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Genome: collection of
hereditary information

/

Transcriptome: collection of genes expressed
under environmental conditions of the cell

Experimental Conditions

EMBO 2023 Izmir

Sequence and structure space are slowly being filled

Structure is more conserved than sequence

Sampling of the interactome remains sparse

There is a need to clarify how proteins interact
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Proteome: collection of
expressed proteins Interactome: whole set of

molecular interactions
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Protein-protein interaction
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|IBC ARTICLE

4 e Assembly of B4GALT1/ST6GAL1 heteromers in the Golgi
membranes involves lateral interactions via highly charged

surface domains

Received for publication, May 27, 2019, ard in revised fomm, August 1, 2019 Published, Papers in Press, Awgust B, 2019, D01 10.0074bc RAT1 9009539
i Fawzi Khoder-Agha’, @ Deborah Harrus ', Guillaume Brysbaert®, © Marc F. Lensink”, © Anne Harduin-Lepers®,
& Tuomeo Glumoff’, and © Sakari Kellokumpu™'

Two of the conclusions from this paper:
- “B4GALT1 uses its noncatalytic surface for interaction with ST6GAL1”

- “Heteromeric assembly regulates the catalytic activity of BAGALT1 and ST6GAL1”

Trans Configuration Cis Configuration

Stemless
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SARS-CoV-2 signaling pathway map: a functional
landscape of molecular mechanisms in COVID-19,
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Publicly available through WikiPathways
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Molecular dynamics

-VV(r) F=ma

Give atoms initial roand v,

Calculate forces F from V(r)

Apply F with small time step At to get new
positions r; and velocities v;

Apply boundary conditions
Apply temperature and pressure control

Calculate and output physical quantities of
interest

Iterate to next step: t = t+At



Protein dynamics
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?frontiers o
COVI D in Molecular Biosciences
DNA Aptamers Block the Receptor
Binding Domain at the Spike Protein of
SARS-CoV-2

Fabrizio Cleri"**, Marc F. Lensink * and Ralf Blossey®
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2' RIN — Residue Interaction Networks

Centrality Analysis

Centrality analysis identifies important nodes in a network

Many centrality measures exist

Computing a Z-score highlights the major ones

Central residues correlate strongly with functional or structural relevance
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Residue Interaction Networks

Include water
molecules in the
analysis

This can also be
extended to lipids

. and to sugars
Add dimension:

- Time
- Evolution

UGSF Days
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3 Critical Assessment of
@

PRedicted Interactions (CAPRI) <
Q
o
(]
. . . >
CAPRI organizes blind docking @
. . . Q
prediction trials =
@
Protein/protein Alexandre Bonvin NL "
-Peptides Marc Lensink FR o
. . wn
-Nucleic aCIdjs Michael Sternberg UK >
-Polysaccharides 5
. Sandor Vajda USA
Oligomer assembly
Multi-domain assembly o llya Vakser USA o)
. oy o
Interfacial water positions %o X Sameer Velankar UK =
Binding affinity %& ; Zhiping Weng USA g
¢ j Scientific Advisory Board ®
Proteins publishes a special .
CAPRI-dedicated issue with every Rommie Amaro USA
Evaluation Meeting Stephen Burley USA g
Wah Chiu USA %
. . D
Most algorithms developed in CAPRI context ristina Dijinovic Carugo  FR =
CAPRI has been a proven catalyst
CAPRI has made it possible to reliably predict what the =
quality of your docking model will be! S
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Phage tail
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The CAPRI Community (2019)

Note the date: 8t" CAPRI Evaluation Meeting: Grenoble February 12 — 16, 2024

EMBO 2023 Izmir Marc F. Lensink
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Lensink & Méndez, Curr Pharm Biotechnol 2008;9:77
“Recognition-induced conformational changes in protein-protein docking”

Protein A
Coordinates v ] o
Flexibility MD-PCA / ED Biological
Analysis NMA / GNM / ANM Information
Protein B Graph Theory
Coordinates
ProteinA & B
« ¢ Conformers
D [ FFT-methods
Rigid bo:y - GA/ GH, Monte Carlo
Searc Neural networks
Raw score _| Surface complementarity,
Filtering Electrostatics
’Knowledge-based potentials,
Energy-bgsed - Force-field based energy functions
Re-ranking
MM or MD, implicit .
orvIE, TP oF Refinement ComplexAB
explicit solvent Coordinates
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Lensink et al, Proteins 2023, Epub
“Impact of AlphaFold on structure prediction of protein complexes”

Protein A
Sequence

Protein B
Sequence

Biological
Databases

V
N

AlphaFold?

Complex AB
Coordinates
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Incorrect but near- Many of the incorrect models

acceptable do show good interface
Protein d ocking prediction values.
is more than simply putting two proteins
together
1. Exploring
2. Scoring

CAPRI is actively working to push Every colored sphere

development in all these aspects corresponds to the
geometric center of the

e redicted ligand position
- Identifying problem areas predictediigand posit

- Searching for targets

- Organizing blind prediction trials -
Designed protein-protein complex
Spanish influenza hemagglutinin

* k-space docking Sarel Fleishman, David Baker
e guided docking University of Washington, USA

e co-evolution docking
e contact prediction
* machine learning and deep-learning

Science 2011;332:816
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Download: Target ID Pubmed ID PDB Description Stoichiometry #Interfaces

« T050.1.pdb T050 21566186 . 3R2X maaawmmmmym ABC 1 Previous
« T050.1.json Specaeg and kingdom: Inﬂa_:onza A.vuus / designed Viruses
« T050.1.xmi Interaction type: antigen/antibody unbound Next
(Easy) Interface 1 Number of decoys: 1948 AB:C 327/171:82 ABC 1500 A?
Model download: Receptor HEMA_118A0 7-328/1-173
Ligand designed 1-83

The CAPRI scoreset v2022 includes all published CAPRI targets up to CAPRI Round 50,
including joint CAPRI/CASP Rounds.

All models are uniform!

- all atoms are reordered following PDB standard

- all decoys are superimposed on the target receptor entity

- all chain labeling and residue numbering matches the target

- all computed assessment quantities are included in the dataset

And finally:
Target images are aligned such that they match the flag of Ukraine

The CAPRI scovesel v2022 is developed and mainfained by:

« Marc F. Lensink, CNRS & University of Liie, France q LL

« Theo Mauri, CNRS & University of Lile, France Marc F. Lensink VII VUB CENTER

« Guiliaume Brysbaert, CNRS & University of Lille, France FOI! S'I’QUCTUIAI.
+ Shoshana J. Wodak, VUB-VIB, Beighum
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scoreset.org

127k Uploader models
40k Predictor models
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All annotated with all calculated CAPRI metrics

Predictors

Scorers
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CAPRI / CASP

CAPRI CASP
Since 2001 Since 1994

Critical Assessment of
PRedicted Interactions Structure Predictions

Joint prediction rounds since 2014

25 Targets Round 30 CASP11 2014
10 Targets Round 37 CASP12 2016
21 Targets Round 46 CASP13 2018
12 Targets Round 50 CASP14 2020
37 Targets Round 54 CASP15 2022
Prediction rounds on a “rolling” basis Prediction season
Fits with publication schedule Intense 2 to 3 months

3 to 4 weeks per prediction round

Difference in targets

Mostly hetero-dimers or —trimers Mostly obligate, many homo-oligomers
Peptides, sugars, water positions Very large assemblies
Incites method development Large-scale testing of methodologies

EMBO 2023 Izmir Marc F. Lensink



CAPRI / CASP

CAPRI CASP
Since 2001 Since 1994

Critical Assessment of
PRedicted Interactj

re Predictions

Joint prediction rounds since 2

25 Targets Roun 2014
10 Targets Round 37 2016
21 Targets Round 46 CASP13 2018
12 Targets Round 50 CASP14 2020
| 37 Targets Round 54 CASP15 2022 |

Prediction rounds on a “rolling” basis Prediction sea

Fits with publication schedule
3 to 4 weeks per prediction round

Difference

Mostly hetero-dimers or —trimers Mostly 0
Peptides, sugars, water positions Very large assemblies

Incites method development Large-scale testing of methodologies

EMBO 2023 Izmir Marc F. Lensink
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“AlphaFold can accurately predict 3D
models of protein structures and has the
potential to accelerate research in every
field of biology.”

“AlphaFold: a solution to a 50-year old
grand challenge in biology.”

www.nature.com » news

"It will change everything': DeepMind's Al makes gigantic leap ...
Nov 30, 2020 — DeepMind's AlphaFold 2 algorithm outperformed other teams at the CASP14
protein. Source: DeepMind. DeepMind's 2018 performance at ...

deepmind.com » blog » article » alphafold-a-solution-t... «

AlphaFold: a solution to a 50-year-old grand challenge in ...

Nov 30, 2020 — AlphaFold: The making of a scientific breakthrough - Improvements in the
median accuracy of predictions in the free modelling category for the ...

AlphaFold: Using Al for ... - AlphaFold - Computational predictions of ...

‘So, either this group is close to solving the
folding problem or they cheated somehow!

Nick Grishin

CIVIDU ZUZS5 IZImir

viarc F. Lenisink

DeepMind >  Research >

AlphaFold

AlphakFold

On this page

GLOBAL COMMUNITY

UNDERSTANDING COVID-19

ACCELERATING SCIENCE

AlphaFold can accurately predict 3D models of

protein structures and has the Ip()tential to
accelerate research in every field of biology.

> Blog > AlphaFold:asolution to a 50-year-old grand challenge in biology

AlphaFold: a solution to
a 50-year-old grand
challenge in biology

SHARE

000

Proteins are essential to life, supporting practically all its functions. They are large complex
molecules, made up of chains of amino acids, and what a protein does largely depends on its

AUTHORS

@ The AlphaFold team

unique 3D structure. Figuring out what shapes proteins fold into is known as the “protein folding

problem”, and has stood as a grand challenge in biology for the past 50 years. In a major
scientific advance, the latest version of our Al system AlphaFold has been recognised as a

solution to this grand challenge by the organisers of the biennial Critical Assessment of protein

ion (CASP). This g the impact Al can have on
scientific discovery and its ial to ically progress in some of the most
fundamental fields that explain and shape our world. 2 5




" Demis Hassabis @ ili <k
3 Minkyung Baek . Philip Vollet &0 Minkyung Baek
‘ ¢ 3 Last year we presented v2 which «

predicts 3D structures of proteins down to ColabFold - Making Protein folding Adding a big enough number for
The SO%JI’CG code '.fOI’ RoseTTAFold atomic accuracy. Today we’re proud to share accessible to all via Google Colab "residue_index" feature is enough to
model is now available: the methods in w/open source code. model hetero-complex using AlphaFold

Excited to see the research this enables. More (green&cyan: crystal structure /

very soon! magenta: predicted model w/

RosettaCommons/ residue_index modification).

RoseTTAFold

This package contains deep learning models

related scripts for RoseTTAFold " . ‘4’/ ( . R o0 residue index
et

\"Q\X- = \\ pa : A esidue_index']

each chaiff

—— & p { » 2
S \
R __ e & . 200
GitHub - RosettaCommons/RoseT TAFold: This \)"" J/
package contains deep learning models and related ... < \ N N V] = idx res
u h ~

1Jul 2021 15 Jul 2021 26 Jul 2021 20 Jul 2021

A significant day for the life sciences

Dear all,

Today, EMBL and DeepMind have announced a partnership to make the most complete and accurate database yet of predicted 3D
structures for the human proteome freely and openly available to the scientific community. The methods and code for AlphaFold, the
Al system that powers the structure predictions in the database, were published last week in Nature and are able to be modified by the
scientific community. The AlphaFold Protein Structure Database (https://alphafold.ebi.ac.uk) will make an extensive set of pre-
calculated AlphaFold computational structures - including all human proteins — accessible to all scientists, consistent with EMBL’s open
data mission.

An initial two-year formal collaboration between EMBL and DeepMind has been agreed, in order to provide access to this remarkable
resource for the world. Millions of AlphaFold predictions will be made available through this new resource hosted by EMBL-EBI. The
initial release contains approximately 365,000 structures, and will eventually increase to an estimated 130 million 3D models. In
context, that would be 700-times more than in the current contents of the Protein Data Bank (PDB), the global resource of
experimentally derived 3D structure data.

I am happy to answer any specific questions you may have.

ind ds,
gne resarcs 22 Jul 2021

EMBO 2023 Izmir Marc F. Lensink 26



A brief history

In 2020, AlphaFold 2 outperforms everybody else in the CASP14 blind structure prediction experiment
In 2021, the AlphaFold Protein Structure Database is launched by DeepMind and EMBL-EBI;
This increases the size of the available protein structure universe 700-fold

In 2022, deep-learning-based methods were expected to be applied to assembly predictionin CASP15
So where is the state-of-the-art now?

AlphaFold 2 significantly outperformed other teams at the
CASP14 protein-folding contest — and its previous version’s

performance at CASP13

a0 R A score above 90 is considered .m.l:lhEFlﬁddz-\-.\"
& 4o..... roughlyequivalentto a CAPRI
E . high-quality (***) assessment,
: e the experimentally Mﬂhammw
E' [- ) [pepre—— determined structure B BB L B A AR SR L
S 5o
E
@ A0 e ——
£
; b T
T
E B =i —— SR —
=
2 10

o T T T T T T T

2006 2008 2010 012 2014 2016 208 200
Contest year
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1222 T1173 | no pdb X-ray 2.40 A3
Bacteria
Bdellovibrio bacteriovorus V d
Cell wall surface anchor .ery goo.
side-chain
placement
Target
Yang model 4

F(nat) 0.857
F(non-nat) 0.153

S-rms 1.85A

EMBO 2023 Izmir Marc F. Lensink

Jianyi_Yang Skxk

YANG-SERVER, 5/4*** [1**
YANG-MULTIMER

Wei_Zheng, 4[3***[1%*
J Cheng

MULTICOM 4[2*** [1%*
Many others...

AF2-Multimer 2/1%*

Takeda-Shitaka 10/9*** [1+*
MULTICOM 10/6%** [3**
LZERD, Kihara 9f2%** [g**
S_Chang 10/1*** [7**
S_Huang, HDOCK Q[1***[2%*
Venclovas 10/8**

Zou, MDOCKP 6/5%*

28



CAPRI Round 50 / CASP14 Ranking
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Only AlphaFold2 monomer existed

29
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CAPRI Round 50 / CASP14 Ranking
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%0838

“Off-the-shelf” AF2-Multimer: same number of targets, but increased quality

30

Marc F. Lensink
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And now
CAPRI R54

acceptable
medium
high

CASP15

Venclovas A

g -

Wallner
Wei_Zhen

PEZYFoldings -
Jianyi_Yang

YANG-MULTIMER +

S Chang 4~

number of acceptable targets

A

60

AF2

baseline

81003
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Calculate p and o for top-5 models P and TS set, removing exact duplicates
Express DockQ in o (Z-score), retain only positives

Sum
60 __ _ Only taking a participant’s
50 — (I PEZYFVcﬁinlr?gsr single best model into account
AN V\\I/en%lﬁvas
40 — Annmn. eLsheng Larger emphasis on the difficult targets
_ But missing out on an easy target is less punished
+
N 30 —
A B __ AF2
Qn — filnonno = — basellne
I
0 I ’I":IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII”HHUUUDUHUUHWHDTTTTTTTTTIIIIIIII
So 5
40 - <
30 —

W

‘20 IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
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No change in the top

CAPRI ranking — emphasis on absolute model quality

DockQ ranking — contribution from “incorrect” models

DockQ Z-score ranking — emphasis on the more difficult targets
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Lensink & Méndez, Curr Pharm Biotechnol 2008;9:77
“Recognition-induced conformational changes in protein-protein docking”
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Lensink et al, Proteins 2023, in press
“Impact of AlphaFold on structure prediction of protein complexes”
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Lensink et al, Proteins 2023, Epub
“Impact of AlphaFold on structure prediction of protein complexes”
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How did they get better results than basic AlphaFold runs ?

Bjorn Wallner:
=> agressive sampling: produced up to 30000 predicted structures per target
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* Use AlphaFold to generate models (full_dbs)
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* multimer v2

* Run with and without templates 02 03 04 05 06 07 08 09
ranking_confidence

* Run with an increased number of recycles

» Select based on the ranking_score
Bjorn Wallner, CASP15, 2022



How did they get better results than basic AlphaFold runs ?

Bjorn Wallner:
=>example
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Team developments

* MassiveFold — bio.tools/massivefold
— Enhanced AlphaFold

 Canberunin parallel
* Highly customizable (dropout, recycle, number of models)

* RINspector — apps.cytoscape.org/apps/rinspector

— Centrality and flexibility analysis of protein structures
 Exists as app for cytoscape
 Command-line version in development

* Scoreset — scoreset.org

— Protein-protein interaction benchmark dataset
e 176k annotated models
* Includes correct and incorrect models



Norway

Computational Biology:
Biomolecular Interactions and Dynamics

Denmark Lithuar
United
Kingdom
Ireland 7., 0l Poland
Berlin
m _ Germany _
Institute for Structural and Functional Glycobiology O  Brussels | JPraoe
Czechia
* Proteininteraction and regulatory networks m ; ¥ e Slovakia
* Statistical physics of biomolecularinteractions 2
pny D uid Ofl> Austria ®Budapest
* Structural biology of protein-carbohydrateinteractions Fiariae Hungary
* Computational modeling and dynamics of biomolecular systems : Ror

London

Brussels

Portugal Madrid
@

Spain

W W W AT T

Tunisia



