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AlphaFold(ology)

• Why? 
○ Protein structure prediction 

• What? 
○ CASP

• How? 
○ AFx - under the hood 

• What next?
○ AlphaFoldology

“Disruptive scientific breakthroughs 
raise more questions than they 
answer. They open new research 
avenues and can inspire entirely new 
fields of study. Just as the Human 
Genome moment marked the 
beginning of a revolution in genomics, 
so too AlphaFold might usher in a 
new era in biology.”

Janet Thornton, director emeritus 
EMBL-EBI - 22 July 2021, Cambridge

Motto:



Why?
Proteins are workers and their structure means function
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Solving 3D structures is still difficult...

The gap between numbers of experimental structures and sequences is 
increasing over time

https://epochai.org/blog/biological-sequence-models-in-the-context-of-the-ai-directives

PDB
protein structures

UniprotKB
protein sequences

MGNify
metagenomics 

9,605

13,786

https://epochai.org/blog/biological-sequence-models-in-the-context-of-the-ai-directives


What?
Protein structure prediction problem
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Principles of prediction from sequence

https://www.unil.ch/pmf/en/ho
me/menuinst/technologies/hom
ology-modeling.html

Template-based           Covariance 

JOHN MOULT

CO-FOUNDER AND CHAIR OF 

CASP, UNIVERSITY OF MARYLAND

NEED for 
VALIDATION

• CASP - critical assessment of 

protein structure prediction

• since 1994 biannually

• compare with experimentally 

solved structures in PDB HELEN BERMAN    PHILIP BOURNE

FORMER PDB DIRECTORS

https://www.unil.ch/pmf/en/home/menuinst/technologies/homology-modeling.html
https://www.unil.ch/pmf/en/home/menuinst/technologies/homology-modeling.html
https://www.unil.ch/pmf/en/home/menuinst/technologies/homology-modeling.html


How to compare structures?

https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf

GDT_TS = Global distance test - total score (max 100%)
The conventional GDT_TS total score in CASP is the average result of cutoffs at 1, 2, 4, and 8 Å falling within 

experimental position

After precision growth 
CASP1(1994) -> CASP6(2006)
protein prediction field was 
stuck 

https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf
https://en.wikipedia.org/wiki/CASP


CASP13(2018) - AlphaFold enters...

https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf

DEMIS HASSABIS

DEEPMIND, 

FORMER BULLFROG PRODUCTIONS (THEME

PARK)

DeepMind: 1st company 
to ever attend CASP
! not open model
(too expensive to use)

https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf


https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf

GDT_TS = 96.5

GDT_TS = 44.6

CASP14(2020) - AlphaFold2 wins

https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf


July 2021: AlphaFold2 open sourced with AFDB 

https://www.alphafold.ebi.ac.uk/ 12

"This will be one of the most important datasets since the mapping of the Human Genome."

Professor Ewan Birney

EMBL Deputy Director General and EMBL-EBI Director

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


CASP15(2022)

All successful tools based on AlphaFold
13



May 2024:Return of the king - AlphaFold3

14
Abramson, J., Adler, J., Dunger, J. et al. Accurate structure prediction of biomolecular interactions with AlphaFold 3. 
Nature 630, 493–500 (2024). https://doi.org/10.1038/s41586-024-07487-w

Model with ligands

Public server 

https://alphafoldserver.com/

https://alphafoldserver.com/


October 2024: Nobel prize in Chemistry 

15
9.10.2024



December 2024: CASP16

• Monomers

• Complexes

16

https://predictioncenter.org/casp16/doc/presentations/Day-2/Day2-02-Cong-monomers_redacted.pdf

Qian Cong 

https://predictioncenter.org/casp16/doc/presentations/Day-2/Day2-03-Lensink_CASP16_redacted.pdf

Marc Lensink

https://predictioncenter.org/casp16/doc/presentations/Day-2/Day2-02-Cong-monomers_redacted.pdf
https://predictioncenter.org/casp16/doc/presentations/Day-2/Day2-03-Lensink_CASP16_redacted.pdf


How?
AlphaFold - under the hood*
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* briefly - there are excellent step-by-step resources:
alphafold-decoded.com , alphafolding.ipynb, YouTube videos… 

https://www.alphafold-decoded.com/
https://colab.research.google.com/drive/1m8mMC4fBg3oSE2PeDjeWGUSqDyCPkf80


Alphafold 1 vz Alphafold 2
Alphafold 1

18

i) co-evolutionary analysis
to map residue co-variation in 
protein sequence to physical 
contact in protein structure,
(ii) deep neural networks
to identify patterns in protein 
sequence and co-evolutionary 
couplings and convert into 
distance-wise contact maps.
(iii) make structure from these 
contacts

Alphafold 2

i) co-evolution stands (MSA)

ii) deep neural networks 
exchanged for transformer -
Evoformer
- contact maps exchanged for 

triangles
iii) structure module with MD 
optimization  



AlphaFold 2 
Input: sequence 

extended by MSA (at least 30 sequences) + structural templates
(UniRef30 PDB-trained self distillation) 

Evoformer and Structure model (w Amber MD simulation)

plDDT - predicted local confidence prediction

19https://www.nature.com/articles/s41586-021-03819-2

https://www.nature.com/articles/s41586-021-03819-2


EvoFormer
- mixing MSA and pairs via updates
- graph inference problem in 3D space

- edges = residues in proximity
- updates per each block (48 blocks) separately (AF1 updated all network at 

once)

- using triangles (instead of just pairs from contact map) 

20
https://www.nature.com/articles/s41586-021-03819-2

https://www.nature.com/articles/s41586-021-03819-2


Structure model
• prioritize backbone positions+orientations

• residue gas - free floating rigid body rotations and translation

• updates
• IPA (invariant point attention) - neural activations only in rigid 3D

• equivariant update using updated activations

• later fix backbone geometry 
• avoid loop closure problem)

• sidechain final refinement: 
• OpenMM with Amber 99sb forcefield

21https://www.nature.com/articles/s41586-021-03819-2

https://www.nature.com/articles/s41586-021-03819-2


AF2

22

AF3

Abramson, J., Adler, J., Dunger, J. et al. Accurate structure prediction of biomolecular interactions with AlphaFold 3. 
Nature 630, 493–500 (2024). https://doi.org/10.1038/s41586-024-07487-w

Jumper, J., Evans, R., Pritzel, A. et al. Highly accurate protein structure prediction with AlphaFold. Nature 596, 

583–589 (2021). https://doi.org/10.1038/s41586-021-03819-2

AF2 vz AF3



AF3 

diffusion module - enables to build ligands

- denoising towards structure 

shortening MSA module -> speeding up calculations

23



What next?
Usage - AlphaFoldology

24



Where to run AF?
ColabFold in GoogleColab

25

ChimeraX
• Fetch
• Search AFDB
• Predict

ELIXIR CZ/MetaCentrum/Galaxy

Mirdita, M. et al. ColabFold: making protein folding accessible 
to all. Nat Methods 19, 679–682 (2022).

https://colab.research.google.com/github/sokrypton/ColabFold/

foldify.cloud.e-infra.cz
wiki.metacentrum.cz/wiki/AlphaFold

https://alphafoldserver.com

https://colab.research.google.com/github/sokrypton/ColabFold/
https://foldify.cloud.e-infra.cz
https://wiki.metacentrum.cz/wiki/AlphaFold
https://alphafoldserver.com/


Alphafoldology

26

Alphafold led to enormous 
innovations in protein design

CASP13

Alphafold 1

2018  2019

CASP14

AlphaFold 2

RoseTTAFold

2020

AF2 code

AFDB

…

2021

AFMultimer

AFConformer

ColabFold

AlphaFill

ProteinMPNN

…

2022

AlphaMissense

ESMFold+Atlas

RoseTTAFoldNA

…

(all major DBs)

2023

RoseTTAFoldAA

AlphaFold 3

Chai-1, Boltz-1 , 

Protenix, 

NeuroPlexer, …

ChannelsDB 2.0

2024



AF on monomers
and proteomes

27
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AlphaFold and Intrinsically Disordered Proteins

Beware AF3! 

Overstructurizes
IDP

30
Ruff KM, Pappu RV ,AlphaFold and Implications for Intrinsically Disordered Proteins,

J Mol Biol. 2021, https://doi.org/10.1016/j.jmb.2021.167208

https://doi.org/10.1016/j.jmb.2021.167208


ChannelsDB 2.0: protein tunnels 

and pores in AlphaFold era

Major update of ChannelsDB database

Addition of Caver on top of MOLE

Addition of AlphaFold DB

-> similar tunnels

Cognate ligands 

Next: Pores 

channelsdb2.biodata.ceitec.cz

Špačková A, Vávra O, Raček T, Bazgier V, Sehnal D, Damborský J, Svobodová R, Bednář D, Berka K

ChannelsDB 2.0: a comprehensive database of protein tunnels and pores in AlphaFold era, Nucleic Acids 

Research, 52(D1), D413–D418, 2024, https://doi.org/10.1093/nar/gkad1012

https://channelsdb2.biodata.ceitec.cz/
https://doi.org/10.1093/nar/gkad1012


AF on conformers

32



Alphafold can predict dynamics

pLDDT shows flexibility
SLC1A5

33

6mp6 AlphaFold 6rvx
Outward-Facing similar to OF Inward-Facing

lower pIDDT values show flexible regions



Alphafold can do conformational changes 

• manipulation with MSA 
allows selection of 
multiple conformers via 
mutation of contact 
points in MSA 

34

LmrP transporter
default after mutation on interface

Mhp1



Kincore: AlphaFold2 models of the 
active form of human typical protein 
kinase domains

• Humans - 437 active kinases 
• PDB - 268 kinases (155 actives) 
• AFDB - 209 of the 437 (48%) catalytic 

human protein kinases have a fully 
active model in the EBI data set

pipeline to produce actives: 

- MSA for templates in active forms 
(including non human kinases)

- multiple depths MSA (1-90 seqs) -> 
different models -> check active 
conformation -> combine models

35

http://dunbrack.fccc.edu/kincore/activemodels
Faezov B, Dunbrack RL: AlphaFold2 models of the active 

form of all 437 catalytically competent human protein kinase 
domains. bioRxiv 2023.07.21.550125; 
https://doi.org/10.1101/2023.07.21.550125

http://dunbrack.fccc.edu/kincore/activemodels


AF on mutations

36



Alphafold can do point-mutations effects
Fold-switching proteins

37

GB98

GB77

GA98

GA77

L45Y

GB98 models shows mix between 3α to α+β
own calculations



AlphaMissense

AlphaFold is not enough sensitive 
to mutations, but structural 
context for mutations is 
important

AlphaMissense adds protein 
language modelling on variants

- downloadable from Zenodo
- available in AFDB

38
Jun Cheng et al. Accurate proteome-wide missense variant effect prediction with 

AlphaMissense.Science 381,eadg7492(2023).DOI:10.1126/science.adg7492

https://doi.org/10.1126/science.adg7492


AlphaMissense in channels 
and TM parts show high pathogenicity

• cytochrome P450 family 
• GLUT transporters

pathogenicity trend:

• most: cofactor 
environment 

• channels
• transmembrane parts
• least: proteins in general

40

Pravda, L., Berka, K., Svobodová Vařeková, R. et al. Anatomy of enzyme channels.
BMC Bioinformatics 15, 379 (2014). https://doi.org/10.1186/s12859-014-0379-x
Špačková A, Kadášová N, Hutařová Vařeková I, Svobodová R, Berka K: Pathogenicity Patterns in Cytochrome P450 Family. in preparation
Kadášová N, Špačková A, Martinát D, Berka K: Understanding GLUT Proteins Pathogenicity: Integration of AlphaMissense, SIFT, and 
PolyPhen-2 Predictions, in preparation

https://doi.org/10.1186/s12859-014-0379-x


AF on engineered proteins

41
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Alphafold 2 requires MSA for start -> language models (pLM) - e.g.
ESMfold

Zeming Lin et al. Evolutionary-scale prediction of atomic-level protein structure with a language model. Science 379, 1123-1130 (2023). 

DOI:10.1126/science.ade2574

https://esmatlas.com/resources?action=fold

https://doi.org/10.1126/science.ade2574


Reversed prediction - ProteinMPNN

find sequence to a given structural feature

-> applicability to almost any protein sequence design problem

43

J. Dauparas …, Baker D, et al. Robust deep learning–based protein sequence design using ProteinMPNN. Science 378, 49-56(2022). 

DOI:10.1126/science.add2187

https://github.com/dauparas/ProteinMPNN

DAVID BAKER

INSTITUTE FOR PROTEIN DESIGN

UNIVERSITY OF WASHINGTON

https://doi.org/10.1126/science.add2187
https://github.com/dauparas/ProteinMPNN


Chroma

44
Ingraham, J.B et al et al. Illuminating protein space with a programmable generative model. Nature 623, 1070–1078 (2023). 

https://doi.org/10.1038/s41586-023-06728-8 https://github.com/generatebio/chroma

https://doi.org/10.1038/s41586-023-06728-8
https://github.com/generatebio/chroma


AF on multimers
PPI

45



What can be protein design used for? 

Listov, D., Goverde, C.A., Correia, B.E. et al. Opportunities and challenges in design and optimization of protein function. Nat Rev Mol Cell Biol 25, 639–653 (2024). 
https://doi.org/10.1038/s41580-024-00718-y



AlphaBridge:
analysis of predicted 
macromolecular complexes

interactive platform where users can 
upload AlphaFold3 prediction files,

visualize the predicted 3D structures, 
and analyze contact interfaces through 
an integrated web viewer.

https://alpha-bridge.eu/

github.com/PDB-REDO/AlphaBridge

47

Álvarez-Salmoral D, et al. AlphaBridge: tools for the 

analysis of predicted macromolecular complexes. bioRxiv

2024.10.23.619601; doi: 10.1101/2024.10.23.619601

https://alpha-bridge.eu/
https://github.com/PDB-REDO/AlphaBridge
https://doi.org/10.1101/2024.10.23.619601


BindCraft

Protein–protein interactions (PPIs)

open-source and automated pipeline 
for de novo protein binder design 
with experimental success rates of 
10-100%.

github.com/martinpacesa/BindCraft

48

Martin Pacesa, et al. BindCraft: one-shot design of 

functional protein binders. bioRxiv 2024.09.30.615802; 

doi:10.1101/2024.09.30.615802

https://github.com/martinpacesa/BindCraft


AF on ligands

49



Alphafold can be filled with ligands and cofactors

50

https://alphafill.eu/

Hekkelman, M.L., de Vries, I., Joosten, R.P. et al. AlphaFill: enriching AlphaFold models with ligands 
and cofactors. Nat Methods 20, 205–213 (2023). https://doi.org/10.1038/s41592-022-01685-y

https://alphafill.eu/
https://doi.org/10.1038/s41592-022-01685-y


AlphaFold models good enough for drug design?

• AlphaFold2 predicts holo

protein in 70% => it can be used 

for drug designing

• pLDDT values in a single 3D 

model could be used to infer 

local conformational changes 

linked to ligand binding 

transitions.

• locally AlphaFold2 can be there 

- but it needs validation

(as always)

T1064



AlphaFold docking 
antibiotics example

- benchmarking docking by metabolic 
activity of 12 essential proteins

- auROC = 0.48 (Vina on AF2)
- rescoring -> auROC 0.63
- auROC = 0.46 (Vina on experimental 

structures)
- both bad (auROC random is 0.5)

52Felix Wong et al. Molecular Systems Biology 18: e11081 | 2022



RoseTTAFold All-Atom
building protein around ligand

53
Rohith Krishna et al. Generalized biomolecular modeling and design with RoseTTAFold All-Atom. Science 384,eadl2528(2024). 

DOI:10.1126/science.adl2528

https://doi.org/10.1126/science.adl2528
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Berka’s hack 
– AF3 w lipids

Sergey Ovchinnikov - Boston Protein Design and Modeling Club - https://www.youtube.com/watch?v=qjFgthkKxcA

https://alphafoldserver.com/

https://www.youtube.com/watch?v=qjFgthkKxcA
https://alphafoldserver.com/


AF3 + lipids
In AF2 intracellular and extracellular domain touched (PAE was ok) 

-> lipids in AF3 separates them

55Sergey Ovchinnikov - Boston Protein Design and Modeling Club - https://www.youtube.com/watch?v=qjFgthkKxcA

https://www.youtube.com/watch?v=qjFgthkKxcA


AF3 performance

56https://blog.booleanbiotech.com/alphafold3-boltz-chai1

https://blog.booleanbiotech.com/alphafold3-boltz-chai1


AF3 variants

• Chai-1 
• https://github.com/chaidiscovery/chai-lab

• Boltz-1
• https://github.com/jwohlwend/boltz

• Protenix
• https://github.com/bytedance/Protenix

• HelixFold3
• https://github.com/PaddlePaddle/

• AlphaFold 3 
• https://github.com/google-deepmind/alphafold3

57

https://blog.booleanbiotech.com/alphafold3-boltz-chai1

https://github.com/chaidiscovery/chai-lab
https://github.com/jwohlwend/boltz
https://github.com/bytedance/Protenix
https://github.com/PaddlePaddle/PaddleHelix/tree/dev/apps/protein_folding/helixfold3
https://github.com/google-deepmind/alphafold3
https://blog.booleanbiotech.com/alphafold3-boltz-chai1


Chai-1 - open version of AF3 

58
Chai Discovery, Jacques Boitreaud, Jack Dent, Matthew McPartlon, Joshua Meier, Vinicius Reis, Alex Rogozhnikov, Kevin Wu: 

Chai-1: Decoding the molecular interactions of life, bioRxiv 2024.10.10.615955; https://doi.org/10.1101/2024.10.10.615955

lab.chaidiscovery.com, github.com/chaidiscovery/chai-lab

CYP3A4
+POPC

http://lab.chaidiscovery.com/
https://github.com/chaidiscovery/chai-lab


Chai-1 - “docking”
ibuprofen to CYP2C9 -
copy flurbiprofen pose 

59
Chai Discovery, Jacques Boitreaud, Jack Dent, Matthew McPartlon, Joshua Meier, Vinicius Reis, Alex Rogozhnikov, Kevin Wu: 

Chai-1: Decoding the molecular interactions of life, bioRxiv 2024.10.10.615955; https://doi.org/10.1101/2024.10.10.615955



Overall LDDT-PLI performances per docking method

IT DOES NOT MEAN THAT IT IS GENERALIZABLE!

Conversion issues, Mpro 
covalent binders ignored

Mpro covalent 
binders ignored

Conversion issues, Mpro 
covalent binders ignored

Conversion 
issues, Mpro 

covalent
Binders ignored

60

Vina

https://predictioncenter.org/casp16/doc/presentations/Day-3/Day3-09-Ligand_Assessment_PuntaCanaCASP-Gilson-1f.pptx

https://predictioncenter.org/casp16/doc/presentations/Day-3/Day3-09-Ligand_Assessment_PuntaCanaCASP-Gilson-1f.pptx


Summary
• Alphafold2 made a huge leap in prediction 

accuracy enabling to use protein structural 

models due to quality predictor

• Role of open science and publicly available 

data in PDB can not be overstated

• CASP competition was a driver of the 

change

• Alphafold is publicly available and can be 

run from many places including ELIXIR CZ 

• Alphafold has inspired many 

“Alphafoldology” tools and uses already 

and this space flourish with innovation

• Openness helps to quick innovation cycle



Thank you 
for your attention

Questions, please? 



BioLists 

github.com/biolists
Table of contents

● Predictors

● Tools and Extensions

● Databases and Datasets

● Webservers

● Discontinued

63

abeebyekeen.com/biomodes-

biomolecular-structure-

prediction/
BioMoDes: A Repository of Tools for Biomolecular Modeling and 

Design

1. Biomolecular Structure Prediction Tools

2. Biomolecular Design Tools

3. Biomolecular Property Prediction and Analysis Tools

4. Protein Search, Alignment, & DB Management Tools

5. Small-molecule Design and Prediction Tools

https://github.com/biolists/folding_tools?tab=readme-ov-file#Tools
https://github.com/biolists/folding_tools?tab=readme-ov-file#Predictors
https://github.com/biolists/folding_tools?tab=readme-ov-file#Tools
https://github.com/biolists/folding_tools?tab=readme-ov-file#Databases
https://github.com/biolists/folding_tools?tab=readme-ov-file#Webservers
https://github.com/biolists/folding_tools?tab=readme-ov-file#Discontinued
https://abeebyekeen.com/biomodes-biomolecular-structure-prediction/
https://abeebyekeen.com/biomodes-biomolecular-structure-prediction/
https://abeebyekeen.com/biomodes-biomolecular-structure-prediction/
https://abeebyekeen.com/biomodes-biomolecular-design/
https://abeebyekeen.com/biomodes-biomolecular-property-prediction-and-analysis/
https://abeebyekeen.com/biomodes-protein-search-alignment-and-db-management/
https://abeebyekeen.com/biomodes-small-molecule-design-and-prediction/


Are structural biologists and bioinformaticians 
on the job market?

• Alphafold does not tell much about folding process

• Alphafold can not do point mutations - design of functions

• Alphafold is not usable for drug design 

• Alphafold can not do conformational changes or dynamics

• Alphafold can not do multiprotein complexes – interactions 

• Alphafold can not do effects of post-translational protein 

modifications

• Alphafold can not do ligand effects

• Alphafold is not good with orphan sequences 

• or is it?
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Extra slides
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AlphaFold decoded

https://www.alphafold-decoded.com/
https://www.youtube.com/watch?v=7dS3nyEcOyE&list=PLJ0WcPQS7xJVJr6ceIPFSkAGAgrkmw1c9

67

https://www.alphafold-decoded.com/
https://www.youtube.com/watch?v=7dS3nyEcOyE&list=PLJ0WcPQS7xJVJr6ceIPFSkAGAgrkmw1c9


LigandMPNN
deep learning-based protein sequence design 
method that explicitly models all non-protein 
components of biomolecular systems

68bioRxiv preprint https://doi.org/10.1101/2023.12.22.573103 https://github.com/dauparas/LigandMPNN

https://doi.org/10.1101/2023.12.22.573103
https://github.com/dauparas/LigandMPNN


AlphaFold2 structures 

template ligand discovery

prospective screen

different binding site conformation

69bioRxiv preprint doi: https://doi.org/10.1101/2023.12.20.572662



Alphafold can describe folding process to some level 
Was Anfinsen right?

70
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Architectural details AF2

75



MSA - multiple sequence alignment

using standard tools - jackhmmer, HHBlits 

• sequence DBs: 
• UniRef90 
• UniClust30 = for sequence self-distilation 

• metagenomicsDBs - to fully cover classes 
underepresented in UniRef90

• Big Fantastic database (BFD) = 66M protein families from 2.2G 
protein sequences

• clustered MGnify

needed at least 30 sequences per MSA 
otherwise quality deteriorated>

76https://www.nature.com/articles/s41586-021-03819-2

https://www.nature.com/articles/s41586-021-03819-2


Training 
PDB database + PDB70 clusters

training db: 

40% identity clusters, crop to 258 residues, batches by 128 per Tensor processing unit (TPU)

enhance accuracy by noisy student self-distillation

predict 350000 structures from UniRef30 using trained network

filter to high confidence subset 

then train again from scratch with mixture of PDB and UniRef30

=> effective use of unlabelled sequence data

randomly mask or mutate individual residues from MSA using BERT (bidirectional encoder representations from 
Transformers => to predict masked elements within MSA

77https://www.nature.com/articles/s41586-021-03819-2

https://www.nature.com/articles/s41586-021-03819-2


Interpreting the neural network

78https://www.nature.com/articles/s41586-021-03819-2

depth of neural network - it is usually quick, but for challenging targets it can be quite deep

https://www.nature.com/articles/s41586-021-03819-2


79Sergey Ovchinnikov -



Effect of cross-chain contacts.
prediction is worse for heterotropic contacts (large 
complexes where 3D structure is dictated by other chains in 
complex)

homotropics yields high-accuracy even when chains are 
intertwinned

80

PDB 6SKO



AlphaFold in Google Colab

81https://colab.research.google.com/github/sokrypton/ColabFold/

Github enabled 
JupyterNotebooks 
running in Google Colab 
environment

limitation in size 
(timing)
start also from Chimera

Mirdita M, Ovchinnikov S, Steinegger M. ColabFold - Making protein folding accessible to all. 

bioRxiv, 2021 https://doi.org/10.1101/2021.08.15.456425

https://colab.research.google.com/github/sokrypton/ColabFold/
https://www.biorxiv.org/content/10.1101/2021.08.15.456425v1
https://doi.org/10.1101/2021.08.15.456425


Alphafold 2 on ELIXIR CZ

• Alphafold  “needs” TPU to run -> not many people have it on their PC

• Alphafold has been installed on Elixir CZ hardware

• Alphafold  (Multimer) in the newest version 2.2.0 is accessible through 

Metacentrum 

• speed is dependent on size of predicted protein (complex)

https://wiki.metacentrum.cz/wiki/AlphaFold

https://wiki.metacentrum.cz/wiki/AlphaFold


AlphaFold within ChimeraX

83

Fetch
Search AFDB
Predict



But one still needs to be careful…

putative human cytochrome P450 2C7
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A0A1B0GTQ1

A0A1B0GTQ1_HUMAN
A0A087X1C5

CP2D7_HUMAN

Structure can be only as good as its 
sequence



AlphaFold in UseGalaxy.eu
e.g. dimer Nucleocapsid protein from SARS-CoV-2

trick - dimerization fake as long disordered poly-N chain
85

https://usegalaxy.eu/tool_runner?tool_id=toolshed.g2.bx.psu.edu%2Frepos%2Fgalaxy-australia%2Falphafold2%2Falphafold%2F2.1.2%2Bgalaxy0

https://usegalaxy.eu/tool_runner?tool_id=toolshed.g2.bx.psu.edu%2Frepos%2Fgalaxy-australia%2Falphafold2%2Falphafold%2F2.1.2%2Bgalaxy0


MrParse: Finding homologues in the PDB and the EBI 

AlphaFold database for Molecular Replacement and more
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Adam J. Simpkin, Jens M. H. Thomas, Ronan M. Keegan, Daniel J. Rigden

doi: https://doi.org/10.1101/2021.09.02.458604

https://doi.org/10.1101/2021.09.02.458604


How accurate are the models?

87



Alphafold is just a start...

• use Alphafold ideas for development of 

their own 3D structure predictions 

○ RoseTTAfold

○ ESMfold

○ OpenFold

○ Chroma

• prediction of designed proteins

...

as of 30.3.2022
as of 31.1.2024



Alphafold can do multiprotein complexes – interactions

89

https://twitter.com/RolandDunbrack/status/1502818748868317188

https://twitter.com/RolandDunbrack/status/1502818748868317188


Alphafold can do multiprotein complexes – interactions

90



• Alphafold can not do effects of post-translational protein 

modifications (by itself)

91



MutAmore

- generate all SNPs of 
protein

- using 
ESMfold/OpenFold

92

https://www.biorxiv.org/content/10.1101/2023.09.15.557870v1

https://github.com/kWeissenow/MutAmore

https://www.youtube.com/watch?v=1XgiFXg-

Xrs&list=PL0QUUE_zWBuJ6Y5NWtDoY93FUweUUGV

uf

https://www.biorxiv.org/content/10.1101/2023.09.15.557870v1


Accurate prediction of protein structures and 

interactions using a three-track neural network

93
https://www.science.org/doi/full/10.1126/science.abj8754

https://www.science.org/doi/full/10.1126/science.abj8754


Geometric deep learning of RNA structure

94
https://www.science.org/doi/10.1126/science.abe5650

https://www.science.org/doi/10.1126/science.abe5650


Not used files
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AF on proteomes

96
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How good are the predictions of human proteins?

pLDDT - per-residue estimate of its confidence on a scale from 0 - 100

model’s predicted score on the lDDT-Cα metric (local superposition-free score for comparing protein 

structures and models using distance difference tests).

pLDDT 
● quality metrics
● measure of disorder

Tunyasuvunakool, K., Adler, J., Wu, Z. et al. Highly accurate protein structure prediction for the human proteome. 
Nature 596, 590–596 (2021). https://doi.org/10.1038/s41586-021-03828-1

9,605

13,786

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3799472/


TED
The Encyclopedia of Domains

365 million domains

77% of the nonredundant 
domains are similar to known 
superfamilies 

>10,000 new structural 
interactions between 
superfamilies and thousands of 
new folds across the fold space 
continuum

ted.cathdb.info/

zenodo.org/records/13908086

98

Andy M. Lau et al. Exploring structural diversity across 

the protein universe with The Encyclopedia of 

Domains. Science 386,eadq4946(2024). 

DOI:10.1126/science.adq4946

https://ted.cathdb.info/
https://zenodo.org/records/13908086
https://doi.org/10.1126/science.adq4946
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