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DNA
// \\
The central dogma of molecular \
1 . : RNA PROTEIN
biology deals with the detailed N
residue-by-residue transfer of R

dogma,

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 Dl

Bioinformatique & Interactions

» Because protein function(s) 1s at atomic scale
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Interest of protein 3D structures Dlco

Bioinformatique & Interactions

» Understanding the function(s) and more ...

Enzymes Receptors Drug design

&% adrenaline

", receptor adenylyl cyclase

cyclic AMP

Transcription Factors Transport Protein-Protein Interaction
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Interest of protein 3D structures éiEL‘g

» Understand enzymatic mecanisms

Catalytic triad

00y 00

Protease serine
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Interest of protein 3D structures BHED

in: Biointormatique & Interactio
de

» Understand protein-ligand interactions

CD4

GPI120

1.€., chaperon proteins,
inhibitors ...

Radicicol
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Biointormatique & Interacti

» Understand diseases

Agregation

prion (Creutzfeld-Jacob)

i.e. Alzheimer disease, Parkinson...
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Snoopy’s question BHED

Biointormatique

4 N
You are right Alex, but a

lot of proteins have not
avalaible 3D structures

/
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3D MODELLING
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3D modelling @HEQ

Bioinformatique & Interactio

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

» So we use, since 40 years, different approaches to build from
the sequences pertinent structural models.
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3D modelling Ii"ED

Homology
modelling

ATPLGLPTHVVVAGLNPHTRESD
ATPLGIPTHVPPAGLNPHTRESD
NIRE RN AR RNy

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

Modeller

Program for Comparative Protein
Structure Modelling by Satisfaction
of Spatial Restraints

Sequence identity (%)
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Ct;
»unknown »tuber
RGNVVDLAVGVIIGAAFGKIVSSL ARGNIVDLAVAVVIGTAFTALVT
VADIIM PPLGLLIGGIDFKQFAVTL KFTDSIITPLINRIGVNAQSDVGIL
RDAQGDPWPGWPPPPWIPAVYVM RIGIGGGQTIDLNVLLSAAINFFL1
HYGVFIQNVFDFLIVAFAIFMALK AFAVYFLVVLPYNTLRKKGEVEQ
LINKLNRKKEEPAAAPAPTKEEV PGDTQVVLLTEIR
LLTEIR
~ n o ~s AL :{/:} )
Protéine a structure inconnue Protéine a structure connue

N\ o,

Alignement de leurs séquences protéiques

SITIDLNVLLEAAINPFLZAFAVY L VVLPYNTLERKCE QPGDTQVV_LTEIR

CEIVDLAVAVVI 3TAT TRLVIFFILEITTPL ZNRI 3--VNAQSDVOILEIC Z6R- - - - - == —— -+
b2 AV HYGVEICEVEDE L VAP ALF MATXLINELNEEEEEPAPTKEEVLLIEIR

FCNVVDLAVGYIL 5337 GRIVSSLVAL TINEPL GLL I55IDEKOFAVILEDA OGP WP GW222 PV I
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Dlcb
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de la santé et de la recherche m |ap X TG DLAVAVYI 3TAT TALVIFFIL S11TPL HRI 3--VHNAQSIVOILEIC 26 - - —- - - - - - 3ITIDLNVLL 2 AINFFL AP AV T VVLPYNTLEKKCE QPCD TQV/_LIE IR
-RCEVYDLAY 6YII 3337 GKIVSSLVAL 11NPPL 6LL I35 L DFKOFAVILEDA 0GIP WP 6¥222 PYI M AVVHYGVEICE VEDF L-YAFALF MATX LINKL FEEKEE PaPTREEYLLIE IR

Appariement Désappariement

)

Recherche dans une
banque de fragments

Utilisarion de
la structure

Appariement

é" Uttlisation de
. la structire
Ct
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https://salilab.org/modeller/

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

HOW TO PLAY WITH MODELLER

Modeller

Program for Comparative Protein
Structure Modelling by Satisfaction
of Spatial Restraints

18
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1. You need a sequence.

RhD protein =» UniProtKB - Q02161 (RHD HUMAN)
http://www.uniprot.org/uniprot/Q02161

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

19
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2. Youneed a sequence not too far away (with a structure).

NIH U.S. National Library of Medicine NCBI National Center for Biotechnology Information

®
BLAST  » blastp suite
Standard Protein BLAST

bisstn | blastp | blastx | thiastn | thisetx |

Enter Query Sequence

Query subrange &/

From

LSVAWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIERKNAVFN
TYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGTSCHLIPSPWLAMVLGLY
AGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEIYIVLLYLDTVGAGNGMIG To
FQVLLSIGELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKY FDDQVFWKFPHLAVGF

Job Title
Enter a descrptive litle for your SLAST search &)

| Align two or more sequences &

Choose Search Set

Datab
I ¢  Proten Data Bank protens(pdb) < )’
Organism —
Optional Excude .=
Enter organism common name, binomial, or tax id. Only 20 top taxa will be shown. &
Exclude "I Models (XM/XP) [ Unculturedienvironmental sample sequances
Optional
gnm lOuery EXSY00000000. 1 Youlll¥3 Create custom databese
ptiona Enter an Entrez query to limit search @
Program Selection
Algorithm blastp (protein-protein BLAST)

« PSI-BLAST (Position-Specific lterated BLAST)
~ PHI-BLAST (Pattarn Ht Initiated BLAST)

DELTA-BLAST (Domain Ennanced Lookup Time Accelerated BLAST)
Choose a BLAST algorithm &)

Search databasa Protein Data Bank proteins(pdb) using PSI.BLAST (Position-Specific lterated BLAST)

_ Show results in a new window

BLASTP programs search protein databases using a protein guery, mora..

alexcb  MyNCBI  SignOut

Home Recent Results Saved Strategies Help

Resotpago Bookmerk

(#)Algorithm parameters

Note: Parameter values that differ from the default are highlighted In yellow and marked with ¢ sign
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3. Analysis of the results

m) U.S. National Library of Medicine NCBI National Center for Biotechnology Information

®
BLAST  » blastp suite » RID-0SUT1CUS015

Edit and Resubmit Save Search Strategies » Formalting options > Download
Job title: sp|Q02161|RHD_HUMAN Blood group Rh(D) polypeptide...

RID 0SUTICUS01S (Expires on 11-16 23:28 pm)

Query ID [cl|Query 28781

Description sp|Q02161|RHD_HUMAN Binod group Rh(D) polypeptide OS=Homo sapiens GN=RHD PE=1

Sv=3
Molecule type amino acid
Quary Length 417

Other reports: & Search Summary [Taxonomy reports] [Distance tree of results] [Multiple alignment] [MSA viewer]
[Z3 Analyze your query with SmartBLAST

[=}Graphic Summary
{=)Show Conserved Domains

Putative conserved domains have been detocted, click on the image below for dotailod results.

It 7
Query seq,

—_——eeere e e e

Sign in to NCBI

Home  RecentResults  Saved Strategies  Help

BLAST Results
Youlfl5j How to read this page  Blast report description

Database Name pdb
Description PDB protein database
Program BLASTP 2.7.1+ & Citation

%5 400 7% a0

Superfanilies B

Treanin iraney ooperdaraly |

Distribution of the top 4 Blast Hits on 4 subject sequences

Mouse over to see the title, click to show alignments

1 80

Color key for alignment scores
MW <40 W40-50

160 240 320 400

Ws0-80 W s0-200 W>=z00
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3. Analysis of the results

(&) Descriptions
Select: All None Selected:0
11 Alignments i o
Description May | Tolal | Qumry| B kent Accession
score score cover value
| Chain A, Crystal Structure Of The Hurman Rhesus G| Rheg I 201 201 98% 4e-59 30% 3HDG A
I_I Chaln A, Crystsl Svucture Of The Nitrosemona Rh Protein 801 901 84% 2e-19 31% 3BOY A
(| Chain A, Nitrosomonas Europaea RS0 And Mechansm Of Conduction By Rhesus Protein Family Of Chanoels B9.7 897 64% 3e-19 31% 3BHS A
[ ChainA The 1.5A Sinichse Of a3 Europaes RAS) Ard For NI Transport By Rhesus Family Preteins B94 894 64% 3e-19 31% 359N A
& Alignments
IDownload « GenPept Graphics ¥ Next A Descriptions.
Chain A, Crystal Structure Of The Human Rhesus Glycoprotein Rhecg
Sequence ID: 3HDB A Length: 490 Number of Matches: 1
Ralated Information
Structure - 30 structure displays
Identities Positives Gaps

201 bits(510) 4e-59 Compositional matrix adjust. 135/445(30%) 218/445(48%) 40/445(8%)

54 44R LPL L L+ ++4LF ¥ 1D 4L D 4

Y
8Sobjct B BARRTNLEWRLPLTCLLLOVIMVILEGVE YYRY 65
Query 49 WWDLWHAAIGIGFMSSMESNSSVWMM!WHSOFPEGWVI 108
VM 4G GFL + +8+ $S3V FN_ + A GHIWA+L+
Sojet 86 PSEODVMVWCFCPIHTFIDRIGFSAVCPHTELMPGIQWALLHQG'I\TETLDDRWW 125

Query 105 TLESIRLATMSALSVLISVDAVLCKVRLAQLVVHMVLVEVTALGNLEMVISNIFNTOYHMN 168
+ ++ R SV 4+ AVLGKV+ QL=4M VT ++ Ne

Spjer 126 CGVENLINADECY GKVSE IQLLI. ‘QVILFAVNEFILLNLL i85
Query 165 M.HI!VFMYECLEVAWCLPKPLPEGTBD!DVI‘AT!PSLSAHLEALFLWHPSP’\SALL 228
M I+ T AYFGL+V n FLNN+WPSTNSA+

Spjer 186 SMIIH Tl‘CAXNL‘WNL!RRXwDSRERQII:VYUSDLPMG‘I‘LFLNKY"PSFNSAIS 245

Query 229 nss'rzmx\vwnmvnvsw'ruscsmucﬁ:sx‘rvvuumccvwmcuu 148
++A V+T++¢ 88 H #GE+ = #A LAGGVAV CT+ ++
sbjer 246 m-rycbuw;vx_ysvu 15 SALHKKGKL AEMM 305

Query 288 FSENLANVLGLYAGLISVGGAKYLP: LG EPHS e e sus 328
2+ AH4:G V GHIS G YL
SbjC: 306 IMPYCALIIGEVCGIISTLGFVYLTPFLESRIHIQUTCGINKLEGIPGT mcxvcnv'ru 3188

Query 329 t.'nrsr.u:x.m:zln1vLLanm-Acmumruvu.smn.sLn[vxu_nsmﬂ:r_x. is7
+G6 G G Gt 0 I L + + $ALM Gh4 GL4
sbjer 166 suuv QG| QIYGLIVTLAMALMGGTIVGLT 420

Query 388 INLXINERPEEAXYFDDQUFWKFPH 412
LL N P& F4¢D Velns P
Sbjct 421 IRCLPFNGQPSDENCFEDRVYWEMPE 445
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4. Selection of the structural template

RCSB PDB  Deposit + Search- \isualize - Analyze ~ Download ~ Leam - More ~

o 135201 Biological

ol Macromolecular Structures Search by PDB ID, author, macromoleculs, sequence, or ligands
- Enabling Breakthroughs in

PROTEIN DATA BANK Rescachand Education Advanced Search | Browse by Amotations

Lee vl

Ppa-101 Kl B !F;\_‘_[’:M“ﬂ-} e vaui Oute ok
sPDB EVDefert Yt el BYyDoO

3D View Annotations Sequence Sequance Similarity Structure Similarity Experiment Literature
i Display i @ b i

fransmembrane regions '
regins (20 Crystal Structure of the Human Rhesus Glycoprotein RhCG
DOI: 10.2210/pdb3hd6/pab

Cl : MEMBRANE PROTEIN TRANSPORT PROTEIN
Deposited: 2003-05-06 Released: 2009-08-01

Deposition author(s): Gruswitz, F, Chaudhary, S., Ho, J.D., Pezeshki, B., Ho, C-.M., Stroud, R.M., Center for
Structures of Membrane Proteins

Organism: Homo sapiens

{/ Frotan Structura Inisatre

Expression System: Homo sapiens
Experimental Data Snapshot wwPDB Validation © 30 Report | Full Report
Method: X-RAY DIFFRACTION Metric Percentiie Ranks Value
Resolution: 2.1 A Ftre: mm—— e 0 196
R-Value Free: 0.195 Clashscore SE— —
R-Value Work: 0.168 Ramachandran outfiers I [T_: E S 0.3%
o Sidechan puthiers I N fo—
” ” m n ‘ RSRZ outiiers E—" T — i 50
- . - oo

& View In 3D: NGL or JSmo! or PV (in Browser) Literature Download Primary Citation ~

Standalone Viewers
Simple Viawer Protain Workshop, Ligand Explorer Function of human Rh based on structure of RhCG at 2.1 A.

Kiosk Viewer Gruswitz, F., Chaudhary, S., Ho. J.D., Schiessinger. A.. Pezeshki, B., Ho. C.M.. Sali. A, Westhoff,
C.M., Stroud. R.M.
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4. Selection of the structural template: now the sequence

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

>3HD6 :A|PDBID | CHAIN | SEQUENCE
GPSSPSAWNTNLRWRLPLTCLLLQVIMVILFGVFVRYDFEADAHWWSERTHKNLSDMENEFYYRYPSFQDVHVMVFVGFG
FLMTFLQRYGFSAVGFNFLLAAFGIQWALLMQGWFHFLQDRY IVVGVENLINADFCVASVCVAFGAVLGKVSPIQLLIMT
FFQVTLFAVNEF ILLNLLKVKDAGGSMTIHTFGAYFGLTVTRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSF
NSAISYHGDSQHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGTAAEMMLMPYGALIIGFVCGI
ISTLGFVYLTPFLESRLHIQDTCGINNLHGIPGIIGGIVGAVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQI
YGLLVTLAMALMGGIIVGLILRLPFWGQPSDENCFEDAVYWEMPEGNSTVYIPEDPTFKPSGPSVPSVPMVSPLPMASSV
PLVPGGLVPR

>sp|Q02161|RHD HUMAN Blood group Rh(D) polypeptide OS=Homo sapiens GN=RHD PE=1 SV=3
MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLEDQKGLVASYQVGQDLTVMAAT
GLGFLTSSFRRHSWSSVAFNLFMLALGVOQWAILLDGFLSQFPSGKVVITLFSIRLATMSA
LSVLISVDAVLGKVNLAQLVVMVLVEVTALGNLRMVISNIFNTDYHMNMMHIYVFAAYFG
LSVAWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSEFNSALLRSPIERKNAVFEN
TYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGTSCHLIPSPWLAMVLGLV
AGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEITIYIVLLVLDTVGAGNGMIG
FOVLLSIGELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKYFDDQVFWKFPHLAVGF
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5. A new alignment:

https://www.ebi.ac.uk/Tools/msa/clustalo/

# EMBL-EB| S es ch Training Industry About us Q EMBL-EBI

Clustal Omega
Webservices | Help & Documentation | ® Feedback | =<iShara

Tools = Multiple Sequence Alianment > Clustal Omega

EMBL-EBI to be HTTPS by default from 1st December

On the 1st December the majority of services hosted on www.ebi.ac.uk will be served over HTTPS by default. Services that are becoming HTTPS by default will
automatically redirect users accessing the site on insecure HTTP URLs to secure HTTPS URLs.
Users of EMBL-EBI services may wish to update links, bookmarks or API clients to use the HTTPS URLs.

Service Retirement

Wise2DEA and Promoterwise are scheduled for retirement on 15th April 2018. Alternatives can be found at Exonerate, BWA or BLAT, If you have any concerns,
please contact us via support.

Multiple Sequence Alignment

Clustal Omega is a new multiple sequence alignment program that uses seeded guide trees and HMM profile-profile techniques to generate alignments between three
or more sequences. For the alignment of two sequences please Instead use our pairwise sequence alignment tools.

Important note: This tool can align up to 4000 sequences or a maximum file size of 4 MB,

STEP 1 - Enter your input sequences

PROTEIN v
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5. A new alignment:

https://www.ebi.ac.uk/Tools/msa/clustalo/

Multiple Sequence Alignment

Clustal Omega is a new multiple sequence alignment program that uses seeded guide trees and HMM profile-profile techniques to generate alignments between three
or more sequences. For the alignment of two sequences please instead use our pairwise sequence alignment tools.

Important note: This tool can align up to 4000 sequences or a maximum file size of 4 MB.

STEP 1 - Enter your input sequences

NSAISYHGDSQHRAAINTY CSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGTAAEMMLMPYGALIIGFVCGI
ISTLGFVYLTPFLESRLHIQDTCGINNLHGIPGIIGGIVGAVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQI
YGLLVTLAMALMGGIIVGLILRLPFWGQPSDENCFEDAVYWEMPEGNSTVYIPEDPTFKPSGPSVPSVPMVSPLPMASSV
PLVPGGLVPR
>sp|Q02161|RHD_HUMAN Blood group Rh(D) polypeptide OS=Homo sapiens GN=RHD PE=1 SV=3
MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLEDQKGLVASYQVGQDLTVMAAI
GLGFLTSSFRRHSWSSVAFNLFMLALGVQWAILLDGFLSQFPSGKWITLFSIRLATMSA

| LSVLISVDAVLGKVNLAQLVVMYLYEVTALGNLRMVISNIENTDYHMNMMHIYVFAAYFG

STEP 2 - Set youir parameters

QUTPUT FORMAT

Clustal w/o numbers v

The default settings will fulfill the needs of most users.

27

More options... | (Click here, if you want to view or change the default settings.)
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5. A new alignment: the results

https://www.ebi.ac.uk/Tools/msa/clustalo/

ustalo-120171115-164434-0186-34948581-p2m
Result Summary Phylogenetic Tree = Submission Details

Results for job ¢

Download Alignment File ' Hide Colors Send to Simple_Phylogeny

CLUSTAL O(1.2.4) multiple sequence alignment

3HD6:A | PDBID|CHAIN | SEQUENCE GPSSPSAWNTNLRWRLPLTCLLLOVIMVILFGVFVRYDFEADAHWWSERTHKNLSDMENE

sp|Q02161|RHD_HUMAN ---MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLED -~~~ === —mmmm QKG
.3 S MWW W k3. ssaWh e, pes . s

3HD6:A | PDBID|CHAIN | SEQUENCE FYYRYPSFQDVHVMVFVGFGFLMTFLORYGFSAVGFNFLLAAFGIQWALLMQGWFHFLOD

sp|Q02161|RHD_HUMAN LVASYQVGODLTVMAATGLGFLTSSFRI

N Whs WW, sHWaWhe 3 3

SWSSVAFNLFMLALGVOWAILLDGFLSQFPS

Wy. shs® @@zz: SsmsAWWswssWss

3HD6:A | PDBID|CHAIN | SEQUENCE RYIVVGVENLINADFCVASVCVAFGAVLGEVSPIQLLIMTFFQVTLFAVREFILLNLLEV

sp|Q02161|RHD_HUMAN GEVVITLFSIRLATMSALSVLISVDAVLGKVNLAQLVVMVLVEVTALGNLRMVISNIFNT
T s W NN sa L W Segaa 3 sew :

3HD6:A | PDBID|CHAIN | SEQUENCE KDAGGSMTIRTFGAYFGLTVTRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSF

sp|Q02161|RHD_HUMAN DYEMNMMEIYVFAAYFGLSVAWCLPKPLPEGTE!

o Rz W KRR ANNZR: W .

QTATIPSLSAMLGALFLWMFWPSF

« R W KRR AR AR

3HD6:A | PDBID|CHAIN | SEQUENCE NSAISYHEGDSQHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHEIONATLAGGVAVGT
sp|0Q02161 |RHD_HUMAN NSALLRSPIERKNAVFNTYYAVAVSVVTAISGSSLAHPQOGKISKTYVHSAVLAGGVAVGT

SRR RN RN

Lr IS PC L L

3HD6:A | PDBID|CHAIN | SEQUENCE AAEMMLMPYGALIIGFVCGITISTLGFVYLTPFLESRLHIQODTCGINNLHGIPGIIGGIVG
sp|Q02161|RHD_HUMAN SCELIPSPWLAMVLGLVAGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEIT

"e

IhL KRR, N W N R s Wizh ws

3HD6:A | PDBID|CHAIN | SEQUENCE AVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQIYGLLVTLAMALMGGIIVGLI
sp|Q02161|RHD_HUMAN IVLLV---LDTVGAGN-~~~~ GMIG--~=—=mm FQVLLSIGELSLAIVIALMSGLLTGLL

N wa W : W « e = TWWW s ks

3HD6:A| PDBID|CHAIN | SEQUENCE LRLPFWGQPSDENCFEDAVYWEMPEGNSTVY I PEDPTFEPSCGPSVPSVPHVSPLEMASSY
sp|Q02161|RHD_HUMAN LNLKIWKAPEEAKYFDDQVFWKE PHLAVGF - - =~ — = m = m = m e mmmm e e e

o N e e ; 28
3HD6:A| PDBID| CHAIN | SEQUENCE PLVPGGLVER

sp|Q02161|RHD_HUMAN -
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5. A new alignment: the results

https://www.ebi.ac.uk/Tools/msa/clustalo/

ustalo-120171115-164434-0186-34948581-p2m
Result Summary Phylogenetic Tree = Submission Details

Results for job ¢

Download Alignment File ' Hide Colors Send to Simple_Phylogeny

CLUSTAL O(1.2.4) multiple sequence alignment

3HD6:A | PDBID|CHAIN | SEQUENCE GPSSPSAWNTNLRWRLPLTCLLLQOVIMVILFGVFVRYDFEADAE ENE
sp|Q02161|RHD_HUMAN ---MSSKYPRSVRRCLPLWALTLEAALTLLFYFFTHYDASLE| -QKG
3HD6:A | PDBID|CHAIN | SEQUENCE FYYRYPSFQDVEVMVEVGFGFLMTFLORYGFSAVGFNFLLAAFGIQWALLMQGWFHFLOD
sp|Q02161|RHD_HUMAN LVASYQVGQDLTVMAATGLGFLTSSFRRHSWSSVAFNLFMLALGVOWAILLDGFLSQFPS

B R i R O e i
3HD6:A | PDBID|CHAIN | SEQUENCE RYIVVGVENLINADFCVASVCVAFGAVLGKVSPIQLLIMTFFQVTLFAVNEF ILLNLLKV
sp|002161|RHD_HUMAN GKVVITLFSIRLATMSALSVLISVDAVLGKVNLAQLVVMVLVEVTALGNLRMVISNIFNT
3HD6:A | PDBID|CHAIN | SEQUENCE KDAGGSMTIHTFGAYFGLTVTRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLUMYWPSF

sp|Q02161|RHD_HUMAN DYEMNMMEIYVFAAYFGLSVAWCLPKPLPEGTE!

o Rz W KRR ANNZR: W .

QTATIPSLSAMLGALFLWMFWPSF

« R W KRR AR AR

3HD6:A | PDBID|CHAIN | SEQUENCE NSAISYHEGDSQHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHEIONATLAGGVAVGT
sp|0Q02161 |RHD_HUMAN NSALLRSPIERKNAVFNTYYAVAVSVVTAISGSSLAHPQOGKISKTYVHSAVLAGGVAVGT

SRR RN RN

Lr IS PC L L

3HD6:A | PDBID|CHAIN | SEQUENCE AAEMMLMPYGALIIGFVCGITISTLGFVYLTPFLESRLHIQODTCGINNLHGIPGIIGGIVG
sp|Q02161|RHD_HUMAN SCELIPSPWLAMVLGLVAGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFSLLGLLGEIT

. "e R T L I T IR R s Wik W
3HD6:A | PDBID|CHAIN | SEQUENCE AVTAASASLEVYGKEGLVHSFDFQGFNGDWTARTQGKFQIYGLLVTLAMALMGGIIVGLI
sp|Q02161|RHD_HUMAN IVLLV---LDTVGAGN-~~~~ GMIG--~=—=mm FQVLLSIGELSLAIVIALMSGLLTGLL

N wa W : W « e = TWWW s ks

3HD6 :Al PDBID | CHAIN | SEQUENCE LRLPFWGQPSDENCFEDAVYWEMPEGNSTVYIPEDPTFRPSCGPSVPSVPMVSPLPMASSV
5p|002161|RHD_HUMAN LNLKIWKAPHEEAKYFDDQVFWKFPHLAVGH————————————————————————————
3HD6 :Al PDBID l CHAIN | SEQUENCE PLVPGGLVPR

sp|Q02161|RHD_HUMAN
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6. Modeller
a. the script

#1/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
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6. Modeller
b. the real alignement for Modeler

>P1;3HD6

structureX:3HD6:1 tA:443 :A:: : Syntaxe

AAFGIQWALLMQGWFHFLQDRYIVVGVENLINADFCVASVCVAFGAVLGK
VSPIQLLIMTFFQVTLFAVNEFILLNLLKVKDAGGSMTIHTFGAYFGLTV . .
TRILYRRNLEQSKERQNSVYQSDLFAMIGTLFLWMYWPSFNSAISYHGDS Allg nment in PIR f ormat
QHRAAINTYCSLAACVLTSVAISSALHKKGKLDMVHIQNATLAGGVAVGT
AAEMMLMPYGALIIGFVCGIISTLGFVYLTPFLESRLHIQDTCGINNLHG

IPGIIGGIVGAVTAAS ——m—mmmmmm e DWTARTQGKFQI

YGLLVTLAMALMGGI IVGLILRLPFWGQPSDENCFEDAVYWEMPEGNS -~

>P1; PROTEINE-RHD

sequence : PROTEINE-RHD: 1 ¢ 417 : ¢ :: @ Syntaxe
——-MSSKYPRSVRRCLPLWALTLEAALILLFYFFTHYDASLED———————

——————— OKGLVASYQVGODLTVMAAIGLGFLTSSFRRHSWSSVAFNLFM
LALGVOQWAILLDGFLSQFPSGKVVITLFSIRLATMSALSVLISVDAVLGK
VNLAQLVVMVLVEVTALGNLRMVISNIFNTDYHMNMMHIYVFAAYFGLSV Alignment in PIR fOl’mat
AWCLPKPLPEGTEDKDQTATIPSLSAMLGALFLWMFWPSFNSALLRSPIE

RKNAVFNTYYAVAVSVVTAISGSSLAHPQGKISKTYVHSAVLAGGVAVGT

SCHLIPSPWLAMVLGLVAGLISVGGAKYLPGCCNRVLGIPHSSIMGYNFS

LLGLLGEIIYIVLLVILDTVG-——————————————— AGNGMIGFQVLLSI
GELSLAIVIALMSGLLTGLLLNLKIWKAPHEAKYFDDQVFWKFPHLAVGF 3 1
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6. Modeller
c. the template

The PDB ..
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6. Modeller

d. now the work

> mod9.25 test modeller.py

sential throsbocytemio
For Alex Mac

I0P info

2017.ppt

. pdf

Ln28186844~769707621-1939656818Hnf - 1967751142 1dV19624.

ats
availle websi

Air-de-Alexondre:Des

MacBook-Afr-de-Alexondre: TP MIDEL debrevern$ nodd 18 test_modeller py

ical Perspective and Overview of Protein Structure P

op debrevern$ cd TP\ MOOEL/

Wooley_Ye_2. radiction pdf

|#

3HD:
archive

ane
one.pir

PROTEINE-R 93000 pdb
PROTEINE-R.990002 pdb
PROTEINE-R_.000000001
PROTEINE-R _.DOD00O002
PROTEINE-R ..DODO!
PROTEINE-RHD.ini
PROTEINE-RHD rar
PROTEINE-RHD:5¢
PROTEINE-R  ¥/99390001
PROTEINE-R . V39990002
dellerlog
test_modelier py

test_me
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7. Now the analysis

This Executable Build integrates and extends Open-Source PyMOL 1.7.2.2.
Detected OpenGL version 2.0 or greater. Shaders available
‘ Detected GLSL version 1.20

Reset = Zoom @ Orient Draw Ray
OpenGL graphics engine: Unpick @ Deselect = Rock | Get View
GL_VENDCR: Intel Inc.

GL_RENDERER: Intel HD Graphics 5000 OpenGL Engine
GL_VERSION: 2.1 INTEL-10.2517

|< <
Adjusting settings to improve performance for Intel cards.

Stop Play | > | »| | MClear
PyMOL>
This Executable Build integrates and exiends Open-Source PyMOL 1.7.2.2.

Detecled OpenGL version 2.0 or greater. Shaders available.
Deteclec GLSL version 1.20.

OpenGL grapnics engine:
GL VENDOR: Intel Inc.

GL_RENDERER: Intel HD Graphics 5000 OpenGL Engine
GL_VERSION: 21 INTEL-10.25.17

Adjusting settings fo improve performance for Intel cards
PyMOL>

lectl idues

i s 1
[[H < [W[F > [W[S[¥
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» Need a specific assessment
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7. Now the analysis

PDB name HPM score(s)
PROTEINE-RHD.B99990004 26062.00
PROTEINE-RHD.B99990005 26155.80
PROTEINE-RHD.B99990002 26160.80
PROTEINE-RHD.B99990001 26257.20
PROTEINE-RHD.B99990003 26405.40

Distribution of all HPM scores

Distribution of HPM scores amongst provided models

2.0
|

1.0 1.5

Score distribution

0.5

0.0

! | | I | |
26000 26100 26200 26300 26400 26500 3 7

HPM score
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7- NOW the analy315 Best selected model analysis

POE-nase Local HPM score for the selected model
PROTEINE-RHD.B99990004
PROTEINE-RHD.B99990005

Overview of the local HPMscore mapped on the protein structure

PROTEINE-RHD.B29990002
PROTEINE-RHD.B99990001
PROTEINE-RHD.B99990003

Distribution of all HPM scores

Distribution of HPN

1.0 1.5

Score distribution

0.5

0.0

! | | I
26000 26100 26200 26300 26400 26500
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HPM score
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» Principle: the native structure corresponds to a global minima (in
terms of energy)

Non folded structure : :
i Protein representation

Residue movement , ,
l Sampling technics

evaluation of the structure  Scoring function: potentiel,

/ \ forcefield

Acceptation rejection

Final strlctures (the most compact)
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> Robetta http://robetta.bakerlab.org

www.bokeriab.org

< ROBETTA BETA

Full-chain Protein Structure Prediction Server

REGISTRATION
[ Register / Update ] [ Login ]

DOCUMENTATION
[Docs /FAQs ]

SERVICES

Domain Parsing & 3-D Modeling
[ Queue ] [ Submit ]

Interface Alanine Scanning

[ Queue ] [ Submit ]

2.66 A over 62 residues

Fragment Libraries

[ Queue ] [ Submit ]

DNA Interface Residue Scanning
[ Queue ] [ Submit ]

RELATED SITES

Rosetta Commons

0.84 A over 39 residues Rosetta Commons ROSIE server *NEW*

RosettaBackrub Server

RosettaDesign Server

FoldIt

Rosetta@home

Human Proteome Folding Project

Rosetta@Cloud 44

de novo prediction by Robetta in CASP-8
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> I-Tasser
Ziarie) L2y

Online Services
|-TASSER 0l
QUARK
LOMETS
COACH ‘
COFACTOR \
MUSTER
SEGMER
FG-MD \
ModRefiner
REMO
SPRING
COTH
BSpred \
SVMSEQ
ANGLOR
BSP-SLIM \
SAXSTER \
ThreaDom
EvoDesign
GPCR--TASSER |
BindProf |
ResQ
lonCom

Bioinformatique & Interactions

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

UNIVERSITY OF MICHIGAN

Home Research Services People News Lab Only

. -TASSER

Protein Structure & Function Predictions
(The server completed predictions for 301248 proteins submitted by 74439 users from 129 countries)
(The template library was updated on 2016/11/17)

| Publications Teaching || Job Opening

I-TASSER (Iterative Threading ASSEmbly Refinement) is a hierarchical approach to protein structure and function prediction. Structural templates are first identified
from the PDB by multiple threading approach LOMETS; full-length atomic models are then constructed by iterative template fragment assembly simulations. Finally,
function insights of the target are derived by threading the 3D models through protein function database BioLiP. |-TASSER (as 'Zhang-Server') was ranked as the No 1
server for protein structure prediction in recent community-wide CASP7, CASP8, CASPY, CASP10, and CASP11 experiments. It was also ranked as the best for
function prediction in CASP9. The server is in active development with the goal to provide the most accurate structural and function predictions using state-of-the-art
algorithms. The server is only for non-commercial use. Please report problems and questions at |-TASSER message board and our members will study and answer the

questions asap. (>> More about the server ...)
Queue] [Forum] [Download] [Search] [Registration] [Statistics] [Remove] [Potential] [Decoys] [News] [Annotation] [About] [FAQ!

I-TASSER On-line Server (View an example of |-TASSER output):

Copy and paste your sequence below ([10, 1500] residues in FASTA format). Click here for a sample input:

Or upload the sequence from your local computer:
Choisir le fichier ' aucun fichier sél.

Email: (mandatory, where results will be sent to)
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4 N

Are you sure you have not
forgotten something ?

/
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» What is CASP?

Critical Assessment of Structural Prediction

Menu

Home

PC Login

PC Registration
vCASP Experiments

CASP14 (2020)

CASP_Commons
(COVID-19, 2020)

CASP13 (2018)
CASP12 (2016)
CASP11 (2014)
CASP10 (2012
CASP9 (2010)
CASP8 (2008)
CASP7 (2006)
CASP6 (2004)
CASPS (2002)
CASP4 (2000)
CASP3 (1998)
CASP2 (1996)
CASP1 (1994)

¥ Initiatives

b Data Archive

Proceedings

Protein Structure Prediction Center

Success Stories From Recent CASPs

modeling

Data-assisted or hybrid modeling, in which low-resolution experimental data are combined with
computational methods, is becoming increasing important for a range of experimental data, including NMR,
chemical cross-linking and surface labeling, X-ray and neutron scattering, electron microscopy and FRET.
CASP11-CASP13 experiments included a special sub-category of modeling proteins using such data (CASP14
did not include data-assisted category due to the COVID-19 i difficulties in ining experimental
data).

Description of the CASP12 data-assisted experiment and the data is p in [Ogorzalek et al, 2018]
Examples of a non-assisted model and a cross-linking assisted model from the same predictor (CASP12
group 220) are shown below demonstrating increased accuracy of the assisted prediction.

data-assisted
modeling

CASP Measures target TO894 target Tx894
Feedback original model 220_1 X-linking -assisted model 220_1
Assessors GDT_TS=24 GDT_TS=52

People

c ity Resources Wel to the Protein Structure Prediction Center!

Job Fair

Our goal is to help advance the methods of identifying protein structure from sequence. The Center has been organized to provide the
means of objective testing of these methods via the process of blind prediction. The Critical Assessment of protein Structure Prediction

(CASP) experiments aim at establishing the current state of the art in protein structure prediction, identifying what progress has been
+ Fmiend

andn and hinhlinkbina whara fibien affamk man ha maack mrads

[ ea S ]

Message Board

Positions in Sweden

A message from Arne
Elofsson: We have a number
of extremely good positions
in Sweden with deadlines in
the fall. They are tenure
track and funded by a new
initiative by the Wallenberg
foundation wi ...

Upcoming conferences:
Machine learning in
structural biology

Dear CASPers, We would like
to direct your attention to
two upcoming m: ngs
aimed to shed additional
light on the recent machine
learning driven
developments in the field.
(1) August 2-6, 20 ...

An RNA modeling target
Dear CASP Participants, For
those interested in modeling
of RNA structure, we would
like to draw your attention to
a newly released RNA puzzle
(see the message from
Chichau Miao and Eric
Westhof be ...
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» What is CASP?

Critical Assessment of Structural Prediction

Protein Structure Prediction Center

Success Stories From Recent CASPs

data-assisted
“modeiing

Data-assisted or hybrid modeling, in which low-resolution experimental data are combined with
computational methods, is becoming Increasing important for  range of experimental data, including NMR,

Message Board

Positions in Sweden

track and funded by 2 new
Initative by the Walienberg
foundation wi

chemical cross-inking and surface labeling, X-ray and neutron scattering, electron microscopy and FRET
Commons. CASPLL-CASPI3 2 special modeling data (CASP14
(coviD-19, 2020) aid not category due to dificultes 1n obtaining experimenta!
data).
caspi3 (2018) Description of the CASPL2 data-assisted experiment and the data s provided in [Ogorzalek et al, 2016

Examples of a non-assisted model and a cross-finking assisted mode! from the same predictor (CASP12
Group 220) are shown below demansirating Increased accuracy of the assisted prediction.

data-assisted
modeling

et T0894
original model 220_1 X-linking -assisted model 220_1
GOT_TS=24 GOT_TS=52

Welcome to the Protein Structure Prediction Center!

Our goal is to help advance the methods of identifying protein structure from sequence, The Center has been organized to provide the.
objective testing of these methads via the process of blind prediction. The Crtical Assessment of protein Structure Prediction
(CASP) experiments aim at establishing the current state of the artin proteln structure predictio, identifying what progress has been

=> (Goal: blind proposition of structura

of the different methodologies.

Upcomi ferences:

Machine learning in

structural biology
we

e woul
to direct your attention to
two upcoming meetings
aimed to shed addiions!
light on the recent machine
learning drwven
developments in the feld.
) August 2:6, 20

An RNA modell
ear CASP Participants, For
those Interested in modeiing

2 newy release
(see the message from
Chichay Miao and Eric
Viesthof be

models, 1.e. evaluation
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» How CASP had evolved?

Menu
. Home
Very crude: i
PC Registration

(1) Threading with comparative modelling

v CASP Experiments

(11) Threading CASP14 (2020)

CASP_Commons

(lll) de novo (COVID-19, 2020)
. CASP13 (2018)
(1v) Improvements of de novo CASP12 (2016)

CASP11 (2014)
CASP10 (2012)
CASP9 (2010)
CASPS8 (2008)
CASP7 (2006)
CASP6 (2004)
CASPS5 (2002)
CASP4 (2000)
CASP3 (1998)
CASP2 (1996)
CASP1 (1994) 51
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» How CASP had evolved?

Menu

Very crude: Home

PC Login
PC Registration

(1) Threading with comparative modelling __...i-0 -
(11) Threading CASP14 (2020)

CASP_Commons

(111) de novo (COVID-19, 2020)
. CASP13 (2018)
(1v) Improvements of de novo CASP12 (2016)

CASP11 (2014)
(v) AlphaFold (2018), v2 (2020) g
CASPS8 (2008)
CASP7 (2006)
CASP6 (2004)
CASPS (2002)
CASP4 (2000)
CASP3 (1998)
CASP2 (1996)
CASP1 (1994) 52
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» How CASP had evolved?

Very crude:

CASP7 (2006)
CASP6 (2004)
CASPS (2002)
CASP4 (2000)
CASP3 (1998)
CASP2 (1996)
CASP1 (1994) 53
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» How CASP had evolved?

1994-2002 : David Baker, add improvements ...
but still difficult when 1t 1s difficult

& -Prase (Domalin 2: <Ue-al7)

Model 3

AMSH =R 2 4 /85 "
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» How CASP had evolved?

1994-2002 : David Baker, add improvements ...
but still difficult when 1t 1s difficult

2002-2010: add more and more constraints,
to test (a lot of computational filters)
Rosetta (Baker) & I-Tasser (Zhang)
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» How CASP had evolved?

1994-2002 : David Baker, add improvements ...
but still difficult when 1t 1s difficult

2002-2010: add more and more constraints,
to test (a lot of computational filters)

2012-2016: slight improvements
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» 2016 (on specific folds, with specific criteria)

* Methods from the same group are marked as the same color.
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GDT
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2006 2008 2010 2012 2014 2016

CASP
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Median Free-Modelling Accuracy

100
80
60 ALPHAFOLD
=
Q
G But
40
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improves a
20 little
0]

CASP7  CASP8  CASP9 CASPIO CASP11  CASP12 CASP13
2006 2008 2010 2012 2014 2016 2018

CASP
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Median Free-Modelling Accuracy

100
ALPHAFOLD 2
— THE JUMP
&5 ALPHAFOLD
—
&
G
40
20
0
CASP7  CASP8 CASP9 CASPIO CASPIl CASPI2 CASPI3  CASPI4
2006 2008 2010 2012 2014 2016 2018 2020
CASP
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240 = @@d] ‘ %-g;,.
220

. PERe 8
B 277 R
160 ) :

140

AlphaFO|d2 Ea ;
= .

Sum(Zscore>0.0)
)
S

100
8 CASP
6 competition:
© THE GAP!
20
0 UL IlIlIIIIIIIIIlIllIIlII
X X & XA 5 5

GR GR SUM Zscore Rank SUM Zscore AVG Zscore Rank AVG Zscore AVG Zscore Rank AVG Zscore
¥ | ®code | *name ¢Domains Count ’(> 2.0) *(>2.0) ®>-2.0) °(> 2.0) (>0.0) *(>0.0) e(>o 0) ‘(>o 0)
427 AlphaFold2 |92 | 244.0217 1 2.6524 B | 244.0217 1 26524 B

473 BAKER 92 90.8241 2 0.9872 2 92.1241 2 1.0013 61



Inserm AlphaFold2 S

nstitut national

I rmatique &
de la santé et de la recherche médicale

» In all papers !!

» Specialized and not

Figaro, le Monde, ---.

62



!nserm

Institut national
de la santé et de la recherche médicale

AlphaFold2 >lcp

Bioinformatique & Interactions

» In all papers !!

Biological Modeling: A Free Online Course Course Team Contact Us Contents Take the Course v Q

ANALYZING THE
CORONAVIRUS SPIKE
PROTEIN

Introduction: A tale of two
doctors

PART 1: PROTEIN
STRUCTURE PREDICTION

An introduction to protein
structure prediction

Ab initio protein structure
prediction

Homology modeling for
protein structure prediction

Comparing protein
structures to assess model
accuracy

Part 1 conclusion: protein
structure prediction is
solved! (Kinda...)

PART 2: COMPARING
SARS-COV-2 AND SARS

Searching for local
differences in the SARS-

Part 1 Conclusion: Protein Structure Prediction is Solved!
(Kinda...)

SARS-CoV-2 protein structure prediction and open science

Researchers have worked for several decades to decipher nature’s magic algorithm for protein
folding. The Soviets even founded an entire research insitute dedicated to protein research in
1967. Most of the scientists who were there for its founding are dead now, and yet the institute
carries on. Although structure prediction is an old problem, biologists have never given up hope
that continued improvements to their algorithms and ever-increasing computational resources
would allow them one day to proclaim, “Maybe this is good enough!”.

That day has come.

Every two years since 1994, a global effort called Critical Assessment of protein Structure
Prediction (CASP) has allowed researchers from around the world to test their protein
structure prediction algorithms against each other. The contest organizers compile a (secret)
collection of experimentally verified protein structures and then run all submitted algorithms
against these proteins.

The 14th iteration of this contest, held in 2020, was won in a landslide. The second version of
AlphaFold, one of the projects of DeepMind (an Alphabet subsidiary), vastly outperformed the

B On this page

SARS-CoV-2 protein
structure prediction
and open science
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doctors

challenge in biology

PART 1: PROTEIN
STRUCTURE PREDICTION

An introduction to protein 1
structure prediction SHARE

Ab initio protein structure o o G
prediction

Homology modeling for

* Read an update on our AlphaFold work here.

protein structure prediction AUTHORS
. ) T
Cotmparing aratein m The AlphaFold team i ial to li i i i i
P ——r | P Proteins are essential to life, supporting practically all its functions. They are large complex
accuracy Every two years since 1994, a global effort called Critical Assessment of protein Structure

. . Prediction (CASP) has allowed researchers from around the world to test their protein
Part 1 conclusion: protein

structure prediction is structure prediction algorithms against each other. The contest organizers compile a (secret)
solved! (Kinda.) collection of experimentally verified protein structures and then run all submitted algorithms

against these proteins.
PART 2: COMPARING
SARS-COV-2 AND SARS

The 14th iteration of this contest, held in 2020, was won in a landslide. The second version of 64
Searching for local AlphaFold, one of the projects of DeepMind (an Alphabet subsidiary), vastly outperformed the

differences in the SARS-
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» In all papers !! =» Nature 2021 (now > 30.000 citations)

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

FOCUS | EDITORIAL

M) Chiwch for upsdatas

Method of the Year 2021: Protein structure

prediction

Deep Learning based approaches for protein structure prediction have sent shock waves through the structural
biology community. We anticipate far-reaching and long-lasting impact.

Tlu- potential to predict protein
three-dimensional (3D) structures
given a linear sequence of amino acids
has captivated computational biologists for
decades, While considerable progress had
been made in the field, no approach had
been able to rdiably produce models that
approached, let alone matched, the quality
of experimentally determined structures,
In the past year, the deep-learning-based
methods AlphaFold2 and Rose TTATold
have managed to achieve this feat over
a range of targets, forever altering the
course of the structural biology field. More
lmpn\u\'clv. a collaboration between the
Molecular Biology Lab Y
and DeepMind has predicted structures
for aver 350,000 proteins for 21 model
organisms and made them freely available
at the AlphaFold Protein Structure Datsbase
— with plans for expanding predictions to
millions of structures in 2022. For these

A year ago, at the CASP14 meeting,
AlphaFold2 from DeepMind outperformed
all other approaches, and by a wide
margin. On average, the fraction ofa
protein structure that AlphaFold2 correctly
predicted crossed the 90% mark. A leap
in performance of this magnitude was
frankly not anticipated for another decade
or so. It was therefore not a surprise that
many deemed the protein folding problem
essentially solved.

AlphaFold's success can be attributed
to its neural network architecture and the
training procedure that takes into account
the available 3D structures of experimentally
resolved proteins. Ina Comment, AlphaFold
developers John Jumper and Demis Hassabis
describe the inner workings of the algorithm
and its anticipated impact on the broader
structural biology field

Inspired by AlphaFold's approach, while
the paper and related code were not yet

on structural biology, and the caveats of
predicted structures.

The burning question, however, is,
now that it is possible to predict accurate
structures for the large majority of proteins,
what lies in the future for experimental
structural biology?

In our opinion, having a potential
structure already in hand gives structural
biclogists a massive head start in tackling
more complex and interesting biological
questions, but experiments will continue
to remain important for testing hypotheses
based on these predicted structures, In
a Comment, Sriram Subramaniam and
Gerard J. Kleywegt discuss how the future
of structural biology will involve a stronger
partnership between structure prediction
and the experimental techniques of cryo-EM
and cryo-electron tomography — in
particular, to capture protein conformational
dynamics and in situ structural complexity.
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Forbes

EDITORS' PICK

2023 Breakthrough Prizes

Announced: Deepmind’s

Protein Folders Awarded
$3 Million
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» And now Nobel prize 2024 (Demis Hassabis & John
Jumper)

THENOBEL PRIZE

IN CHEMISTRY 2024

/ l:.

David Baker Demis Hassabis John Jumper
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> How?
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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 (1impressive)

translation: heavy, heavy, very heavy
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2. mechanisms
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2. mechanisms

AF1 = CNN

AF2 = LLM
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3. AlphaFold2

0'_1_LL'_L_<

Input sequence

3D structure
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4. The questions
» Is it so good?
> Is the protein folding problem resolved?

> Is there some limitations?
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4. The questions

» Is it so good?

Yes.

AlphaFold2

3. AlphaFold Experimant AlphaFold Experment AlphaFold Exparimant
; r.m.s.d, = 0.8A; TM-score = 093 r.m.s.d. = 059 A within 8 Aof Zn rmsd.,, =22A TM-score = 0.96
100

‘Sum(Zscore>0.0)
-

R | oR [ SUMZscore | JRankSUMZscore | 4AVGZscore | 4RankAVGZscore ||SUMZAcore N RATKSUMZScoB L AVG Zscore | 4Rank AVG Zscore
* %00 | *name Domains Count | &, 5 g) #(>20) *20) #(>20) Teo)  teod) #(0.0) *(00)
1 421 AlphaFold2 |92 2440217 1 26524 1 | 2440217 1 26524 1
2 a3 BAKER @ 08201 2 0872 2 21241 2 10013 2
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4. The questions

» Is it so good?

AlphaFold Experimant AlphaFold Expenment AlphaFold Exparmant
r.m.s.dg, = 0.8A; TM-score = 093 r.m.sd. = 0.59 A within 8 Aof Zn rmsd. . =22A TM-score = 0.96
Y CS.

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
79
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> Is the protein folding problem resolved?
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4. The questions

> Is the protein folding problem resolved?

No. Protein folding is not protein fold---

Reciprocal Space vt oy by Occain's Bpmatie

—_— ey g

— Nalre's new oOen AC0sss OpTion — 3 few TInst thoughnts Protograohs of 2020 — Search
No, DeepMind has not solved protein folding Recent Posts

osted on December 2, 2020 by Stephen « Tobe or not i be excepltional?

« Books of 2020

(Please note that this post was updated on 12th Dec 2020 - see below) - Phatogapte of 2020
This week DeepMind has announced that, using artificial intelligence (Al), it has solved the S0-year oid = No, DeepiMind has not solved
problem of ‘protein folding'. The announcement was made as the results were teleasad from the 14™ peiein folding
and latest competition on the Critical of iques for Protein Prediction = MaRews e open oo opiton
(CASP14). The compatition pits teams of computational sclentists against one another to ses whose =Stow ivat hoagis
method is the best at ing the of protein ~and D solution, Tasching cnjine; Pou 10 e &

‘AlphaFold 2', emerged as the clear winner. Pad 25 & whiteboard
Recent Comments
DeepMind ey Aiphators a sckiten 15 3 0= prer-cid grané calere n bokagy = Richand Witle on Books of 2020
= Richard Wiitie on Books of 2020
= Staphen on Books of 2020
= Haniry G 06 Books of 2020
= DeapMings [atmat protein-soiving
Al AlphaFid 3 step closer to
aracking biology's 50-yeer carun-
deumn | an No. DesshMing

s hot
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4. The questions
> Is there some limitations?
It 1s a strange questions as now

(1) you can use 1t at home
(11) there 1s a database of already done model
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» Is there some limitations?

(1) you can use 1t at home

Algorithm is published and
entirely avalaible (was not
the case for v1)

Jumper, J et al. (2021)

Nature, 596(7873):583-589.

Article

Highly accurate protein structure prediction
with AlphaFold

hitps://doiorg/101038/s41586-021-03819-2  John Jumper'“™, Richard Evans'*, Alexander Pritze(**, Tim Green*, Michael Figurnov'*,
Olaf Ronneberger', Kathryn Tunyasuvunakool'*, Russ Bates'*, Augustin Zidek'*,

Received: 11 May 2021 Anna P ko'*, Alex Bridgland'*, Clemens Meyer'*, Simon A. A. Koh™,
Accepted: 12 July 2021 Andrew J. Ballard"*, Andrew Cowie'*, B dino Romera-Paredes'*, Stanislav Nikolov'*,
6 Rishub Jain'4, Jonas Adler', Trevor Back’, Stig Petersen’, David Reiman’, Eﬂmﬂancy
P 21
Aiolshed online: 16ty 2029 Michal Zielinsk', Martin Steinegger™’, Michalina Pacholska’, Tamas Bergh
Openaccess Sebastian Bodenstein', David sﬂvar' Oriol Viﬂyals‘ Andrew W. Senior’, Koray Kavdtelnglu‘

1451
® Check for updates Pushmeet Kohli & Demis Hassabis'

Proteins are essential to life, and understanding their structure canfacilitate a
mechanistic understanding oftheir function Through anenomous experimental
effort"*, thestructures of around 100,000 uniqueproteins have been determined’, but
this represents a small fractionof the billions of known protein sequences®”. Structural
coverage isbottlenecked by the months to years of painstaking effort required to
determine asingle protein structure. Accurate computational approaches areneeded
toaddress this gap and to enable large-scalestructural bioinformatics. Predicting the
three-dimensional structurethat a protein will adopt based solely onits aminoacid
sequence-the structure predictioncomponent of the proteinfolding problem®~has
beenan important open researchproblem for more than 50 years®. Despite recent
progress'®*, existingmethods fall far short of atomic accuracy, especially when no
homologous structure is available. Herewe provide thefirst computational method
that canregularly predict protein structureswith atomic accuracy even in cases in which
no similar structureis known. We validated anentirely redesigned version of our neural
network-based model, AlphaFold, in the challe nging 14th Critical Assessment of protein
Structure Prediction (CASPI4)¥, demonstrating accuracy competitive with
experimental structures in amajority of cases and greatly outperforming other
methods. Underpinning the late st version of AlphaFold is a novel machine learning
approach that incorporates physical andbiological knowle dge about protein structure,
leveraging multi-sequencealignments, intothe design of the deeplearning algorithm.
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» Is there some limitations?
(1) you can use 1t at home

O Why GitHub? Team Enterprise Explore Marketplace Pricing

Algorithm is published and

entirely avalaible (was not = deepmind/aiphatod e O st
the Case for V 1) <> Code () Issues 52 i Pull requests 13 () Actions "] Projects () Security |~ Insights
¥ main ~ ¥ 1branch > 2tags Go to file m
Augustin-Zidek and Copybara-Service Accept any ordering given by ListDirint.. .. 1da3aal on10Sep ® 25 commits
.
h tlpS ° //gl thub' Com/ B alphafold Skip obsolete PDB templates that don't have a replacement. ast month
deepm in d/alphafo ld docker Fix a few typos. 2 months ago
B imgs Initial release of AlphaFold. 3 months ago
Im notebooks Fix TensorFlow versions In AlphaFold Colab notebook. 2 months ago
m scripts Remoave a redundant space. 2 months ago
[ .dockerignore Collapse hh-suite Install steps Into single layer. 3 months ago
[ CONTRIBUTING.md Initial release of AlphaFold. 3 months ago
[ LICENSE Initial release of AlphaFold. 3 months ago
[3 README.md Update the bibtex citation with the issue number and pages ast month
[ reguirements.txt Switch to Tensorflow CPU-only. GPU not needed for data pipeline. 2 months ago
] run_alphafold.py Use pLDDT in the B-factor column of the output PDBs. 2 months ago
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> Is there some limitations?

(1) you can use 1t at home

Search

Algorithm is publisher
entirely avala

L) Noificat

p~ O 25 commits

ast month
2 months ago

3 months ago

Fix Ten

sorFlow versions In AlphaFoid Colab notebook. 2 months ago

Remoave a redundant space. 2 months ago

.dockerignore Collapse hh-suite Install steps Into single layer. 3 months ago
[ CONTRIBUTING.md Initial release of AlphaFold. 3 months ago
[ LICENSE Initial release of AlphaFold. 3 months ago
[3 README.md Update the bibtex citation with the issue number and pages ast month
[ reguirements.txt Switch to Tensorflow CPU-only. GPU not needed for data pipeline. 2 months ago
] run_alphafold.py Use pLDDT in the B-factor column of the output PDBs. 2 months ago
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» Is there some limitations?
(1) you can use 1t at home

bioRxiv preprint doi: hitps://doi org/10.1101/2021.09.26.46 1878, this version posted September 26, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the authorfunder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
avallable under aCC-BY 4.0 International license.

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”

=» Automatic homology
modelling ...

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

A structural biology community assessment of AlphaFold 2 applications

Mehmet Akdel'’, Douglas E V Pires?’, Eduard Porta Pardo®*’, Jurgen Janes®’, Arthur O
Zalevsky®', Bélint Mészéros’’, Patrick Bryant®’, Lydia L. Good®, Roman A Laskowski®'
Gabriele Pozzati®, Aditi Shenoy®, Wensi Zhu®, Petras Kundrotas®, Victoria Ruiz Serra*, Carlos H
M Rodrigues?, Alistair S Dunham®, David Burke®, Neera Borkakoti®, Sameer Velankar®, Adam
Frost'’, Kresten Lindorff-Larsen®, Alfonso Valencia*®, Sergey Ovchinnikov''¥,  Janani
Durairaj'?#, David B Ascher’#, Janet M Thomton>* Norman E Davey"# Amelie Stein®#, Ame
Elofsson®”, Tristan | Croll™*#, Pedro Beltrao®"

1 - Bioinformatics Group, Department of Plant Sciences, Wageningen University and Research, Netherlands

2 - Systems and Computational Biology, Bio21 Institute, University of Melbourne, Melbourne, Victoria, Australia

3 - Josep Carreras Leukaemia Research Institute (1JC),Badalona, Spain

4 - Barcelona Supercomputing Center (BSC)

5 - European Molecular Biology Laboratory, European Bicinformatics Institute (EMBL-EBI), Cambridge, UK.

6 - Shemyakin-Ovchinnikov Institute of Bicorganic Chemistry, Russian Academy of Sciences, 117997 Moscow,
Russian Federation

7 - European Molecular Biology Laboratory, Heidelberg, Germany

8 - Dep of Biochemistry and Biophysics and Science for Life Laboratory, 17121 Solna, Sweden

9 - Linderstrom-Lang Centre for Protein Science, Department of Biology, University of Copenhagen, DK-2200
Copenhagen N, Denmark

10 - Department of Biochemistry and Biophysics University of California, San Francisco

11- Faculty of Arts and Sciences, Division of Science, Harvard University, Cambridge, MA 02138
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A Proteins

AF residue
confidence

Residues

Homo sapiens

Mus musculus

Drosophila melanogaster
Caenorhabditis elegans
Saccharomyces cerevisiae
Schizosaccharomyces pombe
Escherichia coli
Staphylococcus aureus
Plasmodium falciparum
Mycobacterium tuberculosis
Arabidopsis thaliana

Count 1le3

0.0 200 0.0 10.0 05 1.0
Count le6 Ratio

Databank

B SwissModel
B AlphaFold
B Unresolved

Confidence
B \Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
B Confident (90 > pLDDT > 70)
M Very high (pLDDT > 90)

=>» Automatic homology
modelling ...

Russian Federation
7 - European Molecular Biology Laboratory, Heidelberg, Germany

Copenhagen N, Denmark

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

5- Euroﬁean Molecular Bblbéy Labbratoty. European Bicinformatics Institute (EMBL-EBI), Cambridge, UK.
6 - Shemyakin-Ovchinnikov Institute of Bicorganic Chemistry, Russian Academy of Sciences, 117997 Moscow,

8 - Dep of Biochemistry and Biophysics and Science for Life Laboratory, 17121 Solna, Sweden
9 - Linderstrom-Lang Centre for Protein Science, Department of Biology, University of Copenhagen, DK-2200

10 - Department of Biochemistry and Biophysics University of California, San Francisco
11- Faculty of Arts and Sciences, Division of Science, Harvard University, Cambridge, MA 02138
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» Is there some limitations?
(11) there 1s a database of already done model

EBI: https://www.alphafold.ebi.ac.uk Article
Highly accurate protein structure prediction
forthe humanproteome

AlphaFold2, at a scale that covers .. 98.5%
Of human proteins. The resulting dataset htps://doi.org/10.1038/s41586-021-03828-1  Kathryn Tunyasuvunakool'™, Jonas Adler’, Zachary Wu', Tim Green', Michal Zielinsld',

Received: 11 May 2021 Augustin Zidek', Alex Bridgland', Andrew Cowle', Clemens Meyer', Agata Laydon',
ek { Sameer Velankar’, Gerard J. Kleywegt’, Alex Bateman’, Richard Evans', Alexander Pritzel’,

covers 58% Of residues With a Conﬁdent Accepted: 16 July 2021 Michael Figurnov’, Olaf Ronneberger', Russ Bates', Simon A. A. Kohl', Anna Potapenko',

Published online:22July 2021 Andrew J. Ballard', Ry -Paredes’, Nikolov', Rishub Jain',

Ellen Clancy', David Reiman', Stig Petersen’, Andrew W. Senior', Koray Kavukcuoglu',

prediction, of which a subset (36% of all e SR PG s & el

® Check for updates

. . Protein structures can provide invaluable information, both for reasoning about

re S 1 due S) have Very hlgh Conﬁdenc e . biological processes and for enablinginterventions such as structure-based drug
development ortargeted mutagenesis, After decadesof effort, 17%of the total

0 . residuesin human proteinsequences are covered by an experimentally determined

9 3 6 A) for drug de S lgn structure'. Here we markedly expand the structural coverage of the proteome by
applying thestate-of-the-art machine learning method, AlphaFold’, atascale that
covers almost the entire human proteome (98.5% of humanproteins). The resulting
datasetcovers 58% of residues with aconfident prediction, of which asubset (36% of
allresidues) have very high confide nce. We introduce several metricsdeveloped by
building on the AlphaFold model and use themtointerpret thedataset, identifying
strong multi-domain predictions as well asregions thatarelikelyto be disordered.
Finally, we providesome case studiesto illustrate how high-quality predictions could

Tunyasuvunakool K, et al (2021), Nature. e e S
596(7873):590-596.
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» Is there some limitations?
(11) there 1s a database of already done model

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

Highly accurate protein structure prediction
forthe humanproteome

AlphaFold2, at a scale that covers .. 98.5%
Of human proteins. The resulting dataset htps://doi.org/10.1038/s41586-021-03828-1  Kathryn Tunyasuvunakool'™, Jonas Adler’, Zachary Wu', Tim Green', Michal Zielinsld',

Received: 11 May 2021 Augustin Zidek', Alex Bridgland', Andrew Cowle', Clemens Meyer', Agata Laydon',
ek { Sameer Velankar’, Gerard J. Kleywegt’, Alex Bateman’, Richard Evans', Alexander Pritzel’,

covers 58% Of residues With a Conﬁdent Accepted: 16 July 2021 Michael Figurnov’, Olaf Ronneberger', Russ Bates', Simon A. A. Kohl', Anna Potapenko',

. . Andrew J. Ballard', R -Paredes’, Nikolov', Rishub Jain',
Pibiived online: 22July 2023 Ellen Clancy', David Reiman', Stig Petersen’, Andrew W. Senior', Koray Kavukcuoglu',

prediction, of which a subset (36% of all e SR PG s & el

™ Check for updates
. . Protein structures can provide invaluable information, both for reasoning about
re S 1 due S) have Very hlgh Conﬁdenc e . biological processes and for enablinginterventions such as structure-based drug
development ortargeted mutagenesis, After decadesof effort, 17%of the total
0 . residuesin human proteinsequences are covered by an experimentally determined
9 3 6 A) for drug de S lgn structure'. Here we markedly expand the structural coverage of the proteome by
applying thestate-of-the-art machine learning method, AlphaFold’, atascale that
’ * covers almost the entire human proteome (98.5% of humanproteins). The resulting
4 2 % que Stl On ab Out fO 1d datasetcovers 58% of residues with aconfident prediction, of which asubset (36% of
allresidues) have very high confide nce. We introduce several metricsdeveloped by
building on the AlphaFold model and use themtointerpret thedataset, identifying

strong multi-domain predictions as well asregions thatarelikelyto be disordered.
Finally, we providesome case studiesto illustrate how high-quality predictions could

Tunyasuvunakool K, et al (2021), Nature. e e S
596(7873):590-596.
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M. tuberculosis

Model confidence:

W very high (pLDOT > 20) I Contident (90 >pLDOT > 70) Low (70 >plDOT > 50} B Very low (pLDDT < 50)

» 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.

The good, the bad and the ugly”
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» Is there some limitations?
(11) there 1s a database of already done model

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

AlphaFold

Protein Structure Database

Developed by DeepMind and EMBL-EBI

el £ ¢ I Search
[ tyackifpceptor 2 | AIES8602 DSVSLY | E coll  Help:  AlphaFold DB search haip

So you ask your favourite protein
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» Is there some limitations?
(11) there 1s a database of already done model

EMBL-ER

EBI: https://www.alphafold.ebi.ac.uk Slibet ok Staiin s e e Dntoi oo

Atypical chemokine receptor 1

AlphaFold structure prediction

Download [ PDB file I[ mmCIF file I[ Predicted aligned error I

Information e
Protein Atypical chemokine receptor 1

Gene ACKR1

Source organism Homo sapiens g0 1o search e

UniProt Q16570 gota UniProt

Experimental structures 2 structures in PDB for Q16570 go to PDBe-KB «

Biological function Atypical chemokine receptor that controls chemokine levels and localization via high-affinity chemokine binding that is uncoupled from classic
ligand-driven signal transduction cascades, resulting instead in chemokine sequestration, degradation, or transcytosis. Also known as
interceptor (internalizing receptor) or chemokine-scavenging receptor or chemokine decoy receptor. Has a promiscuous chemokine-binding
profile, interacting with inflammatory chemokines of both the CXC and the CC subfamilies but not with homeostatic chemokines. Acts as a
receptor for ... 4 (showmare] g0 to UniProt of

Yes, it 1s a transmembrane one- -
And 1 do not like the final model...
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Publications

Feature viewer

Feature table

Atypical c
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AlphaFold structt
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Protein

Gene

marras |

Biological function

aTop

Information

T
Yes, it 1s a

Source
PDB

PDB

AlphaFold

Included in UniProt ..

Identifier

ANUU

anNuv

AF-Q16570-F1

And 1 do not like the final model...

Confusing for non-specialist
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"

100k,

X-ray

X-ray

Predicted
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. and not always pertinent

Chain
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Positions
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1-336
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SNPs == pathologies
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An accurate prediction of topology can
certainly help these efforts, but what 1s
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  Gaurav b. biwan' Juan Carlos Gonzalez-Sanchez  Gordana Apic and
Robert B. Russell’

Next Generation Protein Structure
Predictions and Genetic Variant
Interpretation

information, SuCh as eVOlutiOnary BioQuant, Heidelberg University, Im Neuenheimer Feld 267, Heidelberg, Gemmany
. . Biochemistry Center (BZH), Heidelberg University, Im N Feld 328, Heldelberg, Gemany
Conservatlon’ Sequence annOtatlon data and’ Correspondence to Robcr! B. Russell: BoQuant, Heidelberg University, Im Neuenheimer Feld 267, Heidelberg,
. . . Germany. rober Pbioquant.uni-heelberg. de (R.B. Russell)
of course, the vast and growing scientific oo oo
literature. Abstract

The need to make sense of the thousands of genetic variants uncovered every day in terms of pathology
or biological mechanism is acute. Many insights into how genetic changes impact protein function can be

Diwan GD, Gonzalez-Sanchez JC, ApiC G,  ccurmencinoaol receins siuchures fom amino acl seausnces (c.0. Aphaloc) s s goertely
. great boost to those wanting to understand genetic changes. In this paper we discuss the current state of
Russell RB. (2021), J Mol Biol. 4:167180.
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bioRxiv preprint doi: https://dol org/10 1101/2021 09.19 460937; this version posted September 20, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the authorunder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 Intemational license.

Evaluation of variants ?

We found a very weak or no correlation Using AlphaFold to predict the impact of single mutations on
between AlphaFold Output metrics and protein stability and function

Marina A. Pak', Karina A. Markhieva®", Mariia S. Novikova®", Dmitry S.

Change Of prOtein Stability or ﬂuorescence‘ Petrov®”, Ilya S. Vorobyev!, Ekaterina S. Maksimova®, Fyodor A. Kondrashov?,
Our results imply that AlphaFold cannot be s Dty Bl ko

. . . 'Center of Life Sciences, Skolkovo Institute of Science and Technology, Moscow,
immediately applied to other problems or Russia

“Peoples’ Friendship University of Russia (RUDN University), Moscow, Russia
1 1 1 1 1 $Armand Hammer United World College of the American West, New Mexico, USA
appllcatlons m prOteln fOldlng’ *Specialized Educational and Scientific Center of UrFU (SUNC UrFU)
Ekaterinburg, Russia
*Justitute of Science and Technology Austria, Maria Gugging, Austria

Pak et al (2021), BioRxiv e i
https://www.biorxiv.org/lookup/doi/
10.1101/2021.09.19.460937 Rhskract

AlphaFold changed the field of structural biology by achieving three-dimensional (3D) structure
prediction from protein sequence at experimental quality. The astoinding success even led to

claime that the ratein foldine nrablem is “salved”  However nrotein folding orohlonm e nore
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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.

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

Although only time will tell, this
advance 1s expected to represent a
breakthrough in structural biology that
1s comparable to previous major
advances,

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

correspondence | o

AlphaFold2 and the future of structural biology

the Editor = AlphaFold2 fsa
machine-learning algorithm for protein
structure prediction that has now been used
1o obtain hundreds of thousands of protein
models, The resulting resource is marvelous
and will serve the community in many
ways. Here [ discuss the implications of this
breakthrough achievement, which changes
the way we do structural biology.

Imagine a website where you could
download a reliable three-dimensional
maodel of your protein of interest. Until
recently, this was just a dream. Now such
structure prediction has hecome reality,

a least for many monomeric proteins,

Asa result of a collaboration between the
company DeepMind and the European
Molecular Biology Laboratory, hundreds of
thousands of protein models were published
online 22 July 2021

Ithas been a long-term goal of the
scientific community to provide structural
information on the human proteome
However, despite decades of effort, only

~18% of the total residues in human pmiem
sequcnw\ are cmered by es et tally

already been applied to predict structures of
several protein complexes. Like AlphaFold2,
RoseTTAFold is available to the community
and can now be used as an alternative route
o predict protein structure from sequence.

AlphaFold2 and the community

Half a century ago, the structural

biokogy community had decided that all
experimentally resalved macramolecular
structures should be collected in an
open-access database, the Protein Data
Bank (PDB)’. The PDB has been a great
investment in the future and was essential
for training the machine-learning algorithm
of AlphaFold2. From the features learned
during this training on experimentally
determined structures, the algorithm

could predict unknown structures with
considerably higher accuracy than what has
been achieved before.

The vast structural knowledge available
in the PDB was thus a conditio sine qua non
for developing the new prediction tools.
Obtaining the many experimental structures
lh:ll are cul lected in the PDB hn required

solution of domain structures by NMR may
be replaced by fast predictions so that the
unique advantages of NMR in investigating
protein folding and dynamics and the
binding of ligands and nucleic acids can be
utilized more readily.

The new prediction algorithms should
also improve automated model building,
This will not change the general approach
in structural biology, which has always
combined model building with experimental
observations. The best-known example
may be the DNA double helix, which was
onginally modeled 1o fit experimental
observations that came from X-ray fiber
diffraction and biochemistry”, Until
today, structural models were built to
cxplain experimental data, but soon
machine-leaming methods may be
combined with classical refinement tools
to largely automate model building, to the
benefit of the community

New challenges for computational

biology

The new algunlhms will be used to pmiul
160 v
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> Yes, it is excellent
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Conclusions on AF2
> Yes, it is excellent

» No, it is not perfect and a lot of works are still needed.
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Conclusions on AF2

> Yes, it is excellent

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

» So, an excellent new tool, with results that must be evaluated
(as always)
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An agnostic analysis of the human AlphaFold2 proteome using local )

protein conformations
Alexandre G. de Brevern
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Knowledge of the 3D structurs of protsins i 3 valuable ascet for understanding their procise bielogical
mechanisms However, the cost of of3D and limut their
obeaining. The proposal of 3D suuctural models 15 corsequently &n appealing alternative. The release of
the AlphaFold Deep Learning approach has revolutionized the fieid The recent nearcomplete human
protecme proposal makes & possible to analyw Large amowmnts of dats nd svakeate the recults of the
appiosch in grzater depth The 30 husian protece was (s asalysed (0 kght of the dassk secondary
structures, and many less-used proten Jocal conformations (Poly Proline || helices type of y-turns, of -

pridesen BT turns and of f-buiges. curvatume of the heliees_and astructunl alphabet) Withoet questioning the global
Heix qealty of the approach, this analysis certain local which maybe poorly pre
Sheet: tum dicted and they could tierefore be betrer addressed.

polyproline § © 2022 Elsevier BV. and Soaété Fancaise de Biochimie et Biclogie MoEculaire {SFBBM). All nights
Sonacrissal Alphabot s <tructuss reserved
Doep kearning

1. Introduction TASSER [5-7] These two last have won numerous Critical Assess-

Protens are essential consttuents of cells. onz of the magor
macromolecules of life Composed of 20 anuno acids, proteins
ersure a variety of essential biological lunctions. The dogme of
muolecularbiology emphases the link between the nucleic sequence
and the protein sequence to arrive at protein Sructures and their
funcrions. Nowadays. access o these sequences has become
partcularly cheap |1} Databases contain mullions of protein sa
quences, while the three-dunensional Structures of proteins are
much more difficult to obtan experimentally [2]

Hence for more than 30 years, different computational ap-
proaches have been implemented to propose three.

ment for Protein Predi (CASP) 82}
Arrived atthe CASP13 (2018), the company DezpMind presented
its new Deep Learning approach named AlphaFoid [ 10]. It won the
Free Modelling category, e the prediction of novel protein fokls
[11 | whereas tsmplare-Rased Modelling category, | & protein folds
already found in the Protein Data Bank, was won by Zhang's group
[12). Twe years later, AlphaFold version 2 obtained pamicularly
remarkable at CASP14 (2020)[ 131 4]; sorse models were within the
UNCEITRINEies of the expertmental resolulion, 3n Impressive result
Thic improvemant combined the delicate use of evolution, contacts
within proteins, and large GPU computing power that allowed the
of a particularly compiex and elegant architecture

{3D) strictural models of proteins from ther amino aod
uqunur [3]- The dassc categories of these approaches include

logy or ¢ delling, threading ab initie, de novo
approaches, and meta-servers, these last combined several ap-
proaches. It is pessible to notice the best-known mols such as
Modeller [4], the golden standard of h i

[15,16).

AlphaFold 2 was 2 hot topic for 2020 and 2021 [ 17-20], leading
to 3 revolution in proten structural model building [21,22] and
opening petertial new oppormunities, eg new drug design re-
suf:hes [23.24] Three points can be noticed (1) the code can be

modelling and de nove MOS recent approaches Rosera and |-

* INSERM UMK S 1134, DSIMB Biom b marks leam Pars Ché. § roe Maka
Helena Vieis da Silea 75014 Paris. France
vl adtwes o wnde

Bt o 10 I0IY) bt X2 TLOCS

mioaded freely on CitHub (https: githubcom/despmind
alphatold) and 15 really useable [25), (1) diferent oniine note-
books for non-specialists are exy to use(a g hirpe //colab research
grogle cony githubisekrypron/Colabfold b lob/ me ! barch/
AlphaFold2 batchapynb) [26], and (m) EBl provides structural
modd dambases |27] Indeed, modd building is expensive in

300-9084/0 2022 Ebevies BV and Saciité Fancase & Biochanie et Biologe Moléculume (SFEEMI All nights jeserved.

Not all local conformations are properly
predicted !

de Brevern A.G. An agnostic analysis of the
human AlphaFold2 proteome using local protein
conformations. Biochimie (2023) 207:11-19.
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.« d alexandre diderotir, Tel 433144393000

Abstract: Access b the three-dimensonal (3D} structural information of macramolkecules s of mayr
mterest in both fundamental and applied rescarch. Oftaining thisexperimental data can be complex,
time consuming, and costly. Therdore, in slico comp approaches are an of
inkenst, and sometimes present a wnique option In this context, the Protein Structure Prediction
method AlphaFold2 representsd a revolutionary advance in structural bianformatics. Named
method of the year in 2021, and widely distrbuted by DecpMind and EBL # was thought at this time
that proteinfolding issues had been reolved. However, the rality s shghtly more complex. Due to
2 lack of input exp Idata, related to cry aphuc chalie: some targes have remamed
highly chalkenging or not feasible. This pespedive exercixe, dedicated b a non-expert audience,
discusses and comectly places AlphaFold2 methodology m its context and, above all, highlights
its use, limitations, and opportunites. After 2 seview of the interest m fhe 3D structure and of the
previous methods used m the field, AR2isbrought into its hstorial context Its spatial mtesests ane
detailed before presenting precise quantifications show ing same kmsations of fhis approach and
fashing with the perspectives in the ficdd.

Keywords: decul dell protein seq; protein stroctures; comparative modellng;
thread mg; de novo; meta-servers; decp kaming: CASP

1. Foreword

The idea for this short persp comes from ple discussions about the real
impact of AlphaFold2 (AF2) with fellow spedalists, biokogists, and students. We provide a
simple but hensive overview including the expertise of researchers who deal with
AF2on a regular basis, for non-specialists such as medical doctors. AF2 is has various
wsers. It 5 a method that hasbeen discussed in anunparalleled way in d scientific
yournals (method of the year for Nature Methods [1], with a $3 millicn award for its
designers [2]) and has impacted non-specialists {e.g., the Times best inventions 2022 [3]).
Statements asserting that ‘Tt will change everything’ [4] or ‘DeepMind Al cracks 50-year-old
problem of protein folding” [5] bring questions, especially when the reality and impact of
the results differ from one research 1ab to another.

This strategic perspeclive exercise is articulated in four pants. First, we outline for
the record the issues of interest in protein structure and the history of the field of three-
dimensional (3D) structural model prediction. Second, we discuss mowe specifically the
deep learning approaches in Structural Bicinformatics. Third, we present our ideas on
the contributions and limitations of AF2. Finally, we conclude with perspectives for the
evolution of the fidd

2. Introduction
21 Protewns and 3D Structures

Profeins are composed of a succession of ammo adds, essential biolbogical maolecules
that are the building blocks of lecules. With 20 different ty pes, these amino acids

BaMoflnformatics 2003, 3, 37530 htps //docoxg /103590 tecened o rmatics3020m0e

heps/ fww dp /o "

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

Protein structure prediction

Sequence pIDDT : 95

MTPEEEAXFEELKEEKELVERGVK >
RUIEMNLGPOLTPEERAEFFEEVRYIL

AlphaFold2 } ——>

1 % (M
Iterative process Qlf\.;b_,;‘;
T

pIDDT : 70 pIDDT : 10

plDDT : 30

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

(a)
» Protocol:

protein properties (S2, disorder, PTMs,...)
PSI-BLAST, HMM, ... searching in databases
Looking for evolution
Comparative modelling if possible (Modeller)
Tools and webservers:
comparative, e.g. SwissModel,
threading, e.g. Phyre
de novo, e.g. I-Tasser, Rosetta

» Analyses

Tourlet S., Radjasandirane R., Diharce J., de

Brevern A.G. AlphaFold2 Update and

Perspectives. BioMedInformatics (2023) 3(2), 103
378-390.
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What I was doing before AlphaFold2 What I am doing now
(a) (b)

» Protocol: > Protocol:
protein properties (S2, disorder, PTMs,...) protein properties (S2, disorder, PTMs,...)
PSI-BLAST, HMM, ... searching in databases PSI-BLAST, HMM, ... searching in databases
Looking for evolution Looking for evolution
Comparative modelling if possible (Modeller) Comparative modelling if possible (Modeller)
Tools and webservers: M Tools and webservers:
comparative, e.g. SwissModel, L—Y comparative, e.g. SwissModel,
threading, e.g. Phyre threading, e.g. Phyre
de novo, e.g. I-Tasser, Rosetta de novo, e.g. I-Tasser, Rosetta

Deep learning, e.g. AlphaFold2
» Analyses » Analyses

Tourlet S., Radjasandirane R., Diharce J., de

Brevern A.G. AlphaFold2 Update and

Perspectives. BioMedInformatics (2023) 3(2), 104
378-390.
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» Editorial : Should We Expect a Second Wave of
AlphaFold Misuse After the Nobel Prize?

Editorial

Should We Expect a Second Wave of AlphaFold Misuse After the
Nobel Prize?

Alexandre G. de Brevern

Université Paris Cité and Université de la Réunion, INSERM, BIGR, DSIMB Bioinformatics Team,
F-75015 Paris, France; alexandre.debrevern@univ-paris-diderot. fr; Tel.: +33-1-4449-3000

Alphalold (AF) was the first deep learning tool to achieve exceptional fame in the field
of biology [1]. To sum up, we first recall the existence of the CASP (Critical Assessment of
Structural Prediction) competition, which allows the evaluation of individual prediction
methods by proposing protein structural models. In 2018, the first version of the AF
obtained excellent results, close to those of the best approaches available at the time [2,3].
Two years later, in 2020, a particularly significant average improvement was observed [4,5],
and then with the communicative power of a company spun off from Alphabet, a great
increase in media coverage of structural bioinformatics occurred.
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» It seems, but it is not so easy to do a good structural model.
» Link with experiments can be very complicated

» Analysis of initial structural data is essential

» Good knowledge of appropriate tools is important

» It takes a lot of time, needs to be properly think.
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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.

AlphaFold Protein Structure Database

AlphaFold
Protein Structure Database

Developed by DeepMind and EMBL-EBI
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Question: Can we evalua
quality of AlphaFold2?

Design:

Dataset: AlphaFold2 hum
provided by EBI.

a-helix (w/linear, curved and kinked)
3,p-helix

n-helix

B-turn with turn and bend

types with I, I", IL, II”, IV (W/IV ;.. IV, IV,, [V, IV)), V1, VI,,, VI, and VIIL
y-turn (classic and inverse)
PolyProline II helix

B-bridge
[B-sheet (3-strands)
f-bulge: AC, PC, AG, AS, PS, AB, PB.

Cotl (loop)

Methods: Assignment of local protein conformations
(DSSP, ProMotif, SEGNO, HELANAL, Protein Blocks)
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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.

Methods: Assignment of local protein conformations
(DSSP, ProMotif, SEGNO, HELANAL, Protein Blocks)
pLDDT (confidence index)
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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.

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

Table 1

Secondary structure distribution. Is provided the frequencies (%) of secondary
structure assigned by DSSP, by extended DSSP with PPII assignment (DSSP + PPII),
STRIDE, PROMOTIF, SEGNO and recent DSSP.

DSSP  DSSP + PPIl  STRIDE PROMOTIF SEGNO DSSP new

a-helix 30.13 30.13 31.21 30.11 30.09 29.86
310-helix 2.42 242 2.00 244 2.18 2.42
m-helix 0.01 0.01 0.00 0.01 0.39 0.36
Turn 8.16 8.16 16.01 8.15 — 8.08
Bend 6.11 6.11 — 6.13 re— 6.11
PPII — 5.61 — -— 6.38 =
B-bridge  0.59 0.59 0.64 0.58 — 0.59
B-sheet 13.29 13.29 13.79 13.27 13.81 1329
coil 3929 3368 36.36 39.32 47.16 39.29

17
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» AF2 human proteome: 23.511 structural models

(representing 98.5% of human proteome)

[0 B-bridge
I coil

[ p-sheet

B 3,,-helix
B o-helix

I -helix

B Peil

"7 bend (wo/H)
[ turn (w/H)

Occurrence (10°)

DSSP (8-states)
+PPII

0 25 50 75 100
pLDDT 118
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» AF2 human proteome: 23.511 structural models

(representing 98.5% of human proteome)

DSSP +

PPII <50 50-60
a-helix 30.13  3.01 (==--- 3.80 (----)
3)0-helix 242 1035 (----) 8.12 (++)
7-helix 001 076 (--) 190 (-)
Turn 8.16 981 (-=---) 735 (+++)
Bend 6.11 1751 (==-=) 695 (++)
PPII 561 3583 (+++) 9.70 (+++)
B-bridge 059 442 (---) 296 (--)
; Loy 11§ _(e=n]
Coil 3368  69.04 (++++) 556 (+4) I
Sum 00.0 28.74 4.85

It is expected (IDRs, ..)

5.39
7.59
3.05
8.26
7.51
8.80
431
2.17
3.19

476

80-90

27.70
27.30
20.94
29.11
26.81
17.55
28.13
26.11

8.32

20.41

(+++)
(++)
(0)
(+++)
(+++)
(==)
(++)
(+++)
(==E)

49.91
35.00
79.06
31.45
28.48
18.09
50.82
63.57
10.15

33.34

119

>90

(+4+)
(++)
(++)
(==
(==
{===)
(++)
(+++)
(===)
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» AF2 human proteome: 23.511 structural models

(representing 98.5% of human proteome)

DSSP +
PPII <50 50-60 60-70
a-helix 30.13  3.01 (----- 3.80 (==--) 539 (++)
310-helix 242 1035 (==--) 8.12 (++) 7.59 (+4)
n-helix 0.0l 076 (--) 1.90 (-) 3.05 (-)
Turn 816  9.81 (----) 735 (+++) 826 (+++)
Bend 611 17.51 (-===) 695 (++) 7.51 (+++)
PP 5613383 (7++) 970_(+++) 880 _(+++)]
B-bridge 0.59 442 (---) 296 (--) 431 (-)
B-sheet 13.29 112 (---) 1.16 (===) 217 (===)
Coil 3368 69.04 (++++) 556 (++) 3.19 (---)
Sum 1000  28.74 4.85 4.76

80-90

27.70
27.30
20.94
29.11
26.81
17.55
28.13
26.11

8.32

20.41

(+++)
(++)
(0)
(+++)
(+++)
(==)
(++)
(+++)
(==)

49.91 (+++)
35.00 (++)
79.06 (++)
3145 (=-)
28.48 (--)
18:09 =)
50.82 (++)
63.57 (+++)
LS (===)

33.34

» PolyProline II helices are found often associated with low
confidence index.
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B-turns:

Freq. rel. Freq. <50 50-60 60-70 70-80 80-90 >90

B-turn I 8.87 42.93 10.56 7.10 7.28 11.91 27.79 35.35
(classic) T 0.71 3.43 1.24 2.12 5.28 12.51 3591 42.93
I 232 11.25 3.04 337 6.43 15.59 32.52 39.03

' 0.40 1.93 0.66 1.79 4.44 13.37 37.89 41.73

v 6.01 29.07 18.92 7.54 6.31 9.69 23:37 34.16

Vlai 0.10 0.50 0.65 2.13 4.35 14.84 36.79 41.24

Va2 0.03 0.15 0.51 1.70 3.74 8.84 32.65 52.55

Vb 0.23 1.10 0.89 1.62 4.92 15.67 39.19 37.71

VIII 1.99 9.64 3.75 5.48 8.38 13.40 31.72 37.27

B-turn IV 0.81 3.93 291 1.50 297 8.25 26.13 58.22
(ext.) IV2 1.03 4.99 22.36 11.71 9.24 11.27 21.41 24.01
IV3 0.88 4.25 7.34 4.14 4.36 9.85 29.25 45.04

IV4 0.96 4.65 38.55 12.41 6.82 7.09 18.13 16.97

[Vmisc 2:33 11.26 19.25 7.08 6.70 10.51 23.21 33.24

» A small issue with p3-turn type IV, (frequency 0.96% of f3-
turns), near all maximum frequency are with pLDDT > 90.
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y-turns:
Freq. rel. Freq. <50 50-60 60-70 70-80 80-90 >90
y-turn _classic 0.09 1.43 17.66 8.31 8.34 11.39 23.73 29.18
IInverse 6.20 98.57 54.98 14.28 8.07 5.45 7.91 9.28

» A big issue with inverse y-turn (frequency 98.6% of y-turns),
with 55% with pLDDT < 50.

Gamma turn Inverse gamma turn

R
0\/0 0 o

i+2 i+2
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B-bulges:

Freq. rel. Freq. <50 50-60 60-70 70-80 80-90 >90

B-bulge AG1 0.97 41.66 2.54 1.26 3.77 11.33 34.20 46.91
AC 1.08 46.22 2.33 0.74 1.81 5.08 26.31 63.73
PC 0.04 1.56 1.79 0.53 1.05 2.86 13.44 80.33
AW 0.13 5.45 2.46 0.89 2.23 8.90 36.45 49.06
PW 0.01 0.30 3.70 3.51 2.53 4.19 16.96 69.10
AB 0.01 0.37 4.01 1.49 2.36 12.74 32.47 46.93
PB 0.02 0.67 20.73 8.59 6.54 9.53 19.27 35.30
AS 0.08 3.46 1.73 1.08 2.69 7.79 28.46 58.24
PS 0.01 0.31 0.73 0.18 0.55 2.29 9.72 85.88

» No systematic problem for -bulge.
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helix geometry:
Freq. rel. Freq.
Helix  linear 1.54 8.96
curved 11.01 64.00
kinked 4.65 27.04

<50 50-60 60-70
2.2 321 4.41
2.81 3.72 4.97
2.52 3.72 5.82

70-80

8.29
8.88
11.66

» No systematic problem for helix geometry.

ST,

80-90 >90
24.86 56.49
24.75 54.85
30.28 45.99
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Omega angles:

Freq. rel. Freq. <50 50-60
cis W Allresidue 4.75 - 94.81 2.22
CiS W Proline 0.24 3.80 86.62 8.91

60-70 70-80 80-90 >90
0.40 0.58 1.00 0.98
1.20 0.86 1.28 1.10

» A systematic problem for cis w angle (0°) for Proline and

every type of residues.

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.

trans Cys-Pro
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Human proteome analysed by DSSP (+PPII) and the other
approaches.

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

» Some less classical local protein conformations are found
with low confidence index, i.e. y-turns and cis w angles.

55% of inverse y-turns have pLDDT <50
39% of type IV, B-turns have pLDDT <50
94% of cis w angles have pLDDT <50
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» Analysis was also done with Protein Blocks (a series of 16
small local protein conformations of 5 residues, de Brevern

et al, Proteins, 2000).

o Q

Qn

(10°)

Occurrence

T O3SII-xTTTQSN0

0 25 50 75 100 127
pLDDT
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PBs

W O N ¥ o~ xS o 30N 80 O

» Analysis was also done with Protein Blocks (a series of 16
small local protein conformations of 5 residues, de Brevern

freq (%)
4.14
3.02
6.63
2241
7.7
4.74
0.92
3.56
3.94
1.22
3.73
3.60
30.07
0.85
1.38
2.10

et al, Proteins, 2000).
<50 50-60
46.04 (+++) 4.03 (--)
12.14 (===) 6.15 (++)
16.34 (---) 6.22 (+++)
42.20 (+++) 545 (++)
81.88 (++++) 2.82 =)
10:59. (===) 542 (++)
33.18 (++) 771 §H)
63.42 (+++) 3.99 ==}
75.77 (+++) 0L ==
66.80 (+++) 324 (--)
T81 (===) 6.65 (++)
8.16 (===) 642 (++)
498 (---) 4.64 (--)
344 (---) 3.32 =)
6.31 (v==) 3.9 ==}
480 (---) 447 (--)

3.51
7.09
6.03
3.86
1.05
6.32
87712
291
238
2.91
|
7.09
5.60
5.19
5.96
7.04

(++)
(++)
(++)
(+)

(++)
(++)

70-80

6.67
12.11
9.06
4.82
1.82
10.45
8.53
5.60
4.19
5.59
13.35
12.45
9.92
11.69
12.60
13.33

80-90

17.07
28.89
24.05
13.91

4.77
27.44
19.26
L1:79

71.95
11.05
29.61
29.98
26.49
30.98
31.69
32.62

22.63
33.62
38.33
29,75

7.66
39.71
25.62
12.29

6.71
10.36
34.89
35.93
48.37
45.38
39.69
37.98
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» Analysis was also done with Protein Blocks (a series of 16
small local protein conformations of 5 residues, de Brevern
et al, Proteins, 2000).

PBs freq (%) <50 50-60 60-70 70-80 80-90 >90
a 4.14 46.04 (+++) 4.03 3.57 6.67 17.07 22.63 (==~
b 3.02 12.14. (===) 6.15 7.09 12.11 28.89 33.62 (0)
c 6.63 16.34 (---) 6.22 6.03 9.06 24.05 38.33
d 22.41 4220 (+++) 5.45 3.86 4.82 F 13.91 j 29.75
e 771 81.88 (++++) 2.82 1.05 (-- 1.82 (--- 4.77 ) 7.66
f 4.74 10.59. {«<==) 5.42 6.32 10.45 27.44 39.77
g 0.92 33.18 (++) 7.71 5.72 8.53 19.26 25.62
QC [7¢C ) 7 )
D Gon s oo | U [1tis expected (see coil state) [ 07
i 122 66.80 (+++) 3.24 2.97 5.59 11.05 10.36
k 3.73 781 ((===) 6.65 .7 13.35 29.61 34.89
/ 3.60 8:16 (~==) 6.42 7.09 12.45 29.98 35.93
m 30.07 498 (---) 4.64 5.60 9.92 26.49 48.37
n 0.85 344 (---) 3.32 5.19 11.69 30.98 45.38
) 1.38 6.31 (===) 3.75 5.96 12.60 31.69 39.69
p 2.10 4.80 (===) 4.47 7.04 13.33 32.62 37.98
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» Analysis was also done with Protein Blocks (a series of 16
small local protein conformations of 5 residues, de Brevern
et al, Proteins, 2000).

PBs freq (%) <50 50-60 60-70 70-80 80- 90 >90
a 4.14 46.04 (+++) 4.03 3.57 | 6.67 17.07 22,63 (==~
b 3.02 12.14 (=-=) 6.15 7.09 12.11 28.89 33.62 (0)
c 6.63 16.34 (---) 6.22 6.0 9.06 24.05 38.33
d 2241 4220 (+++) 45 ‘ D1 (---) 29.75 (---)
e 771 81.88 (++++)| _ Itis NOT expected -- L S 7 R (e
[ 4.74 10.59 (---) 5.42 6.32 10.45 27.44 39.77
g 0.92 33.18 (++) 572 8.53 19.26 ( 25.62

2100 { Q (---) 770 (—-—-)
Ll e | S (1 et seecoilsue) [} (D50 (0
j 1:22 66.80 (+++) 3.24 | 2.97 5.59 11.05 ( 10.36 {=~=)
k 3.73 TRBL (===) 6.65 771 13.35 29.61 34.89
/ 3.60 816 ((===) 6.42 7.09 12.45 29.98 35.93
m 30.07 498 (---) 4.64 5.60 9.92 26.49 48.37
n 0.85 344 (---) 3.32 5.19 11.69 30.98 45.38
) 1.38 6.31 (===) 3.75 | 5.96 12.60 31.69 39.69
p 2.10 480 (---) 447 7.04 13.33 32.62 37.98
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» Analysis was also done with Protein Blocks (a series of 16
small local protein conformations of 5 residues, de Brevern

et al, Proteins, 2000).

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

» However, the frequency of 3-sheets is lower than expected in this
dataset.

» Wouldn't we have unfinished p-sheets but with well-prepared 3-strands
(the prediction of 3-sheets is always the most difficult).
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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.



