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First approaches in Bioinformatics

➢ Prediction of secondary structures from the sequences

…SVAWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIERKNAVFN…
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First approaches in Bioinformatics

➢ Stats - Garnier–Osguthorpe–Robson (and later with Gibrat)

GOR I (1978) information theory, single-residue statistics            Q3= 58.0%

GOR II (1985) Improved dataset, expanded statistics                    Q3 =61.5%

GOR III(1996) Conditional probability including neighbors          Q3=64.0%

GOR IV(1997)  Longer windows, improved parameters, uses large curated 

datasets                                                                                            Q3=64.4%

            right state predicted

     Q3= 

      total number res.
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First approaches in Bioinformatics

1988

➢ Qian and Sejnowski – Artificial Neural Networks
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First approaches in Bioinformatics

1986

➢ Qian and Sejnowski

Single network   Q3 = 62.3%

GOR II (1985)  Q3 =61.5%

GOR III (1996) Q3=64.0%

GOR IV(1997)  Q3=64.4%
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First approaches in Bioinformatics

1986

➢ Qian and Sejnowski

Single network   Q3 = 62.3%

2-nets*                Q3 = 64.3%

GOR IV(1997)     Q3=64.4%

Not bad but GOR is statistics !

*Network cascade
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First approaches in Bioinformatics

1993

➢ The Breaking point: PHD by Rost and Sander
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1993
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First approaches in Bioinformatics

1993

➢ The Breaking point: PHD by Rost and Sander

PHD (Profile network from HeiDelberg) 

Similar networks !

But not the same data :

Evolution (PSI-BLAST-type 

profiles)
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First approaches in Bioinformatics

1993-97

➢ Evolution of PHD by Rost and Sander

(1993) Q3= 71%

(1995) Q3 = 72.2% on RS126   and a webserver !

(1997) Q3 = 76.0% on RS126 and 513

Improvements included refine datasets, change in the window, 

and real PSSM from PSI-BLAST.
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First approaches in Bioinformatics

1993-97

➢ Evolution of PHD by Rost and Sander

(1993)     Q3= 71%

(1995)     Q3 = 72.2% on RS126

(1997)     Q3 = 76.0% on RS126

Qian and Sejnowski (1988)                Q3 = 64.3%

GOR IV(1997)       Q3= 64.4%
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First approaches in Bioinformatics

➢ More impressive: PHDtm for transmembrane helices
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First approaches in Bioinformatics

➢ PHDtm for transmembrane helices (TMb or not)
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First approaches in Bioinformatics

➢ Gain in prediction accuracy

17

Theoretical 

limit (88%)

Made with ChatGPT
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➢ But is everything really so beautiful … 
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First approaches in Bioinformatics
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First approaches in Bioinformatics

➢ But is everything really so beautiful … 
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PHDtm



First approaches in Bioinformatics

➢ But is everything really so beautiful … 

How PHDtm can drops from 

95% to > 50% when using new

data ?
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First approaches in Bioinformatics

➢ But is everything really so beautiful … 

Original training dataset: 

0 structure … (logical)

So delineation of TMb

were taken from UniProt,

i.e. prediction, and it is

Not good to do prediction on

prediction …
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First approaches in Bioinformatics

➢ But is everything really so beautiful … 

Original training dataset: 

0 structure … (logical)

so delineation of TMb

were taken from UniProt,

i.e. prediction, and it is

Not good to do prediction on

prediction …

Important point: Data, data, data … 
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First approaches in Bioinformatics

➢ So we must be careful !
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First approaches in Bioinformatics

➢ Gain in prediction accuracy

29

Theoretical 

limit (88%)

Made with ChatGPT



3. ALPHAFOLD

30
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AlphaFold2

➢ Text

>50, i.e. consider as different fold, i.e. cannot be use
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AlphaFold2

➢ Text

But 

everybody 

improves a 

little
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AlphaFold2

➢ Text

THE JUMP
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AlphaFold2

CASP 

competition: 

THE GAP !
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AlphaFold2

➢ 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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AlphaFold2

➢ And now, Chemistry Nobel prize 2024 (Demis Hassabis, 

born 1976 & John Jumper, born 1985)

David Baker    Demis Hassabis          John Jumper
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AlphaFold2

➢ 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 language 

semantics, while AlphaFold 2 learns structural constraints and relationships between 

residues.
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AlphaFold2

➢ AlphaFold2 simplified architecture
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AlphaFold2

3. AlphaFold2
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AlphaFold2

➢ Amazing results

 Yes. 
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AlphaFold2

➢ You can use it at home

Algorithm is published and 

entirely avalaible (was  not 

the case for v1)

https://github.com/deepmind

/alphafold
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AlphaFold2

➢ You can use it at home

So people have used it.

Results from a big consortium

“For 11 proteomes, an average 

of 25% additional residues can 

be confidently modelled when 

compared to homology 

modelling”

➔Automatic homology 

modelling ...

Akdel et al (2021) bioRxiv

=> (2022) Nat Struct Biol
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AlphaFold2

➢ You can use it at home

So people have used it.

Recent results from a big 

consortium

“For 11 proteomes, an average 

of 25% additional residues can 

be confidently modelled when 

compared to homology 

modelling”

➔Automatic homology 

modelling ...

Akdel et al (2021) bioRxiv

=> (2022) Nat Struct Biol
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AlphaFold2

➢ There is a database of already done model

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

Tunyasuvunakool K, et al (2021), Nature. 

596(7873):590-596.



45

AlphaFold2

➢ 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.
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AlphaFold2

➢ 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.
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➢ 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.

AlphaFold2

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 is expected to represent a 

breakthrough in structural biology that 

is comparable to previous major 

advances,

Cramer P. (2021) Nat Struct Mol Biol. 

28(9):704-705.

AlphaFold2



AlphaFold2

49

de Brevern A.G. An agnostic analysis of the 

human AlphaFold2 proteome using local protein 

conformations. Biochimie (2023) 207:11-19.

Not all local conformations are properly 

predicted !

PPIIs are not good

-turns are not good

Cis- are not good

-sheets are in limited number …



AlphaFold2
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Tourlet S., Radjasandirane R., Diharce J., de 

Brevern A.G. AlphaFold2 Update and 

Perspectives. BioMedInformatics (2023) 3(2), 

378-390.

Analyses of the impact of AlphaFold2 on the 

daily life of a Structural Bioinformatics lab.



AlphaFold2
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What I was doing before AlphaFold2             What I am doing now 

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

Brevern A.G. AlphaFold2 Update and 

Perspectives. BioMedInformatics (2023) 3(2), 

378-390.



AlphaFold2
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What I was doing before AlphaFold2             What I am doing now 

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

Brevern A.G. AlphaFold2 Update and 

Perspectives. BioMedInformatics (2023) 3(2), 

378-390.



AlphaFold2

➢ Editorial : Should We Expect a Second Wave of 

AlphaFold Misuse After the Nobel Prize? 
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AlphaFold2

➢ Yes, AlphaFold is a revolution, because now Deep Learning 

(Artificial Intelligence) is everywhere in Biology

➢ But it is methodological revolution, for Structural 

Bioinformatics it is 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

54



AlphaFold2

➢ An example: 

55
Floch A, Lomas-Francis C, Vege S, Burgos A, Hoffman R, Cusick R, de Brevern AG, Westhoff CM. Transfusion. 2023, 63(1):230-238.



AlphaFold2

➢ An example: 

56

AF2: 

wrong model



AlphaFold2

➢ An example: 

57

Raptor X

trRosetta

I-Tasser

RoseTTAFold

AF2
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When it is complicated, it 

is complicated



3. PROTEIN FLEXIBILITY 

PREDICTION
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Protein flexibility prediction

➢ Flexibility: Distribution of B-factors

6060

Rigid                                flexible



Protein flexibility prediction

2005

➢ Schlessinger & Rost
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Protein flexibility prediction

2005

➢ Schlessinger & Rost: rigid or flexible
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Protein flexibility prediction

2009

➢ PredyFlexy

• Rigid / intermediate / flexible (from 2- to 3-states)

• Using experimental data (B-factors) and results from 

Molecular Dynamics (RMSF*)

*Root Mean Square Fluctuations 63



Protein flexibility prediction

64

• Experimental and 

simulation uncertainties

• 3 Flexibility classes

3 Flexible

2 Intermediate

1 Rigid



Protein flexibility prediction

➢ PredyFlexy

A prediction of local protein conformations made with Support 

Vector Machines.
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Protein flexibility prediction

➢ 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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Protein flexibility prediction

➢ 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)

   optimization with RBF (2 parameters 

   tested in grid), i.e. 1000 simulations.
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Protein flexibility prediction

➢ PredyFlexy

68

➢ Fragment repartition :

– Rigid Class 1: 40.4 %

– Intermediate Class 2 : 36.7 %

– Flexible Class 3 : 22.9 %

▪ Limited confusion between 

extremely different classes :

➢ Rigid Class normalized RMSF and 

Flexible Class normalized B-factor: 

~ 2 %

➢ Flexible Class normalized RMSF 

and normalized Rigid Class B-

factor: ~ 2 %



Protein flexibility prediction

2012

➢ PredyFlexy

69

Bornot A, Etchebest C, de Brevern 

AG (2011) Predicting Protein 

Flexibility through the Prediction of 

Local Structures. Proteins. 

79(3):839-52.

de Brevern AG, Bornot A, Craveur P, 

Etchebest C, Gelly J-C (2012) 

PredyFlexy: Flexibility and Local 

Structure prediction from sequence. 

Nucleic Acid Res. 40:W317-22.



Protein flexibility prediction

2021

➢ MEDUSA: Deep Learning approach

70



Protein flexibility prediction

2021

➢ MEDUSA: Deep Learning approach

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

➢ with B-factors
71



Protein flexibility prediction

2021

➢ MEDUSA: Deep Learning approach
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Protein flexibility prediction

2021

➢ MEDUSA: Deep Learning approach

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

➢ A dedicated webserver

➢ ~150,000 to 350,000 trainable parameters

73



Protein flexibility prediction

2025

➢ To predict RMSF
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Protein flexibility prediction

2025

➢ To predict RMSF

➢ Flexibility prediction in 2 classes 

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

➢ Better predictions despite a 7× smaller

 training set

➢ Embeddings more informative than classical 

evolutionary/physicochemical descriptors

➢ Capable of detecting changes in flexibility induced by point 

mutations

75



Protein flexibility prediction

2025

Bruno Villoutreix’s AI-Biotech-Studio

https://www.youtube.com/watch?v=tXu53l1K7h8 76



4. PATHOLOGY PREDICTION
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Pathology prediction

➢ Pathology prediction: the question
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Pathology prediction

➢ Pathology prediction: model – Variant Effect Predictor
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Pathology prediction

➢ Pathology prediction: VEP chronology
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Pathology prediction

➢ Pathology prediction: benchmark (MCC)

81

Excellent results on ClinVar (used by most methods)

         ML and associated are the nest approaches



Pathology prediction

➢ Pathology prediction: benchmark (MCC)

82

Some sensitivity on the test 

dataset



Pathology prediction

➢ Pathology prediction: benchmark (MCC)

83

In fact, terribly sensible on the 

dataset (different type of bias)



Pathology prediction

➢ Pathology prediction: benchmark
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In fact, terribly sensible on the 

dataset (different type of bias)



Pathology prediction

➢ Pathology prediction: a new approach (with proper data)
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Pathology prediction

➢ Pathology prediction: PATHOS
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Pathology prediction
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Pathology prediction

➢ Pathology prediction: PATHOS
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Pathology prediction

➢ Pathology prediction ++ … : HECATE, a Siamese model
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Pathology prediction

➢ Pathology prediction ++ … : HECATE, a Siamese model
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Pathology prediction

➢ HECATE results

91



Pathology prediction

➢ Pathology prediction

Terribly sensitive to the data curation

Improvement can be done

Architecture can be used for other property researches

92



5. RECENT DEVELOPMENTS
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Recent developments

➢ Prediction of the effects of mutations on protein interactions

A deep learning framework

Mutations on the interface of PPI

Direct prediction of ΔΔGBind

Local changes

Leverage the knowledge of protein-protein interactions

Transfer the knowledge in an end-to-end architecture

94

Alessandra Carbone

Élodie Laine



Recent developments

➢ Prediction of the effects of mutations on protein interactions
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➢ Prediction of the effects of mutations on protein interactions
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Recent developments

➢ Deep learning-based nanobody design

97



Recent developments

➢ Deep learning-based nanobody design

98



Recent developments

➢ Deep learning-based nanobody design

99



Recent developments

➢ Deep learning-based nanobody design

100

Gaëlle Verdon



Recent developments

➢ Compress the embeddings:
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Recent developments

➢ Compress the embeddings: Faithful reconstruction despite 

x96 compression
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Recent developments

➢ Compress the embeddings:

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



Recent developments

➢ Compress the embeddings: now x400 and more continuous
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Recent developments

➢ Compress the embeddings
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6. Conclusion(s)

➢ 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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Dr. F. Gardebien 

Dr. Ph. Charton 

Dr. Y. Mohseni Behbahani

Dr. J. Diharce 

Dr. T. Galochkina

Dr. F. Guyon

Dr. G. Cretin

Dr. R. Radjasandirane

Pr. M. Ostuni (BIGR)
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