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Mutations and SN'Vs

- 71 million possible missense variants in the human proteome, with more than 4 million
observed missense variants in human populations

- 2% have been clinically classified as pathogenic or benign, while the vast majority are
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DMS reconstruction

Development of computational methods,
based on bioinformatics algorithms and
machine learning models, to predict
mutational effects at large scale and with
increasing accuracy
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Modelling priors in missense mutations prediction

1.  Evolutionary conservation: mutations appearing very rarely in nature are likely deleterious

2. Epistasis: Effect of a mutations depends on surrounding sequence context
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Modelling priors in missense mutations prediction

1.  Evolutionary conservation: mutations appearing very rarely in nature are likely deleterious
2. Epistasis: Effect of a mutations depends on surrounding sequence context

3. Structure: mutations in the core of a protein and in interaction surfaces have higher impact
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Modelling priors in missense mutations prediction
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Evolutionary conservation: mutations appearing very rarely in nature are likely deleterious
Epistasis: Effect of a mutations depends on surrounding sequence context
Structure: mutations in the core of a protein and in interaction surfaces have higher impact

Spread of a mutation in human populations is informative on its pathogenicity

Evolution Structure Allele Frequency
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Modelling priors in missense mutations prediction
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Epistasis: Effect of a mutations depends on surrounding sequence context

Spread of a mutation in human populations is informative on its pathogenicity

Structure
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5. Generalisation even when alignment is shallow or structure has low confidence

Evolutionary conservation: mutations appearing very rarely in nature are likely deleterious

Allele Frequency

Structure: mutations in the core of a protein and in interaction surfaces have higher impact



GEMME: Evolution

SX; > Y)) = Typr(i) - |a PE™(Y)) + (1 — a) PE*P(Y))]

+ Evolutionary ! Site-independent : :
conservation . conservation !

Query sequence
X; AGFHICVQVYENK

Y; AGFHPCVQVYENK



GEMME: Evolution

X.

SX; > Y)) = Typr(i) - |a PE™(Y)) + (1 — a) PE*P(Y))]

Evolutionary
conservation

Query sequence
AGFHICVQVYENK

AGFHPCVQVYENK

Site-independent :

conservation | T T oo ...
AGFHICNVQOVNEENK
ASFHICVQVNENK
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[Laine, Karami and Carbone, 2019]



GEMME: Evolution
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GEMME: Evolution

SX; = Y) = Typ(i) -i|la PE™(Y) + (1 — a) PEP(Y))]

Evolutionary conservation
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[Engelen et al, 2009]



GEMME: Evolution

Evolutionary conservation

Construction of 4/ N phylogenetic trees with \/N
effective sequences from input alignment, to
compute residues trace levels
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[Engelen et al, 2009]
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Evolution (GEMME)
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Evolution (GEMME)

SX; > Y)) = Typr(i) - |a PE™(Y)) + (1 — a) PEFP(Y))]

[ EPRR IV IHRGSTGLGFN | VGGEDGEG | F | SF | LAGGPADLSGELRKGDQ | LSVNGVDLRNASH

The more conserved a position, the more
sensitive to mutations.
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of predicted effects.
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High T,er score positions become highly
intolerant to mutations while any substitution at a
poorly Tser score position will have a small effect.
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Evolution + Structure

ESCOTT
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Mutations appearing in the

[Engelen et al, 2009]



ESCOTT: Evolution + Structure

Mutations appearing in the
interfaces and in the core of a
protein structure are likely
deleterious

- stronger the physico-chemical
propensity stronger the
deleterious effect

Physico-
Tier chemical
propensities

[Engelen et al, 2009]



ESCOTT: Evolution + Structure

Mutations appearing in the
interfaces and in the core of a
protein structure are likely
deleterious

- stronger the physico-chemical
propensity stronger the
deleterious effect

« higher the packing density
stronger the deleterious effect Tipr
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ESCOTT: Evolution + Structure

(Tyer + PC)/2 T+ CV)/2
Mutations appearing in the
interfaces and in the core of a
protein structure are likely
deleterious

- stronger the physico-chemical
propensity stronger the
deleterious effect

Surface Core

« higher the packing density

stronger the deleterious effect S(X; > Y) = Typr(i) - [a PE"(Y) + (1 — a) PEFP/(Y))|

Tigr +CV Tipr+ PC>

T, < max ,
JET < 5 5

(for non-coiled regions)

[ Tekpinar et al, 2025]



ESCOTT: Evolution + Structure

(Ther * (T e + CV)/2

PC)/2
Mutations appearing in the
interfaces and in the core of a
protein structure are likely
deleterious

- stronger the physico-chemical
propensity stronger the
deleterious effect

Surface Core

« higher the packing density . ind ST
stronger the deleterious effect SX; = Y) = Tigr(D) - [“ PE™(Y) + (1 - a).PE P (Y)']

Tigr +CV Tipr+ PC>

T, < max ,
JET < 5 5

(for non-coiled regions)

[ Tekpinar et al, 2025]



PRESCOTT: Allele frequency from human population data

gnomAD v4.0.0
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PRESCOTT: Allele frequency from human population data

gnomAD v4.0.0

”% —> :(C:g:: — :E: > @ Mlg Mg M 730,947 individuals from 8

populations (>20,000 ind):

GnomAD mutational frequencies by population « African/African American

lll =0 . « Admixed American

. _ - Ashkenazi Jewish (14804 ind)
N : AL . East Asian

L B ' —t - European (Finnish)

« European (non Finnish)

« South Asian

- Middle Eastern (3031 ind)
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Effect: decrease pathogenicity scores for common missense mutations



ESCOTT and PRESCOTT performances
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[ Tekpinar et al, 2025]
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ESCOTT and PRESCOTT performances
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ESCOTT and PRESCOTT performances
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Results on 1883 human proteins from

ClinVar, present in gnomAD

o
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True Positive Rate

—— PRESCOTT (AUC=0.95)
—— ESCOTT (AUC=0.88)
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Can we further improve generalisation?

Query sequence
AGFHICVQVYENK

MMseqs2 AlphaFold
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Can we further improve generalisation?

Protein Language
Model

Ni#|V

F

H
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Protein sequence [L]

PLMs: large transformer architectures trained
on protein sequences/structures

Masked LM objective:
Mask a small fraction of tokens
Predict masked tokens based on context

Context-aware embeddings



Can we further improve generalisation? Ensemble multiple modalities!

x N models
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A~ \\ . -
- \\ Different modalities:
( CECLELIELED A sequence, structure,
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Can we further improve generalisation? Ensemble multiple modalities!

x N models

Protein Language
Model

IN[#lv]FIH[T[e]1]K]Q]

\_

Protein sequence [L]

Similar
distributions,
different ranges

-30 -25 -20 -15 -10 -5 0 5 10

Predicted Effect

Rescale to ESCOTT range
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Can we further improve generalisation? Ensemble multiple modalities!

Bagging over different
x N models

- ~ combinations of models
\\ and selection
\\
\
- ClinVar
= - ProteinGym
A S(Yi)=logzgll§:; - Available validation data
[ Protein Language
Model
)
INJ#|V]FIH]T[#[1]K]|Q] //
k Protein sequence [L] ) ;@




Example: ARSA challenge

Goal: prediction of stability scores at 48h post expression for (almost) all missense variants
Available data: Subset of experimental scores for 4% mutations



Example: ARSA challenge

Goal: prediction of stability scores at 48h post expression for (almost) all missense variants

Available data: Subset of experimental scores for 4% mutations

Predicted score

0.I1 O.I2 0.I3 O.I4 Oj5 O.I6 Oj7 O.I8 O.I9
Stabilitv Score 48hr
Correlations on

validation data

ESCOTT + AIDO RAG 16B

sel

Validation set

[Sun et al, 2024]



Example: ARSA challenge

Goal: prediction of stability scores at 48h post expression for (almost) all missense variants
Available data: Subset of experimental scores for 4.4% mutations

Validation set

Predicted score

359 mmm Stability Score 48hr

01 02 03 04 05 06 07 08 09 W Prediction

N Fit params on
Stabilitv Score 48hr

experimental data

Correlations on 25 1 !
validation data £ 20
S Ensure low KL
15 A .
divergence

ESCOTT + AIDO RAG 16B

06.1 02 03 04 %goreo.e 0.7 08 09 [SUI’) eta/, 2024]



Example: ARSA challenge

Goal: prediction of stability scores at 48h post expression for (almost) all missense variants
Available data: Subset of experimental scores for 4.4% mutations

Apply transformation to test data and errors estimates

I Validation set
1 mmm Test set 0201

©
[
w

0.10 A

Estimated Error

0.05 A

0.00 -

0.2 0.4 0.6 0.8
Score Prediction
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ESCOTT and PRESCOTT performances
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