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AlphaFold(ology) Motto:

¢ Why7 “Disruptive scientific breakthroughs
: - raise more questions than they
o Protein structure prediction answer. They open new research
P ? avenues and can inspire entirely new
What' fields of study. Just as the Human
o CASP Genome moment marked the
> beginning of a revolution in genomics,
* How: so too AlphaFold might usher in a
o AFx - under the hood new era in biology.
¢ \What next? Janet Thornton, director emeritus

EMBL-EBI - 22 July 2021, Cambridge
o AlphaFoldology
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Why?

Proteins are workers and their structure means function



Solving 3D structures is still difficult...
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zen 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

What?

Protein structure prediction problem



Principles of prediction from sequence

Template-based
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CASP - critical assessment of corounperano crarm o

CASP, UNIVERSITY OF MARYLAND

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?
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CZECH

=erveuc - 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 A falling within
experimental position


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

CASP13(2018) - AlphaFold enters...
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https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf

GDT_TS=96.5

CASP14(2020) - AlphaFold2 wins
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https://predictioncenter.org/casp14/doc/presentations/2020_11_30_CASP14_Introduction_Moult.pdf

July 2021: AlphaFold2 open sourced W|th AFDB

AlphaFold Protein Structure Database

AlphaFold

Protein Structure Database

Developed by DeepMind and EMBL-EBI

Examples: Free fatty acid receptor 2 At1g58602 Q5VSLY E.coli Help: AlphaFold DB search help

AlphaFold DB provides open access to protein structure
predictions for the human proteome and 20 other key
organisms to accelerate scientific research.

"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/ 2



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

CASP15(2022)

Best CASP15 broadly in line with best

CASP14 but ...

... best CASP14 (mainly AF2) consistently
a little higher than best CASP15 groups

NBIS-af2-standard and ColabFold not
performing at level of CASP14 DM AF2

submission

CASRP invited DeepMind to informally

model the set. Broadly this brings
performance up to the best official

CASP15 groups. vs AF2 ‘controls’ they

have
- retrained on current PDB

- increased sampling and crop size

- made some human interventions

So why persistent gap? Are CASP15

targets harder in ways not captured by

this scale?
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All successful tools based on AlphaFold
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May 2024:Return of the king - AlphaFold3
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https://alphafoldserver.com/

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 14



https://alphafoldserver.com/

October 2024: Nobel prize in Chemistry
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Nobelova cena za chemii

Karel Berka Univerzita Palackého v Olomouci, ELIXIR-CZ




December 2024: CASP16

0. Single protein “folding problem” is still “solved”: not a single fold is predicted incorrectly.

1. The current methods are known to be not sensitive to mutations and truncations. Future
CASPs may focus on such cases.

. Monomers

2. Peripheral regions, irregular structures, regions involved in interactions have errors in
predictions.

3. Viral and eukaryotic monomers are harder to predict well.

4. Proteins with shallow alignments are predicted worse. 0 . ’\.‘\
5. Quality of experimental structures could be an issue, and they need to be checked by Mprob. QI an Con g
6. More extensive AF3 use gives better performance.

7. Progress compared to AF3 is measurable, but seemingly incremental (sorry!).
https://predictioncenter.org/caspl6/doc/presentations/Day-2/Day2-02-Cong-monomers_redacted.pdf
0. Exciting progress in antigen-antibody interactions. We may want more

° CO I I I p I exe S antibody targets in the future to more robustly evaluate the progress.

1. Protein complex modeling is not “solved”: each group gets a subset correctly.

* CON’S: /

Alternate conformers were not found |

|
LN

Nucleic acids remain problematic; DNA is easier than RNA

Scoring needs more development
* MassiveFold “best” outperforms everybody, especially on “conventional” targets

-

- D -
Scorers recognize the good models, but not the best ones I\/Iarfb_Lensm k

https://predictioncenter.org/caspl6/doc/presentations/Day-2/Day2-03-Lensink CASP16_redacted.pdf



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*

* briefly - there are excellent step-by-step resources:
alphafold-decoded.com , alphafolding.ipynb, YouTube videos...

17



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

Alphafold 1 vz Alphafold 2

Alphafold 1 _“52;1“;“ J/Alphafold 2
i) co-evoluiclonary ana.Iys.ls | e e i) co-evolution stands (MSA)
to map residue co-variation in S—

ii) deep neural networks
Contact exchanged for transformer -

_ Evoformer

- contact maps exchanged for
G0 triangles
m iii) structure module with MD

. optimization

2
1
0
1
2

protein sequence to physical
contact in protein structure,
(ii) deep neural networks

to identify patterns in protein  *™"m
sequence and co-evolutionary
couplings and convert into
distance-wise contact maps.
(iii) make structure from these *}
contacts Coortimates &

Distance matrix

==
rif= | 2| =

1
Q
1
2
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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)

pIDDT predicted local confidence prediction

© ~ (Grerere) (XIESTE

representation| —d
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Input sequence

Evoformer
(48 blocks)

Z
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representation. —p
(r.r.c)

Templates

‘g [Sin le repr. (r.c] —

B ) 5 o ks s

Pair
—_— representation | ———p
(r.,r.c)

Structure
module
(8 blocks)

3D structure

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

< Recycling (three times)



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)
a / 48 blocks (no shared weights) \

ow-wise
g MSA e
% o ion %
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b pair repre: ation orresponding edges Triangle multiplicative update icati i i
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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

Pair e ’;
representation b\"» &
& (rr.c) : ,’,f\:?

d [ 8 blocks (shared weights)

Predict X angles
and compute all
atom positions

@ Single repr. (r,c)| — @ Single repr. (r,c)

Predict relative
rotations and
translations

£
/ 3 .
o o N ——< ¢
Backbone frames
Backbone frames

(r, 3x3) and (,3)
(initially all at the origin) \_ (r, 3x3) and (r,3) 7,

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



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

AF2 vz AF3
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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
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Abramson, J., Adler, J., Dunger, J. et al. Accurate structure prediction of biomolecular interactions with AlphaFold 3. 22
Nature 630, 493-500 (2024). https://doi.org/10.1038/s41586-024-07487-w



AF3

diffusion module - enables to build ligands
- denoising towards structure
shortening MSA module -> speeding up calculations

Template =
search | = #
Inout - Confidence
, == nputs < dule
Genetic == 1 l 1 mo
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Template MSA L
Input
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Sequences, generation : (48 blocks) N -+ module - i
ligands, i Y (3+24 +3blocks) A ,%k\’
cgvalgnt Single : A : e
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What next?

Usage - AlphaFoldology



Where to run AF? https:/alphafoldserver.com

ColabFold in GoogleColab ELIXIR CZ/MetaCentrum/Galaxy

Repozitai: [ vétev: [
sokrypton/ColabFold v main v
?\- Foldify doc. RNDr. Karel Berka Ph.D.
Cesta
foldify.cloud.e-infra.cz
AlphaFold2.ipynb .y o
C) ahtnrics NewJob \yiki.metacentrum.cz/wiki/AlphaFold
O AlphaFold2_complexes.ipynb
a AlphaFOLD ColabFOLD
7 : o ;
Mirdita, M. et al. ColabFold: making protein folding accessible i’;ﬁi:‘nzticlg‘;z pl:zs'cc:m using Easy to use protein structure and
; ; 7 :
to all. Nat Methods 19, 679-682 (2022). ! e
https://colab.research.google.com/github/sokrypton/ColabFold/ m m
ChimeraX
OmegaFOLD ESMFOLD
* Fetc h High-resolution de novo Evolutionary Scale Modeling
Structure Prediction from Primary artificial intelligence method for
¢ Sea rC h A F D B Sequence. predicting protein structures.

e Predict



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

Alphafoldology

Alphafold led to enormous
innovations in protein design

I 1
2010 2025

2018 2019 2020 2021 2022 2023 2024

CASP13 CASP14 AF2 code AFMultimer  AlphaMissense RoseTTAFoldAA
Alphafold 1 AlphaFold 2 AFDB AFConformer ESMFold+Atlas AlphaFold 3
RoseTTAFold ... ColabFold RoseTTAFoldNA Chai-1, Boltz-1,

AlphaFill Protenix,
ProteinMPNN (all major DBs) NeuroPlexer, ...

ChannelsDB 2.0



AF on monomers



SNW domain-containing protein 1

AlphaFold structure prediction

Download | PDB file || mmCIF file Il Predicted aligned error I

Information
Protein SNW domain-containing protein 1
Gene SNW1

Source organism
UniProt
Experimental structures

Biological function

Homo sapiens go to search e
Q13573 goto UniProt &
17 structures in PDB for Q13573 go to PDBe-KB &

(Microbial infection) Proposed to be involved in transcriptional activation by EBYV EBNA2 of CBF-1/RBPI-repressed promoters. go to UniProt &

Sequence of 1:SNWdo... # A 2

AF-Q13573-... %

@

3D viewer @

Model Confidence:
 Very high (pLDDT > 90)
Confident (90 > pLDDT > 70)
Low (70 > pLDDT > 50)
[ Very low (pLDDT < 50}
AlphaFold produces a per-residue confidence
score (pLDDT) between 0 and 100. Some

regions below 50 pLDDT may be unstructured

in isolation.
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[dT‘;’KEdOE?J KIF
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AlphaFold and Intrinsically Disordered Proteins

------------------------------------------------------------------------------------------------------

- " AlphaFold Simulations p27cto does not :

: i S ~ N function as an inert : B A F 3

] 35 . ¢ \ < '
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. \ b ~ s < '
g Exp _ Sim AlphaFold to quantify many properties ; I D P
p300 HAT CREB-binding protein FUS
N\, r
s k g B
T
1) P
‘%‘1“%«;} |
1,;?3’ [l g
V\',xi
Model Confidence
. Very high (pLDDT > 90) I Confident (90 > pLDDT > 70) Low (70 > pLDDT > 50) I Very low (pLDDT < 50)

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

J Mol Biol. 2021, https://doi.ora/10.1016/j.imb.2021.167208 +0



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

channelsdb2.biodata.ceitec.cz

ChannelsDB 2.0: protein tunnels MU N I@EIM

and pores in AlphaFold era

Major update of ChannelsDB database

CAVER

Addition of Caver on top of MOLE oA R

AlphaFill: P10635 Pore MOLE_
¢ @ ° S

PDBe: 3TBG
Addition of AlphaFold DB~ sy
-> similar tunnels

CAVER
#
CAVER
CAVER

CAVER

Cognate ligands

Next: Pores

]

REPUBLIC

Reviewed MOLE |

Cofactor MOLE |
Cognate MOLE |

Alphafill MOLE |

Year 2018

Year 2023

22543

10000

10000 20000 30000

Number of protein entries

épaékové A, Vavra O, Racek T, Bazgier V, Sehnal D, Damborsky J, Svobodova R, Bednar 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



Alphafold can predict dynamics @FJX
PLDDT shows flexibility

SLC1AS

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

lower pIDDT values show flexible regions
33



Alphafold can do conformational changes

- manipulation with MSA
allows selection of
multiple conformers via
mutation of contact

points in MSA

LmrP transporter
default

A: Run 1

Modeling Alternate Conformations with Alphafold2 via Modification of the

Multiple Sequence Alignment

Richard A. Stein, ' Hassane S. Mchaourab
doi: https://doi.org/10.1 101/2021.11.29.470469

after mutation on interface
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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 seqgs) ->
different models -> check active
conformation -> combine models

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



Gy TTYKLILWLEQAKEEAIKELVDAGTAEEYFELIAMAEKTVES
Ggd5 TTYELILNLEQAKEEAIKEAVDAGTAEEKYFELIAMAKTVEGVW DEIKTFTVTE

Alphafold can do point-mutations effects E’iM.
Fold-switching proteins e,

«l ol
Le000002CR000 Acgooacn goooo0noconds
! 1 0 ke 40 B
@77 TrreLIiNErofikeen iReEvoaBEncey Br Llaun e TvEcuwT Bx e EEN TV TE
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6,91 TTYHLILMLEQRKEERTH ERFRLTANAR TVEGUWTIDE T BT FTVTE

IKTFTVTE L45Y

G35 TIYKLILMLECAKEEAIKELVDAGTAEEYIKLIAMAETVEGVW DE FIVTE
'G,,ﬂ TIYELILHMLEQAKEEATKELVDAGTAER LIAMAETVEG IKTFTVTE

G  TIYELILMLECGAKEEA TAEKY K LIANAK TVEGVWNTKDEI T FTVTE:
Gp88b TTYELILMLEQAKEEAT DAGEAEEY II};N.&KT‘-"EEWT FTVTEs

Ggf7 TIYELI I.EHB:Q EEAITEN EEYFELYAMAETVEGVWT YEDETETETVTE,

il

A minimal sequence code for switching GB98 models shows mix between 3a to a+f
protein structure and function own calculations

Patrick A. Alexander, Yanan He, Yihong Chen, | +1 |, and Philip M. Bryan & Authors Info & Affiliations

December 15, 2009 106 (50) 211438-21154 https://doi.org/10.1073/pnas.0906408106




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

Jun Cheng et al. Accurate proteome-wide missense variant effect prediction with
AlphaMissense.Science 381,eadg7492(2023).D0I:10.1126/science.adg7492

Inputt Reference: CAG DNA
MDVVAMVNQTVATMIS Protein
Missense CGG DNA
variant: MDVVAMVNRTVATMIS Protein
AlphaMissense ‘
@ Structure context Protein language @ Training variants

modeling

Benign ! Pathogenic

o

1 IPathogenic
AlphaMissense

pathogenicity: Uncertain

0 I Benign

32%

likely
For all 71M possible pathogenic
missense variants in
the human proteome: 57%

likely

benign



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

: : MUNT eliXir
AlphaMissense in channels @ Sy
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and TM parts show high pathogenicity = .5
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Pravda, L., Berka, K., Svobodova Varekova, R. et al. Anatomy of enzyme channels. ¢v¢°‘¢~

BMC Bioinformatics 15, 379 (2014). https://doi.org/10.1186/s12859-014-0379-x ot e

Spackova A, Kadasova N, Hutarova Varekova |, Svobodova R, Berka K: Pathogenicity Patterns in Cytochrome P450 Family. in preparation
Kadasova N, Spackova A, Martinat D, Berka K: Understanding GLUT Proteins Pathogenicity: Integration of AlphaMissense, SIFT, and
PolyPhen-2 Predictions, in preparation 40
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AF on engineered proteins



Alphafold 2 requires MSA for start -> [anguage models (pLM) - e.g.
ESMfold  rrrmemmmr

I SWIENINEUEY com/resources?action=fold

Drag to pan

Q | @ | it

Click to select a protein

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

Reversed prediction - ProteinMPNN

find sequence to a given structural feature

-> applicability to almost any protein sequence design problem

Chain A Chain B
’ / ProteinMPNN

l
} / Backbone Encoder\ / Sequence Decoder\
i DAVID BAKER
I I INSTITUTE FOR PROTEIN DESIGN
gg::;e - -, pigabiliies  UNIVERSITY OF WASHINGTON
. "‘ |
: ¥ : lterative
13 Update * 1 Randorm L, decoding
1 nodes ! decoding !
. ! 31 order !
i \ ! ¥
Input: protein N Ca C O Nodes ! Nodes Sequence
backbone Cl"j d ‘tal ; Edges Edges \
coordinates i
/ Output: protein
Zeros sequence

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://qgithub.com/dauparas/ProteinMPNN 4



https://doi.org/10.1126/science.add2187
https://github.com/dauparas/ProteinMPNN
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Ingraham, J.B et al et al. llluminating protein space with a programmable generative model. Nature 623, 1070-1078 (20232
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



What can be protein design used for?

Antivirals

1

Biosensors \

De novo
protein design
~
Vaccines /
Protein-based
therapies
M Natural proteins

M Designed proteins Drug delivery Protein switches

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

/ Cancer therapies




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/

3 F
M Interface 1 ! Interface 2 M Interface 3 I '“::" "°:n —
github.com/PDB-REDO/AlphaBridge &7\\,\\» —~—
! z‘&~ ‘.v &~ . ‘2«7
iy .2 A \ ,\
t"ﬁ (".. "I@_‘ @ o | -
:% r ] - akd s = i J T
” 2 Y 3 ’\':(%4 fii\ﬂw}t “ ‘l ’ S
Alvarez-Salmoral D, et al. AlphaBridge: tools for the cfj}-f c’?;»; c/'.:u';‘ : 7l ’-’
y a ) ” < . | » “"
analysis of predicted macromolecular complexes. bioRxiv & A, & K, i \/ \ \\/

2024.10.23.619601; doi: 10.1101/2024.10.23.619601 N



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

Martin Pacesa, et al. BindCraft: one-shot design of
functional protein binders. bioRxiv 2024.09.30.615802
doi:10.1101/2024.09.30.615802

R m Validation

Binder backbone and Sequence optimisation of
o and filtering

sequence co-design non-interface regions A7
S —

a ‘
o\, ;
= 2
AF2 soIMPNN AF2
§ multimer " ne.. . monomer ‘ .
TegeLpcien AF2 trajectory Optimised design Filtered design
b
( 7~
Cellular receptors
719 3/9 Multi-domain 6/6
GET 260 nM nucleases T
PD-L1 IFNR2

217
1793 nM 120 nM
DerF21 BetV1
[ Experi y binders / tested designs | | Lowest K, (no exp ptimisation) | | Estimated K, due to poor fit |

Figure 1 | De novo binder design using BindCraft. a, Schematic representation of the BindCraft binder
design pipeline. Given a target protein structure, a binder backbone and sequence is generated using AF2
multimer, then the surface and core are optimized using MPNNso while keeping the interface intact, and
finally designs are filtered using the AF2 monomer model. b, Overview of protein targets for binder design.
Parts of the model colored in green were considered during design, gray areas were excluded. Values in
the blue box indicate the number of successful designs, where binding was observed on SPR measurement
versus the total number of designs tested. Values in the yellow box indicate the measured K of the highest
affinity binder without experimental sequence optimization, while values in orange boxes indicate estimated
K values due to poor fit and will be re-measured.


https://github.com/martinpacesa/BindCraft

AF on ligands



Alphafold can be filled with ligands and cofactors
af1

Home Structures CompoundsMAbout Download

P12931

Proto-oncogene tyrosine-protein kinase Src

Structure file https://alphafill.eu/v1/aff/P12931
Metadata https://alphafill.eu/v1/aff/P12931/json
Original AlphaFold model https://alphafold.ebi.ac.uk/entry/P12931

'( | 35% identity ‘ 40% identity 50% identity 60% identity 70% identity

®

% app 6f3fA  1.54 B 0.45
“  AGS->ATP 3dqwA 6.78 21 1.38 ?

T awp 3dax.A  6.02 2 H 0.57

2 MG 6f3f.A 1.54 & 0.10

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

B

AlphaFold models good enough for drug design?

A 8 )

® AlphaFold2 predicts holo EBT) :
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. W Apo form
® locally AlphaFold2 can be there o o

- but it needs validation

(as always) I AF2 model

Impact of protein conformational diversity on AlphaFold predictions

Tadeo Saldafio, 5 Nahuel Escobedo, Julia Marchetti, ©5 Diego Javier Zea, Juan Mac Donagh,
Ana JuliaVelez Rueda, Eduarde Gonik, Agustina Garcia Melani, Julieta Novomisky Nechcoff, Martin M. Salas,

[ ] L]
b l o Rx IV Tomads Peters, Micolds Demitroff, Sebastian Fernandez Alberti, Nicolas Palopoli, Maria Silvina Fornasari,

Gustavo Parisi

THE PREPRINT SERVER FOR BIOLOGY doi: https://doi.org/1 0.1 101/2021.10.27.466189



D Receiver operating characteristic curves = pAlphaFold structure = Empirical structure

DNA replication
1 1 1

AlphaFold docking Hrger)  [Roor il

f

. . o 0s5; f 05 0.5 )
antibiotics example %
0 0 0
0 0.5 1 0 0.5 1 0 0.5 1
1 1 1
benchmarking docking by metabolic airoc:028 R0G: 047 oo 050
activity of 12 essential proteins 05 05 o
auROC = 0.48 (Vina on AF2) : B D W vt
- rescoring ->auR0C0.63 % 10 05 1 10 05 1 10 05 i
- auROC = 0.46 (Vina on experimental 5 |wmocos &iRoc. 038 oG 05

structures) 05 05 -
- both bad (auROC random is 0.5)

Metabolism I -
0 0 0

0 0.5 1 0 0.5 1 0 0.5 1
: murC L murD L murF
auROC: 0.18 auROC: 0.49 | auROC: 0.63 [
0.5 0.5 A 0.5
0 0 0
1] 0.5 1 0 0.5 1 4] 0.5 1

Cell wall synthesis

Felix Wong et al. Molecular Systems Biology 18: €11081 | 2022

False positive rate



RoseTTAFold All-Atom

building protein around ligand
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Rohith Krishna et al. Generalized biomolecular modeling and design with Rose TTAFold All-Atom. Science 384,eadl2528(2024).
DOI:10.1126/science.adl2528 23


https://doi.org/10.1126/science.adl2528

4 I,_ »
r \ o¥
3> Karel Krapnik Berka @caco3cz - May 11 LAY
B e k a S a C k % More membrane tests of #AF3: El?g”’

- more OLA make micelles aside from protein
for tat CZECH

° ° - mixing OLA with PLA retain bilayer-like more (not tested REPUBLIC
though)
—— W I p I S - addition of ions increase micellization behaviour

6N Karel Krapnik Berka @caco3cz - May 10

“% #AF3 can be also used to predict membrane position - here is example of
CYP2E1 with oleic acids (OLA) - it checks with my MD membrane model
from 2013 and with cryoEMs from nanodiscs.

Francisco J. Enguita
@fenguita

Curious effect in @alphafold predictions of membrane systems. The
increase of the number of lipidic elements favours the formation of
micelle-like structures and forgets the protein-lipid interaction.

#membrane #prediction #lipids

y 4.
B!

https://alphafoldserver.com/

~<
-V

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



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
15 30

Aligned Residue

1 120 240 360 480 600 720 840 960

Scored Residue

EEE——

(o] 5 10 15 20 25 30
Expected Position Error (Angstréms)
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Sergey Ovchinnikov - Boston Protein Design and Modeling Club - https://www.youtube.com/watch?v=gjFgthkKxcA


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

AF3 performance

€ Ligands PoseBusters set Nucleic acids Covalent modifications Proteins
1 00 ] ] AF3 ] B AF3 Kk
== RoseTTAFold2NA W AF-M23
Alchemy_RNA2 (has human input) *kk *kKk !
80 T = *k *¥kk - i = I
*k
= —_
S 60 . ‘ . -
2 | "
8 | | ¢
3 407 . ¥ . -
| (]
204 - ° - -
0 T T T T T T T T T T T T T T
AF3 AutoDock  RoseTTAFold PDB PDB CASP15 Bonded Glycosylation Modified residues All Protein- Protein
2019 cut-off Vina All-Atom protein-RNA  protein—-dsDNA RNA ligands n=28 Protein  DNA  RNA protein-protein  antibody monomers
n =428 n =428 n =427 n=25 n=238 n=8 n =66 n=1,064 n=65 n =338

n=40 n=91 n=23

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



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

[ 2024-05 Alphafold 3 x (CC-BY-NC-SA 4.0) x (you must request a 32k

AF3 Va rI a nt 2024-08 HelixFold3 3 (CC-BY-NC-5A 4.0) X(CCBYNCSAAO) 17k
2024-10 Chai-1 b4 (Apache 2.0, inference only) (Apache 2.0) 10k

2024-11 Protenix x (CC-BY-NC-SA 4.0) x (CC-BY-NC-SA 4.0) 36k

2024-11 Boltz M) (MIT) 17k

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

« Chai-1

e https://github.com/chaidiscovery/chai-lab
- Boltz-1

e https://github.com/jwohlwend/boltz
 Protenix

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

« HelixFold3
e https://github.com/PaddlePaddle/

- AlphaFold 3
* https://github.com/google-deepmind/alphafold3
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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
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Chai-1 - open version of AF3

~
<> =D | U
T
Language Structural Genetic =
model templates search Input embedding ||
(pair-bias attention) |} I

I'\_ DA, RMA and protein sequences (multimeric chains) ~— / M hods
L Optional ™y Structure prediction
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Conformer generation

L Small molecules & modified residues L . I Il

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

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 28


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

EI?(;.
Chai-1 - “docking”

ibuprofen to CYP2CO -
copy qur_biprofen pose

Ligand PoseBusters set Proteins

>
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Chai-1 AF3 RoseTTAFold All protein-protein Antibody-protein Protein monomers
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Chai-1 Chai-1 (single-seq) AF2.3 AF3 I RoseTTAFold All-Atom

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

1.0 4
0.8 A
: 0.6 A
1
[
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Q) 0.4
-
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0.0 A1
AlphaFold3 ClusPro Boltz- 1 Naive docking RF All-Atom
.- Vina Conversion
Conversionissues, Mpro Conversmn issues, Mpro Mpro covalent issues, Mpro
covalent binders ignored covalent binders ignored binders ignored '

covalent
Bindersignored

IT DOES NOT MEAN THAT IT IS GENERALIZABLE!

https://predictioncenter.org/caspl6/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

elixir

LCZECH
REPLBLIC

[4 J Kresten Lindorff-Larsen

\&/ @LindorffLarsen

Tell me again how the folding problem has been solved
doi.org/10.1016/j.jmb.... doi.org/10.1016/j.celr...
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Thank you
for your attention

Questions, please?



BioLists

github.com/biolists

% A

abeebyekeen.com/biomodes-

[] Table of contents

Predictors

Tools and Extensions
Databases and Datasets
Webservers
Discontinued

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
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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
oris it?

EEEEE
EEEEEEEE
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Extra slides



Alphafold
Decoded

Understand and implement
cutting-edge Al for protein structure
prediction. No prior knowledge assumed.
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https://www.alphafold-decoded.com/
https://www.youtube.com/watch?v=7dS3nyEcOyE&list=PLJ0WcPQS7xJVJr6ceIPFSkAGAgrkmw1c9

deep learning-based protein sequence design

nga N d M P N N method that explicitly models all non-protein

components of biomolecular systems

Protein-ligand
.{..____ graph

Protein graph Ligand

TN G e
residue j
) ) 32 closest 25 closest ligand
residue | protein residues atoms per residue
\*" _-—— — 7
-\\ o —— —
Protein backbone " . -
atom coordinates N LigandMPNN .- Protein sequences
2 NGREEVVEYVKEIQ
Protein- /' ALEKGDPELMRYIS

Ligand atoms |- "9"'; Decoder v
E elemeant =l Side chains
[B.2. 1.5, 4.4] [+ ]

[3-2. 8.5, 8.4] O
bioRxiv preprint https://doi.org/10.1101/2023.12.22.573103 https://github.com/dauparas/LigandMPNN 68



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

average Tc of 0.32, not far from random for this fingerprint. Consistent with the diversit

A I p h aFO I d 2 St r u Ct u reS the most potent ligand from the AF2 campaign, ZINC866533340 (Ki 1.6 nM), represente
te m p I at e I | g an d d | S C O V e ry a chemotype previously unseen for the o2 receptor (Fig 2c and 2d).
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prospective screen
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AlphaFold2 structure (RMSD: 0.5A) AlphaFold2 structure (RMSD: 1.6A)
“ Crystal structure (PDB ID: 7MFI) ' Cryo-EM structure (PDB ID: BUWL)
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bioRxiv preprint doi: https://doi.org/10.1101/2023.12.20.572662 &



Alphafold can describe folding process to some level

Was Anfinsen right?

\

' residues

¢ 4 [0 ’ MSA Provides
§-b CELETTY | Good Initial Guess
%‘0’ T ‘

‘\'-'»",/wlll,jl‘

bioRxiv posts many COVID|9-related papers. A reminder: they have not been formally peer-reviewed and should not @ Previous
guide health-related behavior or be reported in the press as conclusive.

Posted March 24, 2022.
New Results A Follow this preprint
Download PDF
State-of-the-Art Estimation of Protein Model Accuracy using AlphaFold @ Print/Save Options
James P. Roney, (=) Sergey Ovchinnikov B Daw/Code
doi: https:/idoi.org/10.1101/2022.03.11 484043 (# Revision Summary

This article is a preprint and has not been certified by peer review [what does this meani].
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ost Visited @D Bioinfo vano&ni vedi... &) Getting Started [5J Cofactors_evolution...

There is a newer version of the record available.

[ ostat

@ signup

Published September 19, 2023 | Version v2

Journataricie 3" & Opon |

17K 10K
< VIEWS & DOWNLOADS
Predictions for AlphaMissense

» Show more details
Jun Cheng': Guido Novati'; Joshua Pan’'; Clare Bycroft?; Akvile Zemgulyte'; Taylor Applebaum™;
Alexander Pritzel '; Lai Hong Wong'; Michal Zielinski'; Tobias Sargeant’; Rosalia G. Schneider’;
Andrew W. Senior'; John Jumper'; Demis Hassabis?; Pushmeet Kohli'; Z\ga Avsec!
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EMBL-EBI User Survey 2024

data resources managed by EMBL-EBI and our collaborators make a difference to your work?
Please take 10 minutes to fill in our annual user survey, and help us make the case for why sustaining open data resources is i

for life
Survey link: https J//www.surveymonkey.com/rfHJKYKTT ?channel=[webpage]

BLAST/BLAT | VEP | Tools | BioMart |

Login/Regist
Downloads Help & Docs | Blog

&)~ Search all species...
sing this website Annotation and prediction Data access

API & software About us
this section

L. Help & D ion APl & e Tools Ensembl Variant Effect Predictor (VEP) VEP command line Plugins
Tutorial
Download and install .
Running VEP Variant Effect Predictor s Plugins

Annotation sources e.’
Filtering results
EIUS'_""“ annotations VEP can use plugin modules written in Perl to add functionality to the software.

ugins
Examples and use cases
Other information

Plugins are a powerful way to extend, filter and manipulate the VEP output.

They can be installed using VEP's installer script, run the following command to get a list of available plugins:
1 this page
Existing plugins perl INSTALL.pl -a p -g list
How it works
Functionality

. . . Alternatively, VEP plugins and their dependencies are available in the Docker image . Read how to use Ensembl VEP in Docker and Singularity.
Filtering using plugins

Using plugins Some plugins are also available to use via the VEP web and REST 2 interfaces

Intergenic variants
Search documentation... Existing plugins

We have written several plugins that implement experimental functionalities that we do not (yet) include in the variation API, and these are stored in a public github repository:
https://github.com/Ensembl/\VEP_plugins &

Here is the list of the VEFP plugins available:

Select categories: All ies

Plugin Description

Category External libraries Developer
AlphaMissenser’ This plugin for the Ensembl Variant Effect Predictor (VEP) annotates missense variants with the pre-

Pathogenicity predictions - Ensembl
computed AlbhaMissense pathoaenicity scores. AlphaMissense is a deep learnina modeal developaed by



From: Exome sequencing and analysis of 454,787 UK Biobank participants

Variant category

No. of variants (% with MAC=1)

Median number of variants per participant (IQR)

Coding regions?®

Predicted function

In-frame indels

Synonymous

Missense

Likely benign

Possibly deleterious

Likely deleterious

pLQOF (any transcript)

12,326,144 (46.86)

75,096 (40.33)

3,457,173 (43.12)

7,878,586 (47.28)

1,532,129 (44.11)

4,556,629 (47.23)

1,789,828 (50.1)

915,289 (57.88)

19,895 (247)

115 (1)

10,273 (141)

9,292 (143)

6,561 (104)

2,610 (70)

121 (16)

214 (16)

» SRR View PDF

/1 £



AlphaFold Server

Server  About

FAQs

s
" Protein v ‘
- Molecule type
[ |
+ Add entity

10 »
MGSNKSKPKD ASQGRRRSLEP
7 2d
PKLFGGFNSS DTVTSPORAG
130 140
WWLAHSLSTG QTGYIPSNYV
199 08
ETTKGAYCLS VSDFDNAKGL
25 200
CHRLTTVCPT SKPQTOGLAK
310 12
KPGTMSPEAF LOEAQVMKKL
370 88
LRLPOLVDMA AQIASGMAYYV
430 440
ARQGAKFPIK WTAPEAALYG
4 500
GYRMPCPPEC PESLHDLMCO

ATP - Adenosine triphosphate

AMP ~ Adenosine phosphate
GTP - Guanosine-5'-triphosphate

GDP - Guanosine-5'-diphosphate

History + Completed o/ Saved:

®© © ® ©

Name

2024-05-13_15:30

2024-05-09_14:36

2024-05-08_21.48

2024-05-08_21.52

FAD = Flavin-adanine dinuclaotide

3
AENVHGAGGG
Eed
PLAGGVTTFV
159
APSDSIQAEE
10
NVKHYKIRKL
e
DAWEIPRESL
12
RHEKLVOLYA
3%
ERMNYVHROL
450
RFTIKSDVWS

510
CWRKEPEERP

40
AFPASQTPSK
i
ALYDYESRTE
160
WYFGKITRRE
220
DSGGFYITSR
e
RLEVKLGOGC
a0
VVSEEPIYLIV
400
RAANILVGEN
460
FGILLTELTT
520
TFEYLOAFLE

50
PASADGHRGP
110
TOLSFKKGER
170
SERLLLNAEN
230
TQFNSLOQOLY
9@
FGEVWMGTWN
350
TEYMSKGSLL
410
LVCKVADFGL
AT0
KGRVPYPGMYV

538
DYFTSTEPQY

& Upload JSON

s
SAAFAPAAAE
120
LGIVNNTEGD
180
PRGTFLVRES
140
AYYSKHADGL
300
GTTRVAIKTL
360
DFLKGETGKY
420
ARLIEDNEYT
450
NREVLDOVER
536
GPGENL

2024-05-13 1535

2024-05-09 14.42

2024-05-08 22:03

2024-05-08 22:00

O Clear

Save job



AlphaFold Server

Server

About

FAQs

2024-05-08_21:48

€ Back & Download D Clone and reuse [D Feedback on structure

Very high (piDDT > 90) Confident (90 > pIDDT > 70) Low (70 > pIDDT > 50)

IPTM=0.39 pTM=042 learn more

247
494
741

988

Aligned Residue

1235

1482

1729

1976

Non-commercial use only. subject to AlphaFold Server Output Terms of Use: no use in docking or

Information
Type Copies Sequence
Protein 1 10 20 50 4@
MDTSRLGVLL SLPVLLOLAT GGSSPRSGVL LRGCPTHCHC

70 80 9 100
PSNLSVFTSY LDLSMNNISOQ LLPNPLPSLR FLEELRLAGN
130 140 150 160
LONNQLRHVP TEALOGNLRSL GSLRLDANHI SYVPPSCFSG

190 200 10 220
AFRSLSALOA MTLALNKIHH IPDYAFGNLS SLVVLHLHNN

Very low (pIDDT < 50)

“eiear e

1 247 494 741 988 1235 1482 1729 1976
Scored Residue

0 5 10 15 20 25 30
Expected Position Error (Angstroms)

screening 1ox

EPDGRMLLRYV DCSDLGLSEL
110 128
ALTYIPKGAF TGLYSLKVLM
170 180
LHSLRHLWLD DNALTEIPVO

230 240
RIHSLGKKCF DGLHSLETLD



Architectural details AF2

48 blocks (no shared weights)

~

s

b pai representation Corresponding edges

ina graph
i

[ z

i

presentation
(rre)

€ Tran jpda
using ‘outgoing' edges

Triangle update
using ‘incoming’ edges

O O

& S 8 — e
f Predict relative
rotations and
translations

Backbone frames
r, 3x3) and (,3)
(initially all at the origin) \_

Triangle self-attention around

Triangle self-attention around
starting node

ending node

PR AR %
& L& bHa\ b &

X 4k
- g > Sl

© (Singiarepr. :c) 4 %

& o

» ®po .. o v _ede
0 4 @ . 3
-~ < ° o a

- v
Backbone frames & :

(r, 3x3) and (r,3) J L ¥
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MSA - multiple sequence alignment

using standard tools - jackhmmer, HHBIits

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>

httDS//WWWI’]&tUI’GCom/arthleS/S41586-021-03819-2 ’ Media; per-residue N for the c:ain



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

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



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

Interpreting the neural network

a Test set of CASP14 domains Test set of PDB chains
With self-distillation training - -
Baseline [ -] -

No templates — =

No auxiliary distogram head — - — oy

No raw MSA
(use MSA pairwise frequencies)

No IPA (use direct projection) — =y — roi 1B
No auxiliary masked MSA head — —— — ==}
No recycling - —p= - .- -
b 100 : . - i el o .
oo NAPO—FTTT T OMREATISTIORREATTINE  angles, biasing or gating | R _ ol
80 (use axial attention) == Po-
5 v »-end structure gradients | |
S 60-R (keep auxiliary heads)
g ‘
E |\ . -
s “° No IPA and no recycling | —==—_, - ™
—— T1024 D1
20 T1024 D2 T T T T T T T
5 — T1064 D1 —-20 -10 0 -4 -2 0 2
T T T 1
E 0 48 96 144 192 GDT difference compared IDDT-Cao difference
Evoformer block with baseline compared with baseline
CZECH
REPUBLIC

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 78



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

What is "diffusion"?
zulzl (- ||l: l:|Fu1) l T ||11
11|'n) q(xe|Te) q(xe41) I:) (l7|17 1)

Image from Luo, 2022

Sergey Ovchinnikov - 79



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

PDB 6SKO

AlphaFold Experiment

80



AlphaFold in Google Colab

Repozitai: [ vétev: [4]
G|thUb enabled sokrypton/ColabFold v main v
JupyterNotebooks Cesta
running in Google Colab
environment €D Hpnaroiczip

o AlphaFold2_complexes.ipynb

O RoseTTAFold.ipynb

0 batch/AlphaFold2_batch.ipynb

Mirdita M, Ovchinnikov S, Steineqgqger 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/

81



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

elixir

Alphafold 2 on ELIXIR CZ 5

* 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

3 YouTube ™ Search Q

-

ChissraX KIST p0 0d job pbctnvata
NlastFreene Srat
Parnng BLAST 1o
Alphtabd fetih AQAZRSPXED aliguTe 01/4

AphaF obd < hat e hing (hads A

Chatn | Unifret Name | Usifret 16 KMSD | Coagth | Soen - % 1d

.\ AAIRAPAD | | ™ s 4

- - - - - - L]
o0 [ —
etc sl oo o srvnis e
PPN lpes Ihe dwatare * ATY e v s s e

S Bareh ot weser g
Pl oy b @ e e e ey Aptas ol £e Donde peevers

N s L

Sequnce wyr B

Search AFDB
Predict

Predict a protein structure using AlphaFold within ChimeraX

Q_)( UCSF ChimeraX Subscribe 22 QP /2> Share 3¢ clip =4 Save

1.66K subscribers

16K views 1 year ago SAN FRANCISCO
We run AlphaFold to predict the structure of the protein avidin (from chicken). We start the computation using ChimeraX (Sept 2021 version) which runs it on Google Colab servers. Show more

Licence Creative Commons Attribution licence (reuse allowed)

23 Comments Sort by



But one still needs to be careful...

put

ative hiirman r\/fnrhrnmp PASN 72C7
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AlphaFold in UseGalaxy.eu oy

e.g. dimer Nucleocapsid oroteln from SARS-CoV-2

= Galaxy Europe @A Workflow Visualize SharedData~ Help~ User

Tools T = History S2+mO%

— o Alphafold structure prediction @0

AlphaFold pokus 1

4 Upload Data
16 shown, 40 deleted, 1 hidden
@ Show Sections 19.94 M8 >
S Cl (
Alphafold 2 - Al-guided 3D structural Select model
prediction of proteins The top five structures predicted by Alphafold 40: alphafold on: Visua & #* X

lization

uodet 1 lwodei 2l wodet rocets} 3 alphatold on:Perre @ & X

sidue confidence scores
(plddts)

WORKFLOWS

All workflows

Toggle representations
11 pres : 38:alphafold on : Model @ & X

confidence scores

37: alphafold on: Model @ ¢ X
1

Actions 36: alphafold on : Model @ & X
2

35: alphafold on: Model @ ¢ X
Scroll up/down to zoom in and out <50 3

Click + drag to rotate the structure

yownlo: : :
CTRL + click + drag tomove the structure con between Download i‘ alphafold on : Model @ & X
Click anatom to bring it into Focus 0 and 100. Some regions below 50
pLDDT may be unstructured in Snapshot PDB
S 33: alphafold on : Medel @& & X
isolatios
1 :
[RCR T RN M IS 1=V LIV TUINe U 1w VIV Vel v Uy 1 v

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

N

= MrParse

MrParse Analysis
Version: 0.2.1
MrParse a program to find and analyse search modets for crystallographic Molecular Replacement. The program is being developed by Dan Rigden's group at the University of Liverpool

MrParse is currently under development and we are koen to make it as useful to the community as possible. If you have any suggestions for it's development, or ideas on how we could improve it. please get in touch.

IKL Info
Name Resolution Space Group Has NCS? Has Twinning? Has Anisotropy?
Tdry-sf 144 P41212 faise faise true

xperimental structures from the PDB

Name PDB Resolution Reglon Range Length ellLG Mol Wt eRMSD  Seq.ldent Visualisation of Regions
2081 20d 150 1 158-230 71 435 8476 1085 031 — 1118 —

Sequence Based Predictions

it ——ea— e - ——— — -

tructure predictions from the EBI AlphaFold database

Name model DateMade Region Range Length Avg plDDT Hescore Seq ident, Visualisation of Regions
Q12362 1 Q12362 01-JuL-21 1 2180 177 90.15 85 041 S N SN ) . .. ¥ ie—
PEZ241 1 PEZ241 01-JuL-21 1 4176 9155 85 0.38 E— — N e e .. e e it

Adam J. Simpkin, Jens M. H. Thomas, Ronan M. Keegan, Daniel J. Rigden
doi: https://doi.org/10.1101/2021.09.02.458604
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https://doi.org/10.1101/2021.09.02.458604

How accurate are the models?

Accuracy of docked ligand poses

80% [

70% aon

60% A

Fraction of ligands whose pose is predicted correctly

Docked to structure Docked to Docked to
determined experimentally AlphaFold 2 model traditional model
with different ligand bound

AlphaFold predictions are valuable hypotheses, and accelerate but do not How accurately can one predict drug binding modes using AlphaFold
replace experimental structure determination models?

Thomas C. Terwilliger, Dorothee Liebschner, () Tristan I. Croll, ©= Christopher |. Williams, Airlie |. McCoy, "
Masha Karell h |. Noh, Ron ©. D

Billy K. Paon, (© Pavel V. Afonine, () Robert D. Qefiner, (¥ Jane 5. Richardson,  Randy ). Read, fasha Karelina, Joseph ). Noh, n . Bror
Paul D. Adams doi: https://doi.org/10.1101/2023.05.18.541346

wheude heere-fldai anal 10 11011077 1121 R1740C This article is a preprint and has not been certified by peer review [what does this mean!].



. Europe PMC

Alphafold is just a start...

Search life-sciences

alphafold
+ use Alphafold ideas for development of p

their own 3D structure predictions
o RoseTTAfold

Advanced search

Free full text access @

O ESMfOld (J Full text in Europe PMC
o (11 742)

OpenFOId J Link to free full text (737
o Chroma

« prediction of designed proteins Type ®

[ Research articles (o 275)

(] Review articles (1 669)

[ Preprints (1 290
\ =
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Alphafold can do multiprotein complexes — interactions

Alphafold-Multimer v2 reproduces dimer of Bromodomains BD2 of
BET proteins observed in crystal structures
AF2mult_v2 homodimer of BRD2_HUMAN ProtCID cluster of dimers of BD2 domains of

Bromodomain B2 in rainbow; BD1 in gray human BRD2, BRD3, BRD4, mouse BRDT
http://dunbrack? fccc.edu/protcid

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

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.04.463034; this version posted March 10, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Q DeepMind 2022-03-10

Protein complex prediction with
AlphaFold-Multimer

Richard Evans'*, Michael O'Neill'”, Alexander Pritzel'”, Natasha Antropova'”, Andrew Senior', Tim Green’,
Augustin Zidek', Russ Bates', Sam Blackwell', Jason Yim', Olaf Ronneberger', Sebastian Bodenstein’, Michal 89


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

Alphafold can do multiprotein complexes — interactions

50VS, A14
d TM-score=0.99
" 1IWA, A8B8
.. TM-score=0.93
< 4

1RBL, A8BB8 1RBL prediction
TM-score=0.96 alone, 15/16 chains

1DW9, A10
TM-score=0.96

DockQ=001 DockQ=0.02 DockQ=090

Article | Open Access | Published: 10 March 2022

Improved prediction of protein-protein interactions

using AlphaFold2 New Results A Follow this preprint
Patrick Bryant &, Gabriele Pozzati & Arne Elofsson Predicting the structure of large protein complexes using AlphaFold and
sequential assembly
Nature Communications 13, Article number: 1265 (2022) | Cite this article
6092 Accesses | 27 Altmetric | Metrics (@ Patrick Bryant, Gabriele Pozzati, Wensi Zhu, Aditi Shenoy, Petras Kundrotas, () Arne Elofsson 90

doi: https://doi.org/10.1101/2022.03.12.484089



 Alphafold can not do effects of post-translational protein
modifications (by itself)

Correspondence | Published: 29 October 2021

The case for post-predictional modifications in the
AlphaFold Protein Structure Database

Haroldas Bagdonas, Carl A. Fogarty, Elisa Fadda & & Jon Agirre

Nature Structural & Molecular Biology 28, 869-870 (2021) \ Cite this article
10k Accesses | 2 Citations | 1561 Altmetric | Metrics
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MutAmore

- generate all SNPs of
protein I
. using

ESMfold/OpenFold

Rendering protein mutation movies with MutAmore _

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

Kenstantin Weissenow, Burkhard Rost Xrs&list=PLOQUUE_zWBuJ6Y5NWtDoY93FUweUUGV
doi: https://doi.org/10.1101/2023.09.15.557870 uf

https://www.biorxiv.org/content/10.1101/2023.09.15.557870v1
https://github.com/kWeissenow/MutAmore



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

Accurate prediction of protein structures and
interactions using a three-track neural network

A 2-track block [ 3-track block

— {2 88-only model <
il - | O
2 — i
= a
. SE{3) iterative

refinement

7=
. —_— m_. s J— Attention Combine
. all crops
2

Cropped Graph- Gradient-based
sequence folding

Transforme:
& templates i i)

Kl 3'/2.‘:\, R 5 D

[ 1) /(53 ! %X %

; N 7| £\ se@)}Transformer % u’;ﬁ \ %%”/\
3D track Full atom model

B CASP14 targets C CAMEO targets

BAKER-ROSETTASERVER RoseTTAFold

Zhang-server

Robetta
BAKER (human)
IntFOLD6-TS

2-track (pyRosetta)

RoseTTAFold (end-to-end)
BestSingleTemplate

RoseTTAFold (pyRosetta)

SWISS-MODEL

AlphaFold2 (human)

. ”. TM-score TM-score
EI?Gr
czeCH https://www.science.org/doi/full/10.1126/science.abj8754

REPL/BLIC

PREDICTING

STRUCTURES
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Geometric deep learning of RNA structure

A ARES predicts the accuracy of a structural model, given only atomic coordinates and element types

Structural model of an RNA

B RNA structure prediction with ARES

o ® ° _‘

N -9

Q e © (] ®
© )

Share information
locally (repeated)

Learned features describe
each atom’s environment

®
©
® O=n

[28[o3 . [23]

Average of each
feature over all
atoms

Dense neural
network layers

Predicted RMSD
from true structure

Candidate
structural models

Predicted RMSD

C Training set: 18 older, smaller RNA structures

from true structure O\/ /m @/\X\ \&\ \&/ m

\K/ ARES

%) ARES

\K/ ARES

v

Select model with lowest predicted RMSD

Y ®
2 ¥
elixir
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D Benchmark sets: newer, larger RNA structures

G G o TP

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

"
“ AWINNING

SOLUTION

Artificial intelligence reveals
RNA structure s w810


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

Not used files
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How good are the predictions of human proteins?

Confidence (pLDDT) HomO SapleﬂS

Hm>90 W>70 Mm>50 <50

Amino-acid residues

a Resolved
|| I
b Unresolved 58,9%

N

€ All human

I pLODT

0 oox @ quality metrics
pLDDT - per-residue estimate of its confidence on a scale from 0 - 100 ® measure Of d iSO rde r

model’s predicted score on the IDDT-Ca metric (local superposition-free score for comparing protein
structures and models using distance difference tests).

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 97


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

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

a i. DATASETS i, DOMAIN ASSIGNMENT \li, CLASSIFICATION
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