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Importance of modeling

For most known proteins, 3D structure is unknown.
For ~1/3, function is unknown.

50% of our dry weight...

Sequence =¥ Structure

N/

Function




The folding problem

N ~10"

états

n = 100-300 googols of googols....
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Levinthal paradox



*Protein structure and stability

*Molecular modeling, molecular dynamics

*Predicting secondary structure

*Predicting 3D structure: homology modeling
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The main chain has two flexible dihedrals per amino acid
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Sterically allowed ¢,y values are those of the
Ramachandran plot
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Sterically allowed values are those of the
Ramachandran plot
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Lovell et al, 2003,
Proteins, 50:437
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Fig. 4. b angle distributions for 37 _368 rasidues with backbone B-factor < 30 fram the 500-structura high-resalution database, alang with validation
contaours for favared and allowed regions. a: The ganaral case of 81,234 non-Gly, non-Pro, non-prePro residues. b: The 7705 Gly residues, shown with
twofold symmetrized contours. €: The 4415 Pro residues with contours. d: The 4014 pra-Pro residues (excluding thase that ara Gly or Pra) with contours.



Nature chose L. amino acids

“L” not the same as “levorotary”



In helices and sheets, polar groups form hydrogen bonds

Feuillet p (antiparallel)

Hélice o

3.6 residues
per turn

Pseudo-period of 2




Helices and sheets are extended structures that can fraverse the
hydrophobic core, while forming all possible hydrogen bonds

Helices +
sheets =

over 60% of
amino acids
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Predicted by Corey & Pauling before the experimental structures



Loops are flexible, less conserved, and harder to predict

~ 1/3 of amino acids



The amino acids have a range of physico-chimical and
structural properties
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Side chains have flexible torsion angles

53 conformations of Lys seen in

X-ray structures



Side chains have preferred conformations, or ‘‘rotamers”

energy(chil,chi2)
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Discrete library of side chain conformations

= +60
“ N phenylalanine
y, = -60°
Y
/Ci"\ 7




Tertiary structure is globular, with a polar surface
and a hydrophobic core

Cytochrome ¢ Hemoglobin

Thioredoxin:
red atoms belong to P
hydrophobic side

chains




Membrane proteins are a separate case

lipide
protéine

bicouche
lipidique

région
hydrophobe

région
hydrophile

Cytochrome oxidase

~ 30% of our genome humain, ~ 50% of drugs
Few known structures (~100).
Few architectures.



Quaternary structure is a 3D

arrangement of structural domains

N-terminal domains  Catalylic dommnain
™,

Linker helix

=y A | 2
) (L k
Anticodon binding @ ~y4"

doniamn

100-300 amino acids



One domain can appear in many proteins

SH3 domain: found in
>150 proteins of
known structure.

23 in yeast; do not cross-react

Tyrosine kinase c-Src



Structural domains: hierarchical classification

3 classes

40 architectures

~ 1100 ““topologies”

Classifying a Protein in

the CATH Database or ‘““folds”
of Domain Structures ‘ S\

Acta Cryst (1998) D54:1155 Mo Bicamse

Orengo, Martin, Hutchinson, /\

Jones, Jones, Michie,
Swindells, Thornton ~ 2200 superfamllles



Similarities reflect evolution

Orthologs Paralogs
speciation / * Gene duplication
® ® & =

Divergence




Structural classification

Globin-like o class

Up-Down

Doubly
wound

o/ class

-..' '.i'l‘. |
.. 3 Jelly roll
B, ]
' .
TIM Barrel ™ UB rolls 114000 structures

Trefoil
*2200 superfamilies

*100 contain 60%
of all domains

www.cathdb.info



Protein stability




Proteins are marginally stable

AG = 5-15 kcal/mol = 10-30 kT
~ 0.1 KT per amino acid

Large conformational entropy
Many protein-solvent interactions

Cancelling effects .
Low conformational entropy

Fewer protein-solvent interactions
Protein-protein interactions



Folding is driven by the hydrophobic effect

Alkane/water separation

Kauzmann, 1959 ﬁ
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£ Saturated alkanes don’t like water




Proteins tend to bury apolar groupes,

with very compact packing

Fraction of occupied volume: ~ 0.74 (average over known structures)



Electrostatic interactions govern molecular recognition

25% of amino acids are ionic
90% of salt bridges are at the surface

+ NH -+
Lys ;NHz N, N0,
cH, N1 Arg
Fe2+ CH, (sz)3
O 9H2 O\—/O
€ Glu
’@ 2:2 =0
NH ,
Cul o f
2+ G
His Zn
o Asp

Acetylcholine esterase

Red = negative electrostatic potential
Substrate acetylcholine is positive



Electrostatic interactions govern molecular recognition

Blue: positive

Front Back

Cytochrome c interacts with the mitochondrial membrane, which is negative,
and with negative regionson cytochrome bcl and cytochrome oxidase.



Electrostatic interactions govern molecular recognition

Flipping Loop
Asp233°

Lys198

Glu235° Glul71

N +
N O NH, Motif 2
N -
Argds9 0 \ +. Arg217

NH
Ca e
His448 P, ATE

Aspartyl-tRNA synthetase active site



Electrostatic interactions govern molecular recognition

NAG

ion

Lysozyme active site



Certain amino acids are ionized at neutral pH

Acid/base equilibrium:
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Protons _— Protons
abundant rare



Certain amino acids are ionized at neutral pH

Glu . - b positive
0 OH 0 IS *NH, NH, A
C C\'F N CH, - CH, ©
GH H @ NQ ol e GH,  CH, N,
Hz CH, NH NH  cH, CH, cH, cH, NH
q 2 ) qHz CH, CH, ‘ qHz qHz (?H2)3
pH 6 ‘ 8 10 -
o OHO_ O - H - >12
+ t
H, =
ASp (FHz Tyl‘ Cer
pK, values in red
Protons e Protons
abundant rare



Electrostatic interactions govern molecular recognition

25% of amino acids are ionic
90% of salt bridges are at the surface

+ NH -+
Lys ;NHz N, N0,
cH, N1 Arg
Fe2+ CH, (sz)3
O 9H2 O\—/O
€ Glu
’@ 2:2 =0
NH ,
Cul o f
2+ G
His Zn
o Asp

Acetylcholine esterase

Red = negative electrostatic potential
Substrate acetylcholine is positive



3D structure:

molecular mechanics and molecular

dynamics




Biomolecular structures are flexible and mobile
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We characterize them by an energy surface
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Structure prediction = find low energy structures



We introduce a semi-empirical energy function

“balls + springs”

U= X k(bb)+Z k(aa)+Z k [1 + cos(nt-T)]

bonds b angles torsions t



We introduce a semi-empirical energy function
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Role of van der Waals interactions: Leu — Val mutations

11268 Biochemistry, Vol. 32, No. 42, 1993
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FIGURE 6: (A) Correlation between the difference in the solvent-
accessible surface area that is buried on folding between wild-type
and mutant side chains and the changes in the free energy of unfolding
for Ile — Val mutations only for CI2 and barnase. The solid line
shows the best fit of the data to a linear equation (correlation
coefficient = 0.59). (B) Correlation between the number of side-
chain methylene groups, in a radius of 6 A of the group deleted from
wild-type, and the changes in the free energy of unfolding for Ile —
Val mutations only for CI2 and barnase. The solid line shows the
best fit of combined CI2 and barnase data to a linear equation
(correlation coefficient = 0.83).



Molecular mechanics energy

U=X k(bb)+Z k(aa)+2 k [1 + cos(nt-7)]

bonds b angles a torsions t
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Molecular mechanics energy
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Notion of parameter transferability



Fichier de ‘“‘topologie”, extrait

RESIdue ALA

GROUp

ATOM N TYPE=NH1 CHARge=-0.35 END

ATOM H TYPE=H CHARge= 0.25 END

ATOM CA TYPE=CH1E CHARge= 0.10 END
GROUp

ATOM CB TYPE=CH3E CHARge= 0.00 END
GROUp

ATOM C TYPE=C CHARge= 0.55 END

ATOM O TYPE=0 CHARge=-0.55 END
BOND N CA

BOND CA C

BOND C 0

BOND N H

BOND CA CB

IMPRoper CA N C CB !tetrahedral CA
END {ALA}

{Fichier toph19.pro}



bond
bond
bond
bond
bond

OO0

angle
angle
angle
angle

OO0

NONBonded
NONBonded

NONBonded
NONBonded
NONBonded

Fichier des parametres d'énergie, extrait

CH1E
CH2E
CH3E
CR1E

OO0

450.
405.
405.
405.
450.

CH2E
CH3E
CR1E

[ONO)

ONONO]

ONONONONOC

. 0498
. 0450

.1200
. 0486
.1142

RRRrRR

70,
65.
65.
70,

. 38!
.92
. 92!
.92
. 38

106.5!
126.5!
126.5!
122.5!

ONONONO]

. 4254
. 6157

N

. 7418
. 2140
. 9823

whrhw

[CONO)

ONONO]

B. R. GELIN THESIS AMIDE AND DIPEPTIDES
EXCEPT WHERE NOTED.

CH1E, CH2E, CH3E, AND CT

ALL TREATED THE SAME. UREY BRADLEY TERMS ADDED

FROM B. R. GELIN THESIS WITH HARMONIC
PART OF F TERMS INCORPORATED. ATOMS

WITH EXTENDED H COMPENSATED FOR LACK
OF H ANGLES.

. 0498
. 0450

.1000
. 1000
.1000

1.4254
2.6157

3.3854
3.3854
3.3854

{fichier paraml9.inp}

0. 1.
0. 1
/7.116 1.

9.944 1.
17.626 1.

charged group.
carbonyl carbon

extended carbons



Molecular mechanics energy

* No explicit electrons

* Partial charges on atoms

* No chemical reactions

* big systems: >100.000 atoms

* Conformational energies

* Explicit or implicit solvent representation
* explicit force calculation

* Molecular dynamics



Parametrization: 1970-present

CHARMM M. Karplus, A. Mackerell and coll. (Harvard)

AMBER P. Kollman, D. Case and coll. (UCSF, Scripps)

OPLS W. Jorgensen and coll. (Yale)

GROMOS  H. Berendsen, W. van Gunsteren and coll. (Groningen, Ziirich)
Plus récent: AMOEBA Jay Ponder (St Louis)

Atomic charges : crystals of small molecules
simple liquids
quantum chemistry calculations

Lennard-Jones: crystals of small molecules
simple liquids

bonds, angles, torsions: quantum chemistry calculations
small molecule spectroscopy



Software

CHARMM19 (M Karplus et al, Harvard)

N

/

NIH-XPLOR
(M Clore,
C Schweiters,
J Kuszewski)

XPLOR (A Brunger, Yale)

CNS ('Crystallography and NMR System')

A Bru

(1998

nger, P Adams, G Clore, W Delano,
J Kuszewski, M Nilges, N Pannu,

) Acta Cryst D54, 905.

HTML graphical interface <

R Read,

~220,000 lines

P Gros, R Grosse-Kunstleve, J Jiang,

L Rice, T Simonson,

Hierarchical
stucture:

converted to

task files <

|

v call

modules and procedures

¢ written in

CNS language <

v interpreted by

CNS program <

%

[onuod 13sn feuondQ

CNS source

G Warren



Finding low energy structures: energy minimization

-180-140-100 -60 -20 20 &0 100 140 18(
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Steepest descent minimization

P.

P; Pin1

 SEER A

(2) Finding | ,

successive interpolations : L0

o: 1
al bl cl
a2 b2 c2

a3 c3

Ct Numerical Recipes; Press et al. .

(1) Method: starting from P, move along the energy

' gradient: -grad U(P) until a minimum, P_ . Repeat.

ler encadrement

2e encadrement

3e encadrement
etc

minimum final



Explorating conformations with molecular dynamics

Can cross
energy barriers
(not too high)

-1E0-140-100 -80 -20 20 60 100 140 L&C
chi2
Solve equations of motion numerically:

3 equations
my, = Fi = - grad Ui per atom



Verlet algorithm

Consider each coordinate of each atom i as a function of time t
The change between two instants t and t+T can be approximated:

, b x@rix@
X(t+T)=x (1) +TX i(t) 7

yi(t+ T)=...

zi(t+ T)= ...




Verlet algorithm

Consider each coordinate of each atom i as a function of time t
The change between two instants t and t+T can be approximated:

A x@+Tx@)

X(t+ 1) =x () +TX (1) + (t°/2) x" ()

yi(t+ T)=...

zi(t+ T)= ...




A x@+Tx@

Verlet algorithm

On soustrait les valeurs pour t+t et t-t:

X(t+T) =x () +TX (D + (t*/2) x" (1)

x(t-1)=x () -Tx () + (t*/2) X" ()
X(HD+X(t-1)=2x(1) + T X" (1)
Xi(t+ )= 2 xi(t) - Xi(t -1) + (T° /mi) in(t) - X"i(t) — in(t) /m

* 1 is the integration step. It should be smaller than the system’s

"fastest natural vibrations: ~ 10'° seconds

*At each step we perform one force calculation



Link between temperature and atomic velocities

P(Vi) = A €XP('mi Viz/ 2KkT) Maxwell-Boltzmann distribution

08F - - . . -
T temperature p(Vi) 0.6 \ <v>
k Boltzmann constant 04|

0.2}

0 L )
0 1 2 3 4 5
Vi/ <v>

*Assign random initial velocities

*Rescale them from time to time



Recap: to simulate the dynamics of a biomolecule

® “Molecular mechanics” “ball and stick” energy function

* Adjustable parameters (force constants, charges, etc) from small
molecules, considered ‘“‘transferable”

* “Parabolic” approximation of x.(t)
* Recursive Verlet algorithm to solve equations of motion
* (Simple) relation between atomic velocities and temperature

* Strategy to model solvent....



Simulated annealing:
Optimization on a rough energy surface

*Explore with molecular dynamics
*High temperature; lower gradually

*Refine structures from NMR or crystallography

U




Explicit solvent

*Water box
*Periodic boundary conditions



In silico protein folding

vilin FiP35

Domaine WW

35 acides aminés

Se replie
expérimentalement en
14 us

Par simulation en 10 s
4000 molécules d'eau

Bleu: crystallography Shaw et al (2010)

Red: simulations Science, 330:341

Nobel chimie 2013
Martin Karplus




Structural Bioinformatics; editors PE Bourne, H Weissig; Wiley, 2003

Computational Biochemistry & Biophysics, editors Becker, Mackerell, Roux, Watanabe; Marcel
Dekker, 2001

Bioinformatics: from genomes to drugs; editor T Lengauer; Wiley, 2002

Molecular modelling: principles and applications; A Leach; Prentice Hall, 2001

Introduction to Genomics; A Lesk, Oxford University Press, 2007

Bioinformatique: génomique et post-génomique; Dardel & Képes, Ecole Polytechnique, 2002

X-PLOR version 3.8, A System for X-ray crystallography and NMR; Brunger, Yale University
Press, 1992

Simonson (2005) Médecine Sciences 21:609-612; Peut-on prédire la structure des proté€ines?

CNS; Brunger, Adams, Clore, Delano, Gros, Grosse-Kunstleve, Jiang, Kuszewski, Nilges,
Pannu, Read, Rice, Simonson, Warren (1998) Acta Cryst D54, 905.

Brunger, Adams, DeLLano, Gros, Grosse-Kunstleve, Jiang, Pannu, Read, Rice, Simonson (2001)
The structure determination language of the Crystallography and NMR System.

International Tables of Crystallography, Volume F. Editors: M.G. Rossmann

and E. Arnold; Dordrecht: Kluwer Academic Publishers, the Netherlands.



Explicit solvent

*Water box
*Periodic boundary conditions



Implicit solvent

“explicit” “implicit”

y vy
::x < ¢¢¢ s

g ©

X X
P X
LA L

Dielectric continuum

Electrostatic energy of a pairofions: U= qq'/¢er

¢ = 80 = dielectric constant of water



Ion-ion interactions are greatly reduced in water

w85,
CS}? rf(g " v

From a distance (a nanometer), each ion’s charge is partly compensated by
nearby water oxygens and hydrogens.

O U=qq'/er



Importance of solvent: Mg™* — HPO,” association

Association energy in vacuum: -515 kcal/mol
In water: -3.7 kcal/mol
[standard state conditions]

Water has a ““screening’ effect, reduction by almost 100.



Effect of salt bridges on stability of T4 lysozyme

Dao-Pin, Nicholson, Matthews (1991) Biochemistry, 30:7142

o122

Mutation  AAG(kcal/mol)

K60H/L13D -2.8 ‘110
K83H/A112D -1.5
SO0H/Q122D 2.2
TIISE (...K83) +0.3

S90H 1.1
K60H 0.1
KS83H 0.5

13



Small contribution, compared to enormous vacuum interaction energies

Salt bridge
Mutant, Native,
folded folded
Mutant, Native,
unfolded unfolded
Interactions

with solvent

90% of salt bridges are

Compensating effects
p 8 el at the surface



Implicit solvent

“explicit” “implicit”

y vy
“tw* ¢¢¢ ¥
A My

g ©

X X%
P X
S L

Dielectric continuum

Electrostatic energy of a pairofions: U= qq'/¢er

¢ = 80 = dielectric constant of water

Fine for a few ions in water.....



Implicit solvent

“explicit” “implicit”

Dielectric continuum

A biomolecule is more complex: heterogeneous system

Initially, we can ignore this complexity: U= qq'/er

Going further: more sophisticated model



Implicit solvent: “‘generalized Born” model (GB)

“explicit” “implicit”
Sl

b 3% G g, B
I

<
e

s
34 B Y RO T

* Buried charges: E= qq'/r

* Exposed charges: E= qq'/e¢r
e = 80

* Intermediate cases: interpolation



‘“Generalized Born” solvent model (GB)

Uelec = lJCoul + UGB
Ucou = 2 q; g / o interaction with no solvent
Ugg = (-1 + 1/¢) 2 Qg Feg(lJ) term due to solvent

FGB(irj) = 1/(rij2 + bzij exp[_rij2/4b2ij])1/2

bij — ( bi bj )1/2

b; , bj = distance au solvant des atomes i, j



‘““Generalized Born” solvent model (GB)

UeIec = UCoul + UGB
Ugg = (-1 + 1/e) % q;q; Fgglinj)

FGB(irj) = 1/(["”2 + bzij exp[_rij2/4b2ij])1/2

051~ 1 1/r

i Small bij : compensation

04 1 between Uq et Ugp
0.3 | U, close to U, /€
FGB 02! Small b;; = exposed pair

1 Large bij: little compensation,

0.1 | U close to Ui,

elec




A buried charge would destabilize a protein: why?

unfolding

_>/.——\



A buried charge would destabilize a protein: why?

ionization unfolding
— A
Physiological pH High pH
Glu L NH
S 3
(K e His g CH, Arg
FH N Cys QHZ 1\@;— NH,
qH2 @NH pH T T
4q ? CH ‘ QHZ qH2 10 (ﬁ:Hz) 3
| 6 | g | > >12
- 0
Asp (K ? .
CH pPK;'s in red Tyr



How does GB handle this?

U contains ““ii”’ terms

A single charge:

U, =Cl+1/e)q*/b
=-q°/b

1/eis small, so U,z =-q; q; /Db, :
q. < solvent interaction = as if q; sees a charge -q; at a distance of b;

“Self”’ energy term GBSE in XPLOR



U contains ““ii”’ terms

To get ii term, let r,— 0:

— 2
U= /e-1) X qq/(ry" +bb, exp[-r

I 17

1J2/4b1bj] ) 1/2

Fep (rij)

i=j; r>0; Fg-1/b ; U, - (1/8—1)qiz/bi




Polarity of side chain analogs with GB

Some ions
o b
ion radius® (A) (k?a%rgol)
Li* 0.78 —122.1
Na™ 0.98 —908.2
K" 1.33 —80.6
Rb™ 1.49 —75.5
Cs* 1.65 —67.8
Mg** 0.78 —455.5
Mn2t 0.91 —437.8
Ca?t 1.06 —380.8
Sr2* 1.27 —345.9
Ba2?* 1.43 —315.5
Cf also Fersht;

Structure & mechanism
in protein science;
Freeman.

solute area  Exp. ACE

1 acetamide 216 -9.70 -13.6
2 acetic acid 212 -6.73 -10.2
3 methane thiol 192  -1.24 -6.6
4 propionamide 247 -9.40 -13.3
) propionic acid 245  -6.47 -9.3
6  4-methyl imidazole 259 -10.25 -9.7
7 3-methyl indole 331  -5.90 -4.9
8 p-cresol 303 -6.13 -5.3
9 ethyl methyl sulfide 246 -1.49 -3.0
10 methanol 174 -5.10 -8.9
11 ethanol 206 -4.95 -7.5
12 toluene 297  -0.76 -0.9
13 butyl amine 272  -4.38 -1.1
14 ethane thiol 220  -1.30 -5.9
15 dimethyl sulfide 222 -1.54 -3.3
16 N-methyl acetamide 254 -10.07 -9.4
17 acetone 233 -3.80 -3.9
18 butanoic acid 274 -6.35 -9.3
19 1-propanol 236 -4.84 -6.7
20 2-propanol 235 -4.75 -6.3
21 2-methyl-2-propanol 260 -4.52 -5.2
22 methyl acetate 246 -3.31 -2.3
23 ethyl acetate 280 -3.09 -2.7
24 methyl amine 178  -4.57 -4.0
25 ethyl amine 209 -4.56 -3.3
26 propyl amine 241  -4.45 -3.0
2 benzene 275  -0.88 -2.4
28 phenol 253  -6.50 -5.4
29 dimethyl acetamide 272 -8.54 -5.1
rms error 1.33

Solvation free
energies
(transfer vapor
—water) in
kcal/mol.

J Comp Chem,
1999, 20:322



Exc: expliquer le dépliement des protéines a fort et faible pH






Exercice:

En utilisant XPLOR et le modele GB, estimer 1'énergie (libre) d'une
charge ponctuelle placée sur un atome enfoui au centre du Trpcage,
toutes les autres charges atomiques €tant mises a zéro.

Comparer a ce que vous obtenez avec une charge placée sur un acide
aminé seul (le reste de la protéine étant enlevée).

On admet que quand le Trpcage se replie, I'énergie libre varie de 0 a -5
kcal/mol. Quelle est, a I'équilibre, 1a fraction de protéine repliée?

Nous avons vu ci-dessus l'effet d'une “mutation” sur 1'énergie de la
protéine repli€e et celle de la prot€ine dépli€e. (On utilisera le calcul fait
pour un acide amin€ isolé pour représenter la prot€ine dépli€e; est-ce que
c'est raisonnable?) Pour la protéine “mutée”, quelle est la fraction de
prot€ine repliée a 1'équilibre?






Secondary structure prediction




Secondary structure prediction

Hélice a Feuillet f

3.6 residues per turn Pseudo-periodicity 2



Secondary structure prediction

Helices are often amphipathic, with a buried and an exposed side

hydrophiles
YErop Lys9 Lysl6
Thri3 Alal2 “Helical wheel”
Thrl7 Ala8
Phel5
Lys10
Leul4d Glyll hydrophobes

Simplified, amphipathic helix



In proteins, the diameter of a domain often corresponds

to a few secondary structure elements

Helices are often amphipathic, with a buried and an exposed side

hydrophilic
orydorpAy

diameter



In proteins, the diameter of a domain often corresponds

to a few secondary structure elements

30 “architectures’” from CATH

www.cathdb.info



Consider an amino acid, say Thrl3. We assume it is in a helix, shown
below. Its neighbors 9, 10, 11, 12, 13, 14, 15, 16, 17 define radial vectors:

Lys9 Lysl6
Alal2
Thrl7 Alag
Phel5
Lys10
Glyll1

Leul4d



Consider an amino acid, say Thr13. We assume it is in a helix, shown
below. Its neighbors 9, 10, 11, 12, 13, 14, 15, 16, 17 define radial vectors:

Lys9 Lysl6
Alal2
Thrl7 Alag
Phel5
Lys10
Glyll1

Leul4d



Consider an amino acid, say Thr13. We assume it is in a helix, shown
below. Its neighbors 9, 10, 11, 12, 13, 14, 15, 16, 17 define radial vectors.
For hydrophobes, reverse the vectors:

Lys9 Lysl6
Alal2
Thrl7 Alag
Phel5
Lys10
Glyll1

Leul4d



Sum the vectors:

Lys9 Lysl6

Lys10

Leuld Glyl1

It our hypothesis is correct, we obtain a large vector V

(the v add up “constructively”). Else, V _ is small.



We have defined a “hydrophobic moment™:

o= 2 H v
i i
j=1i-m
Lys9 Lysl6
Thrl3 Alal2
Thrl7 Alag
Phel5
Lys10
Glyll

Leul4

al \/W

.GSAKKGATLFKTRCQQ..

Hj = hydrophobicity,

depends on amino acid type
m=3ou4

The hydrophobic moment
reveals amphipathic regions,
which have periodicity 3.6.



Beta sheet hypothesis: we define
a different hydrophobic moment

Bi= 2 H v

j=iom I
v.=(-1)’
J
(side chain above or below sheet)

Correct hypothesis:
large | B, |

Pseudo-periodicity 2

Axe
jdu
feuillet

Spheres
oranges

= chaines
latérales

Axe j du
feuillet



CYC_MATZR
CYC_ARUMA
CYC_ABRUTH
CYC_ACENE
CYC_ATLFEC
CYC_WHEAT
CYC_HOREER
CYC_BOVIN
CYC_MOUSE
CYC_RABIT
CYC_ATLLMI
CYC_AFPTFA
CYC_CHICK
CYC_ANAFL
CYC_HUMAN
CYC_AFPIME

CYCT_YERAST

CYC_MATZER
CYC_ARUMA
CYC_ABRUTH
CYC_ACENE
CYC_ATLFEC
CYC_WHEAT
CYC_HORSEER
CYC_BOVIN
CYC_MOUSE
CYC_RABIT
CYC_ATLLMI
CYC_APTFEA
CYC_CHICK
CYC_ ANARFEL
CYC_HUMAN
CYC_AFPIME

CYCT _YERAST

I I iy I I AN Iy

1

559
5%
5%
5%
55
559
51
51
51
51
51
51
51
51
51
55
gl

~ 75%0 success in general

ket NN W A CIHE T FEAsE CAGCHTVE KEGEAGH K#GE NLjuG L F G RGN A Y 57 -
et R N W N CIHE T FIAs K CAQCHTVE KEGEAGH ESGE N LG LF G ReEIG U AG Y 57 N
ket NS F A W S A CIHE T FEAsE CAGCHTVE KEGEAGH K#GE NLjG L F G RGN 57 -
e U RN NG A C K T FRONE CAQCHT VI KGENGA K#GP N LG LF G RE|GRREAG Y S YEEN
——ATFEEAPPGBEK-GQIIFKLKCAQCHTVEKGAG=KQGPNLNGLFG'QEGTEAGYSYEA
——ARSFESEARFPFENFIDAEA IFKEAQEHT@GKGPNLHGLFG MO SETTAEKRERIE A
EEGEEIFVOECARCHTVERGGEEHETGFPNLEGLF GRE TG AL TD
EEGEEIFVOECRAQCHTVEREGGEIEKTGPNLEGLF GRE TG A

EEGEEIFVOECARRCHTVEEGGEIETGFNLEGLFGRETGQR
EKGKKIF?QKCAQCHT?EKGGKHKTGPNLHGLEGRKTGQM'
GDIEKGKKIF?QKCS#CHTVEKGGKHKTGPNLHGEFGRKTGQAh

—————————— 5D EKGKKIFEEKCS#CHT?EKGGKHKTGPNLHGLFGRKTGQM'
—————— EAN A DI E G E I FVOECAQUHTIERG G KHE GPNLEG?YGRKTGQAF
MAKES TGFETP[EE AKIAATTIJE T RiMCelap:puy T o T egel P N i Vieasgopepsie) T ingensi F S (e fe] VK e g2 g

HHHHHHHHHHH EEE

NEEEYIPGTE
NEFEEYIFGTE
NEEKEYIFGTE
NEPEEYIPGTE

AN ENEGITWGERTIMEYLENPEEY JFGTEMIFAG IK K E[R] i
AN ENEGITWGENTIMEYLENFEEY IFGTEMIFAGIEEKERERADTL TAY T ERAR
AN ENEGITWGENTIMEYLENFEEY TFGTEMIFAGIEEENERADT T AY T EKRAR
AN ENEGITWGERTIMEYLENFEEY IFGTEMIFAGIEEEIRERADTL TAY L EIYP
AN ENEGITWGENTIMEY LENFEEY TFGTEMIFAGIEEERHERADL TAY T KA
-HKNKGITWGEDTLMEYLEHPKKYIPGTKHIFAGIKKKEIREDLIAELKD-
AN ENEGITWGENTIMEY L ENFEEY TFGTEMIFAGIEEKEERHERADTL TAY T KA
'NKNKGIIHGEDTLHEYLENPKKYIPGTKHIFEGIKKKEIRADLIAELKK'
*HKHKGIT I TLIQEY L ENPEEY IPGTEMUFAGINK KideE RADT T AY EliLep
ol TlopAN VK DEDEHSEYLTHPKKYIPGTKI-FAGLIKEKD

HHHHHHEEE HHHHHHHHHHH HHHHH




A method inspired by neural networks

A neuron j receives input signals x , x, ..., X from nearby cells

1, 2, ..., n; sums them, and converts them into an output signal y;

Neuron j

Input signals x N o(E) NeuronC
are weighted and summed: Ej =2 WX, * Neuron
0.2t E
then converted: y=0 ( Ej ) o OFF i

-10 -5 0 5 10



A neural network to predict secondary structure

Helix/Sheet/Other
N ~ 75%
Output layer o correct
R predictions
Hidden layer e ' ool © oesl o oee | oos e

Pl NN

Input layel' Oe0e00 OO0  @O0000 OCOOCOe OOe000 COeOOe OCOeOCO

R S ST ST S S
Phe Asn Ala | Arg Met Lys Leu

Network architecture is chosen; the connection weights w, (1212 in this example)

are chosen to give correct predictions for known structures (learning phase).
At this point, the network has “learned” to assign a secondary structure to any
input sequence. Specifically, it predicts the state of the central residue (Arg).



A neural network to predict secondary structure

Helix/Sheet/Other
4 ~ 80%
Output layer o correct
RAN predictions

o0 ool & 000 0 068 . 008 O

/// NN

Input layer OCeOe0  OCOOO OCOOCOe OOe00 COeCOe COeOCO

YR IEEERE

Hidden layer

Phe Asn Ala | Arg Met Lys Leu
Phe GIn Ser Arg Met Lys Ile

Phe Asn Ala Lys 1Ile | Lys Leu
Tyr  Asn | - Arg Met Arg Leu

Using a multiple alignment as input




Y=tASPE
ThtASP
EcolSE
EcolASN
Y=tASN
ThtLYS
EcoL¥E
¥=tLYS

Homology modeling: an overview

181 QGKVDFDEDF

198
205
221
284

.NTSPTASSY
. PFKTYHNLL
. PFITHHNLL
. PFITHHNDL

T (O
2 2 32
KGKAY . LAQS PQFNEKQQLIV
PGLFYALPQS PQLFEQMLMV
KGKFYALPQS| HOLFKDLLMM
FGKESFLTVS GQLNGETYAC
FGKPTYLTVS TQLHLEILAL
DHEFY .LRIS LELYLKRLLV
DLDMY . LRIA PELYLKRLVV
DMDMY . MRIA PELFLKQLVV

motif 2 |

ADFERVYEIG
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Homology-based structure prediction: start from
the sequence of a new protein. Check if it has a
known fold through sequence comparaisons

4T OMZO0Ir>P>IOA0STAOUOWVONrZZIOOIC A




If so, perform ‘“Homology modelling”

Identify and align homologues of known structure
(“templates™)

Do multiple sequence alignment with many homologues
Conserved, well-structured regions: adopt mean backbone of templates

Loops, insertions: - search Protein Data Bank for similar fragments
- if not, use “ab initio” loop modelling methods

Sidechains: explore and score possible rotamers, possibly with a
stochastic approach such as “Monte Carlo”

Model refinement: energy minimization, molecular dynamics

Experimental testing



Fold set is discrete and rather small

Globin-like o class

Up-Down

Doubly
wound

o/ class

-..' '.i'l‘. |
5 l‘ ] -
' .
TIM Barrel ™ UB rolls 114000 structures

Trefoil
*2200 superfamilies

*100 contain 60%
of all domains

www.cathdb.info



Homologues of androsterone receptor with BLAST

ID % Match

# Swissprot Hit Description Score E Identity Length

(bits) *

1 P15207 ANDR_RAT Androgen receptor. 162 le-40 100 73
6 P19091 ANDR_MOUSE Androgen receptor. 162 le-40 100 73
14 Q63449 PRGR_RAT Progesterone receptor (PR) 136 le-32 80 72
17 P06401 PRGR_HUMAN Progesterone receptor (PR) 136 le-32 80 72
21 P08235 MCR_HUMAN Mineralocorticoid receptor (MR) 136 le-32 79 72
33 P0O4150 GCR_HUMAN Glucocorticoid receptor (GR) 131 3e-31 77 72
41 Q9YH32 ESR2_ORENI Estrogen receptor beta (ER-beta) 99 3e-21 58 72
42 Q9YH33 ESR1_ORENI Estrogen receptor (ER-alpha) 98 4e-21 55 72
343 Q9N4Q7 NH13_CAEEL Nuclear hormone receptor nhr-13 54 8e-08 39 66
344 Q23294 NH11_CAEEL Nuclear hormone receptor nhr-11 54 8e-08 42 66
345 045460 NH54_CAEEL Nuclear hormone receptor nhr-54 54 le-07 37 67
346 Q09565 NH20_CAEEL Nuclear hormone receptor nhr-20 51 7e-07 34 66
347 Q09587 NH22_CAEEL Nuclear hormone receptor nhr-22 45 5e-05 32 66
349 P17672 E75B_DROME Ecdysone-induced protein 75B 40 0.001 37 47
351 P20659 TRX_DROME Trithorax protein. 31 0.74 26 49
355 P98164 LRP2_HUMAN Lipoprotein receptor. 30 1.7 27 65

*E = expectation of number of random alignments with a higher score



Structures in ‘“Protein Data Bank”

This chart shows the increase in the total number of structures in the PDB per year, through July 1, 2003, as well as examples of the increasing com-

plexity of these structures. In the 1970% the first structures available to the scientific community included proteins such as a. myoglobin® b. hemo- 8 8 OOO
globin, S and c. lysozyme,® and other molecules such as d. rransfer RNA.S2 In the 19805, advances in experimental data collection
methods allowed much larger structures to be solved, including e antibodies, ™ and f. entire viruses.'” By zo03, all aspects of struc-
tural science bave advanced so thar very complex and functionally significant structures coutd be made accessible to srudy, incliding
& dctin,' the b nucleosome,” i, myosin,'* j. ribosonal subunits, " and the k. calcium pump.? Structures pictured bere were taken
from PDB enzries 1mbn, 2dhb, 2lyz, 4tna + 6tna, 1fcl + Imcp, 2stv, 1atn, 1aci, 1dik, 1ffk + 1fka

+ 1j5e, and liwe, respectively, Images were created by David S. Goodsell of The Scripps Research
Instituze, crearor of the PDB Molecule of the Month series.

20000

structures
in 2012

Non-redundant
subsets
PDB95
~35000
PDB25
~4000

structures en
2012

15000 -

Total
structures 40000 !

in
PDB

5000

1972
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1990 |
1995
2000
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Homology modelling: a template is not always available

0 20 40 608(|) ‘92|O410 60 80
| [_.. | | - i o d

|
\

M. genitalium | S. cerevisiae - 15

1 M ~ Distribution of
L T . 5 sequence identities

in Protein Data Bank

151 C. elegans ! E. coli

% of sequences with homologues in PDB

JJ{ i
5 ‘iHl e . ]ﬂ:&t::N_JS
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% identity Lesk,
2| Chothia,

1986
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A template should have > 25% sequence

identity with the modelled protein 0 20 40 60 20
pourcentage d’identite




Fold set is discrete and rather small

Globin-like o class

Up-Down

Doubly
wound

o/ class

-..' '.i'l‘. |
5 l‘ ] -
' .
TIM Barrel ™ UB rolls 114000 structures

Trefoil
*2200 superfamilies

*100 contain 60%
of all domains

www.cathdb.info



“New”’ folds aren’t always new....

New fold

“topologic”
view

Similar fold

Alignment
with known

domains

40 a5 50 55 60 65 40 45 50 55 60 65 70

aligned residues aligned residues

Guerleur et al (2008)
Prot Sci, 17:1374



Homology of protein:protein interactions: 35% threshold

35%

So Launay & Simonson|

ROl » '-__:v BMC Bioinformatics|
ST T 2008

complexes
homologues

MNPt tar 200 31 61&
80 100

Sequence identity (%)

Figure |

The relationship between sequence and structural similarity. 743 complexes from 40 interacting superfamily groups
(ISGs) were analyzed. All pairs within each ISG were compared, for a total of 9630 pairwise comparisons. Small points corre-
spond to comparisons involving at least one complex with either a small interface (buried area < 600 A2) or a weak association
energy (E;,, > -10 kcal/mol; see text). Points labelled A-G are discussed in the text. The horizontal line corresponds to Irmsd =
6 A; the vertical line corresponds to a 35% sequence identity. Gray points correspond to comparisons where the MATRAS
structural alignment provided fewer than 80% of the equivalent residues used for the Irmsd calculation. All the gray points lie
below the 35% similarity threshold.



Perform ‘“Homology modelling”

Identify and align homologues of known structure
(“templates™)

Do multiple sequence alignment with many homologues
Conserved, well-structured regions: adopt mean backbone of templates

Loops, insertions: - search Protein Data Bank for similar fragments
- if not, use “ab initio” loop modelling methods

Sidechains: explore and score possible rotamers, possibly with a
stochastic approach such as “Monte Carlo”

Model refinement: energy minimization, molecular dynamics

Experimental testing



Homologues of androsterone receptor with BLAST

ID % Match

# Swissprot Hit Description Score E Identity Length

(bits) *

1 P15207 ANDR_RAT Androgen receptor. 162 le-40 100 73
6 P19091 ANDR_MOUSE Androgen receptor. 162 le-40 100 73
14 Q63449 PRGR_RAT Progesterone receptor (PR) 136 le-32 80 72
17 P06401 PRGR_HUMAN Progesterone receptor (PR) 136 le-32 80 72
21 P08235 MCR_HUMAN Mineralocorticoid receptor (MR) 136 le-32 79 72
33 P0O4150 GCR_HUMAN Glucocorticoid receptor (GR) 131 3e-31 77 72
41 Q9YH32 ESR2_ORENI Estrogen receptor beta (ER-beta) 99 3e-21 58 72
42 Q9YH33 ESR1_ORENI Estrogen receptor (ER-alpha) 98 4e-21 55 72
343 Q9N4Q7 NH13_CAEEL Nuclear hormone receptor nhr-13 54 8e-08 39 66
344 Q23294 NH11_CAEEL Nuclear hormone receptor nhr-11 54 8e-08 42 66
345 045460 NH54_CAEEL Nuclear hormone receptor nhr-54 54 le-07 37 67
346 Q09565 NH20_CAEEL Nuclear hormone receptor nhr-20 51 7e-07 34 66
347 Q09587 NH22_CAEEL Nuclear hormone receptor nhr-22 45 5e-05 32 66
349 P17672 E75B_DROME Ecdysone-induced protein 75B 40 0.001 37 47
351 P20659 TRX_DROME Trithorax protein. 31 0.74 26 49
355 P98164 LRP2_HUMAN Lipoprotein receptor. 30 1.7 27 65

*E = expectation of number of random alignments with a higher score



BLAST: Basic Local Alignment Search Tool

* Find homologous tetrapeptides

* Extend as long as similarity > threshold

CLIC

L CVYV

GDEA

GDKA

SGCHY
—>
TGYHY

Récepteur de 1'androstérone

Récepteur de I'hormone thyroidienne



28

145
58

209
142

269
202

327
258

378

Blast output

Query = Human androgen receptor
Hit = Human Estrogen receptor beta

CLICGDEASGCHYGALTCGSCKVFFERAAEGKQKYLCASRNDCTIDKFRREKNCP SCRLRK
C +C D ASG HYG +C CK FFER+ +G ¥+C + N CTIDK RRE+C +CRLRK
CAVCSDYASGYRHYGVWSCEGCKARFERSIQGHNDYICPATNQCTIDKNRRKSCOACRLRE

CYEAGMTLGARKLKKLGMLKLQEEGEASSTTSPTEETTQ------ KLTYSHIEGYECQPI
CYE GM + ++ G ++ + A + o+ ++ ++ S

CYEVGMVECGSRRERCGYRLVRROQRSADEQLHCAGKAKRSGGHAPRYRELLLDALSPEQL

FLNVLEATEPGWVCAGHDNNQPD SFAALL SSLNELGERQLVHVVKWAKALPGFRNLHVDD
L +LEA P V+ +  + P + A+++ SL +L +++LVH++ WAK +PGF L + D
VLTLLEAEPPHVLIS- -RP SAPFTEASMMMSL TKL ADKELVHMI SWAKKIPGFVEL SLFD

QMAVIQYSWMGLMVFAMGWRSFTNYNSRMLYFAPDLVFNEYRMHKSRMY SQCYR------
@+ +++ WM +++ + WRS + L FAFDLY + R +CV
QVRLLESCWMEVLMMGLMWRSIDHPGK - -LIFAPDLYLD------- ROEGKCVEGILEIF

--MRHLSQEFGWLQITPQEFLCMKALLLFS 283 Query
+ + F  L++ +E+LCHEKA++HL +
DMLLATTSRFRELKLQHKEYLCVKAMILLN 407 (Q92731-6

Job information
Query sequence

>P10275
etc

Date of job execution Dec 1, 2010
Running time 23.3 seconds

Program
Database
Sequences

blastp (BLASTP 2.2.23 [Feb-03-2010])
uniprotkb (Protein) generated for BLAST on Nov 2, 2010
12,898,884 sequences consisting of 4,176,319,342 letters

Matrix blosumé62 Threshold 0.001 Gapped true

&7

208
141

268
201

326
255

377

Query
N92731-&
Query
092731-6
Query
N92731-6
Query

092731-6

Similarité
en gris



Heuristic alignment method: 3 phases

" Align sequence pairs
" Construct “guide” tree

" Progressive sequence-profile alignment



Alignment of 30 tyrosyl-tRNA synthetases, catalytic domain

SPIPOAGIOISYY_ECOLI Tyrosyl-tR/1-423
SPIQS7PIBISYY_SALCH. Tyrasyl-1/1-424

11/Q1C791/Q1C791_ YERPA_Tyrosyl/1-424
11/QILUI0S|Q1LUOS_BAUCH_ Tyrosyl/1-424

11]Q251C4/Q251C1_DESHY.Hypothe/ 1-420
5pIQB33D2{SYI_BACCZ Tyrosyl-t/1-418
$pIQ72273(SYY1_BACCL Tyrosyl-t/1-418
SpIQBE241/SYY_STRAS Tyrosyl-tR/1-419
L]QUNYO| QUNYO_STRPC. Tyrosyl/1-418
SpIQADSA4(SYY_STRMU_Tyrosyl-tR/1-418
(1]QIVALL[QIYATLSTAAU_Tyrosyl/1-420

7 VYSTAEQ_Tyrosyl-tR/1-421
SPIQO2BB[SYY_LISIN. Tyrosyl-t#/1-410
SPIQSYYAR/SYY_NOCEA_Tyrosyl-tk/1-429
sl

SpIPE7611/SYY_ MYCT Tyrosyl-tR/1-421
SpIQUUVYSISYY CORIK_Tyrosyl-th/1-428
<plQS7DIS SYY BRUAG. Tyrosyl-th/1-417
(1]Q26H27/26H27_OBACT. Tyrosyl/1-430
<pIQBMST3/SYY_MYCMS_Tyrosyl-tR/1-414
(1/Q1BWO]Q1EW06_SCLOT- Tyrosy/1-409
£11Q2K228/Q2K 728 RHIEC. Tyrosyl/1-418
(11Q1YNLOJQ1YNLO_ORHIZ Tyrosyl/1-417
SpIQBCIBBSYY_BARE. Tyrosyl-(R/1-417

11/Q13707/Q137Q7_RHOPS.Tyrosyl/1-418
SpIQO2HES|SIY_RICCN_ Tyrosyl-tR/1-411
(1]QHES20/QAE5Z0_ORICK Tyrosyl/1-352
(1]Q4P452{Q4PA52_USTMA_Hypothe /1-543

11]Q75D31/Q75D31_ASHCO_ABRIS2W/1-462 §

(1]QSOW2/QSOW2_CANAL Likely_/1-501
L41QOVSCAIQOVSCA_ PHAND. Hypothe /1-585
11/QSMPUL/QEMPUICAEEL Tyrosing1-327
SpIQAZMM7ISYY_PSEU2. Tyrosyl-tR/1-403
SpIQOK 7XOSYY_BACHD. Tyrosyl-1R/1-412
14/QOVSNA[QOVSNA_ALCES_Tyrosin/1-399
HQUIS23IQAIS23_AZOVITyrosyl/1-309
141Q22F75[Q22F75_CALSA Tyrosyl1-395
SPIQIABUA[SYY.CARHZ. Tyrosyl-tR/1-411
SPIQIAHUDISYY_SYNSC Tyrosyl-tR/1-415

SpIQSHTI2ISYY CAMR Tyrosyl-1R/1-401
SpIQWFDOSYY_BORBR.Tyrosyl-1R/1-480

Conservation

Quality

Consensus

2=

~mmorcccooooo oo
oy ]

sy

e e e e e

TTTU02 223543350 22344 000--22000000607357

GT0244 2254243 226533033506226730007-

TTGT724 26 5227332470434 00564002 14505733 7

563 3 507 04 SST33TOTTO000 5+ 57

222537464 04356 2560553317360 62000364270 0664553 3472677377 3441470230

TEMKSHLL+ELR+RGLIAQETDEEGKLLAKLLEGGPVT LT CGFDPTADS LHLGHLVPLLKLRR FQ+AGHRF I ALIGGAT GM I GDPSGKSEERKLLTKET VAEHAET K+QLSKFLOFGDGET E-+ HIA IMVINYDWLGH LAY IDF LRDVGIHFSVIRMLARDS VIR LERGD -~~~

TTTTQGISFTEFSYMLLQAYDFVELNKDY GCRLQ 1GGS DOWGH ITAGIDLIRRMGS ——CEQAQAT GLT VP LLTIS DGTIFGKT EGGNAVWLDP DTS PY EFYQFWINT+DADVVRY LKLFTFLS LEE ASGG~



Alignment libraries

http://pfam.sanger.ac.uk ~ Pfam 24.0 (October 2009, 11912 families)

4 wellcome trust
\:‘ Sanger HOME | SEARCH | BROWSE | FTP | HELP | ABOUT om
& ]

institute keyword search @

Family: zf-C4 (PF00105) - it & = - \

51 architectures 3525 sequences 1 interaction 401 species 96 structures

| summary Summary

Domain organisation

Alignments Zinc finger, C4 type (two domains)
HMM logo In nearly all cases, this is the DNA binding domain of a nuclear hormone receptor. The alignment contains two Zinc

finger domains that are too dissimilar to be aligned with each other,
Trees

Curation & models | 7hterpro entry IPRO01628%
Species Steroid or nuclear hormone receptors constitute an important superfamily of transcription regulators that are involved
in widely diverse physiological functions, including control of embryonic development, cell differentiation and
homeostasis, The receptors function as dimeric molecules in nuclei to regulate the transcription of target genesin a
Structures ligand-responsive manner, Nuclear hormone receptors consist of a highly conserved DNA-binding domain that
recognises specific sequences, connected via a linker region to a C-terminal ligand-binding domain (). In addition,
certain nuclear hormone receptars have an N-terminal modulatory domain (). The DNA-binding domain can elicit either |Example stucture

Interactions

Jum P to... i an activating or repressing effect by binding to specific regions of the DNA known as hormone-response elements PDB entry irlo; Crystal Structure of
PUBMED:15242341, PUBMED:15242339, These response elements position the receptors, and the complexes gﬂljr_i‘{e"'fd'n'-grlc EIC_d';'SOI'-e Receptor
enter iDace () recruited by them, close to the genes of which transcription is affected. The DNA-binding domains of nuclear receptars |07 R0 =8ME 8%

Yiew a different structure:

consist of two zinc-nucleated modules and a C-terminal extension, where residues in the first zinc module determine | 1r00 | ‘|
-

the specificity of the DNA recognition and residues in the second zinc module are involved in dimerisation, The

DN:E\ hlndlng domain is furthermore involved in several other functions including nuclear localisation, and interaction
sl e e Fimom Fardbmre mmd me e sbeee DHIDRCD 1 EA72330

Famille zf-C4 — “expert” alignment “expert” of 26 sequences; “automatic” of 3525 séquences

Balibase: 217 expert alignments benchmark set to tester methods/programs
http://www-bio3d-igbmc.u-strasbg.fr/balibase Thompson et al (1999) Bioinformatics, 57, 87-88



Perform ‘“Homology modelling”

Identify and align homologues of known structure
(“templates™)

Do multiple sequence alignment with many homologues
Structural alignment with available homologues

Loops, insertions: - search Protein Data Bank for similar fragments
- if not, use “ab initio” loop modelling methods

Sidechains: explore and score possible rotamers, possibly with a
stochastic approach such as “Monte Carlo”

Model refinement: energy minimization, molecular dynamics

Experimental testing



Remarks on structural alignments

1) Differ from sequence alignments: an amino acid is not coded by
a letter

2) A “trivial’method is possible: align sequences then superimpose
homologous C_atoms

3) We can align complex objects, like alignments... Code an amino
acid by a vector of properties: type, secondary structure, burial, ...

4) In general, various heuristic approaches are used.

5) For multiple alignments, use a progressive method.



Remarks on structural alignments

STRUCTAL: a) align sequences; b) superimpose homologous Co. atoms;
¢) compute scoring matrix; d) repeat a-c.
Score M(i,j) = -distance between i, j (Levitt, 1993)

SSAP: describe each amino acid by a vector of properties;
Align with Needleman-Wunsch (Taylor & Orengo, 1989)

CE: find two similar octapeptide; extend with gaps. (Bourne, 1998)

DALI: similar to CE (Holm & Sander, 1993).

Large-scale test: Kolodny et al (2005) J Mol Biol, 346:1173

Over 80 methods in Wikipedia...




Perform ‘“Homology modelling”

Identify and align homologues of known structure
(“templates™)

Do multiple sequence alignment with many homologues
Structural alignment with available homologues

Loops modeling methods

Side chains: explore and score possible rotamers

Model refinement: energy minimization, molecular dynamics

Experimental testing



Loop modeling with an experimental conformation library
Woijcik et al (1999) J Mol Biol, 289:1469

13,563 loops of 3-8 amino acids from the PDB

Ranked by:
-length n
-distance D between ends
-"height” and “width” n=>
D
D

1o model a new loop X of length n:
-estimate D

-find loops in library compatible with n, D;
-find those with sequence similar to X
-refine with molecular dynamics

What are the main hypotheses of the method?



Loop modeling with an experimental conformation library
Woijcik et al (1999) J Mol Biol, 289:1469

13,563 loops of 3-8 amino acids from the PDB

Ranked by:
-length n
-distance D between ends
-’height” and “width” n=>5
-
D
1o model a new loop X of length n:
-estimate D
-find loops in library compatible with n, D;
-find those with sequence similar to X
-refine with molecular dynamics
8 \_
. Longueurde boucle 3 4 5 6 7 8 | )\ Leurez
Quality of  Nombre de cas testés 92 81 54 61 37 37 | |
results Rmsd des C_(A) 1.0 1.2 1.6 2.1 2.7 23 K

Avec Modeller: 0.6 12 uews LA



Side chain placement by simulated annealing

Side chains explore rotamers.
Explore with Monte Carlo:
Many elementary steps (10°).

At each step:

-pick an amino acid randomly
-pick a new rotamer randomly
-compare new energy E to previous energy Ep

AFE < Ep, keep the new rotamer
AfE > Ep,pick a random number between 0 and 1
-if exp[-(E - Ep)/RT] > X, keep the new rotamer

-else keep the previous one

Start at high temperature T and lower T progressively.
Remarkably, the method explores conformations with probability p(Cont) = A exp(-E__/RT),

the experimental, Boltzmann distribution.



Prediction exercice: delete, then reconstruct side chains;

main chain known exactly.

86Y% chil correct
73% chil et chi2

With perfect
backbone, side chain
predictions are good
but not perfect.

Gaillard, Panel, Simonson (2016) Proteins



Perform ‘“Homology modelling”

Identify and align homologues of known structure
(“templates™)

Do multiple sequence alignment with many homologues
Structural alignment with available homologues

Loops modeling methods

Side chains: explore and score possible rotamers

Model refinement: energy minimization, molecular dynamics

Experimental testing



Performance of selected methods

% correct predictions
chil  chi2+chil

Gaillard et al, 2016 86Y% 73%

Koehl & Delarue, 1994  72% 62%

Yang et al, 2002 80% 66%

Dunbrack et al, 1999 80% ?

Abagyan et al, 1993 80% 67%

Mendes et al, 1999 87% (improved rotamer library

In these tests, the side chains were placed on the known backbone...
In homology modeling, the backbone is not exact...



Homology modeling. Krieger E, Nabuurs SB, Vriend G.
In Structural Bioinformatics; editors PE Bourne, H Weissig; Wiley, 2003

Homology modelling in biology and medecine. R Dunbrack.
In Bioinformatics: from genomes to drugs; editor T Lengauer; Wiley, 2002; Vol. 1.

Structure comparison and alignment. Bourne & Shindyalov
In Structural Bioinformatics; editors PE Bourne, H Weissig; Wiley, 2003

Proteins: Structure, Function, and Bioinformatics; Volume 77, Issue S9, pages 1-228.
Numéro spécial décrivant la compétition CASPS:

“Critical Assessment of Structure Prediction”

64 cibles a prédire; 159 méthodes/€quipes
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Le secret du pliage des protéines dévoilé

Une intelligence artificielle de Google arrive a prédire la structure 3D d'a peu prés n'importe quelle molécule
codée par le génome humain. Une avancée majeure qui ouvre un champ des possibles considérable.

Chague chromosome contient une
multitude de bases (A, C, Gou T).
Combinées entre elles, ces bases

forment le code génetique.

STEPHANY GARDIER W =5 _Cardier

BIOLOGIE «Incrovabie », «révolu-
fionnaire» , « bluffant »... Cuand ils
evoquent la plateforme AlphaFold,
dévoilée il v a quelques jours par
DeepMind (une fililale d'Alphabet,
maison mere de Google), les spécia-
listes ne manguent pas de superla-
tifs. Cet outil dintelligence artifi-
cielle est capable de predire la
structure de la gquasi-totalite des
proteines codees par le genome ho-
main. De quoi ouvrir de nouvelles
perspectives notamment en méde-
cine, la plupart des produits thera-
peatiques ayant pour cible des pro-
teines. Apres la publication du
génome humain en 2003, la mise 3
disposition de la quasi- totalité de ce
«probéomes humain pourrait mar-
quer Un nouvean touwrnant pour la
recherche biomédicale.

¥ Pouvoir prédire la
structure d'une protéine
offre un gain de temps
considérable sy

THOMAS SIMONSON, DIRECTEUR

DIE RECHERCHE SPECIALISE

EN BI0LOGIE DES PROTEIMES

A L'ECOLE POLY TECHMIQUE (PALAISEALY

Le code génétigue permet
la constitution de longues
chaines d acides aminés...

cellules grace & une machinerie (el-
le- méme faite de protéines !} capa-
ble de traduire le code génétique en
acides aminés. Ces petites briques
élémentaires sont assemblées de
maniere lineaire un pen comme les
perles d'un collier. Sous Ieffet de
forces qui s'exercent entre ces per-
les, 1a protéine va se replier pour for-
mer une structure en trois dimen-
sions. Et c'est le résultat de cet

=a forme specifique.

origami de précision qui determmine
les fomctionnalités de la protéine,
dont la forme globale joue un roke
crucisl dans son fonctionnement.
«Pouvor prédire ln struchure d'une
proteme affre un gom de temps consi-
dérable, en permettant de cibler les
domoines gqui ont un intéret porticulier
et sur lesquels d fout reafiser dis veri-
fications experimentales», souligne
Thomas Simonson, directeur de re-

Une grande diversité de structures possibles

Une fiois repligées sur elles-mémes, les chaines d'acides aminés peuvent former
toutes sortes de protéines, qui constituent la base du vivant.

vy hﬁH ‘b‘ '\H,I

... Qui se replient naturellement
sur elles-mémes pour constituer
|a protéine et lul donner

@ Grace alinteligence artificielle Alpha Fold,
les chercheurs peuvent désormais

décoder ce « schéma de pliage » &t
donc prédire la structure 30 de la protéine.

cherche specialise en biologie des
protéines a I'Ecole polytechnigque
[Palaiseau), qui imagine déja com-
ment AlphaFold va accélérer le ryth-
mee des travaux de son laboratoire.
Rapidite, simplicité et fabilité sont
trois des arours d’AlphaFold, qui a
supplante tous ses conourrents lors
de la derniére édition du CASP, la
compétition  internationale  bisan-
muelle de prediction de structore de
proteines. « e qui est encore plus
surprenant, o'est que DeepMind ne
'eat aftaque a cette thematique du re-
pliement des protéines que Tecem-
ment, souligne Thomas Simonson.
On ks a vuz lo premiére foi a la
13 édition en 2019, et dewr ans plus
tard, ils sont ks premiers, Ioin devant
les autres |» Développés majoritai-
rement par des laboratoires acadé-
miques, les autres programmes n'ont
pas fait ke poids face a la puissance de
caleul et s investissements duo
norvean vermy Interroge sur le coir
de ce projet, Demis Hassabis, le fon-
dateur de DeepMind, n'a pas donne
de chiffres, mais a souligné les énor-
mes efforts consentis pour ce qu'il a
presente comme « fe plus gros imves-
tissenent » de sa societe, qui a mono-
polisé une equipe de 30 personnes
durant cing ans. «[l est evident
gqu'oucun lnboratoire académique ne

e e

ntograpais LE FIGARO

pour tenter de coder un programme s,
commente Cécile Breyton.

Comme sa consoeur, Alexis Ver-
ger, chercheur a I'Instinnt des
sciences biologiques du CNRS, salue
la decision de DeepMind d'avoir
opté pour un scces bre a AlphaFold
et d'avoir publie le code source du
programme. «Mais n'oublions pas
gue, suns ke trovail de tous les bioko-
gistes struchurawy  des cinguante
dermiéres années, AlphaFold n'exis-
terait pas, car ce sont leurs resultats
gqui ont servi d “entramer” ['mteli-
gence artificielle du programme. B
c'est grdce a nos futures donnees ex-
perimentales que 'IA d'AlphoFold
deviendra encore plus performonte.
C'est un excelent exemple du cercie
vertuewy d ee sciences ouvertes. »

AlphaFold contient

les structures des
protéines de la bactérie
de la tuberculose

et de Plasmeodium
falciparum, responsable
du paludisme

AlphaFold devrait interesser de
nombrenx laboratoires car, en plus

g oa & g oa a
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John Jumper**=, Richard Evans'*, Alexander Pritzel**, Tim Green™, Michael Figurnov™®,

Olaf Ronneberger*®, Kathryn Tunyasuvunakool'®, Russ Bates', Augustin Zidek™*,

Anna Potapenko'®, Alex Bridgland®, Clemens Meyer'®, Simon A. A. Kohl**, Andrew J. Ballard*,
Andrew Cowle'*, Bernardino Romera-Paredes'®, Stanislav Nikolov'?, Rishub Jaln'?,

Jonas Adler', Trevor Back?, Stig Petersen', David Relman', Ellen Clancy’, Michal Zielinski?,
Martin Stelnegger™®, Michalina Pacholska', Tamas Berghammer', Sebastlan Bodensteln’,
David Silver', Orlol Vinyals', Andrew W. Senlor’, Koray Kavukcuoglu', Pushmeet Kohll' &
Demis Hassabls™=

Protelns are essentlal tolife, and understanding thelrstructure can facllitate a
mechanistic understanding of their function. Through an enormous experimental
effort'™*, the structures of around 100,000 unique proteins have been determined®,
but this represents a small fraction of the billlons of known proteln sequences®’.
Structural coverage Is bottlenecked by the months to years of painstaking effort
required to determine a single protelnstructure. Accurate computational approaches
areneeded toaddress this gap and to enable large-scale structural biolnformatics.
Predicting the 3-D structure that a proteln will adopt based solely on its amino acid
sequence, the structure prediction component of the ‘protein folding problem®, has
been animportant open research problem for more than 50 years®. Despite recent
progress'™** existingmethods fall far short of atomic accuracy, especially whenno
homologous structurelsavallable. Here we provide the first computational method
that can regularly predict protein structures with atomic accuracy even where no
similar structure Is known. We validated an entirely redesigned version of our neural
network-based model, AlphaFold, In the challenging 14th Critical Assessmentof
protein Structure Prediction (CASP14)", demonstrating accuracy competitive with
experiment in amajority of cases and greatly outperforming other methods.
Underpinning the latest version of AlphaFold Is a novel machine learning approach
thatincorporates physical and biological knowledge about protein structure,
leveraging multi-sequence alignments, into the design of the deep learning algorithm.

Nature, 2021



AlphaFold: the general structure
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