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AlphaMissense

Reference: CA DNA
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Why? A major gap in our knowledge of variant effects

/_/ = ~0.1% Known pathogenic or benign (ClinVar)

~5.5% seen in humans but unknown significance

Unobserved in /

humans (unknown
significance)
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The task

o Reference: CAC DNA
MDVVAMVNQTVATMIS Protein
Missense CGG DNA
| variant: MDVVAMVNRTVATMIS Protein |
AlphaMissense ‘
Output
\ 32%
1 Pathogenic likely

For all 7IM possible | Pathogenic
Alpha Missense missense variants in
pathogenicity: Uncertain the human proteome: 57%
likely
o) benign

0 Benign



AlphaMissense: Fine-tuning AlphaFold to predict variant pathogenicity
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Many options for fine-tuning models on new tasks

New dataset,
same head

Output 1

f

Head 1

Trunk
Input 1

Example: Language model
fine-tuning

New dataset,
new head

Output 2

f

Head 1 Head 2

Trunk

T

Input 1

Example: Image
segmentation models
pre-trained on general
images

New dataset,
additional input

Output 1

t

Head 1

Trunk

[e]
Input
T adapter
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Input 2

Input 1

Example: Image-to-text
(Flamingo)

Both, keep training
on the original
objective
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Input
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Example: AlphaMissense
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A Model outputs
Model inputs —
Lingar (1, L K_,) S{I:u{:wre pl‘edlchﬂl‘;
reference sequence (L) ition & pair embeddi 4 ralerence sequencs
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Accurate proteome-wide missense variant effect prediction with AlphaMissense, Volume: 381, Issue: 6664, DOI: (10.1126/science.ad g7492)



AlphaFold
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AlphaFold blind predictions

Prediction
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AlphaFold overview - inputs
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Evoformer

Co-evolved
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MSA and pair data are the main concepts in Evoformer blocks



Evoformer

#residues
QKT+ pair_bias
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Multiple sequence
alignment data
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Residue pair data

Attention is augmented by the network’s belief about residue pairs



Evoformer
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Multiple sequence
alignment data
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P 2 = J must mutate together.
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cdaod 4 Coevolution cartoon by Sergey Ovchinnikov

. . (https://jgi.doe. gov/seeking-structure-metagenome
Residue pair data -sequences/cartoon-coevolution-sergey-o/)

Outer product allows generalized correlation similar to co-evolution



AlphaFold overview - processing
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Inputs turned into an MSA and a pair representation

Evoformer: repeatedly updates these to build up information
about the relationship between residues



AlphaFold overview - outputs

[ ~
o
VEFSKDPLAF
f > () ZeESeS ( | 3
' 4 & Aew | & = -
Genetic —> uﬁ FE— - —»> —»> E
1 database X 200404 i K
search ~3 mom = i =l
¥ MSA ‘

Multiple Sequence representation
P 4 Evoformer Structure

P19 es ) s (48 blocks) MLM Module
Input sequence E o o L (8 blocks)

3 of of of of & of
dd3s e
. plaSssaae ) 8 > »
il s34
I O
Js3424
Residue pairs Pair

) representation
{ )] 'Vq
\ Structure » O 5
database %
search i
Templates

‘\')v

Structure Module: predicts a rotation and translation to place each residue.
Small networks predict side chain orientations, and confidence metrics



AlphaFold overview - recycling
Recycling

- > ;‘ - ! m ’ ! ~ . —~ °®
Genetic S\ —_—— [ 3 | s

Y database Bl 299424 N e .

search z ;'7) -1 B F - -

X MSA

‘ MultiA;TiIenSrs(eq:‘J:ance I Evoformer Structure

W 799404 ¥, g (48 blocks) Module

Ihput sequence h TeF44 (8 blocks)

RO
AL
Residue pairs Pair

representation
A |

‘ | -
\ Structure I8 a
database

search

Templates

Recycling

Recycling: Run Model multiple times feeding the previous output back in



Interrogating the Network
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Logit Score Calculation: Understanding Variant Impact

The first step in variant pathogenicity prediction is calculating the logit score (s¢) for each
variant. This score quantifies how much the substitution of one amino acid (variant a) at a
specific position 7 in a protein sequence differs from the original reference amino acid.

ref

s = logp;~ — log p?

What this means:

ref.

o p:®: The probability of the reference amino acid being present at position i.

« p?: The probability of the alternative (variant) amino acid being present at position i.

e The formula computes the logarithmic difference between these probabilities.



[

3. Calibrating Predictions

The predictions made by the trained model are accurate in separating benign and pathogenic
variants, but they are not calibrated. This means the raw probabilities do not reflect real-
world probabilities of pathogenicity. Calibration ensures that the predicted probability cor-
responds directly to the likelihood of pathogenicity.

Calibration Formula:
s=o(c1s+ ¢)
§: The calibrated probability score (AlphaMissense pathogenicity score).

o: The sigmoid function, which maps the adjusted score to a probability between 0
and 1.

c1, Co: Scalar parameters learned through logistic regression on a validation dataset.

s: The logit score calculated in earlier steps.
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ClinVar (Class-balanced 18924 variants)

[ Trained on ClinVar
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Proteome-wide predictions with more confidently classified variants

600M predictions all AA substitutions and missense variants in 20k canonical gene isoforms and
60k alternative isoforms

Higher coverage % of confident predictions due to better performance (67% -> 92% of ClinVar)
Accessible as VEP plugin

ClinVar variants All possible 71 million human missense variants

b

o

o
J

AlphaMissense predictions:
# per label U
pe‘:egene E \\\ N 57%
>10 67.1% Likely benign
25 f b
— 23 : 32%
— all ' ’ Likely pathogenic
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= EVE k Uncertain
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82.5 85.0 87.5 90.0 92,5 95.0 97.5
Target precision (%)




Utilizing different sources of information

AlphaFold protein
langage modelling

Genetic sequence Fiis=tane ,
databases (UniProt, ¢.) e Common variants (gnomAD, ...)

AlphaFold structure
prediction

.. Protein structures (PDB)
Training

Evaluation o ,
Clinically relevant variants

(ClinVar)

Multiplexed assays of variant
effect (ProteinGym, MaveDB)




SIFT: 0. 857
PrimateAl: 0
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Model Limitations of AlphaMissense

* Structural Impact Prediction:
» AlphaMissense focuses on
struggles to predict how
» Example: It cannot fully

behavior. (
* This limits its applicatio

combinations.

+ Data Bias and Generalization:
» Despite improvements, th
which may introduce bi

. populations.




Summary

e Fine-tuned AlphaFold to predict pathogenicity of missense

var'ia.nts, without using clinically-ascertained variants in T e -
training. ‘
Missense CG DNA
variant MDVVAMVNRTVATMIS Prot
e Outperforms state-of-the-art on multiple diverse | I |
AlphaMissense
benchmarks.
(@) srctuscontext  (2) Protennwt (3 Tsiiog varants
e Highlighted (and accounted for) biases in gold-standard ==
. . £os '
evaluation data set (ClinVar) @ ! e
e Increased the number of confidently classified variants |
(using ClinVar to estimate precision) proteome-wide . ‘
1 Pathogenic
e High performance holds amongst clinically-actionable e W resmewwan
genes, and aligns with known functional regions in some N =
cases.

e Average AlphaMissense pathogenicity predicts cell
essential genes, outperforming other computational
approaches (e.g. LOEUF) for smaller genes.
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