarcoglycan requires the co-
expression of its partners, α-, γ- and δ-sarcoglycan.

• Mutations in SGCB leads to a secondary reduction of membrane 
localization of 𝝰-sarcoglycan.

• DMS scores for SGCB:
• perfectly predict pathogenicity of known variants

• outperform all current prediction algorithms

• quantitatively measure the severity of the variant and predict disease severity

• map important intermolecular interactions and corroborate AlphaFold2 
multimer structure predictions



Predicting Variant Pathogenicity 
from Protein Structure
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WT R91C

Pathogenic Missense Variants Strongly 
Affect Protein-Protein Interactions

R91L

Factor 1: How many contacts are there between WT AA1 and any other AA 
Factor 2: How many contacts are there between Mutant AA1 and any other AA



AlphaFold Contact Score predicts SGCB DMS Functional Score
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RosettaFold Contact Score predicts SGCB DMS Functional Score
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Comparison of SGCB DMS Functional Score Predictors
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RosettaDMS predicts SGCB DMS Functional Score



AlphaFold Contact Score predicts SGCB ClinVar Pathogenicity



RosettaFold Contact Score vs DMS Score 

R2=0.18

AlphaMissense vs DMS Score 

R2=0.14



RosettaDMS and AlphaDMS are correlated but not perfectly 

R2=0.30



Comparison of SGCB DMS Functional Score Predictors
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AlphaDMS vs DMS Score 



Overall Conclusions

• Deep Mutational Scanning (DMS) is an indispensable tool for the 
assessment of variant effects.

• Assay development for specific genes is often the most difficult step in the 
process

• Important considerations: 
• Are the results useful? Clinically? Better understand the protein? Better understand 

proteins?

• Are the results reliable? Reproducible and correlated with disease status if 
applicable? 

• Are multiple assays required to assess all possible gene disruptions (GOF vs LOF, etc)
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