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» Stats - Garnier—Osguthorpe—Robson (and later with Gibrat)

GOR I (1978) information theory, single-residue statistics 0;=58.0%
GOR II (1985) Improved dataset, expanded statistics 0,=61.5%
GOR III(1996) Conditional probability including neighbors 0-,=64.0%

GOR 1V(1997) Longer windows, improved parameters, uses large curated
datasets 0,=64.4%

right state predicted
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total number res.
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» Qian and Sejnowski — Artificial Neural Networks

J. Mol. Biol, (1988) 202, 865-884

Predicting the Secondary Structure of Globular
Proteins Using Neural Network Models

Ning Qian and Terrence J. Sejnowski

Department of Biophysics
The Jokns Hoplkins University
Baltimore, MD 21218, U.S.A.

( Received 25 September 1987, and in revised form 14 March 1988)

We present a new method for predicting the secondary structure of globular proteins based
on non-linear neural network models. Network models learn from existing protein
structures how to predict the secondary structure of local sequences of amino acids. The
average success rate of our method on a testing set of proteins non-homologous with the
corresponding training set was 64:-39, on three types of secondary structure (a-helix,
B-sheet, and coil), with correlation coefficients of C,=0-41, C3=0-31 and C,;=0-41. These
quality indices are all higher than those of previous methods. The prediction accuracy for
the first 25 residues of the N-terminal sequence was significantly better. We conclude from
computational experiments on real and artificial structures that no method based solely on
local information in the protein sequence is likely to produce significantly better results for
non-homologous proteins. The performance of our method of homologous proteins is much
better than for non-homologous proteins, but is not as good as simply assuming that
homologous sequences have identical structures.
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1986

Secondary structure

» Qian and Sejnowski ]

Single network (Q; = 62.3%

GOR 11 (1985) 05=61.5%

AR RN

Output

Hidden

S/ NN

(soee cllee ¢volll scocolliios coclilloccs olios coolill eeose) Input

Phe Asn Ala Arg

Met

Lys

Leu

GOR 11 (1996) 05=64.0%

Sequence of amino acids

GOR IV(1997) Q3:644% Figure 1. A diagram of network architecture. The

standard network had 13 input groups,
units/group, representing a stretch of 13 contiguous
amino acids (only 7 input groups and 7 units/group are
illustrated). Information from the input layer is trans-
formed by an intermediate layer of “hidden’”’ units to
produce a pattern of activity in 3 output units, which
represent the secondary structure prediction for the

central amino acid.
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1986

» Qian and Sejnowski
Single network (Q; = 62.3%
2-nets™ 0, =64.3%
GOR IV(1997) 0;=64.4%

Not bad but GOR 1s statistics
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» The Breaking point: PHD by Rost and Sander

J. Mol. Biol. (1993) 232, 584-599

Prediction of Protein Secondary Structure
at Better than 70% Accuracy

Burkhard Rost and Chris Sander

European Molecular Biology Laboratory
Meyerhofstrafie 1, D-6900 Heidelberg, Germany

(Received 1 February 1993; accepted 13 April 1993)

We have trained a two-layered feed-forward neural network on a non-redundant data base
of 130 protein chains to predict the secondary structure of water-soluble proteins. A new key
aspect is the use of evolutionary information in the form of multiple sequence alignments
that are used as input in place of single sequences. The inclusion of protein family
information in this form increases the prediction accuracy by six to eight percentage points.
A combination of three levels of networks results in an overall three-state accuracy of 70-89,
for globular proteins (sustained performance). If four membrane protein chains are included
in the evaluation, the overall accuracy drops to 70:2%. The prediction is well balanced
between a-helix, f-strand and loop: 65% of the observed strand residues are predicted
correctly. The accuray in predicting the content of three secondary structure types is
comparable to that of circular dichroism spectroscopy. The performance accuracy is verified
by a sevenfold cross-validation test, and an additional test on 26 recently solved proteins. Of
particular practical importance is the definition of a position-specific reliability index. For
half of the residues predicted with a high level of reliability the overall accuracy increases to
better than 829%,. A further strength of the method is the more realistic prediction of
segment length. The protein family prediction method is available for testing by academic
researchers via an electronic mail server.

Keywords: protein secondary structure prediction; multiple sequence alignments;
secondary structure content; neural network

10
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1993
» The Breaking point: PHD by Rost and Sander

Better Protein Secondary Structure Prediction 589
first level: second level: third level: prediction
profile generation Sequence 10 structure  Siructure to strucfure Jury decision winner take all
from a multiple in: profiles, in: output of first in: output of (given here .
sequence alignment out: units for level, out: o, B, L different networks for the N at
(here: B-lactamase: 3bla) helix (a), strand () out: arithmetic position 4)

and loop(L) average for o, B, L
protein  DSSP aligned  number of A
sequence  example: input
K.HK 1:K=.75, H=.25
EDAE 2:E=6,D=2,A=2
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Figure 2. Our network system for secondary structure prediction. Our network system for predicting secondary
structure consists of 3 layers: 2 network layers and 1 layer averaging over independently trained networks. 8, Basic cell
containing 20+ 1 units to code residues at position 1 to w of the input window; here, w = 7. &, Hidden units. Circled 2,
and L, output units for helix, strand and loop. Stippled circles, output from architectures not shown here. —@, Example:
residue N at position 4 predicted to be in helix @—.
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» The Breaking point: PHD by Rost and Sander

Similar networks !

But not the same data

Evolution (PSI-BLAST-type

profiles)

PHD (Profile network from HeiDelberg)

Better Protein Secondary Structure Prediction 589
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sequence alignment out: units for level, out: @, B, L. different networks for the N at
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Figure 2. Our network system for secondary structure prediction. Qur network system for predicting secondary
structure consists of 3 layers: 2 network layers and 1 layer averaging over independently trained networks. 8, Basic cell
containing 20+ 1 units to code residues at position 1 to w of the input window: here, w =7. 8, Hidden units. Circled 2,
and L, output units for helix, strand and loop. Stippled circles, output from architectures not shown here. —@, Example:
residue N at position 4 predicted to be in helix @-.
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1993-97
» Evolution of PHD by Rost and Sander

(1993) O5=71%
(1995) O;="72.2% on RS126 and a webserver !
(1997) Q5 =76.0% on RS126 and 513

Improvements included refine datasets, change in the window,
and real PSSM from PSI-BLAST.

13
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1993-97
» Evolution of PHD by Rost and Sander

(1993) 0,=T71%

(1995) 0,=72.2% on RS126
(1997) 0, =76.0% on RS126
Qian and Sejnowski (1988) 0, =64.3%

GOR TV(1997) 0= 64.4%

14
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» More impressive: PHDtm for transmembrane helices

Protein Science (1995), 4:521-533, Cambridge University Press. Printed in the USA.
Copyright © 1995 The Protein Society

Transmembrane helices predicted at 95% accuracy

BURKHARD ROST,! RITA CASADIO,? PIERO FARISELLI,2 AND CHRIS SANDER!
! Protein Design Group, EMBL Heidelberg, 69 012 Heidelberg, Germany
2 Laboratory of Biophysics, Department of Biology, University of Bologna, 40 126 Bologna, ltaly

(REcEIVED October 31, 1994; AccepTeED December 29, 1994)

Abstract

We describe a neural network system that predicts the locations of transmembrane helices in integral membrane
proteins. By using evolutionary information as input to the network system, the method significantly improved
on a previously published neural network prediction method that had been based on single sequence information.
The input data were derived from multiple alignments for each position in a window of 13 adjacent residues: amino
acid frequency, conservation weights, number of insertions and deletions, and position of the window with re-
spect to the ends of the protein chain. Additional input was the amino acid composition and length of the whole
protein. A rigorous cross-validation test on 69 proteins with experimentally determined locations of transmem-
brane segments yielded an overall two-state per-residue accuracy of 95%. About 94% of all segments were pre-
dicted correctly. When applied to known globular proteins as a negative control, the network system incorrectly
predicted fewer than 5% of globular proteins as having transmembrane helices. The method was applied to all
269 open reading frames from the complete yeast VIII chromosome. For 59 of these, at least two transmembrane
helices were predicted. Thus, the prediction is that about one-fourth of all proteins from yeast VIII contain one
transmembrane helix, and some 20%, more than one.

Keywords: evolutionary information; integral membrane proteins; multiple alignments; neural networks; pro-
tein structure prediction; secondary structure; yeast VIII chromosome
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» PHDtm for transmembrane helices (TMb or not)

B. Rost et al.
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FHEPIWMVTIAGI ILGGLALVGL ITYFGKWT YLK EWLTS
VDHKRLGIMYT IVAIVMLLRGFADA IMMRSQQALASAGEA
GFLPPHHYDQIFTAHGV IMIF FVAMPFVIGLMNLVVPLQI

input predicted helical transmembrane segments (1D)

O 9999999864442001112346689999999999999999
“heural network

systen

9999863202567783888887765214678899999999

Sk

output 'Wﬂﬂlllﬂl““ 9999887622567788888883383888777665544442

numbers

predicied helical — observed helical — rehability indices
r ine r ane

segment segment

Prediction from sequence

Fig. 1. Prediction of the location of transmembrane helices. In one class of membrane proteins, typically apolar helical seg-
ments are embedded in the lipid bilayer oriented perpendicular to the surface of the membrane. Helical segments can be regarded
as more or less rigid cylinders. Thus, the 3D structure of the membrane spanning protein region can be determined by: the location
of segments with respect to sequence; the orientation of helical axes; the inclination of helical axes with respect to lipid bilayer;
and the phase of helices with respect to each other (orientation of helical wheel). Here, we simplify extremely by projecting 3D
structure onto a 1D string describing which residues of the protein are part of a transmembrane helices. Input to the prediction
tool (neural network system) is a protein sequence (in general a sequence alignment), output is a prediction of the location of
tr brane The le shown (seq ¢ of cytochrome O ubiquinol oxidase subunit I, cyob_eco in SWISS-
PROT; Bairoch & Boeckmann, 1994) contained one of the few segments that were underpredicted (missed). The numbers give
the reliability of the prediction for each residue on a scale of 0-9 (Fig. 2). Nontransmembrane regions, when predicted correctly,
usually reached the highest reliability (9). Thus, the unusually low reliability values for the underpredicted segment might have
enabled the expert user to improve the automatic prediction by interpreting this region as nonloop.
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» Gain in prediction accuracy
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» But is everything really so beautiful ...

» dataset RS 126 ... is not really non — redundant ... so it bias
the results ...
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» But is everything really so beautiful ...

» Dataset RS 126 ... is not really non — redundant ... so it bias
the results ...

» And the dataset 513 is in fact also not really cleaned...

» The issue 1s that some non-specialists still use them !!!

Important point: Data, data, data ...
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Vol 17 no. 7 2001
Pages 646-653

~
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o~

Evaluation of methods for the prediction of
membrane spanning regions

Steffen Méller |, Michael D. R. Croning "2 and Rolf Apweiler !

'EMBL-Cutstation European Bioinformatics Institute, Wellcome Trust Genome
Campus, Hinxton, Cambridge CB10 18D, UK and 2School of Biological Sciences,
The University of Manchester, Oxford Road, Manchester M13 9PT, UK

Received on December 15, 2000; revised on March 13, 2001, accepted on March 16, 2001

ABSTRACT

Motivation: A variety of tools are available to predict
the topology of transmembrane proteins. To date no
independent evaluation of the performance of these
tools has been published. A better understanding of the
strengths and weaknesses of the different tools would
guide both the biologist and the bioinformatician to make
better predictions of membrane protein topology.

Results: Here we present an evaluation of the perfor-
mance of the currently best known and most widely used
methods for the prediction of transmembrane regions in
proteins. Our results show that TMHMM is currently the
best performing transmembrane prediction program.
Contact: moeller@ebi.ac.uk; croning@ebi.ac.uk; ap-
weiler @ ebi.ac.uk

INTRODUCTION

Genome sequencing projects provide the scientific
community with an ever-increasing rate of predicted
protein sequences. To analyze these biochemically
uncharacterized sequences, computer based methods
have been established to provide researchers with an
initial characterization. Many of these methods make
use of sequence similarity to already described proteins.
Other methods are used to predict certain properties like
membrane spanning regions.

membrane transport of many ions and solutes, as well
as being involved in the organism’s recognition of self.
The pharmaceutical industry has found them of particular
interest, since membrane-bound receptors and channels
have been repeatedly proven to be fruitful therapeutic
targets. Additionally, membrane proteins often mediate
acquired resistance to drugs.

Thorough structural analysis of membrane proteins is
difficult to achieve since it is very hard to determine the
structure due to the intrinsic difficulties involved in grow-
ing crystals of membrane proteins. It takes considerably
less effort to biochemically determine just the membrane
topology (Geest and Lolkema, 2000), which includes the
determination of the localization of membrane spanning
regions (MSRs) and the polarity of their integration into
the membrane (sidedness).

Still, the topology of the vast majority of membrane
proteins remains biochemically undetermined. Our group
provides a collection of proteins with known biochemical
characterizations of membrane topology (Moller et al.,
2000). However, this collection contains only ~200
well-characterized sequences. Consequently, the charac-
terization of the remaining membrane proteins requires an
accurate method for the automated prediction of MSRs.

Reliable computational methods for topology predic-
tions are very valuable as they provide the basis for
further experimental analysis. A variety of tools have

23
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Table 4b. Companson of performance on an identical sst of proteins

unknown to methods

Table 3. Performance on known MSHEs not used in the training seis of the
Method All MSRs Additionally methiod

found correct sidedness

Method TP+FN TP FN FP FN+FP % comect
TMHMM-Retrain 52 (60%) 43 (R3% of 52)
TMHMM 2.0 48 (55%) 36 (75% of 48) TMHMM-Fetrain® 322 4 28 20 48 &5.1
TMHMM 1.0 45 (52%) 33 (73% of 45) TMHMM 2.0 469 415 54 27 81 2.7
MEMSAT 1.5 41 (47%) 33 (R0% of 41) TMHMM 1.0 471 413 58 36 G4 80
KKD 30 (45%) n/a MEMSAT 1.5 722 620 102 &9 171 76.3
TMAP 35 (40%) 12 (34% of 35) Eisenberg 881 B9 72 163 235 733
KD& 33 (37%) n/a KKD 883 TI9 164 T2 236 733
Tmpred 20 (33%) 9 (31% of 29} KDS 07 773 134 12§ 259 71.4
Eisenberg 27 (31%) n/a TMAP 606 538 158 &R 226 67.5
505U 27 (3% nfa DAS 626 508 28 210 238 62
KDS 26 (30%) n/a SOSUI 829 638 191 137 328 60.4
KD 25 (29%) n/a KDa £35S 494 391 25 416 53
DAS 24 (28%) n/a TMpred 82 525 357 80 437 50.5
HMMTOP 23 (26%) 19 (83% of 23) HMMTOP 453 251 202 33 238 48.1
K eI WEFLEAT n/a ALOM 2 B83 420 454 17 471 46.7

PHDtm |rup 18 (21%) 17 (94% of 18) I:E;m R W [V R cEn|

Toppred 2 16 (18%) 6 (38% of 16) > eqam] iy =y =
ALOM 2 9 (10%) n/a
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Table 3. Performance on known MSHEs not used in the training seis of the

method

How PHDtm can drops from e i v o e v
95% to > 50% When USINEg NCW  tMHMMRetain* 322 204 28 20 48 RS.1
TMHMM 2.0 469 415 54 27 81 8.7

9 TMHMM 1.0 471 413 58 36 94 80
data ! MEMSAT 1.5 722 620 102 &9 171 76.3
Eisenberg 81  BO9 72 163 235 733

KKD B3 719 164 72 236 733

KDS 907 773 134 125 259 714

TMAP 696 538 158 68 276 615

DAS 626 598 28 210 238 62

SOSUI 829 638 191 137 328 60.4

KDY B85 494 391 25 416 53

TMpred 82 525 357 80 437 505

HMMTOP 453 251 202 33 235 48.1

ALOM 2 R93 429 454 17 471 46.7
m ] SR 310 207 536 LER

res e P 1 ¥
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Original training dataset.. Table 3. Performance on known MSHEs not used in the training seis of the
method

O Sthture e (1Oglcal) Method TP+FN TP FN FP FN4+FP % comect
SO delineatiOn Of TMb TMHMM-Retrain* 322 294 28 20 48 85.1
TWMHMM 2.0 464 415 a4 7 81 g27
. TMHMM 1.0 158 3f g4 80
were taken from UniProt, MEMSATIS 12 60 12 @ 763
Eisenberg 881 KOO 72 163 235 733
. . o, s KKD 883 719 164 T2 236 733
1.e. prediction, and it 1s KDS or M 14 15 29 714
TMAP 606 538 158 68 226 615
. e 5 26 598 28 2 238 62
Not good to do prediction on SosU1 B9 e 01 13 w8 e
KDY B85 494 391 25 416 53
prediction ... o $3 29 e W 28 ant
ALOM 2 K83 424 454 17 471 46.7

FHD TS S64 319 207 526 LER
s e e
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OFiginal training dataset.. Table 3. Performance on known MSHEs not used in the training seis of the
method

O Sthture e (loglcal) Method TP+FN TP FN FP FN4+FP % comect
SO delineation Of TMb TMHMM-Retrain®* 322 294 28 20 48 85.1
TWMHMM 2.0 464 415 a4 7 81 g27
. TMHMM 1.0 358 36 94 80
were taken from UniProt, MEMSATIS 12 60 12 @ 763
Eisenberg 81 BO9 72 163 235 733
. . ., - KKD R81 719 164 T2 236 733
1.e. prediction, and it is KDS o 14 125 2 714
TMAP fth 538 158 it 226 6l5
. 5 2 98 28 2 238 62
Not good to do prediction on SosU1 £9 69 W 157 T 6
KDY R85 494 391 25 416 53
prediction ... o & o ome w4
ALOM 2 K83 424 454 17 471 46.7

FHD TS S64 319 207 526 LER
red2 STt Attt} 9

Important point: Data, data, data ...
27
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» So we must be careful !
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» Gain in prediction accuracy
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Median Free-Modelling Accuracy
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>50, i.e. consider as different fold, i.e. cannot be use
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2
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AlphaFold2

3

120

Sum(Zscore>0.0)

3

» CASP
6 competition:
" THE GAP!

-. RO

RN R A 2
A N N RN

M Groups
GR 7 GR SUM Zscore Rank SUM Zscore AVG Zscore Rank AVG Zscore Slﬂm mmm AVG Zscore Rank AVG Zscore
# iy || L $Domains Count 0(> -2.0) ‘(>-2.0) 0(> 2.0) °(> -2.0) (’0.0) ’ ‘(>o 0) ‘(>o 0)
427 AlphaFold2 92 244.0217 1 2.6524 1 ‘ 244.0217 1 2.6524 1

473 BAKER 92 90.8241 2 0.9872 2 92.1241 2 1.0013 3 ZI.
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» In all papers !! = Nature 2021 (now > 30.000 citations)

Breakthrough of the year Science 2021

Method of the year Nature Methods 2021

Best invention of 2022 (Life)

Prices ....
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» And now, Chemistry Nobel prize 2024 (Demis Hassabis,
born 1976 & John Jumper, born 1985 ,
g ) Q) DeepMind

ITHE NOBEL PRIZE
IN CHEMISTRY 2024

David Baker Demis Hassabis John Jumper 36
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» Deep Learning approaches
AF2 => close to LLM

Similarities to LLMs
Transformer Architecture:

AlphaFold 2’s Evoformer is based on the Transformer architecture—the same core used in
LLMs like GPT. It applies attention mechanisms to extract long-range dependencies, not
across words but across residues and sequences in an MSA.

Sequence-based Learning:

Like LLMs process text sequences, AlphaFold 2 processes biological sequences (protein
sequences and their alignments). It captures contextual information about each amino
acid based on its sequence and evolutionary context.

Representation Learning:

Both LLMs and AlphaFold 2 learn latent representations of input data: LLMs learn la§1 uage
semantics, while AlphaFold 2 learns structural constraints and relationships between
residues.
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» AlphaFold2 simplified architecture

. ™ High

Greveve —{ Evoformer
Input sequence

lllll
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» Amazing results

Yes.

i AlphaFold2

AlphaFold Experiment AlphaFold Experiment AlphaFold Experiment
r.m.s.dgs=0.8A; TM-score = 0.93 r.m.s.d. = 059 A within 8 A of Zn rmsd.,, =22A TM-score = 0.96

Sum(zscore>0.0)
¥
e |

® & TTITEITS EE AR —_— e SO —_— i

GR GR SUMZscore | RankSUMZscore | (AVGZscore | JRankAVGZscore || SUMZacore  \RankSUMZacore | ,AVGZscore | oRank AVG Zscore
¥ %code | *ame YDomes Com | 2020y *p20) $p-20) *p-20) Tpos) *pog) #00) *000)
1 a2 AlphaFold2 2 240217 1 26524 1 2440217 1 26524 1

2 an BAKER 2 208241 2 09872 2 921241 2 10013 2 40
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» You can use it at home

Algorithm is published and
entirely avalaible (was not
the case for vl)

hitps.//github.com/deepmind
/alphafold

) whycitub?

& deepmind / alphafold

<> Code

¥ main ~

0D O DO EREERER

Augustin-Zidek and Copybara-Service Accept any ordering given by ListDir in t...

alphafold

docker

imgs

notebooks

scripts
.dockerignore
CONTRIBUTING.md
LICENSE
README.md
requirements.txt

run_alphafold.py

Team Enterprise Explore

() lIssues 52 i Pull requests 13

¥ 1branch O 2tags

Marketplace Pricing Search

L\ Notificati

() Actions [T Projects © Security |~ Insights

1d43aaf on10Sep & 25 commits

Skip obsolete PDB templates that don't have a replacement. last month

Fix a few typos. 2 months ago
Initial release of AlphaFold. 3 months ago
Fix TensorFlow versions in AlphaFold Colab notebook. 2 months ago
Remove a redundant space. 2 months ago
Collapse hh-suite install steps into single layer. 3 months ago
Initial release of AlphaFold. 3 months ago
Initial release of AlphaFold. 3 months ago
Update the bibtex citation with the issue number and pages last month
Switch to Tensorflow CPU-only. GPU not needed for data pipeline. 2 months ago

Use pLDDT in the B-factor column of the output PDBs. 2 months ago
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» You can use it at home

bioRxiv preprint doi: https:/doi.org/10.1101/2021.09.26.461876; this version posted September 26, 2021. The copyright holder for this preprint

S O p e Opl e haV e llS e d it. (which was not certified by peer review) is the :\lfjgi‘lgg:r:ﬁ%é :Alar‘gg-%svg:;jagtlﬁ?e?r:ft{i;walaIliif:r?ss: to display the preprint in perpetuity. It is made
Results from a blg consortium A structural biology community assessment of AlphaFold 2 applications
Mehmet Akdel'’, Douglas E V Pires*', Eduard Porta Pardo®*’, Jirgen Janes®’, Arthur O
“For 11 proteomes an average Zalevsky®', Balint Mészaros’, Patrick Bryant®’, Lydia L. Good®, Roman A Laskowski®'
.. ’ . Gabriele Pozzati®, Aditi Shenoy®, Wensi Zhu®, Petras Kundrotas®, Victoria Ruiz Serra*, Carlos H
szs% addltlonal I'CSldueS can M Rodrigues?, Alistair S Dunham®, David Burke®, Neera Borkakoti®, Sameer Velankar®, Adam
Frost'®, Kresten Lindorff-Larsen’, Alfonso Valencia**, Sergey Ovchinnikov"* — Janani
be Conﬁdently mOdelled When Durairaj?#, David B Ascher?”, Janet M Thomnton®# Norman E Davey'*#, Amelie Stein®*, Ame

Elofsson®#, Tristan | Croll"# Pedro Beltrao®"

compared to homology

d ll 29 1 - Bioinformatics Group, Department of Plant Sciences, Wageningen University and Research, Netherlands
modac lng 2 - Systems and Computational Biology, Bio21 Institute, University of Melbourne, Melbourne, Victoria, Australia
. 3 - Josep Carreras Leukaemia Research Institute (IJC),Badalona, Spain
9 Automatlc hOInOlOgy 4 - Barcelona Supercomputing Center (BSC)
. 5 - European Molecular Biology Laboratory, European Bioinformatics Institute (EMBL-EBI), Cambridge, UK.
mo delllng e 6 - Shemyakin—-Ovchinnikov Institute of Bioorganic Chemistry, Russian Academy of Sciences, 117997 Moscow,

Russian Federation
7 - European Molecular Biology Laboratory, Heidelberg, Germany
8 - Dep of Biochemistry and Biophysics and Science for Life Laboratory, 17121 Solna, Sweden

. b 9 - Linderstram-Lang Centre for Protein Science, Department of Biology, University of Copenhagen, DK-2200
Akdel et al (2021) bioRxiv el

. . 10 - Department of Biochemistry and Biophysics University of California, San Francisco
=> (2022) N at S truct B lOl 11- Faculty of Arts and Sciences, Division of Science, Harvard University, Cambridge, MA 02138
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» You can use it at home

A Proteins Residues

Homo sapiens Databank
Mus musculus B SwissModel
Drosophila melanogaster W AlphaFold
Caenorhabditis elegans M Unresolved
Saccharomyces cerevisiae }
Schizosaccharomyces pombe Confidence

B Very low (pLDDT < 50)

Low (70 > plLDDT > 50)
B Confident (90 > pLDDT > 70)
MW Very high (pLDDT > 90)

Escherichia coli
Staphylococcus aureus
Plasmodium falciparum
Mycobacterium tuberculosis
Arabidopsis thaliana

1.0

oY 200 00 10.0 0.5
Count 1le3 Count 1le6 Ratio

0 5 - European Molecular Biology Laboratory, European Bioinformatics Institute (EMBL-EBI), Cambridge, UK.
9 Autor\' ‘\? ‘ 1\)log}] 6 - Shemyakin—-Ovchinnikov Institute of Bioorganic Chemistry, Russian Academy of Sciences, 117997 Moscow,

Russian Federation
mod OV\

7 - European Molecular Biology Laboratory, Heidelberg, Germany

8 - Dep of Biochemistry and Biophysics and Science for Life Laboratory, 17121 Solna, Sweden

9 - Linderstram-Lang Centre for Protein Science, Department of Biology, University of Copenhagen, DK-2200
Copenhagen N, Denmark

. . 10 - Department of Biochemistry and Biophysics University of California, San Francisco
Akdel et al (2 02 1) blORXlV 11- Faculty of Arts and Sciences, Division of Science, Harvard University, Cambridge, MA 02138

=>(2022) Nat Struct Biol
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» There is a database of already done model

Growth of Protein Sequences and Structures Over Time

EBI h UniProt (all)

— PDB (experimental)
108F— AlphaFold (predicted)

Tunyas & %'

596(78

106 L

Number of Entries (log scale)

105 L

10%

2000 2005 2010 2015 2020 2025
Year
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» There is a database of already done model

EBI: https://www.alphafold.ebi.ac.uk

AlphaFold2, at a scale that covers .. 98.5%
of human proteins. The resulting dataset
covers 58% of residues with a confident
prediction, of which a subset (36% of all
residues) have very high confidence.

=>» 36% for drug design

Tunyasuvunakool K, et al (2021), Nature.
596(7873):590-596.

Article

Highly accurate protein structure prediction
forthe humanproteome

https://doi.org/10.1038/s41586-021-03828-1  Kathryn Tunyasuvunakool'™, Jonas Adler', Zachary Wu', Tim Green', Michal Zielinski',

. Augustin Zidek', Alex Bridgland', Andrew Cowie', Clemens Meyer', Agata Laydon',
Recsived: f1May 2021 Sameer Velankar’, Gerard J. Kleywegt’, Alex Bateman®, Richard Evans', Alexander Pritzel’,
Accepted: 16 July 2021 Michael Figurnov', Olaf Ronneberger', Russ Bates', Simon A. A. Kohl', Anna Potapenko',
Published online: 22 July 2021 Andrew J. Ballard', Bernardino Romera-Paredes', Stanislav Nikolov', Rishub Jain',

. Ellen Clancy', David Reiman', Stig Petersen', Andrew W. Senior’, Koray Kavukcuoglu',
Openaccess Ewan Birney’, Pushmeet Kohli', John Jumper'*** & Demis Hassabis'**

M Check for updates

Protein structures can provide invaluable information, both for reasoning about
biological processes and for enablinginterventions such as structure-based drug
developmentortargeted mutagenesis. After decades of effort, 17% of the total
residuesin human proteinsequences are covered by an experimentally determined
structure’. Here we markedly expand the structural coverage of the proteomeby
applying thestate-of-the-art machine learning method, AlphaFold’, atascale that
covers almost the entire human proteome (98.5% of human proteins). The resulting
dataset covers 58% of residues with aconfident prediction, of which asubset (36% of
allresidues) have very high confidence. We introduce several metrics developed by
building on the AlphaFold model and use themtointerpretthedataset, identifying
strong multi-domain predictionsas wellasregionsthatarelikelyto be disordered.
Finally, we provide some case studiestoillustrate how high-quality predictions could
be used to generate biological hypotheses. We are making our predictions freely
availableto the communityand anticipatethat routine large-scaleand high-accuracy
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» There is a database of already done model

EBI: https://www.alphafold.ebi.ac.uk

AlphaFold2, at a scale that covers .. 98.5%
of human proteins. The resulting dataset
covers 58% of residues with a confident
prediction, of which a subset (36% of all
residues) have very high confidence.

=>» 36% for drug design

=> 42% question about fold

Tunyasuvunakool K, et al (2021), Nature.
596(7873):590-596.

Article

Highly accurate protein structure prediction
forthe humanproteome

https://doi.org/10.1038/s41586-021-03828-1  Kathryn Tunyasuvunakool', Jonas Adler', Zachary Wu', Tim Green', Michal Zielinski',
Augustin Zidek', Alex Bridgland', Andrew Cowie', Clemens Meyer', Agata Laydon',

Received: 11May 2021 Sameer Velankar?, Gerard J. Kleywegt’, Alex Bateman®, Richard Evans', Alexander Pritzel’,

Accepted: 16 July 2021 Michael Figurnov', Olaf Ronneberger', Russ Bates', Simon A. A. Kohl', Anna Potapenko',

; " Andrew J. Ballard', Romera-Paredes', Nikolov', Rishub Jain',
Published cnline:22Juty 2021 Ellen Clancy', David Reiman', Stig Petersen', Andrew W. Senior’, Koray Kavukcuoglu',
Openaccess Ewan Birney’, Pushmeet Kohli', John Jumper'*** & Demis Hassabis'**

M Check for updates

Protein structures can provide invaluable information, both for reasoning about
biological processes and for enablinginterventions such as structure-based drug
developmentortargeted mutagenesis. After decades of effort, 17% of the total
residuesin human proteinsequences are covered by an experimentally determined
structure’. Here we markedly expand the structural coverage of the proteomeby
applying thestate-of-the-art machine learning method, AlphaFold’, atascale that
covers almost the entire human proteome (98.5% of human proteins). The resulting
dataset covers 58% of residues with aconfident prediction, of which asubset (36% of
allresidues) have very high confidence. We introduce severalmetrics developed by
building on the AlphaFold model and use themtointerpretthedataset, identifying
strong multi-domain predictionsas wellasregionsthatarelikelyto be disordered.
Finally, we provide some case studiestoillustrate how high-quality predictions could
be used to generate biological hypotheses. We are making our predictions freely

availableto the communi(x and amiciﬁtethal routine Iarge-scaleand high-accuracz
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T.cruzi M. tuberculosis

Model confidence:
W very nigh (pLDOT > 90) B Confident (80 >pLDOT > 70) Low (70 >plDOT > 50) B Very low {pLDODT < 50)

» Protein structures predicted using artificial
intelligence will aid medical research, but the
greatest benefit will come if clinical data can

be similarly used to better understand human
disease.

Janet M. Thornton, Roman A. Laskowski and
Neera Borkakoti. (2021) Nat Med. 27:1666-1671.

The good, the bad and the ugly’
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The new prediction algorithms do not
solve the protein folding problem in the
sense that they do not reveal how a
sequence encodes three-dimensional
structure.

However, they do solve the problem in
practical terms, as they can reliably
predict structure from sequence, at
least in many cases.

Although only time will tell, this
advance 1s expected to represent a
breakthrough in structural biology that
1s comparable to previous major
advances,

Cramer P. (2021) Nat Struct Mol Biol.
28(9):704-705.

correspondence | e

AlphaFold2 and the future of structural biology

To the Editor — AlphaFold2 is a
machine-learning algorithm for protein
structure prediction that has now been used
to obtain hundreds of thousands of protein
models. The resulting resource is marvelous
and will serve the community in many
ways. Here I discuss the implications of this
breakthrough achievement, which changes
the way we do structural biology.

Imagine a website where you could
download a reliable three-dimensional
model of your protein of interest. Until
recently, this was justa dream. Now such
structure prediction has become reality,
at least for many monomeric proteins.
Asaresult of a collaboration between the
company DeepMind and the European
Molecular Biology Laboratory, hundreds of
thousands of protein models were published
online 22 July 2021.

Ithas been a long-term goal of the
scientific community to provide structural
information on the human proteome.
However, despite decades of effort, only
~18% of the total residues in human protein
sequences are covered by experimentally
determined structures at this time. This

R A e B

already been applied to predict structures of
several protein complexes. Like AlphaFold2,
RoseTTAFold is available to the community
and can now be used as an alternative route
to predict protein structure from sequence.

AlphaFold2 and the community
Half a century ago, the structural
biology community had decided that all
experimentally resolved macromolecular
structures should be collected in an
open-access database, the Protein Data
Bank (PDB)". The PDB has been a great
investment in the future and was essential
for training the machine-learning algorithm
of AlphaFold2. From the features learned
during this training on experimentally
determined structures, the algorithm

could predict unknown structures with
considerably higher accuracy than what has
been achieved before.

The vast structural knowledge available
in the PDB was thus a conditio sine qua non
for developing the new prediction tools.
Obtaining the many experimental structures
that are collected in the PDB has required
decades of hard work by the structural

solution of domain structures by NMR may
be replaced by fast predictions so that the
unique advantages of NMR in investigating
protein folding and dynamics and the
binding of ligands and nucleic acids can be
utilized more readiy.

The new prediction algorithms should
also improve automated model building.
This will not change the general approach
in structural biology, which has always
combined model building with experimental
observations. The best-known example
may be the DNA double helix, which was
originally modeled to fit experimental
observations that came from X-ray fiber
diffraction and biochemistry". Until
today, structural models were built to
explain experimental data, but soon
machine-learning methods may be
combined with classical refinement tools
to largely automate model building, to the
benefit of the community.

New challenges for computational
biology

The new algorithms will be used to predict
the structured proteome of any organism

48
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An agnostic analysis of the human AlphaFold2 proteome using local

protein conformations

Alexandre G. de Brevern’

iia

Uiniversiié Roris Cuté and Université des Antilles and Université de ln Réunion, INSERM UMR_S 1134, BIGR, DSIMB Bininformatics team, F-75004, Raris,

France
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Keywords
Secondary structuse
Helx

Sheet: tum
polypioline I

Knowledge of the 3D structure of proteins is a valuable asset for understanding their precise hiological
mechanisms._ However, the cost of production of 3D structures and experimental difficulties Emit their
obtaining. The proposal of 3D structural models is an ling alternative. The release of
the AlphaFold Deep Learning approach has revolutionized the field The recent near-complete human
proteome proposal makes it possible to analyse large amounts of data and evaluate the resulis of the
approach in greater depth The 3D human proteome was thus analysed in light of the classic secondary
structures, and many less-used protein local conformations ( PolyFraline I helices, type of y-turns, of f-
turns and of p-bulges, curvature of the helices, and a structural alphabet]. Without questioning the global
quality of the approach, this analysis highlights certain local conformations, which maybe poarly pre-
dicted and they could therefore be better addressed

© 2022 Eksevier BV. and Société Frangaise de Biochimie et Biologie Molkculaire (SFEBM). All rights

Strscrural alphabet: protein structure
Deep kearning

reserved.

1. Introduction

Proteins are essential constituents of cells, one of the major
macromolecules of life. Composed of 20 amine acids, proteins
ensure a variety of essential biological functions. The dogma of
molecular biol ogy emphases the link between the nucleic sequence
and the protein sequence [o arrive ar protein structures and their
functions. Mowadays, access o these sequences has become
particularly cheap [1] Databases contain millions of protein se-
quences, while the three-dimensional structures of proteins are
much more difficult to obtain experimentally [2].

Hence for more than 30 years, different computational ap-
proaches have been implemented to propose three. al

TASSER [5—7]. These twe last have won numerous Critical Assess-
ment for Protein Structure Prediction (CASP) meetings [8.9]
Arrived at the CASP13 (2018), the company Dee pMind presented
its new Deep Leaming approach named AlphaFold [10]. It wen the
Free Modelling category, i.e. the prediction of novel protein folds
[11] whereas template-Based Modelling category, i.e. protein folds
already found in the Protein Data Bank, was won by Zhang's group
[12]. Two years later, AlphaFold version 2 obtained particularly
remarkable at CASP14 (2020) [ 13.14]; some models were within the
uncertainties of the i 1 lution, an result
This improvement combined the delicate use of evolution, contacts
within proteins, and large CPU computing power that allowed the
i ion of a particularly complex and elegant architecture

(3D) structural medels of proteins from their amino acid
sequence [3]. The classic categories of these approaches include
h ! or © dedli threading ab initio, de novo
approaches, and meta-servers; these last combined several ap-
proaches. It is possible to notice the best-known tmols such as
Modeller [4], the golden of i

[15.16].

AlphaFold 2 was a hot topic for 2020 and 2021 [17-20], leading
o a revolution in protein structural model building [2 and
opening potential new opportunities, e g new drug design re-
searches [23,24]. Three points can be noticed (i) the code can be

modelling and de novo most recent approaches Rosetta and |-

* INSERM UMR_S 1134, DSIMBE Bionbrmatcs team, Pars Cité, 8 rue Maria
Helena Vieira da Silva, 75014, Paris. France
E-mail address: 4

haps

freely on GitHub (hrtps: [jgithub.com/deepmind;
alphafold) and is really useable [25], (ii) different online note-
books for non-specialists are easy to use{e g hrrps: [[colab research
gnogle com|github/sokrypten/ColabFold [blobf main/batch,

AlphaFold2_barchipynb) [26], and (iii) EBl provides structural
model dambases [27] Indeed, model building is expensive in

0I00-3084/ 2022 Elsevier BY. and Société Francaise de Biochimie ef Biokogie Moléculaive [SFEBM). All rights reserved

=z
DSIMB

DYMAMICS OF ETRUCTURES AND
INTERACTIONS OF EIOLOGSCAL
MACRDAMILFCULES

Not all local conformations are properly
predicted !

PPIIs are not good
y-turns are not good
Cis-o are not good

B-sheets are in limited number ...

de Brevern A.G. An agnostic analysis of the
human AlphaFold2 proteome using local protein
conformations. Biochimie (2023) 207:11-109.
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Abstract: Access in the thre e-dimensional (30 structural information of macramolecules. & of magar
interest in both fundamental and applisd research. Oitaining this experimenta] data can be complex,
time consuming, and costly. Thendore, in silic computational approaches am an alternative of
infermest, and sometimes present a unique option. In this context, the Protein Structure Prediction.
method AlphaFold? represented 2 revolutionary advance in structural bioinformatics. Named
methad of the year in 2021, and widely distributed by DecpMind and EBL it was thought at this time
that protein-folding issues had been resolved. However, the relity & slightly more mvmplex. Due to
alack of input experimental data, related to crystalographic challenges, some targets have remained
highly challenging or not feasible. This perspective exercise, dedicated © 2 nonrexpert andience,
discusses and comectly places AlphaFold? metodology in its context and, above all, highlights
its wse, limitations, and opportunities. After a review of the inferest in fhe 3D structure and of the
previousmethods used in the field, AFZ? isbrought into its historical context. Its spatial interests an=
detailed befor presenting precise quantifications showing same kimitations of fis approach and
finishing with the perspectives in the fisld

Keywonds: molecular modelling: protein sequences; protein structures; compamtive modelling
thading: de novo; meta-servers; deep leaming; CASP

1. Foreword

The idea for this short perspective comes from multiple discussions about the real
impact of AlphaFeld? {AFY) with fellow specialists biologists, and students. We provide a
simple bul comprehensive overview induding the experlise of esearchers who deal with
AF2on aregular basis, for non-specialists such as medical dodors. AF2 is has various
users. [t & a method that has been discussed in an unparalleled way in recognized scientific
pournals {method of the year for Nature Methods [1], with a $3 million award for its
designers [2]) and has impacted non-specialists {e.g., the Times best inventions 2022 [3])
Statements asserting that ‘Il will change everything’ [4] or ‘DeepMind Al eracks 50-year-old
problem of protein folding’ [5] bring questions, especially when the reality and impaet of
the results differ from one research lab to another.

This strategic perspective exercise is articulated in four pants. First, we outline for
the record the issues of interest in protein structure and the history of the field of three-
dimensional {30) struectural model prediction. Second, we diseuss more specifically the
deep learning approaches in Struchural Bisinformaties. Third, we present our ideas on
the contributions and limitations of AF2. Finally, we concude with perspectives for the
evolution of the field.

2 Introduction
2.1. Proteins and 3D Struchures

Proteins are composed of a succession of amino acids, essential biokgical molecules
that are the building blocks of mac romolecules. With 20 different types, these amino acids

Bl o rmatics 2003, 5, 37520, hitps // dod.ogg /103390 bsomad in formatc 3020025 hitps/ wowvemdpi.com / josral/ bamedm rmatacs

°
DSIMB

DYHAMICS OF STRUCTURES AND
MTERACTIONS OF BROLOICAL
MACROMOLECULES

Analyses of the impact of AlphaFold2 on the
daily life of a Structural Bioinformatics lab.

Protein structure prediction

Sequence pIDDT : 95

MTPEEIERKFEELKEEIKELVERGVK
RIIEINLGPDLTPEERREFFEEVRKIL 2> AlphaFoIdZ S

-
» 2
pIDDT : 70 %ﬂx?ﬁh L\‘j/\ pIDDT : 10
S

pIDDT : 30

Iterative process

Tourlet S., Radjasandirane R., Diharce J., de
Brevern A.G. AlphaFold2 Update and
Perspectives. BioMedInformatics (2023) 3(2),
378-390.
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What I was doing before AlphaFold2

(a)
» Protocol:

protein properties (S2, disorder, PTMs,...)
PSI-BLAST, HMM, ... searching in databases
Looking for evolution
Comparative modelling if possible (Modeller)
Tools and webservers:
comparative, €.g. SwissModel,
threading, e.g. Phyre
de novo, e.g. I-Tasser, Rosetta

» Analyses

=z
DSIMB

DYMAMICS OF ETRUCTURES AND
INTERACTIONS OF EIOLOGSCAL
MACSIMOLECULES

Tourlet S., Radjasandirane R., Diharce J., de

Brevern A.G. AlphaFold2 Update and

Perspectives. BioMedInformatics (2023) 3(2), 51
378-390.
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o
What I was doing before AlphaFold2 What I am doing now e
(a) (b)
» Protocol: > Protocol:

protein properties (S2, disorder, PTMs,...) protein properties (S2, disorder, PTMs,...)
PSI-BLAST, HMM, ... searching in databases PSI-BLAST, HMM, ... searching in databases
Looking for evolution Looking for evolution

Comparative modelling if possible (Modeller) Comparative modelling if possible (Modeller)

Tools and webservers: :> Tools and webservers:

comparative, e.g. SwissModel, comparative, e.g. SwissModel,
threading, e.g. Phyre threading, e.g. Phyre
de novo, e.g. I-Tasser, Rosetta de novo, e.g. I-Tasser, Rosetta
Deep learning, e.g. AlphaFold2
» Analyses » Analyses
Tourlet S., Radjasandirane R., Diharce J., de
Brevern A.G. AlphaFold2 Update and

Perspectives. BioMedInformatics (2023) 3(2), 52
378-390.
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» Editorial : Should We Expect a Second Wave of
AlphaFold Misuse After the Nobel Prize? DSIMB

DYMAMICS OF ETRUCTURES AND
INTERACTIONS OF EIOLOGSCAL
MACRDAMILFCULES

Editorial

Should We Expect a Second Wave of AlphaFold Misuse After the
Nobel Prize?

Alexandre G. de Brevemn

Université Paris Cité and Université de la Réunion, INSERM, BIGR, DSIMB Bioinformatics Team,
F-75015 Paris, France; alexandre.debrevern@univ-paris-diderot. fr; Tel.: +33-1-4449-3000

AlphalPold (AF) was the first deep learning tool to achieve exceptional fame in the field
of biology [1]. To sum up, we first recall the existence of the CASP (Critical Assessment of
Structural Prediction) competition, which allows the evaluation of individual prediction
methods by proposing protein structural models. In 2018, the first version of the AF
obtained excellent results, close to those of the best approaches available at the time [2,3].
Two years later, in 2020, a particularly significant average improvement was observed [4,5],
and then with the communicative power of a company spun off from Alphabet, a great
increase in media coverage of structural bioinformatics occurred.
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» Yes, AlphaFold is a revolution, because now Deep Learning
(Artificial Intelligence) 1s everywhere in Biology

» But it i1s methodological revolution, for Structural
Bioinformatics it 1s only an evolution

» It only provides 10% more proteins and 25 residues per
protein on average in regards to comparative modeling

» Not so simple to be highly sure
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» An example: DSIMB

DYHALECS OF ETRUCTURES AND
INTERACTEOMNS OF BIOLOGREAL
A) ERMAP domains
1-29 38-144 156-176 240-288 292-401 416-444 475
l:{g’::f V-set domain ™ PRY domain SPRY domain g regl:n d
L ) \ A A A A ]
|l A 1 | 1 1
40-146 156-176 178-214 215r12 412-447 448-474
4CG4 & 2WL1
B) templates 1PKO 6J8G 4V 1P Superimposed RaptorX 4UZZ
N A ~
A
) \\f:. "i’t
C) ERMAP model \ \'&O
g 3
{”l
. . J e W X
D) Electrostatic potential - /
transmembrane
domain
Figure 2
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> An example: Ds,jﬂﬁmm

A) ERMAP domains
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» An example:

Raptor X

trRosetta
I-Tasser

RoseTTAFold

AF2

$ a9
1
SAALAAAALAALAL - aw -~
>y

D) Electrostatic potential

nsan 1340 s

N / JI{ Y ot 2w L, N
)templates — 1pKO G8G  4VIP sed RaptorX  4UZZ
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When it is complicated, it
is complicated
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» Flexibility: Distribution of B-factors

Rigid flexible
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» Schlessinger & Rost

PROTEINS: Structure, Function, and Biocinformatics 61:115-126 (2005)

Protein Flexibility and Rigidity Predicted From Sequence

Avner Schlessinger’? and Burkhard Rost!~%*

LCUBIC, Department of Biochemistry and Molecular Biophysics, Columbia University, New York, New York
2Columbia University Center for Computational Biology and Bioinformatics, New York, New York
3Northeast Structural Genomics Consortium (NESG), Department of Biochemistry and Molecular Biophysics,

Columbia University, New York, New York

ABSTRACT Structural flexibility has been asso-
ciated with various biological processes such as
molecular recognition and catalytic activity. In silico
studies of protein flexibility have attempted to char-
acterize and predict flexible regions based on simple
principles. B-values derived from experimental data
are widely used to measure residue flexibility. Here,
we present the most comprehensive large-scale anal-
ysis of B-values. We used this analysis to develop a
neural network-based method that predicts flexible-
rigid residues from amino acid sequence. The sys-
tem uses both global and local information (i.e.,
features from the entire protein such as secondary
structure composition, protein length, and fraction
of surface residues, and features from a local win-
dow of sequence-consecutive residues). The most
important local feature was the evolutionary ex-
change profile reflecting sequence conservation in a
family of related proteins. To illustrate its potential,
we applied our method to 4 different case studies,
each of which related our predictions to aspects of
function. The first 2 were the prediction of regions
that undergo conformational switches upon envi-
ronmental changes (switch II region in Ras) and
the prediction of surface regions, the rigidity of

structural flexibility that enables this motion has been
associated with various biological processes such as molecu-
lar recognition and catalytic activity.’ 2! In fact, even such
a coarse-grained aspect of protein structure as the second-
ary structure assigned from X-ray crystals of proteins
captures flexibility relevant for protein function.??
Flexible regions can be predicted from sequence. In silico
studies have attempted to characterize and predict flexible
regions from the amino acid sequence. Different groups
used different definitions for flexibility. On a very coarse-
grained level, all regions with high net charge and low
hydrophobicity were considered to be natively unfolded.?*
The rationale for this assumption is that repulsion from

equal charge—charge interactions and the reduced “folding

driving force” in regions of low hydrophobicity account for
flexibility. Dunker and his group introduced another radi-

cal approach that considers all regions with missing

coordinates in X-ray structures as “disordered” and ap-
plied neural networks to predict such regions.***2° Other
groups have used to same definition to develop related
methods to predict such “disorder.”**~** Qur group took a
much simpler angle to identify long regions with NORS
(i.e., stretches of 70 or more sequence-consecutive residues
depleted of helices and strands).>*® Analyzing all proteins
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» Schlessinger & Rost: rigid or flexible

A. SCHLESSINGER AND B. ROST

Step 1: creating the input files

Find similar sequences
using PSI-BLAST

Creating

Running PROF to predict:
HSSP profiles

-secondary structure

-solvent accessibility

All residues/ \Resudues with:
- ez PREL<16 & Reliability factor >5
Step 2: flexibility prediction e

Network 1 — prediction for all residues:

-Sequence profile window of 9

Network 2 — prediction for buried residues:
-Sequence profile window of 9

-Secondary structure -Secondary structure

-Solvent accessibility + prediction reliability factor

-Global information: length, 2ndary structure
. a content.

-Global information: length, portion of exposed
residues, 2ndary structure content

Output: flex/ngid

Fig. 2. Prediction system. Step 1: Compile information used for neural network input. HSSP profiles were
created using PSI-BLAST; these profiles are used to predict 1D structure (secondary structure and solvent
accessibility) by PROFphd. Step 2: System of neural networks. Network 1 was trained on all residues with all
input features, while network 2 was trained exclusively on reliably predicted buried residues. Residues that
PROFacc predicted as buried with high reliability were passed to network 2; all others to network 1.
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* Rigid / mtermediate / flexible (from 2- to 3-states)

* Using experimental data (B-factors) and results from
Molecular Dynamics (RMSF *)

*Root Mean Square Fluctuations °
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Normalized RMSF Distribution

Normalized B-factor Distribution

Number of residues
Number of residues
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Normalized B-factor

Relation between Normalized B-factor and RMSF
per residue

3 Flexible ‘é% X  Experimental and
, =~ T simulation uncertainties
2 Intermediate S . .
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1 Rigid
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» PredyFlexy

A prediction of local protein conformations made with Support
Vector Machines.
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» PredyFlexy

A prediction of local protein conformations made with Support
Vector Machines.

120 different Local Structure Prototypes (11 residues length),
so 120 Support Vector Machines (each times 1 against the 119
others, defining the second class)
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» PredyFlexy

A prediction of local protein conformations made with Support
Vector Machines.

120 different Local Structure Prototypes (11 residues length),
so 120 Support Vector Machines (each times 1 against the 119
others, defining the second class)

Input Space

Feature Space

optimization with RBF (2 parameters
tested 1n grid), 1.e. 1000 simulations.

67



! nserm

Institut national
de la santé ot de la recherche médicale

Protein flexibility prediction 15"20

Bioinformatique & Interactions

» PredyFlexy

» Fragment repartition :

B .. ) o
Relation between Normalized B-factor and RMSF ngld Class 1: 40.4 %
per fragment — Intermediate Class 2 : 36.7 %

— Flexible Class 3 : 22.9 %

20

= Limited confusion between
extremely different classes :
» Rigid Class normalized RMSF and
Flexible Class normalized B-factor:
~2%

15

10

Normalized B-factor

» Flexible Class normalized RMSF
and normalized Rigid Class B-
factor: ~ 2 %
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2012 DSIMB

DYHARCS OF STRUCTURTS AND
INTERACTIONS OF BIOLOOMCAL kil = =
MAACROMLECULES PredyFlexy : Flexibility and Local Structure prediction from
> P I'CdYF 1CXy SeaLence
Home
ey Introduction
This server is designed to predict local protein structures and protein flexibility from its
About Method sequence. Results can be visualised at the amino acid level through a table.and graphics.
Example Protein Local Structure Prediction
D load It is now admitted that the folded state of proteins, that is, the native 3D structure, can be
ownloa described by a limited set of recurring local structures (Fitzkee et al., Trends Biochem. Sci.
2005). This observation led to the development of fragment libraries'designed to characterize in
DSIMB the most suitable way, the local structures of all proteins with-known 3D structures. These
Ilbraries consist in a finite set of representative structural fragments. Nowadays, when no
e protein is ilable, the most successful methods for predicting global 3D, protein

structures use fragment assembly techniques.

A library of 120 3D structural prototypes encompassing all known local protein structures has
been developed (Benros et al., Proteins, 2006). These Local Structure Prototypes (LSPs) were
mean representative fragments of 120 overlapping structural classes of 11-residues fragments.
They ensured a good quality of approximation. An associated local structure prediction method
from sequence was also created. Its principal interest was to propose a limited number of
relevant structural candidates for a given target sequence.

Recently, we achieved a balanced improvement of the prediction rate by coupling evolutionary
information with support vector machines (SVMs). A very satisfying correct prediction rate of

Bomot A’ Etchebest C, de Brevem f:e.tlh‘)":dv;/:‘smopblt:r;r\eendte?rinstrﬁ;oazzegec:irégildates (Bornot et al., Proteins, 2009). This prediction
AG (2011) Predicting Protein Protein Flexibility Prediction

In the same way, protein structures are not rigid macromolecules. We analysed local structure

Flexibility through the Prediction Of flexibility features in proteins by relying on: (i) B-factors from X-ray experiments and (ii)

backbone fluctuations in solution observed in molecular dynamics simulations. Finally, an original
flexibility prediction method from sequence was developed (Bornot et al., Proteins, 2011). Three

Local Structures Proteins classes of flexibility are considered. Very few confusion between rigid and flexible classes was
M . observed. Only 13.5% of rigid residues were predicted as flexible and reciprocally, only 5.8% of

79(3) 8 39 52 flexible ones were predicted as rigid.This method is implemented for this web service.

Launch a prediction

de Bre‘]err1 AG’ B OI'l'lOt A, CraVellI' P, Paste your sequence file (fasta file format):

>example
EtCheb e St C b} Ge lly J - C (2 O 1 2 ) ;:;PE1VSVIGEYAGKLDHLPSEH:;R;&'\:DLATRL;N;;;;G“:;:K:LLS"‘GA!SNE
PredyFlexy: Flexibility and Local R LS TR RO MEACIRDE /A DL TR AN ANV EAIATS
ERAHELGYLFYT PAAVGLRVLDVV( RRGLLDLMERF
Strucmre predICtlon from Sequence M mPstnbs;ngganmm T e N

Nucleic Acid Res. 40:W317-22.
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A. PSSM B. D. Output
MSA of homologs
seqfl:enoes Wnsr:,aﬂte: to Strict threshold Non-strict threshold 3 classes prediction S classes prediction
equency p! ol e il
AAindex
- : Sequence plot
Physicochemical and
Protein sequence biochemical properties of contence of prescson: [Jl| [
>1BINA amino acids <05 (0.5.06] >06
VAFTEKQDALVSSSFEAF . e 2 gEEEEE — -
KANIPQYSVVFYTSILEKA One-hot |1 EEEE EEEEEEE ] = EEEEEEEEEE BN
PMKDLFSFLANG' Ollveclorencodingof VAV'EKQDIL!SSSV&AFK‘NlPQ!E!,’!’S!LEKAPAAKDLFS‘LANG
1 10 20 30 40 50
the amino acid sequence 100 features
15 amino acids 2 pEEEEEN o EEEEm L
L | oom smmm
Sequence extremities window 0 SNEEEEEEEE =0
( " VDP'NPKL'GNAEKLFA VRD;AOQLKASGYVVADAALGSVNAQKAV'U?m
[
1: Sequence extremity
0: Middle of sequence I 2 SEmEs = Ll
'm . = mEm EEEE E == EEE
0 % weEEEE =8 5 EE EEm mm
QFVVVKEALLKTIKAAVGDKWSDELSRAWEVAYDELAAAIKKA
101 10 120 130 140
C. Neural network architecture S fon:Stiice

Flexibility class distribution

q Global flexibility of the target sequence:

residues are grouped into 3 predicted classes of flexibility

ConvlD filters = 100 - kernel_size = 1

ConvlD fllters-120 kernel_size =3

3 classes 5 classes

ConvlD fllters-144 kernel_size =5

units 512

Rigid m Flexible

Dense units =
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A.
Balanced accuracy Sensitivity Precision F1-Score
Tool MEDUSA PROFbval MEDUSA PROFbval MEDUSA PROFbval MEDUSA PROFbval
Non-Strict 0.678 + 0.011 0.662 0.678 + 0.011 0.662 0.678 + 0.011 0.663 0.677 £ 0.011 0.662
Strict 0.684 + 0.014 0.638 0.684 £ 0.014 0.638 0.672 +0.013 0.677 0.672+0.014 0.642
B. Non-Strict Strict C. D.
Rigid JOAYMAN 0.323 (ONyya 0.323 § » 0 IRUCGES 0.226 0.138 0 QEOAisAm 0.201 0.104 0.052 0.055
o 7]
©
§ Flexible 0.322 [RVRGYAS 0.310 [eAGElY § ©1 0338 0.319 0.343 » 1 St 0.236 0.181 0.106 0.093
2 g g
2 & =
g Rigid IIEH 0.385 Y H 0.136 é 2 0.115 m0:192 %2 0.167 0.171 0.233 0.203 0.226
m 0 1 x
Flexible 0.291 JORACE BOELVA 0413 S Predicted class 3 0091 0103 FOA77 e R
Rigid  Flexible Rigid  Flexible 4 0.052 0.050 0.103 0.214 Rtk
Predicted class 0 1 3 4

» Excellent results: 2-, 3- and 5-states

» with B-factors

2
Predicted class
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MEDUSA: Prediction of Protein
Flexibility from Sequence

Yann Vander Meersche, Gabriel Cretin, Alexandre G. de Brevern,
Jean-Christophe Gelly * and Tatiana Galochkina *

Universite de Paris, Inserm UMR_S 1134 - BIGR, INTS, 6 rue Alexandre Cabanel, 75015 Paris, France
Laboratoire d Excellence GR-Ex, 75015 Paris, France

Correspond. to Jean-Christophe Gelly, Tatiana Galochkina: christophe.gelly @u-paris.fr (J.-C. Gelly),
tatiana.galochkina @ u-paris.fr (T. Galochkina)

https://doi.org/10.1016/j.jmb.2021.166882

Edited by Michael Sternberg

Abstract

Information on the protein flexibility is essential to understand crucial molecular mechanisms such as pro-
tein stability, interactions with other molecules and protein functions in general. B-factor obtained in the X-
ray crystallography experiments is the most common flexibility descriptor available for the majority of the
resolved protein structures. Since the gap between the number of the resolved protein structures and
available protein sequences is continuously growing, it is important to provide computational tools for pro-
tein flexibility prediction from amino acid sequence. In the current study, we report a Deep Learning based
protein flexibility prediction tool MEDUSA (htips:/www.dsimb.inserm.fyMEDUSA). MEDUSA uses evolu-
tionary information extracted from protein homologous sequences and amino acid physico-chemical prop-
erties as input for a convolutional neural network to assign a flexibility class to each protein sequence
position. Trained on a non-redundant dataset of X-ray structures, MEDUSA provides flexibility prediction
in two, three and five classes. MEDUSA is freely available as a web-server providing a clear visualization
of the prediction results as well as a standalone utility (https:/github.com/DSIMB/medusa). Analysis of the
MEDUSA output allows a user to identify the potentially highly deformable protein regions and general
dynamic properties of the protein.

© 2021 Elsevier Ltd. All rights reserved.
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» Excellent results: 2-, 3- and 5-states
» A dedicated webserver

» ~150,000 to 350,000 trainable parameters
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2025
» To predict RMSF

Sequence Embeddings

encoding by pLM
>1BINA 16 CNN
VAFTEKQDALVSSSFEAF predictors
Ankh base * RMSF L
=y (sw.pni ).\ Prediction mean
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Ankh large
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4%’ =g m e
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mean LDDT
proTs XL m . P PEGASUS output
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» To predict RMSF

PEGASUS: Prediction of MD-derived protein flexibility

from sequence

4

» Flexibility prediction in 2 classes

(rigid/flexible): F1 score of 0.71 vs. 0.65

» Better predictions despite a 7 X smaller

training set

» Embeddings more informative than classical
evolutionary/physicochemical descriptors DSIMB

DYMAMICS OF ETRUCTURES AND
INTERACTIONS OF EIOLOGSCAL
MACRDAMILFCULES

» Capable of detecting changes in flexibility induced by point
mutations
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PEGASUS

Prediction of Protein

Flexibility from Sequence ‘

PEGASUS: Prediction of Protein Flexibility from Amino-Acid Sequence

%B Br no V|I|outre ix's Al-Biotech-Studio w B Giem) (Tl (e ) (&

73 views 5 months ago #Deeplearning #PointMutatio

Wtqulknhtlfmv VdM sche and colleagues, published in Protein Sci n June 2025. PEGASUS is a deep learning tool that
predicts protein flexibility directly from seque gmbddgfmmllplpt n langua gmdl and MD-derived training data (fr mthATLAS

.................................................................

Bruno Villoutreix’s Al-Biotech-Studio
https://www.youtube.com/watch?v=tXu5311K7h8 76
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. 3 billion base pairs
DNA f\, on variants in our genome (0.1% of our P:m_l‘.j_-:-_-ﬁ___ Commeon variants
Sequencing > [] | ] ] [ || || Presentinatleast 1% of the population
® ® ® ® o ® o 0 - -
I | L J | I | | Polymorphism

Rare variants

Have the potential to be pathogenic Considered benign

Family history | | Knewn variants in the literature | | Laboratory test
S | =

Pathogenicity indicators

Bening { *» Pathogenic
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» Pathology prediction: model — Variant Effect Predictor

Computer
. 3 billion base pairs algorithm
&5 T (Model)
T e
equendng > (T T ] ] [ 1T D
j ® ® o
Z —J L J 1
Rare variants ) Predicting the impact of
Have the potential to be pathogenic variants
nJ ] ;
'..f-/"tf:: . [
Family history Known variants in the literature | Laboratory test |
e

Pathogenicity indicators

test all variants to find
enough evidence of

It is difficult (impossible) to ‘

Bening > Pathogenic pathogenicity.

v ne X : ;
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» Pathology prediction: benchmark (MCC)
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» Pathology prediction: benchmark (MCC)
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benchmark

Contents lists available at Sciencelirect N
GENOMICS

Genomics

journal homepage: www.elsevier.comilocate/ygana

m)
Insights for variant clinical interpretation based on a benchmark of 65 )
variant effect predictors
Ragousandirane Radjasandlrane Julien Diharce, Jean-Christophe Gelly *,

Alexandre G. de Brevern '

Universce Peri Ci: and Universi de a Riuaion, INSERM, EES, BIGR U114, DSIMB Bioinformatics team, #-75015 Pur, France

ARTICLE INFO ABSTRACT

Reywards: Single amino acid substitutions In protein sequences are generally harmless, but a certain number of these
Missense variants changes can lead to disease. Accurately predieting the effect of genetic variants is erucial for clinictans as it

‘Benchmark accelerates the diagnosis of patients with missense varlants associated with health preblems. Many computs.
Pabogsaicity tonal tools have been developed to predict the pathogenicity of genetle variants with varlows approaches.
Vuthent elfect predistor Analysing the performance of these different computational tools is cruclal ta provide guldance to both future
AlpbaMiense tsers and apecalyclinilans. I s, a lrgeseale 110 af 6 tols s condctd. Varlnts o

AlphaFoldz 1 were used, from the C] and

sources. The analysls showed that AlphaMissense uften performed very well and was in fact one of the best
optlens among the existing tosls. In addition, s expected, meta-predictors perform well on average. Toals using
evolutonary informarlon shawed the best prformance fo functional varians. These resuls also highighted
some heterogenelty in the difficulty of
Strikingly, the majority of variants from the ClinVar database appear 1o be easy to pmﬂn, while variants from
other sources of data . This bout the use of ClinVar and the dataset used to
valldate tools accuracy. In addition, these results show that this variant predictabillty can be divided into three
distinet classes: easy, moderate and hard to prediet. We analyzed the parameters leading to these differences and
showed that the classes are related t structural and functional information.

1. Introduction deletions / insertions, i even of
a large portion of sequence. The sequencing of several human genomes

In living organisms, DNA molecules are subject to replication cycles,
a fundamental process for the generation of new cells and the transfer of
genetic information. Sometimes, slterations occur in the nucleotide
sequel leading to dif A mutatie
can be neutral, having no effect on the cell and the biological processes.
Nucleotide changes of sufficient magnitude can have a particularly
negative effect on cells, leading to disease. Finally, in the most serious
case, the nucleotide changes may be so lethal that the cell i

has revealed the extensive nature of human polymorphisms, indicating
that most SNFs are harmless. Only a fraction of them have been directly
linked to diseases [2] and are called Single Nucleotide Variants or SNVs
rather than SNPs which refer specifically to highly frequent variants
(with an allele frequency superior to 1 %). The first set of vriants are
called benign, the second pathogenic.

The criteria for deciding whether a variant should be snnotated as

[1]. Hence, these nucleotide changes can range from a single nucleotide
mutation (ie. Single Nucleotide Polymorphism or SNP), to larger

benign ar well documented. A recognized guideline
is provided by the American College of Medical Genetics (ACMG) and
Association for Molecular Pathology (AMP) [3), it lists several good

Abbreviations: ACMG, American College of Medical Genetics; AMP, Association for Molecular Pathology; SNP, Single Nuclele acid Polymorphism; OMIM, Online
‘Mendelian Inheritance in Man; HGMD, Human Gene Mutation Datsbase; VEPs, Varlant Effect Predictors; AF2, Alphafold2; ML, Machine Leaming: Al, Artificial
Intelligence; DMS, Deep Mutation Seanning; TIC, Type 1 Circularity; T2€, Type 2 Cireularity; AUROC, Area Under the ROC eurve; MCC, Matthews Correlation

Coefficlent; BER, Balanced Error Rate; SASA, Solvent Accossible Surface Area.
* Corresponding author.
E-moll address: alexandre. debrevern@univ-paris-dide
! Bath authors contributed equally.

hitps://d

£ (AG. de Brevern).

Recelved 5 December 2024 nmlud Ln nevlsed form 20 February 2025; Accepted 20 March 2025

Avallable online 22 March

2025
0888.7543,/ 2025 The Authors. Published by Elsevier Ine. This s an open access article under the €6 BY-NC-ND license (hiip://creaiivecommons.org lcenses iy

ne-nd/4.07).
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» Pathology prediction: a new approach (with proper data)
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» Pathology prediction: PATHOS

ESMC 600M Ankh2 Large
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ClinVar
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INTERACTIONS OF EIOLOGSCAL
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PATHOS: Predicting Variant Pathogenicity by Combining Protein Language
Models and Biological Features

Ragousandirane Radjasandirane, (2 Gabriel Cretin, ©2 Julien Diharce, () Alexandre G. de Brevern,
Jean-Christophe Gelly

doi: https://doi.org/10.64898/2025.12.22.25342839

This article is a preprint and has not been peer-reviewed [what does this mean?]. It
reports new medical research that has yet to be evaluated and so should not be used to
guide clinical practice.

Abstract Full Text Info/History Metrics [ Preview PDF

Abstract

Predicting the pathogenic impact of missense variants is essential for understanding
and diagnosing genetic diseases. These approaches have undergone significant
evolution, with the latest methodologies based on deep learning approaches.
Nonetheless, only a limited number use the potential of Protein Language Models
(PLMs), which have demonstrated strong performance across various protein-related

tasks.

A new predictor, called PATHOS, was developed; it combines embeddings from an

optimal set of two PLMs, namely ESM C 600M and Ankh 2 Large. Their embeddings

were combined with additional crucial biological features such as phylogenetic

probabilities, allele frequency, and protein annotations; they were aggregated using a 88
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» Pathology prediction ++ ... : HECATE, a Siamese model

Supplementary information sur la mutation [PATHOS)
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» Pathology prediction ++ .

.. : HECATE, a Siamese model
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» HECATE results

[ Pathogenicity ]
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» Pathology prediction

Terribly sensitive to the data curation

Improvement can be done

Architecture can be used for other property researches

92



° D)"E B
Bioinformatique & Interactions
cale

Institut national

S. RECENT DEVELOPMENTS

93



!nserm

Institut national
de la santé ot de la recherche médicale

Recent developments Dlco

Bioinformatique & Interactions

» Prediction of the effects of mutations on protein interactions

Alessandr& arbone

» A deep learning framework -
» Mutations on the interface of PPI %od \

» Direct prediction of AAGBind

» Local changes
» Leverage the knowledge of protein-protein interactions

» Transfer the knowledge in an end-to-end architecture
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» Prediction of the effects of mutations on protein interactions

Bioinformatics, 2023, 39, i544-i552
httpsy/doi.org/10.1093/bioinformatics/btad231
ISMB/ECCB 2023

OXFORD

Deep Local Analysis deconstructs protein—-protein
interfaces and accurately estimates binding affinity
changes upon mutation

Yasser Mohseni Behbahani', Elodie Laine''*, Alessandra Carbone’*
'Laboratory of Computational and Quantitative Biology (LCQB), UMR 7238, Sorbonne Université, CNRS, IBPS, Paris 75005, France

*Cor ding authors. Lab y of C: ional and Quantitative Biology (LCQB), UMR 7238, Sorbonne Université, CNRS, IBPS, Paris 75005, France.
E-mails: al a re-universite.fr (A.C.); elodie.laine@sorbonne-universite.fr (E.L)

Abstract

Motivation: The llar recent advances in protein and protein complex structure prediction hold promise for reconstructing interactomes

at large-scale and residue resolution. Beyond determining the 3D arrangement of interacting partners, modeling approaches should be able to un-
ravel the impact of sequence variations on the strength of the association.

Results: In this work, we report on Deep Local Analysis, a novel and efficient deep learning framework that relies on a strikingly simple decon-
struction of protein interfaces into small locally oriented residue-centered cubes and on 3D convolutions recognizing patterns within cubes.
Merely based on the two cubes associated with the wild-type and the mutant residues, DLA accurately estimates the binding affinity change for
the associated complexes. It achieves a Pearson correlation coefficient of 0.735 on about 400 mutations on unseen complexes. Its generalization
capability on blind datasets of complexes is higher than the state-of-the-art methods. We show that taking into account the evolutionary con-
straints on residues contributes to predictions. We also discuss the influence of conformational variability on performance. Beyond the predictive
power on the effects of mutations, DLA is a general framework for transferring the knowledge gained from the available non-redundant set of
complex protein structures to various tasks. For instance, given a single partially masked cube, it recovers the identity and physicochemical class
of the central residue. Given an ensemble of cubes representing an interface, it predicts the function of the complex.

Availability and i ion: Source code and models are available at

1 Introductlvon o respectively. Significant efforts have been expended over the past
The ever-growing number of sequenced individual genomes  decade to produce, collect and curate binding affinity measure-

and the possibility of obtaining high-resolution 3D structural ments for wild-type and mutated complexes
- wma ok e P . i - .
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» Deep learning-based nanobody design
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» Deep learning-based nanobody design

|______|single-point mutation-based sequence design
l' | Structure prediction
Binding affinity prediction

] Melting temperature prediction
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A deep learning approach for rational affinity maturation of anti-VEGF

nancbodies

Gaélle Verdon

GaélleVerdon, = Laurent David, '=' Alexandre de Brevern, ' Yasser Mohseni Behbahani
doi: hteps://doi.org/10.1101/2025.10.20.683442

This article is a preprint and has not been certified by peer review [what does this mean?]
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Abstract

Nanobodies offer several advantages over conventional antibodies due to their lower

immunogenicity, enhanced stability, and superior tissue penetration, making them

promising candidates for cancer therapy. In this study, we employ deep learning
algorithms to design anti-VEGF nanobodies via affinity maturation. Our approach
integrates structure-guided mutational modeling and systematic measurement of
binding affinity and stability for rational optimization of Complementarity Determining
Regions. In addition, we developed a sequence-based melting temperature predictor
for nanobodies, ensuring stability of the designed mutants. Our method achieves
energy reductions up to -4.92 kcal/moel. Our melting temperature predictor
demonstrated a Pearson carrelation coefficient of 0.772. These findings emphasize
the potential of computational approaches for nanobody affinity maturation and

stability prediction, paving the way for more effective therapeutic designs. 1 00
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Compression down to x96, thus reducing storage costs and
enabling learning for downstream task prediction.

However, variable-sized compressed embeddings and latent
space are still not continuous. 103
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» A methodological revolution
» An evolution in the field of Structural Bioinformatics
» Data, data... is always the most important

» Very different types of approaches, needs to be properly
defined (size of the dataset)

» Black boxes, no explanation

» Lot of ‘experts’, difficult to asses all the new approaches and
papers (example of protein design)
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