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PARADIGM 
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Paradigm 

Ø  FRANCIS CRICK (1970, 
Nature) 

The central dogma of molecular 
biology deals with the detailed 
residue-by-residue transfer of 
sequential information. It states that 
such information cannot be 
transferred from protein to either 
protein or nucleic acid. 
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INTEREST OF PROTEIN 3D 
STRUCTURES 
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Interest of protein 3D structures 

Ø Because protein function(s) is at atomic scale 
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Interest of protein 3D structures 

Ø Understanding the function(s) and more ... 
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Receptors 

Transport 

Enzymes 

Transcription Factors Protein-Protein Interaction 

Drug design 



Ø Understand enzymatic mecanisms 

Protease serine 

Catalytic triad 
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Interest of protein 3D structures 



Ø Understand protein-ligand interactions 

GP120 

CD4 

Radicicol 
i.e., chaperon proteins, 

inhibitors … 

HSP90 
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Interest of protein 3D structures 



Ø Understand  diseases 

Agregation 
prion (Creutzfeld-Jacob) 

i.e. Alzheimer disease, Parkinson… 
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Interest of protein 3D structures 



Snoopy’s question 
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You are right Alex, but a 
lot of proteins have not 
avalaible 3D structures 



3D MODELLING 
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3D modelling 

Ø However, then number of protein 3D structures is largely 
lower than the number of avalaible protein sequences… 

Ø  So we use, since 40 years, different approaches to build from 
the sequences pertinent structural models. 
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16 

Comparative modelling 
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https://salilab.org/modeller/ 
 

Key: MODELIRANJE as noted on http://www.cbs.dtu.dk/~blicher/Courses/Homology_modelling_tutorial.pdf 



Comparative modelling 

1.  You need a sequence. 

  RhD protein è UniProtKB - Q02161 (RHD_HUMAN) 
   http://www.uniprot.org/uniprot/Q02161 

19 

>sp|Q02161|RHD_HUMAN Blood group Rh(D) polypeptide OS=Homo sapiens GN=RHD PE=1 SV=3
MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLEDQKGLVASYQVGQDLTVMAAI
GLGFLTSSFRRHSWSSVAFNLFMLALGVQWAILLDGFLSQFPSGKVVITLFSIRLATMSA
LSVLISVDAVLGKVNLAQLVVMVLVEVTALGNLRMVISNIFNTDYHMNMMHIYVFAAYFG
LSVAWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIERKNAVFN
TYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGTSCHLIPSPWLAMVLGLV
AGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEIIYIVLLVLDTVGAGNGMIG
FQVLLSIGELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKYFDDQVFWKFPHLAVGF



Comparative modelling 

2.  You need a sequence not too far away (with a structure). 

   https://blast.ncbi.nlm.nih.gov/ 
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Comparative modelling 

3.  Analysis of the results 

   

21 



Comparative modelling 

3.  Analysis of the results 
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Comparative modelling 

4.  Selection of the structural template 
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Comparative modelling 

4.  Selection of the structural template: now the sequence 
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>3HD6:A|PDBID|CHAIN|SEQUENCE
GPSSPSAWNTNLRWRLPLTCLLLQVIMVILFGVFVRYDFEADAHWWSERTHKNLSDMENEFYYRYPSFQDVHVMVFVGFG
FLMTFLQRYGFSAVGFNFLLAAFGIQWALLMQGWFHFLQDRYIVVGVENLINADFCVASVCVAFGAVLGKVSPIQLLIMT
FFQVTLFAVNEFILLNLLKVKDAGGSMTIHTFGAYFGLTVTRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSF
NSAISYHGDSQHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGTAAEMMLMPYGALIIGFVCGI
ISTLGFVYLTPFLESRLHIQDTCGINNLHGIPGIIGGIVGAVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQI
YGLLVTLAMALMGGIIVGLILRLPFWGQPSDENCFEDAVYWEMPEGNSTVYIPEDPTFKPSGPSVPSVPMVSPLPMASSV
PLVPGGLVPR



Comparative modelling 

5.  A new alignment: 
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>3HD6:A|PDBID|CHAIN|SEQUENCE
GPSSPSAWNTNLRWRLPLTCLLLQVIMVILFGVFVRYDFEADAHWWSERTHKNLSDMENEFYYRYPSFQDVHVMVFVGFG
FLMTFLQRYGFSAVGFNFLLAAFGIQWALLMQGWFHFLQDRYIVVGVENLINADFCVASVCVAFGAVLGKVSPIQLLIMT
FFQVTLFAVNEFILLNLLKVKDAGGSMTIHTFGAYFGLTVTRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSF
NSAISYHGDSQHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGTAAEMMLMPYGALIIGFVCGI
ISTLGFVYLTPFLESRLHIQDTCGINNLHGIPGIIGGIVGAVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQI
YGLLVTLAMALMGGIIVGLILRLPFWGQPSDENCFEDAVYWEMPEGNSTVYIPEDPTFKPSGPSVPSVPMVSPLPMASSV
PLVPGGLVPR

>sp|Q02161|RHD_HUMAN Blood group Rh(D) polypeptide OS=Homo sapiens GN=RHD PE=1 SV=3
MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLEDQKGLVASYQVGQDLTVMAAI
GLGFLTSSFRRHSWSSVAFNLFMLALGVQWAILLDGFLSQFPSGKVVITLFSIRLATMSA
LSVLISVDAVLGKVNLAQLVVMVLVEVTALGNLRMVISNIFNTDYHMNMMHIYVFAAYFG
LSVAWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIERKNAVFN
TYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGTSCHLIPSPWLAMVLGLV
AGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEIIYIVLLVLDTVGAGNGMIG
FQVLLSIGELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKYFDDQVFWKFPHLAVGF

+ 



Comparative modelling 

5.  A new alignment: 
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https://www.ebi.ac.uk/Tools/msa/clustalo/ 



Comparative modelling 

5.  A new alignment: 
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https://www.ebi.ac.uk/Tools/msa/clustalo/ 



Comparative modelling 

5.  A new alignment: the results 
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https://www.ebi.ac.uk/Tools/msa/clustalo/ 



Comparative modelling 

5.  A new alignment: the results 
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https://www.ebi.ac.uk/Tools/msa/clustalo/ 



Comparative modelling 

6.  Modeller 
 a. the script 

 
#!/usr/bin/env python

# Homology modeling by the automodel class
from modeller import *              # Load standard Modeller classes
from modeller.automodel import *    # Load the automodel class
    # Redefine the special_patches routine to include the additional disulfides
    # (this routine is empty by default):
log.verbose()    # request verbose output
env = environ()  # create a new MODELLER environment to build this 
model in

a = automodel(env,
              alnfile = 'one.ali',           # alignment filename
              knowns   = '3HD6',             # codes of the templates
              sequence = 'PROTEINE-RHD')      # code of the target

a.starting_model= 1                 # index of the first model
a.ending_model = 5                  # index of the last model
                                    # (determines how many models to calculate)
a.make()                            # do the actual homology modeling

   

30 



Comparative modelling 

6.  Modeller 
 b. the real alignement for Modeler 

>P1;3HD6
structureX:3HD6:1    :A:443  :A:: : :
-----SAWNTNLRWRLPLTCLLLQVIMVILFGVFVRYDFE----------
--------NEFYYRYPSFQDVHVMVFVGFGFLMTFLQRYGFSAVGFNFLL
AAFGIQWALLMQGWFHFLQDRYIVVGVENLINADFCVASVCVAFGAVLGK
VSPIQLLIMTFFQVTLFAVNEFILLNLLKVKDAGGSMTIHTFGAYFGLTV
TRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSFNSAISYHGDS
QHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGT
AAEMMLMPYGALIIGFVCGIISTLGFVYLTPFLESRLHIQDTCGINNLHG
IPGIIGGIVGAVTAAS----------------------DWTARTQGKFQI
YGLLVTLAMALMGGIIVGLILRLPFWGQPSDENCFEDAVYWEMPEGNS--
----------------------------------------
*
>P1;PROTEINE-RHD
sequence:PROTEINE-RHD:   1 : :  417 : : :: : 
---MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLED-------
-------QKGLVASYQVGQDLTVMAAIGLGFLTSSFRRHSWSSVAFNLFM
LALGVQWAILLDGFLSQFPSGKVVITLFSIRLATMSALSVLISVDAVLGK
VNLAQLVVMVLVEVTALGNLRMVISNIFNTDYHMNMMHIYVFAAYFGLSV
AWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIE
RKNAVFNTYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGT
SCHLIPSPWLAMVLGLVAGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFS
LLGLLGEIIYIVLLVLDTVG----------------AGNGMIGFQVLLSI
GELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKYFDDQVFWKFPHLAVGF
----------------------------------------
* 
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syntaxe 

syntaxe 

Alignment in PIR format 

Alignment in PIR format 



Comparative modelling 

6.  Modeller 
 c. the template 

The PDB … 
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Comparative modelling 

6.  Modeller 
 d. now the work 

 
> mod9.25 test_modeller.py
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Comparative modelling 

7.  Now the analysis 
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Comparative modelling 

7.  Now the analysis 
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Comparative modelling 

Ø Need a specific assessment 
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Comparative modelling 

7.  Now the analysis 
 quite difficult 
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Comparative modelling 

7.  Now the analysis 
 quite difficult 
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3D modelling 
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Ø  The main idea 

Ø  Searching for structural similarity => notion of protein core 
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Threading 



3D modelling 
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ab initio 
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Ø  Principle: the native structure corresponds to a global minima (in 
terms of energy)   

Non folded structure 
 
 

Residue movement 
 
 

evaluation of the structure 
 

Acceptation                  rejection 
 

Final structures (the most compact) 
 
 

Protein representation 

Scoring function: potentiel,  
forcefield 

Sampling technics 
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ab initio 



3D modelling 
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Ø Robetta 
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de novo 

http://robetta.bakerlab.org 



Ø  I-Tasser 

45 

de novo 

http://zhanglab.ccmb.med.umich.edu/I-TASSER/ 



Snoopy’s question 
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Are you sure you have not 
forgotten something ? 



ALPHAFOLD2 

47 

The (r)evolution ... 
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AlphaFold2 

Ø What is CASP? 
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AlphaFold2 

Ø What is CASP? 

 Critical Assessment of Structural Prediction 
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AlphaFold2 

Ø What is CASP? 

 Critical Assessment of Structural Prediction 
 
 
 
 
 
=> Goal: blind proposition of structural models, i.e. evaluation  

 of the different methodologies. 
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AlphaFold2 

Ø How CASP had evolved? 

Very crude:  
(i) Threading with comparative modelling 
(ii) Threading 
(iii) de novo 
(iv) Improvements of de novo 
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AlphaFold2 

Ø How CASP had evolved? 

Very crude:  
(i) Threading with comparative modelling 
(ii) Threading 
(iii) de novo 
(iv) Improvements of de novo 
(v) AlphaFold (2018), v2 (2020) 
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AlphaFold2 

Ø How CASP had evolved? 

Very crude:  
(i) Threading with comparative modelling 
(ii) Threading 
(iii) de novo 
(iv) Improvements of de novo 
(v) AlphaFold (2018), v2 (2020) 

Systematic bias: 

Limited number of avalaible structures 

Not all types of structures (type of fold, type of protein, i.e. no 

transmembrane protein) 

How to evaluate (RMSD, GDT_TS, …) 

Human supervised help ... 

A lot of money for some labs..  

 
Evolution: 

Question of disorder 

Question of complexes (protein – protein, protein – RNA) 
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AlphaFold2 

Ø How CASP had evolved? 

 1994-2002 : David Baker, add improvements …  
  but still difficult when it is difficult 
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AlphaFold2 

Ø How CASP had evolved? 

 1994-2002 : David Baker, add improvements …  
  but still difficult when it is difficult 

 
 2002-2010: add more and more constraints,  
  to test (a lot of computational filters) 
 Rosetta (Baker) & I-Tasser (Zhang) 
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AlphaFold2 

Ø How CASP had evolved? 

 1994-2002 : David Baker, add improvements …  
  but still difficult when it is difficult 

 
 2002-2010: add more and more constraints,  
  to test (a lot of computational filters) 
  
 2012-2016: slight improvements 
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AlphaFold2 

Ø  2016 (on specific folds, with specific criteria) 
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AlphaFold2 

Ø  Text 
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AlphaFold2 

Ø  Text 

But 
everybody 
improves a 

little 
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AlphaFold2 

Ø  Text 

THE JUMP 
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AlphaFold2 
 

CASP 
competition: 
THE GAP ! 
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AlphaFold2 

Ø  In all papers !! 

Ø  Specialized and not 
 

 Figaro, le Monde, …. 
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AlphaFold2 

Ø  In all papers !! 
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Title 

Ø  In all papers !! 
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AlphaFold2 

Ø  In all papers !! è Nature 2021 (now > 30.000 citations) 

 Breakthrough of the year Science 2021 
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AlphaFold2 

Ø  In all papers !! è Nature 2021 (now > 30.000 citations) 

 Breakthrough of the year Science 2021 
 Method of the year Nature Methods 2021 
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AlphaFold2 

Ø  In all papers !! è Nature 2021 (now > 11.000 citations) 

 Breakthrough of the year Science 2021 

 Method of the year Nature Methods 2021 

 Best invention of 2022 (Life) 
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AlphaFold2 

Ø  In all papers !! è Nature 2021 (now > 30.000 citations) 

 Breakthrough of the year Science 2021 

 Method of the year Nature Methods 2021 

 Best invention of 2022 (Life) 
 

 Prices …. 
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AlphaFold2 

Ø And now Nobel prize 2024 (Demis Hassabis & John 
Jumper) 

    David Baker    Demis Hassabis          John Jumper 
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AlphaFold2 
 

Ø  So is it real?  

Ø Why? 

Ø How? 
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AlphaFold2 

1.  What is behind 
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AlphaFold2 
 

1.  What is behind 

 Google 
 >50 engineers (at least) x >5 years 
 Deep Learning approaches (as Facebook, DeepMind..) 
 $$$ for excellent bioinformatics specialists 
 Google’s GPU power (impressive) 
  
 translation: heavy, heavy, very heavy 
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AlphaFold2 
 

2.  mechanisms  
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AlphaFold2 
 

2.  mechanisms  

 AF1  è CNN 
 

 AF2  è LLM 
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AlphaFold2 
 

3.  AlphaFold2 
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AlphaFold2 

3.  AlphaFold2 
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AlphaFold2 
 

4.  The questions 

Ø  Is it so good? 

Ø  Is the protein folding problem resolved?  

Ø  Is there some limitations? 
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AlphaFold2 
 

4.  The questions 

Ø  Is it so good? 

 Yes.  
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AlphaFold2 
 

4.  The questions 

Ø  Is it so good? 

 Yes. 
 

 They used Multiple Sequence Alignments  
   (they tested more than anyone before)   
 They are expending the local protein fold space 
 They have incorporated all types of SOA approaches 
 They have computational power never seen before 
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AlphaFold2 
 

4.  The questions 

Ø  Is the protein folding problem resolved?  
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AlphaFold2 
 

4.  The questions 

Ø  Is the protein folding problem resolved?  

 No. Protein folding is not protein fold…  
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AlphaFold2 

4.  The questions 
 
Ø  Is there some limitations? 

 It is a strange questions as now 
 (i) you can use it at home 
 (ii) there is a database of already done model 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (i) you can use it at home 

 
Algorithm is published and 
entirely avalaible (was  not 
the case for v1) 
 
 
 
 
 
 
 
 
Jumper, J et al. (2021) 
Nature, 596(7873):583-589.  
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AlphaFold2 
 

Ø  Is there some limitations? 
 (i) you can use it at home 

 
Algorithm is published and 
entirely avalaible (was  not 
the case for v1) 
 
 
https://github.com/
deepmind/alphafold 
 
 
 
 
 
 
 
 

 



85 

AlphaFold2 
 

Ø  Is there some limitations? 
 (i) you can use it at home 

 
Algorithm is published and 
entirely avalaible (was  not 
the case for v1) 
 
 
https://github.com/
deepmind/alphafold 
 
 
 
 
 
 
 
 

 

Obligatory: 

2To on HD 

A lot of GPUs (10 mn GPUs = = 5 hours on CPUs) 

A lot of memories 

Translation: not everybody computers 

 
Needed: 

A specialist to
 install it 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (i) you can use it at home 

 
So people have used it. 
 
Recent results from a big 
consortium 
 
“For 11 proteomes, an average 
of 25% additional residues can 
be confidently modelled when 
compared to homology 
modelling” 
è Automatic homology 

modelling ... 

Akdel et al (2021) bioRxiv 
=> (2022) Nat Struct Biol 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (i) you can use it at home 

 
So people have used it. 
 
Recent results from a big 
consortium 
 
“For 11 proteomes, an average 
of 25% additional residues can 
be confidently modelled when 
compared to homology 
modelling” 
è Automatic homology 

modelling ... 

Akdel et al (2021) bioRxiv 
=> (2022) Nat Struct Biol 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (ii) there is a database of already done model 

EBI: https://www.alphafold.ebi.ac.uk 
 
AlphaFold2, at a scale that covers .. 98.5% 
of human proteins. The resulting dataset 
covers 58% of residues with a confident 
prediction, of which a subset (36% of all 
residues) have very high confidence.  
è 36% for drug design 

Tunyasuvunakool K, et al (2021), Nature. 
596(7873):590-596. 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (ii) there is a database of already done model 

EBI: https://www.alphafold.ebi.ac.uk 
 
AlphaFold2, at a scale that covers .. 98.5% 
of human proteins. The resulting dataset 
covers 58% of residues with a confident 
prediction, of which a subset (36% of all 
residues) have very high confidence.  
è 36% for drug design 
è 42% question about fold 

Tunyasuvunakool K, et al (2021), Nature. 
596(7873):590-596. 
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Ø  Protein structures predicted using artificial 
intelligence will aid medical research, but the 
greatest benefit will come if clinical data can 
be similarly used to better understand human 
disease.  

Janet M. Thornton, Roman A. Laskowski and 
Neera Borkakoti. (2021) Nat Med. 27:1666-1671.  

AlphaFold2 
 

The good, the bad and the ugly 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (ii) there is a database of already done model 

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

So you ask your favourite protein 
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AlphaFold2 
 

Ø  Is there some limitations? 
 (ii) there is a database of already done model 

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

Yes, it is a transmembrane one… 
And i do not like the final model...  
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AlphaFold2 
 

Ø  Is there some limitations? 
 (ii) there is a database of already done model 

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

Yes, it is a transmembrane one… 
And i do not like the final model...  
 
 
 

Included in UniProt … and not always pertinent 
 
 
 
 
 
 

Confusing for non-specialist 
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AlphaFold2 
 

Ø  Is there some limitations? 
 

SNPs == pathologies 
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AlphaFold2 
 

Ø  Is there some limitations? 
 
 

 An accurate prediction of topology can 
certainly help these efforts, but what is 
really needed is a means to study precise 
side-chain orientations, interactions with 
non-protein molecules and the dynamics of 
the system. Not to mention, one typically 
makes use of a host of other non-structural 
information, such as evolutionary 
conservation, sequence annotation data and, 
of course, the vast and growing scientific 
literature. 
 
Diwan GD, Gonzalez-Sanchez JC, Apic G, 
Russell RB. (2021), J Mol Biol. 4:167180. 
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AlphaFold2 
 

Ø  Is there some limitations? 
 

Evaluation of variants ? 
 
We found a very weak or no correlation 
between AlphaFold output metrics and 
change of protein stability or fluorescence. 
Our results imply that AlphaFold cannot be 
immediately applied to other problems or 
applications in protein folding. 
 
Pak et al (2021), BioRxiv  
https://www.biorxiv.org/lookup/doi/
10.1101/2021.09.19.460937 
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Ø  The new prediction algorithms do not 
solve the protein folding problem in the 
sense that they do not reveal how a 
sequence encodes three-dimensional 
structure.  

Ø  However, they do solve the problem in 
practical terms, as they can reliably 
predict structure from sequence, at 
least in many cases.  

Ø  Although only time will tell, this 
advance is expected to represent a 
breakthrough in structural biology that 
is comparable to previous major 
advances, 

 
Cramer P. (2021) Nat Struct Mol Biol. 
28(9):704-705.  

AlphaFold2 
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AlphaFold2 

Conclusions on AF2 

Ø Yes, it is excellent 
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AlphaFold2 

Conclusions on AF2 
 
Ø Yes, it is excellent 

Ø No, it is not perfect and a lot of works are still needed. 
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AlphaFold2 

Conclusions on AF2 
 
Ø Yes, it is excellent 

Ø No, it is not perfect and a lot of works are still needed. 

Ø  So, an excellent new tool, with results that must be evaluated 
(as always) 



An analysis 

101 

de Brevern A.G. An agnostic analysis of the 
human AlphaFold2 proteome using local protein 
conformations. Biochimie (2023) 207:11-19. 

Not all local conformations are properly 
predicted ! 



Perspectives 

102 

Tourlet S., Radjasandirane R., Diharce J., de 
Brevern A.G. AlphaFold2 Update and 
Perspectives. BioMedInformatics (2023) 3(2), 
378-390. 

Analyses of the impact of AlphaFold2 on the 
daily life of a Structural Bioinformatics lab. 



AlphaFold2 
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What I was doing before AlphaFold2             What I am doing now  

Tourlet S., Radjasandirane R., Diharce J., de 
Brevern A.G. AlphaFold2 Update and 
Perspectives. BioMedInformatics (2023) 3(2), 
378-390. 



AlphaFold2 
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What I was doing before AlphaFold2             What I am doing now  

Tourlet S., Radjasandirane R., Diharce J., de 
Brevern A.G. AlphaFold2 Update and 
Perspectives. BioMedInformatics (2023) 3(2), 
378-390. 



Last paper 

Ø  Editorial : Should We Expect a Second Wave of 
AlphaFold Misuse After the Nobel Prize?  
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CONCLUSIONS 
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AlphaFold2 

Ø  It seems, but it is not so easy to do a good structural model. 

Ø  Link with experiments can be very complicated 

Ø Analysis of initial structural data is essential 

Ø Good knowledge of appropriate tools is important 

Ø  It takes a lot of time, needs to be properly think. 
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THANK YOU 
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Snoopy’s question 
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Is really everything 
perfect ? 



Question & Design 

Question: Can we evaluate at a local protein level the general 
quality of AlphaFold2? 
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Question: Can we evaluate at a local protein level the general 
quality of AlphaFold2? 
 
Design: 
Dataset: AlphaFold2 human proteome structural model 
provided by EBI. 
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Question & Design 

Question: Can we evaluate at a local protein level the general 
quality of AlphaFold2? 
 
Design: 
Dataset: AlphaFold2 human proteome structural model 
provided by EBI. 
Methods: Assignment of local protein conformations 

     (DSSP, ProMotif, SEGNO, HELANAL, Protein Blocks) 
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Question & Design 

Question: Can we evaluate at a local protein level the general 
quality of AlphaFold2? 
 
Design: 
Dataset: AlphaFold2 human proteome structural model 
provided by EBI. 
Methods: Assignment of local protein conformations 

     (DSSP, ProMotif, SEGNO, HELANAL, Protein Blocks) 

      pLDDT (confidence index) 
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Question & Design 

Question: Can we evaluate at a local protein level the general 
quality of AlphaFold2? 
 
Design: 
Dataset: AlphaFold2 human proteome structural model 
provided by EBI. 
Methods: Assignment of local protein conformations 

     (DSSP, ProMotif, SEGNO, HELANAL, Protein Blocks) 

      pLDDT (confidence index) 
      Z-score to analyse over- and under-representation  
      (two PDB non-redundant structural datasets were also used for  
  comparison) 115 



Results 

Ø AF2 human proteome: 23.511 structural models  
   (representing 98.5% of human proteome) 
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Results 

Ø AF2 human proteome: 23.511 structural models  
   (representing 98.5% of human proteome) 
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Results 
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DSSP (8-states) 
+PPII 



Results 

Ø AF2 human proteome: 23.511 structural models  
   (representing 98.5% of human proteome) 
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It is expected (IDRs, ..) 



Results 

Ø AF2 human proteome: 23.511 structural models  
   (representing 98.5% of human proteome) 

 
 
 
 
 
 
 
Ø   PolyProline II helices are found often associated with low 

confidence index. 
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Results 

β-turns: 
 
 
 
 
 
 
 
 
 

Ø A small issue with β-turn type IV4 (frequency 0.96% of β-
turns), near all maximum frequency are with pLDDT > 90. 121 



Results 

γ-turns: 
 
 
 
Ø A big issue with inverse γ-turn (frequency 98.6% of γ-turns), 

with 55% with pLDDT < 50. 

122 



Results 

β-bulges: 
 
 
 
 
 
 
Ø No systematic problem for β-bulge. 
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Results 

helix geometry: 
 
 
 
Ø No systematic problem for helix geometry. 
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Results 

Omega angles: 
 
 
 
Ø A systematic problem for cis ω angle (0°) for Proline and 

every type of residues. 
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All residue 

Craveur P., Joseph A.P., Poulain P., Rebehmed J., de Brevern A.G. Cis-trans isomerization of 
omega dihedrals in Proteins. Amino Acids (2013) 45(2):279-89. 



Results 

Human proteome analysed by DSSP (+PPII) and the other 
approaches. 

Ø   PolyProline II helices are found often associated with low 
confidence index. 

Ø  Some less classical local protein conformations are found 
with low confidence index, i.e. γ-turns and cis ω angles. 

 55% of inverse γ-turns have pLDDT <50 
 39% of type IV4 β-turns have pLDDT <50 
 94% of  cis ω angles have pLDDT <50 
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Additional results 

Ø Analysis was also done with Protein Blocks (a series of 16 
small local protein conformations of 5 residues, de Brevern 
et al, Proteins, 2000). 
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It is expected (see coil state) 
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It is expected (see coil state) 

It is NOT expected … ??? 



Additional results 

Ø Analysis was also done with Protein Blocks (a series of 16 
small local protein conformations of 5 residues, de Brevern 
et al, Proteins, 2000). 

Ø  Over-representation in low confidence region of Protein Blocks a, d and 
e (geometrically N-cap, central and C-cap part of a β-strand). 

Ø  However, the frequency of β-sheets is lower than expected in this 
dataset. 

Ø  Wouldn't we have unfinished β-sheets but with well-prepared β-strands 
(the prediction of β-sheets is always the most difficult). 
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THANK YOU 

A dachshund-analogy to illustrate the analysis of protein dynamics at the light of 
protein local backbone conformation taken from Narwani et al, JBSD, 2020. 


