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NMR:      1.2 GHz, 900, 750, 600, 600US, 2x500 MHz
800WB-DNP, 400WB-DNP, 700US, 500WB MHz

e-infrastructure:   >1800 CPU cores + GPUs + EGI HTC resources (>100’000 CPU cores)

National and European infrastructure



The molecular machines of life
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The social network of proteins

Majority of ‘life’ depends on interactions, particularly protein-protein
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Structural biology of interactions

High-throughput computation vs. High-resolution experiments
computational models are often not trusted by the experimental community

Computation Experiment

NMR

MS

Cryo-EM
X-Ray

SAS

FRET

EPR

Docking

Molecular 
Dynamics

Homology 
Modeling

Threading
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CRITICAL ASSESSMENT

THE RISE OF AI / ALPHAFOLD

Marc Lensink Ezgi Karaca



[Faculty of Science
Chemistry]

Critical Assessment
of PRedicted
Interactions

• CAPRI
• Since 2001
• Predictions on a “rolling” basis

– Fits with publication schedule
– 3 to 4 weeks per prediction round

• Protein complexes

of Structure
Predictions

• CASP
• Since 1994
• Prediction “season”

– Intense 2 to 3 months

• Protein monomers
• (traditionally)

Since 2014 joint prediction rounds for 

complexes/assemblies
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Critical Assessment is a Big Deal

• CASP has been around for 30+ 
years

• Reference for structure prediction

• CAPRI - started 20+ years ago 
and specializes in the prediction of 
protein complexes

• Blind prediction experiments 
catalyze method development

• Critical Assessment defines the 
state-of-the-art in the field
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Baker groups

CASP14 - 2020

“Regular” targets (meaning single proteins)
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AlphaFold2

CASP14 -2020 - the AI breakthrough

Baker groups

“Regular” targets (meaning single proteins)
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The 2024 Nobel prize in Chemistry

one half to David Baker
“for computational protein design” 

and the other half jointly to Demis Hassabis and John Jumper
“for protein structure prediction”
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CASP14/CAPRI
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CASP14/CAPRI
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“Off-the-shelf” AF2-multimer: same number of targets (   ), but increased quality

Score = ω1·NACC + ω2·NMED + ω3·NHIGH

ω1 = 1; ω2 = 2; ω3 = 3

High – Medium – Acceptable 14 Complexes
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GOING BEYOND ALPHAFOLD

SAMPLING AND SCORING
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AlphaFold2-Multimer baseline

CASP15/CAPRI – 2022 -Assembly prediction
Wallner Sampling AlphaFold

PEZYFoldings Pruning AlphaFold input

Venclovas Scoring AlphaFold output

Everybody used AlphaFold

Increased success by 
customized AF2 pipelines
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WHAT STILL 

DOESN’T WORK 

WELL…
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DNA and RNA binding

T254/T264
M1228v1
M1239v1

T255/T265
M1228v2
M1239v2

T304
M1282

T306
M1276

T308
M1287

T207
H1142

T213
T1160

T216
H1166

T224
T1176

Nanobody
binding

Ancient 
protein 

reconstruction

Antibody 
binding

Domain 
swap

T250/T252
T1249v1/T1249v2

Multiple 
conformations

CASP15
CAPRI Round 54

CASP16
CAPRI Rounds 57/58
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AND WE CAN STILL 

DO MUCH BETTER!
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CASP16/CAPRI - 2024

34 Complexes / 47 interfaces
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CASP16/CAPRI - 2024

x

x

X highest AF-score in the set

high

medium
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23Izmir 2025

CASP16/CAPRI - 2024
Best-of-Best

Best predictor

• In the massive sampling datasets there 

are good models that are not identified…

• This is a scoring problem

• Still plenty of room for improvement!

MassiveFold-Best
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CASP16/CAPRI 2024

This hold for various types of complexes



[Faculty of Science
Chemistry]

Conclusions

• There is clearly a pre and post AlphaFold world
• CASP & CAPRI

– Dynamic experiments, catalysts for method development
– Define the state-of-the-art 

• Challenges:
– Large domain motions, weak binding
– Anti/nanobodies, intertwining, nucleic acids (especially RNA)
– Detailed interface descriptions: side-chain positioning and 

water molecules
– Scoring
– Getting targets!
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HADDOCK:
An integrative modeling platform
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Molecule types

• Various mixtures of:
– Proteins / peptides
– Nucleic acids (DNA/RNA)
– Glycans
– Gycosylated proteins
– Small molecules
– Shapes
– Coarse graining (Martini)
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Restraint types

• Distances (ambiguous / unambiguous)
• Dihedral angles
• NMR residual dipolar couplings
• NMR pseudo contact shifts
• NMR relaxation anisotropy
• Cryo-EM
• Shapes
• Radius of gyration
• Symmetry (C2 – C6)
• Non-crystallographic symmetry
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Succession of energy minimization and molecular dynamics protocols
reminiscent of NMR structure calculations

it1 itwit0

HADDOCK docking protocol
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Succession of energy minimization and molecular dynamics protocols
reminiscent of NMR structure calculations

it1 itwit0

HADDOCK docking protocol
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HADDOCK protocol

Rigid body energy minimisation
𝑯𝑺 = 𝟏. 𝟎 𝑬𝒆𝒍𝒆𝒄 + 𝟎. 𝟎𝟏 𝑬𝒗𝒅𝒘 + 𝟏. 𝟎 𝑬𝒅𝒆𝒔𝒐𝒍𝒗 + 𝟎. 𝟎𝟏 𝑬𝑨𝑰𝑹 − 𝟎. 𝟎𝟏 𝑩𝑺𝑨

Simulated annealing in torsional space
𝑯𝑺 = 𝟏. 𝟎 𝑬𝒆𝒍𝒆𝒄 + 𝟏. 𝟎 𝑬𝒗𝒅𝒘 + 𝟏. 𝟎 𝑬𝒅𝒆𝒔𝒐𝒍𝒗 + 𝟎. 𝟏 𝑬𝑨𝑰𝑹 − 𝟎. 𝟎𝟏 𝑩𝑺𝑨

Refinement in explicit solvent and cartesian space
𝑯𝑺 = 𝟎. 𝟐 𝑬𝒆𝒍𝒆𝒄 + 𝟏. 𝟎 𝑬𝒗𝒅𝒘 + 𝟏. 𝟎 𝑬𝒅𝒆𝒔𝒐𝒍𝒗 + 𝟎. 𝟏 𝑬𝑨𝑰𝑹
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PPI structure Residue-level 
interface graph 

GNN training
(Model architecture 

Adapted from DeepRank-
GNN) 

Node feature:  PSSMs, Type, Polarity, BSA, Charge

Edge feature: Distance

DeepRank-GNN: Graph Neural Network

fnat
prediction

Manon Réau



[Faculty of Science
Chemistry]

Graph Neural Network with protein 
language model embeddings

PPI structure Residue-level 
interface graph 

GNN training
(Model architecture 

Adapted from DeepRank-
GNN) 

Compared with DeepRank-GNN 
with PSSM features,

• Faster! (no need to generate 
the PSSM) 

• Equal or better performance 
on two PPI tasks
• Scoring
• Classification of biological vs 

crystallographic interfaces

Node feature:  PSSMs, Type, Polarity, BSA, Charge

ESM-2 embeddings
Edge feature: Distance

https://github.com/haddocking/DeepRank-GNN-esm

Xiaotong 
Xu

https://github.com/DeepRank/DeepRank-GNN-esm
https://github.com/DeepRank/DeepRank-GNN-esm
https://github.com/DeepRank/DeepRank-GNN-esm
https://github.com/DeepRank/DeepRank-GNN-esm
https://github.com/DeepRank/DeepRank-GNN-esm
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ADDOCK
High-Ambiguity Driven Dockingsaxsxl-ms

bioinfo

m
ut
ag

en
es
is nmr HADDOCK web portal (WeNMR)

> 79000 registered users

> 700000 served runs since June 2008

Ø 65% on the EOSC HTC resources 
(>85% for 2.4) 

Vargas Honorato et al. Nature Prot. 2024

Van Zundert et al. J.Mol.Biol. 2016
De Vries et al. Nature Prot. 2010

https://wenmr.science.uu.nl
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https://wenmr.science.uu.nl/new/statsHaddock
web 

portal
Cumulative 
number of 
users

Monthly registrations Processed user submissions
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Introducing HADDOCK v3

João MC Teixeira

Marco Giulini

Brian Jimenez

Rodrigo 
Vargas Honorato

Victor Reys
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From static workflow …

HAD
DO

CK
2.X

Parameterizable fixed pipeline
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HADDOCK 2

… to a modular workflow architecture

Catalogue of 
independent 
modules
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Combining the different pieces

Catalogue of 
independent 
modules
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Catalogue of 
independent 
modules

Combining the different pieces
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sampling

Rigid Body

lightdock

gdock

refinement

Semi-Flexible ref.

Energy minimization

Short MD w/ explicit water

openMM

topology

All-atom topology

analysis
CAPRI eval

RMSD matrix

ilRMSD matrix

Clust by FCC

Clust by RMSD

Select top model

Select top cluster

Contactmap

Alascan

DeepRank

scoring

All-atom scoring

All-atom scoring w/ MDexp. water

CLI

Analysis

Restraints generation

Solvent accessibility

Current status – v2025.11.0

# =============================================
# Protein-protein docking example with 
# NMR-derived ambiguous interaction restraints

# directory in which the scoring will be done
run_dir = "run1"

# molecules to be docked
molecules =  [

"data/e2aP_1F3G.pdb",
"data/hpr_ensemble.pdb"
]

# =============================================
[topoaa]

[rigidbody]
ambig_fname = "data/e2a-hpr_air.tbl"
sampling = 1000

[seletop]
select = 200

[flexref]
ambig_fname = "data/e2a-hpr_air.tbl"

[emref]
ambig_fname = "data/e2a-hpr_air.tbl"

[caprieval]

[clustfcc]

[seletopclusts]

[caprieval]

# =============================================https://github.com/haddocking/haddock3
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HADDOCK3 analyse report

HADDOCK3 can 
automatically 
generate interactive 
analysis plots
(similar to what the 
2.4 server gives)

Will form the basis 
for the analysis 
interface
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HADDOCK3 now available on ICE-CLOUD!

• As stand alone CLI

• As Jupyter notebook

• As webapp

icecloud.in
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Mumps Virus Small Hydrophobic (SH) Protein
(when alphafold fails…)

Slides adapted from 

Birthe Kragelund
University of Copenhagen, DK

Kira Devantier



[Faculty of Science
Chemistry]

SH Forms Pentamers

SH in
SDS

SH in
POPC

LMW LMW

Devantier et al. (2025) Sci Adv 11(23):eads3071
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SH Forms Helical Structure 

~84%

~43%

in DHPC micelles

N

C

• AF2/3 modelling overestimates 
the helix content and places 
polar residues facing the 
membrane (adding lipids in AF3 
does not help)

Devantier et al. (2025) Sci Adv 11(23):eads3071
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HADDOCK modelling

• Ab-initio modelling with C5 
symmetry restraints

• Increased sampling

SH forms highly hydrophobic pores

which conduct chloride

Devantier et al. (2025) Sci Adv 11(23):eads3071
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Important Residues in the TMD

Devantier et al. (2025) Sci Adv 11(23):eads3071
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Important Residues in the TMD

Devantier et al. (2025) Sci Adv 11(23):eads3071
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SH is druggable
BIT225

Devantier et al. (2025) Sci Adv 11(23):eads3071



[Faculty of Science
Chemistry]

Conclusions

• SH modelling with Alphafold fails to produce reasonable models

• NMR identifies the transmembrane helical region and disordered termini

• HADDOCK modelling of the pentamer points to key residues for both 
chloride transport (Y19) and structural integrity of the pore (L24, W27) 
(confirmed by NMR)

• SH qualifies as druggable viroporin
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An AI revolution in antibody modelling

> Heavy chain
EVKLVESGGGLVQPGGSLRLSCAASGF
AFSSYDMSWVRQAPGKRLEWVATISGG
GRYTYYPDTVKGRFTISRDNAKNSHYL
QMNSLRAEDTAVYFCASPYGGYFDVWG
QGTLVTVSS

> Light chain
EIVLTQSPATLSLSPGERATLSCRASQ
SISNFLHWYQQKPGQAPRLLIKYASQS
ISGIPARFSGSGSGTDFTLTISSLEPE
DFAVYFCQQSNSWPHTFGQGTKVEIK

AI

Fast (few seconds per antibody in some cases) generation 
of antibody structures from sequence 
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Putting the predictors to the test

• No structures present in the training set
• No Immunoglobulin-binding proteins
• No redundancy
è 79 unique antibody-antigen complexes

• AlphaFold, Immune Builder & IgFold put to the test

Schneider et al. (2022) Nucleic Acids Res. 50(D1):D1368-D1372
Dunbar et al. (2014) Nucleic Acids Res. 42(D1):D1140-D1146

Marco Giulini

Constantin Schneider

Nikita Desai

Daniel Cutting
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• Fast HADDOCK3 protocol with limited 
sampling

• No coevolution between antibody and 
antigen: low Alphafold2 performance!

Antibody-antigen complex prediction

Giulini et al. Bioinformatics, 2024

# =============================
# HADDOCK3 Configuration file
# =============================
run_dir = “antibody-antigen”

molecules = [
“antibody_ensemble.pdb”,
“antigen.pdb”
]

# =============================
[topoaa]

[rigidbody]
ambig_fname = “information.tbl”
sampling = 196

[seletop]
select = 48

[flexref]
ambig_fname = “information.tbl”

# =============================

LOOSE INTERFACE

TRUE INTERFACE



[Faculty of Science
Chemistry]

H3 loop prediction

• H3 is crucial for the antigen 
recognition

• Huge sequence and 
structure variability due to 
its unique location at the 
intersection of the VDJ gene 
segments

• Absence of experimentally 
solved structural relatives

Weitzner, Dunbrack, Gray The origin of CDR H3 structural diversity, Structure 2015
Regep, …, Deane The H3 loop of antibodies shows unique structural characteristics, Proteins 2017
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Performance of AF2 on antibodies 

• Dataset: 54 unique 
antibodies from SAbDab
– No sequence redundancy 
– No structures present in AF 

training set

• Generate AF2 25 models each

The light chain
is well predicted 

H1 and H2 are 
typically well-

predicted

Xu, Giulini & Bonvin Bioinfo. Adv. 2025

• AF sampling (multiple seeds, MSA 
subsampling/clustering) is not 
stellar

H3 has much 
more variability
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H3 pLDDT as an indicator for RMSD    

62

• Pearson correlation = -0.73

• 80 is a good threshold to 
obtain reasonable models 
with AF2 

• With this indicator, we can 
focus on antibodies with low 
AF2 confidence

Xu, Giulini & Bonvin Bioinfo. Adv. 2025
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Alphaflow: 
Generative modelling on top of Alphafold

Take AlphaFold and 
repurpose it into a 
generative modelling 
framework to obtain a 
highly diverse output

Flow matching 
framework preserving 
AlphaFold architecture

AlphaFold meets flow matching for generating protein ensembles
B Jing, B Berger, T Jaakkola - 2024

Xiaotong Xu

What if we use this 
algorithm on the H3 

loop?
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Diffusion on top of Alphafold

Alphaflow modelling of H3 loop for 7MSQ antibody
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AlphaFlow modelling

• 1000 models for each 
antibody heavy chain

• AlphaFlow always 
recovers some models 
with H3-RMSD<3Å

• Fishing the good 
models out of the 
sample is difficult 
(pLDDT is not 
predictive here)

Xu, Giulini & Bonvin Bioinfo. Adv. 2025

AF2

AFL
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Xu, Giulini & Bonvin Bioinfo. Adv. 2025

Modelling worflow

1000 AFL models 
-> 20 clusters
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Para-Epi CDR-EpiVag

Improved docking performance

Xu, Giulini & Bonvin Bioinfo. Adv. 2025
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• AF3 improved the success of antibody-
antigen complex modelling (at the cost of 
massive sampling)

• MSA’s importance is de-emphasized + 
diffusion module guarantees more 
diversity in the sampled structures

• On our small dataset of difficult cases, AF3 
helped only in 1 out of 9 cases (reaching 
an H3-RMSD = 2.1Å)

• Neither AF2 or AF3 were able to provide 
any acceptable solutions within the top10

AlphaFold3: did it solve everything?

J Abramson et al Accurate structure prediction of 
biomolecular interactions with AlphaFold 3, Nature 2024

Xu, Giulini & Bonvin Bioinfo. Adv. 2025
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Conclusions

• AlphaFold revolutionized the field of 
antibody/nanobody modelling, but there are still 
challenges in the complex and H3 loop prediction

• Exploring more widely the conformational space of 
H3 loops is beneficial for difficult cases

• Similar observation for nanobodies (with 
framework also playing a role)

• Despite the AI era, there is still (for now?) a need 
for more “classical” integrative modelling 
approaches
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Modelling protein-cyclic peptide 
complexes with HADDOCK

Vicky Charitou

Siri van Keulen
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Benchmark dataset

• 18 cyclic peptides (14 short <= 10 a.a.; 4 long 14 a.a)

• 12 disulfide peptides (3 short, 9 long)

https://github.com/haddocking/cyclic-peptides 
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Benchmark dataset
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• Based on the flexible refinement 

stage of HADDOCK (simulated 
annealing in torsion angle space, full 
flexibility, 4x increased sampling)

• Step2: Distance restraints to bring 
the “termini” together (400 models, 
no electrostatics, RMSD clustering)

• Step3: Covalent bonds created 
automatically by HADDOCK 
(protocol repeated 3 time with different 
random seeds, RMSD clustering)

Can now be done within one single workflow in HADDOCK3
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Ensemble docking protocol
• Optimized HADDOCKing protocol:

– Ensemble of 50 peptide conformations

– 5000/400/400 sampling

– #steps in flexible refinement increased by a 

factor 4

– Peptides > 10 a.a. fully flexible and subjected to 

explicit solvent refinement

– Restrained docking: Binding site on protein as 

active, peptide as passive

ADDOCK
High-Ambiguity Driven Dockingsaxsxl-ms

bioinfo

m
ut
ag

en
es
is nmr
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Overall performance

Backbone 

dataset 

(#18)

Disulphide

dataset 

(#12)
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Conclusions

• Cyclisation protocol with distance restraints (electrostatic off)

samples near native cyclic peptide conformations

• Ensemble docking protocol with increased flexibility for long 

(>10 a.a) peptides

– 100% acceptable top 10 models, 60% medium quality

• Long cyclic peptides remains challenging both in terms of 

sampling and scoring
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• Celebrating 20+ years of HADDOCK developments!

• Despite the AI era, there is still (for now?) a need for more 
“classical” integrative modelling approaches (e.g. to deal with 
complexes consisting of a variety of molecule types, antibodies…)

• Increased flexibility with customizable workflows with 
HADDOCK3 (which also allows incorporation of 3rd party software)

Conclusions & Perspective



Acknowledgments:
former and current CSB 

group@UU
VICI

TOP-PUNT

WeNMR
West-Life

EGI-Engage
INDIGO-Datacloud

BioExcel CoE
EOSC-Hub
EGI-Ace

EOSC-Data Commons

€€

bonvinlab.org/people



Acknowledgments:
the HADDOCK developers over the years



HADDOCK online: 
• https://wenmr.science.uu.nl
• https://bonvinlab.org/software
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Thank you for your attention!
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Protein-glycans Protein-cyclic peptides


