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Processus du repliement

Processus du repliement
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Processus du repliement

Repliement

Molten globule: interactions hydrophobes
Structure 3D finale: liaisons hydrogènes
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Processus du repliement

Pourquoi est le repliement des protéines si rapide ?

Paradoxe de Levinthal (1968):
chaque résidu n’a que deux possibilité de conformation
une protéine de 100 résidu aurait 2100 ≈ 1030 conformations
possibles.
Conclusion: une protéine ne peut pas se replier par une recherche
au hasard de la conformation native
Elle doit suivre un chemin de repliement (folding pathway) plus
efficace.
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Processus du repliement

Entonnoir du repliement
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Processus du repliement

Entonnoir du repliement

a: fast folder
b: kinetic traps
c: diffusional conformational search
d: obligatory intermediate

Ken A. Dill et al. (June 2008). en. In: Annual Review of Biophysics 37.1
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Processus du repliement

Vitesses du repliement

Hélices se forment plus rapidement que des feuillet
Hélices <=> contacts proches dans la séquence
Feuillets <=> contacts distants dans la séquence
Hélices: 0.1 - 1 µs, β-hairpins: 1 - 10 µs
La vitesse ’limite’ du repliement: N/50 µs, N: nombre de résidus



Victor Muñoz and Michele Cerminara (Sept. 2016). In: Biochem J 473.17
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État déplié

État déplié
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État déplié

Rayon de giration

Si centre de gravité à l’origine,
alors:

RG =

√∑
i mi(x2

i + y2
i + z2

i )∑
i mi

Random coil: RG ∝ N0.6 avec N
nombre de résidus
Globule compacte: RG ∝ N0.33
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État déplié

Rayon de giration

D. Thirumalai et al. (2010). In: Annual Review of Biophysics 39.1
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État déplié

Protéine dépliée = polymer sans interaction

Yiwen Chen et al. (Jan. 2008). In: Archives of Biochemistry and Biophysics. Highlight Issue: Protein Folding 469.1
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État déplié

Modèles classiques pour le repliement

à gauche: "framework" ou "hierarchical", Alan R. Fersht and Valerie Daggett (2002). In: Cell
108.4
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État déplié

Modèles classiques pour le repliement

Valerie Daggett and Alan R. Fersht (2003). In: Trends in biochemical sciences 28.1
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2 Techniques expérimentales
Méthodes thérmodynamiques
Techniques sur molécule unique
RMN
Méthodes pour cinétique "ultra rapide"
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Méthodes thérmodynamiques
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Méthodes thérmodynamiques

Differential scanning calorimetry (DSC)

Principe: référence et échantillion sont chauffés simultanément
Protéine absorbe de la chaleur lors du dépliement => ∆T
www.itc.tu-bs.de/Abteilungen/Makro/Methods/dsc.htm

www.itc.tu-bs.de/Abteilungen/Makro/Methods/dsc.htm
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Méthodes thérmodynamiques

Differential scanning calorimetry (DSC)

Tm: température médiane de transistion thermique (thermal transition midpoint)
Cp: capacité calorifique (heat capacity)
H: enthalpie
www.malvern.com/fr/products/technology/differential-scanning-calorimetry

www.malvern.com/fr/products/technology/differential-scanning-calorimetry
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Méthodes thérmodynamiques

Differential scanning calorimetry (DSC)

Tm: température médiane de transistion thermique (thermal transition midpoint)
Cp: capacité calorifique (heat capacity)
H: enthalpie
www.malvern.com/fr/products/technology/differential-scanning-calorimetry

www.malvern.com/fr/products/technology/differential-scanning-calorimetry
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Techniques sur molécule unique

Techniques sur molécule unique
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Techniques sur molécule unique

Single molecule force spectroscopy (SMFS)

a) Atomic force microscopy (AFM) and Opticial tweezers
b) Constant force mode: extension fluctuates
c) Constant probe position: force and extension fluctuate
d) Force-ramp mode: elastic stretching is interrupted by a "rip", hysteresis indicates a
nonequilibrium process
e) Force-jump mode: extension changes in steps

Michael T. Woodside and Steven M. Block (2014). In: Annual Review of Biophysics 43.1
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Techniques sur molécule unique

Fluorescence resonance energy transfer (FRET)
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Techniques sur molécule unique

Fluorescence resonance energy transfer (FRET)
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Techniques sur molécule unique

Time-resolved FRET (TR-FRET)
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Techniques sur molécule unique

FRET sur ACBP

Vincent A. Voelz et al. (Aug. 2012). In: J. Am. Chem. Soc. 134.30
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Techniques sur molécule unique

FRET sur ACBP - Collapse très lent

Solution dénaturant (6 M GuHCl) vers solution de repliement (0 M
GuHCl):

Indication pour: Formation d’une ensemble compact et hétérogènes de
structures dépliées Vincent A. Voelz et al. (Aug. 2012). In: J. Am. Chem. Soc. 134.30
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RMN

RMN
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RMN

Pression et RMN

Kazuyuki Akasaka, Ryo Kitahara, and Yuji O. Kamatari (Mar. 2013). In: Archives of Biochemistry and Biophysics. Protein
Folding and Stability 531.1–2
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RMN

Pression et RMN

Kazuyuki Akasaka, Ryo Kitahara, and Yuji O. Kamatari (Mar. 2013). In: Archives of Biochemistry and Biophysics. Protein
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RMN

Pression et RMN

Kazuyuki Akasaka, Ryo Kitahara, and Yuji O. Kamatari (Mar. 2013). In: Archives of Biochemistry and Biophysics. Protein
Folding and Stability 531.1–2
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Méthodes pour cinétique "ultra rapide"

Méthodes pour cinétique "ultra
rapide"
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Méthodes pour cinétique "ultra rapide"

Laser T-jump

Victor Muñoz and Michele Cerminara (Sept. 2016). In: Biochem J 473.17
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Méthodes pour cinétique "ultra rapide"

Laser T-jump

Victor Muñoz and Michele Cerminara (Sept. 2016). In: Biochem J 473.17
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3 Repliement par dynamique moléculaire
Introduction
Temps de repliement
Markov State Models (MSM)
Etat déplié
Thermodynamique du repliement
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Introduction

Anton

Victor Muñoz and Michele Cerminara (Sept. 2016). In: Biochem J 473.17
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Temps de repliement

Temps de repliement



Thomas J Lane et al. (Feb. 2013). en. In: Current Opinion in Structural Biology 23.1
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Thomas J Lane et al. (Feb. 2013). en. In: Current Opinion in Structural Biology 23.1
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Markov State Models (MSM)

Markov State Models (MSM)



protéine NTL9, Gregory R Bowman, Vincent A Voelz, and Vijay S Pande (Feb. 2011). en. In: Current Opinion in
Structural Biology 21.1

45



protéine ACBP, Thomas J Lane et al. (Feb. 2013). en. In: Current Opinion in Structural Biology 23.1
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Etat déplié

Etat déplié
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Etat déplié

Etat déplié: difficle en MD

Stefano Piana, John L Klepeis, and David E Shaw (Feb. 2014). en. In: Current Opinion in Structural Biology 24
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Thermodynamique du repliement

Thermodynamique du repliement
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Thermodynamique du repliement

Prédiction de l’enthalpie du dépliement avec MD

Stefano Piana, John L Klepeis, and David E Shaw (Feb. 2014). en. In: Current Opinion in Structural Biology 24
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Thermodynamique du repliement

Conclusions de Piana et al.

Peuvent les champs de forces en dynamique moléculaire reproduire
les données expérimentales du repliement ?
Oui pour :

Structure native, repliée
Taux de repliement

Non pour:
Cinétique détaillée
Structures dépliées
Enthalpie du l’état repliée plus bas qu’en expérimental
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4 Repliement in vivo
Introduction
Environnement cellulaire
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Introduction

Introduction



Victor Muñoz and Michele Cerminara (Sept. 2016). In: Biochem J 473.17
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Environnement cellulaire

Environnement cellulaire
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Environnement cellulaire

Molecular crowding
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5 Protein design
David Baker - first work
David Baker - 15 years of protein design
Peptides cycliques ciblant des interactions protéine-protéine
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David Baker - first work

David Baker - first work
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David Baker - first work

Contact order and folding kinetics

Kevin W Plaxco, Kim T Simons, and David Baker (Apr. 1998). In: Journal of Molecular Biology 277.4
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David Baker - first work

Contact order and folding kinetics

Kevin W Plaxco, Kim T Simons, and David Baker (Apr. 1998). In: Journal of Molecular Biology 277.4
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David Baker - first work

De novo protein design

Po-Ssu Huang, Scott E. Boyken, and David Baker (Sept. 2016). en. In: Nature 537.7620
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David Baker - first work

Protein design - first sucess story

Brian Kuhlman et al. (Nov. 2003). en. In: Science 302.5649
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David Baker - first work

Protein design - first sucess story

Brian Kuhlman et al. (Nov. 2003). en. In: Science 302.5649
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David Baker - 15 years of protein design

David Baker - 15 years of protein
design
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David Baker - 15 years of protein design

Protein design - examples

Po-Ssu Huang, Scott E. Boyken, and David Baker (Sept. 2016). en. In: Nature 537.7620
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David Baker - 15 years of protein design

Protein design - examples

Po-Ssu Huang, Scott E. Boyken, and David Baker (Sept. 2016). en. In: Nature 537.7620
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David Baker - 15 years of protein design

Protein design - macrocycles

Parisa Hosseinzadeh et al. (Dec. 2017). en. In: Science 358.6369
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David Baker - 15 years of protein design

Protein design - macrocycles
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David Baker - 15 years of protein design

Protein design - macrocycles
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David Baker - 15 years of protein design

Protein design - macrocycles

Parisa Hosseinzadeh et al. (Dec. 2017). en. In: Science 358.6369
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Peptides cycliques ciblant des interactions protéine-protéine

Peptides cycliques ciblant des
interactions protéine-protéine
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Peptides cycliques ciblant des interactions protéine-protéine

Drug design: cibler les interactions protéine-protéine
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Peptides cycliques ciblant des interactions protéine-protéine

Drug = peptide cyclique
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Peptides cycliques ciblant des interactions protéine-protéine

Drug = peptide cyclique
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6 Alpha Fold
Alpha Fold - La révolution
Applications de Alpha Fold
Autres méthodes utilisant le deep learning
Comprendre Alpha Fold
Mutations corrélées, MSA
Utiliser Alpha Fold
Pour aller plus loin: EMBL webinar
L’avenir selon DeepMind
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Alpha Fold - La révolution

Alpha Fold - La révolution
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Alpha Fold - La révolution

Le press release de CASP du 30 nov 2020

"Artificial intelligence solution to a 50-year-old science challenge could
‘revolutionise’ medical research"
"Today (Monday) researchers at the 14th Community Wide Experiment
on the Critical Assessment of Techniques for Protein Structure
Prediction (CASP14) will announce that an artificial intelligence (AI)
solution to the challenge has been found."
"Nearly 50 years ago, Christian Anfinsen was awarded a Nobel Prize
for showing that it should be possible to determine the shape of
proteins based on their sequence of amino acids – the individual
building blocks that make up proteins. That’s why our community of
scientists have been working on the biennial CASP challenge."
https://predictioncenter.org/casp14/doc/CASP14_
press_release.html

https://predictioncenter.org/casp14/doc/CASP14_press_release.html
https://predictioncenter.org/casp14/doc/CASP14_press_release.html
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Alpha Fold - La révolution

DeepMind de google basé à Londres
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Alpha Fold - La révolution

Le relais immédiat dans Nature de l’annonce de CASP

30 nov 2020, Nature, "’It will change everything’: DeepMind’s AI makes
gigantic leap in solving protein structures"
https://www.nature.com/articles/d41586-020-03348-4

https://www.nature.com/articles/d41586-020-03348-4
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Alpha Fold - La révolution

La presse

30 nov 2020, The New York Times, London AI claims breakthrough
that could accelerate drug discovery
1 déc 2020, France Culture, Le "problème de repliement des protéines"
résolu par une intelligence artificielle
11 déc 2020, Les Échos, DeepMind met les chercheurs du monde
entier au tapis
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Alpha Fold - La révolution

CASP 14 et AlphaFold 2



86

Alpha Fold - La révolution

CASP 14 et AlphaFold 2
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Alpha Fold - La révolution

CASP 13 et AlphaFold 1
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Alpha Fold - La révolution

La presse en 2021

3 oct 2021, Forbes: "AlphaFold is the most important achievement in AI
- Ever"
https://www.forbes.com/sites/robtoews/2021/10/03/
alphafold-is-the-most-important-achievement-in-ai-ever/
?sh=2857ff656e0a
22 juillet 2021, Fortune: "In giant leap for biology, DeepMind’s A.I.
reveals secret building blocks of human life"
https://fortune.com/2021/07/22/
deepmind-alphafold-human-proteome-database-proteins/

https://www.forbes.com/sites/robtoews/2021/10/03/alphafold-is-the-most-important-achievement-in-ai-ever/?sh=2857ff656e0a
https://www.forbes.com/sites/robtoews/2021/10/03/alphafold-is-the-most-important-achievement-in-ai-ever/?sh=2857ff656e0a
https://www.forbes.com/sites/robtoews/2021/10/03/alphafold-is-the-most-important-achievement-in-ai-ever/?sh=2857ff656e0a
https://fortune.com/2021/07/22/deepmind-alphafold-human-proteome-database-proteins/
https://fortune.com/2021/07/22/deepmind-alphafold-human-proteome-database-proteins/
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Alpha Fold - La révolution

Principe de Alpha Fold 2
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Alpha Fold - La révolution

15 juillet 2021: Détails de la méthode et code source

+5000 citations sur google scholar à ce jour (6 oct 2022) !
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Alpha Fold - La révolution

Principe de Alpha Fold 2
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Applications de Alpha Fold

Applications de Alpha Fold
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Applications de Alpha Fold

Alpha Fold DB
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Autres méthodes utilisant le deep learning

Autres méthodes utilisant le deep
learning
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Autres méthodes utilisant le deep learning

Le pionnier: RaptorX de Jinbo Xu et al.

Serveur RaptorX:
http://raptorx.uchicago.edu/
CASP 14: score 38 vs 244 pour AlphaFold 2
"This server was officially ranked 1st in contact prediction in both
CASP12 and CASP13 and initiated the revolution of protein structure
prediction by deep learning."

http://raptorx.uchicago.edu/
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Autres méthodes utilisant le deep learning

DESTINI de Jeffrey Skolnick et al.

Serveur DESTINI:
https://sites.gatech.edu/cssb/destini/
CASP 14: score 29 vs 244 pour AlphaFold 2

https://sites.gatech.edu/cssb/destini/
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Autres méthodes utilisant le deep learning

Le rattrapage de David Baker
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Autres méthodes utilisant le deep learning

Le rattrapage de David Baker

publié le même jour que le Nature sur AlphaFold2 (15 juillet 2021) !
mais "que" 1120 citations sur google scholar à ce jour (6 oct 2022)
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Autres méthodes utilisant le deep learning

Next frontier: Oligomères
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Autres méthodes utilisant le deep learning

RosettaFold: github et serveur

https://github.com/RosettaCommons/RoseTTAFold
https://robetta.bakerlab.org/
voir aussi ici:
https://www.rosettacommons.org/

https://github.com/RosettaCommons/RoseTTAFold
https://robetta.bakerlab.org/
https://www.rosettacommons.org/
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Comprendre Alpha Fold

Comprendre Alpha Fold
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Comprendre Alpha Fold

Le blog de "Oxford Protein Informatics Group"

https://www.blopig.com/blog/2021/07/
alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

"... we have many new questions. What is the secret sauce before the
news splash, and why is it so effective? Is it a piece of code that the
average user can actually run? What are AlphaFold 2’s shortcomings?
And, most important of all, what will it mean for computational biology?
And for all of us?"

https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/
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Comprendre Alpha Fold

Le blog de Mohammed AlQuraishi

https://moalquraishi.wordpress.com/2020/12/08/
alphafold2-casp14-it-feels-like-ones-child-has-left-home/
amp/

https://moalquraishi.wordpress.com/2020/12/08/alphafold2-casp14-it-feels-like-ones-child-has-left-home/amp/
https://moalquraishi.wordpress.com/2020/12/08/alphafold2-casp14-it-feels-like-ones-child-has-left-home/amp/
https://moalquraishi.wordpress.com/2020/12/08/alphafold2-casp14-it-feels-like-ones-child-has-left-home/amp/
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Mutations corrélées, MSA

Mutations corrélées, MSA
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Mutations corrélées, MSA

Mutations corrélées, MSA
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Mutations corrélées, MSA

Principe
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Mutations corrélées, MSA

Protocole de 2011 sans deep-learning
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Mutations corrélées, MSA

Protocole de 2011 sans deep-learning
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Utiliser Alpha Fold

Utiliser Alpha Fold
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Utiliser Alpha Fold

google colab

https://colab.research.google.com/notebooks/intro.
ipynb?utm_source=scs-index
https://www.youtube.com/watch?v=inN8seMm7UI
Exemple pour faire de la MD ou aussi AlphaFold2 + MD:
https://github.com/pablo-arantes/Making-it-rain

https://colab.research.google.com/notebooks/intro.ipynb?utm_source=scs-index
https://colab.research.google.com/notebooks/intro.ipynb?utm_source=scs-index
https://www.youtube.com/watch?v=inN8seMm7UI
https://github.com/pablo-arantes/Making-it-rain
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Utiliser Alpha Fold

Alpha Fold avec google colab

une version amélioré d’alphaFold2:
https://colab.research.google.com/github/sokrypton/
ColabFold/blob/main/AlphaFold2.ipynb
ou l’original:
https://colab.research.google.com/github/deepmind/
alphafold/blob/main/notebooks/AlphaFold.ipynb

https://colab.research.google.com/github/sokrypton/ColabFold/blob/main/AlphaFold2.ipynb
https://colab.research.google.com/github/sokrypton/ColabFold/blob/main/AlphaFold2.ipynb
https://colab.research.google.com/github/deepmind/alphafold/blob/main/notebooks/AlphaFold.ipynb
https://colab.research.google.com/github/deepmind/alphafold/blob/main/notebooks/AlphaFold.ipynb
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Utiliser Alpha Fold

Alpha Fold en local

On peux l’installer aussi sur une machine en local, mais il faut qu’elle
soit très puissante:
https://github.com/deepmind/alphafold
" The simplest way to run AlphaFold is using the provided Docker
script. This was tested on Google Cloud with a machine using the
nvidia-gpu-cloud-image with 12 vCPUs, 85 GB of RAM, a 100 GB boot
disk, the databases on an additional 3 TB disk, and an A100 GPU."
Rien que la carte graphique A100 coûte le prix d’une petite voiture:
https://fr.aliexpress.com/item/1005002408111365.html

https://github.com/deepmind/alphafold
https://fr.aliexpress.com/item/1005002408111365.html
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Pour aller plus loin: EMBL webinar

Pour aller plus loin: EMBL webinar
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Pour aller plus loin: EMBL webinar

EMBL webinar "How to interpret AlphaFold structures"
8 sept 2021

https://www.ebi.ac.uk/training/events/
how-interpret-alphafold-structures/

https://www.ebi.ac.uk/training/events/how-interpret-alphafold-structures/
https://www.ebi.ac.uk/training/events/how-interpret-alphafold-structures/


Introduction to 
AlphaFold

Presenter: Kathryn Tunyasuvunakool
Research Scientist at DeepMind
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Private & Confidential

How does it work?
(the short 
version)

See Jumper et al. 2021 (especially the SI) for details
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Private & ConfidentialInputs

A key AlphaFold input is the MSA, containing sequences evolutionarily related to the target. 
Related sequences are found using standard tools and public databases.

119



Private & ConfidentialInputs

The input sequence is used to create an array of numbers representing all residue pairs.
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Private & ConfidentialInputs

AlphaFold can also use template structures from the PDB, found using standard tools. 
However, it often produces accurate predictions without a template.
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Private & ConfidentialNetwork

The Evoformer blocks extract information about the relationship between residues. 
The MSA representation can update the pair representation and vice versa.
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Private & ConfidentialNetwork

The Structure Module predicts a rotation + translation to place each residue. 
A small network predicts side chain chi angles. The final structure is run through a relaxation process.
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Private & ConfidentialNetwork

Feeding certain outputs back through the network again improves performance 
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Private & ConfidentialOther outputs

As well as a predicted structure, AlphaFold produces two confidence estimates
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Private & Confidential

Interpreting 
predictions

The short version: use both confidence metrics
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Private & ConfidentialPredicted LDDT: definition

AlphaFold’s per-residue prediction of its lDDT-Cɑ score*

Roughly, lDDT measures the percentage of correctly predicted interatomic distances,
not how well the predicted and true structures can be superimposed.

It rewards locally correct structures, and getting individual domains right. 
pLDDT behaves similarly, as a measure of local confidence         

           *Mariani et al. 2013

Alignment-based metric lDDT
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Private & ConfidentialPredicted LDDT: format

pLDDT ranges from 0 to 100  (100 is most confident)

We use a consistent “confidence bands” color scheme
when displaying predictions

A pLDDT plot is also displayed by some of our tools

Prediction files always contain pLDDT in the B-factors
Therefore a higher B-factor is better!

Very high (>90)

Confident (70-90)

Low (50-70)

Very low (<50)
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Private & ConfidentialPredicted LDDT: usage

    Identifying domains & possible disordered regions     Assessing confidence within a domain

pLDDT < 50
A disorder
prediction not 
a structure 
prediction

pLDDT > 70
Residues 65-342
and 418-784 form 
a confident domain

pLDDT > 90
Reasonable to 
investigate side 
chains / active 
site details

pLDDT > 70
Lower confidence on 
these specific parts
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Private & ConfidentialPredicted LDDT: pitfalls

High pLDDT on all domains does not imply AlphaFold is confident of their relative positions

Assessing inter-domain confidence requires a different metric...
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Private & ConfidentialPredicted Aligned Error: definition

AlphaFold’s prediction of its position error at residue x,
if the predicted and the true structures were aligned on residue y

PAE aims to measure confidence in the relative positions of pairs of residues

Mainly used to assess relative domain positions, but applicable whenever pairwise confidence is relevant
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Private & ConfidentialPredicted Aligned Error: format

PAE is displayed as a 2D plot.

Suppose residue y were aligned to the true structure
and we measured the position error at residue x
The color at (x, y) is AlphaFold’s prediction of that error

In this case the squares correspond to two domains

Residues 
1-375

Residues
400-722
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Private & ConfidentialPredicted Aligned Error: format

PAE is displayed as a 2D plot.

Suppose residue y were aligned to the true structure
And we measured the position error at residue x
The color at (x, y) is AlphaFold’s prediction of that error

AlphaFold is confident in relative positions within each domain...

272 163
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Private & ConfidentialPredicted Aligned Error: format

PAE is displayed as a 2D plot.

Suppose residue y were aligned to the true structure
And we measured the position error at residue x
The color at (x, y) is AlphaFold’s prediction of that error

AlphaFold is confident in relative positions within each domain...

272 163
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Private & ConfidentialPredicted Aligned Error: format

PAE is displayed as a 2D plot.

Suppose residue y were aligned to the true structure
And we measured the position error at residue x
The color at (x, y) is AlphaFold’s prediction of that error

...but not between domains.

272 429
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Private & ConfidentialPredicted Aligned Error: format

PAE is displayed as a 2D plot.

Suppose residue y were aligned to the true structure
And we measured the position error at residue x
The color at (x, y) is AlphaFold’s prediction of that error

...but not between domains.

272 429
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Private & ConfidentialPredicted Aligned Error: usage

No confidence in relative domain positions       Predicted domain packing

1640

 2000

 861

1521
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Private & ConfidentialThings to be aware of

Uncertain domain placement

● If AlphaFold is uncertain, it won’t necessarily place domains sensibly relative to each other
○ Membrane proteins won’t leave space for the cell membrane
○ Clashes can occur

Complexes

● For proteins that exist in complex, AlphaFold is missing context about their binding partners
○ Heteromers more problematic than homomers
○ Worst case: the protein is flexible in isolation

● Some have had success predicting complexes by joining 2 sequences with a linker
○ We think it is possible to extend the ideas in AlphaFold to complexes 
○ However, this linker setup remains to be benchmarked
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AlphaFold database

Sameer Velankar
EMBL-EBI
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AlphaFold Database

• ~365K predicted structures for proteins from 21 model organisms

• For the organisms currently covered, predicted structures available for 
sequences in the UniProt reference proteome that are between 16 and 2700 
amino acids long and contain only standard amino acids

• Only one prediction (out of 5 independent predictions) is made available in 
the release

• Accession – AF-P12345-F[1-N]

• Files 
• AF-P12345-F[1-N]-model_V[1-N].[pdb, mmcif]

• AF-P12345-F[1-N]-predicted-aligned-error_V[1-N].json
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AlphaFold web pages
• Basic search system

• Allows search using UniProt accession, UniProt id, 
protein name, gene name and organism

• Clear indication that the structure shown is a 
prediction

• Allow easy download of structure data

• Basic information about protein

• Clearly indicates if there are experimental structures 
available

• Display residue-quality information in 3D viewer 
(pLDDT – predicted Local Distance Difference Test)

• Predicted Aligned Error (PAE viewer)
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Models available across EBI resources

Pfam

InterPro

UniProt

PDBe-KB
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AlphaFold Database – limitations

• Information on complexes with other proteins, nucleic acids (DNA or RNA) or ligands. In 
some cases, the single-chain prediction may correspond to the structure adopted in a 
complex. The missing context from surrounding molecules may lead to an uninformative 
prediction
• AlphaFold does not make any predictions about any of the non-protein components such as 

cofactors, metals, ligands including drug-like molecules, ions, carbohydrates and other 
post-translational modifications

• Protein dynamics - AlphaFold will usually only produce one of multiple conformations

• AlphaFold has not been trained or validated for predicting the effect of mutations

• May (or may not) lead to hypotheses about protein function – any hypotheses have to be 
tested by further experimentation
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What’s next – under discussion

• Remove signal peptides from predictions 

• Making 5 independent predictions available for each protein 

• Additional metadata
• MSA – need to consider data size

• information on templates

• quality criteria e.g. predicted TM score

• Updating database to UniRef90  dataset (~130 million structures)
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Impact of AlphaFold database on life science 
research
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Structural bioinformatics – (structure/function)

• Predicting complexes between macromolecules
• Homo- and Hetero-  Protein-protein; Protein-nucleic acid complexes

• Intrinsically disordered proteins

• Provide information on protein dynamics
• Relevant conformational states

• Functionally important residues 
• Impact of mutation; Binding sites; Conformationally important 

residues

• Interfaces

• Ligand prediction – What binds?
• What might bind in a pocket 
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Structural biology

• Accelerating structure studies
• Improved construct design
• Starting model for structure 

determination
• Fitting models in low resolution EM 

maps
• Time resolved studies to understand 

mechanism
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Structural biology

• Integrative/hybrid methods
• Models for individual components

• Combination of sparse experimental data and 
predicted model may lead to actionable data to test 
hypothesis
• Chemical foot printing

• Hydrogen-Deuterium exchange

• smFRET - Single molecule fluorescence resonance 
energy transfer

I/H Methods Structures
552-protein yeast Nuclear Pore Complex 

Kim  et al. (2018) Nature 555, 475-82
PDBDEV_00000010; PDBDEV_00000011; PDBDEV_00000012
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ColabFold
Making Protein folding accessible to all via Google Colab

(and the unintended uses of AlphaFold)

github.com/sokrypton/ColabFold
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ColabFold - Advanced options
● Modify MSA input

○ Custom or MMseqs2 (much faster)
○ Trim

● Complexes
○ Homo-oligomers
○ Hetero-oligomers

● Fine control
○ Number of recycles

● Sample (Output more than 5 models)
○ Generate ensembles by iterating through 

random seeds, enabling dropout.
0 1 2 3 4 5 6 7

8 9 10 11 12 13 14 15

AB

C

E D
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Can predict protein-protein/peptide interactions
Don't actually need a G-linker!

G-linker!

UNK-linker!

Protein-peptide interaction
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Can predict protein-protein/peptide interactions

Cross-species

intertwined dimerdimer-swap

Preprints rolling in...

consistent w/ 
biochem data
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Pour aller plus loin: EMBL webinar

ColabFold se diversifie
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Pour aller plus loin: EMBL webinar

ColabDesign

https://github.com/sokrypton/ColabDesign

https://github.com/sokrypton/ColabDesign
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Pour aller plus loin: EMBL webinar

AlphaFold-Multimer de DeepMind

Richard Evans et al. (Oct. 2021). en. preprint. Bioinformatics



Some AlphaFold use cases

Alex Bateman
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Just because AlphaFold can fold it doesn’t mean nature can

• Pfam use case 2: CPB_BcsS family (PF17036)

• AlphaFold prediction of region matched by Pfam identifies incomplete domain

• Structurally similar to MBB clan

• This will not be stable in vitro!
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Beads on a string proteins
Natural linker

+GG linker

+GGGG linker
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Application of AF2 structures for variant effect 
prediction and pocket detection

www.ebi.ac.uk/beltrao
@pedrobeltrao

Pedro Beltrao, Group Leader 
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Comparing experimental vs structure based prediction of 
missense mutations

● Experimental impact of 
mutations from deep 
mutational scanning 
experiments (30 proteins)

● Predicted ddG of mutation 
using FoldX on alphafold 
structures or experimental 
structures

● Alphafold structures give 
equal or better predictions 
and it holds for regions 
with no templates
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Comparing experimental vs structure based prediction of 
missense mutations
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Pocket detection and how to filter the models

We retained 230 of 304 proteins from a dataset by Clark et al., 2020. Pocket detection was 
performed using ghecom (Kawabata, 2010), as done previously in (Clark et al., 2020).
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Pocket detection and how to filter the models

Filtering the pocket residues by confidence (likely also predicted aligned 
residue) improves pocket detection
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Copyright© EMBL
Credits: Löw Group/EMBL Hamburg. 
Captions: Molecular structure of an integral membrane 
protein allowing the exchange of solutes across the 
membrane.

AlphaFold2
for detecting intrinsically
disordered protein regions

Bálint Mészáros
EMBL Heidelberg
08/09/2021
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AlphaFold2 indicates the presence of IDRs

AF2 generates coordinates for every residue, even ones that have no fixed structure

human 
p53

Two interpretations for low confidence:
• AF2 isn’t good enough to predict the 

structure
• There is no structure to predict

pLDDT is a good indicator of disordered regions (in this 
case)
Let’s test the generic case – binary disordered prediction
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AlphaFold2 as a disorder prediction method

0 20 40 60 80 100

1.2

0.8

0.4

pLDDT score distribution on the human 
proteome
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L’avenir selon DeepMind

L’avenir selon DeepMind
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L’avenir selon DeepMind

Une petite vidéo pour terminer...

https://www.youtube.com/watch?time_continue=8&v=
KpedmJdrTpY&feature=emb_title
à regarder chez vous (regarder sur les écrans, vous reconnaissez le
logiciel de visualisation que les chercheurs de DeepMind utilisent ?):
https://www.youtube.com/watch?v=gg7WjuFs8F4

https://www.youtube.com/watch?time_continue=8&v=KpedmJdrTpY&feature=emb_title
https://www.youtube.com/watch?time_continue=8&v=KpedmJdrTpY&feature=emb_title
https://www.youtube.com/watch?v=gg7WjuFs8F4
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L’avenir selon DeepMind

The end

MERCI pour votre attention!
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