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Outline

e How do molecules look and function?

e Protein structure and interactions prediction

Protein-ligand interactions

Cheminformatics

Other applications
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Proteins: structure prediction

What we have
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MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we want

Sequence string

3D protein structure



Proteins: structure prediction

What we have
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MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we can do

e Use pieces of structures with similar
sequence as building blocks
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Proteins: structure prediction

What we have What we can do
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GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV
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Proteins: structure prediction

What we have

MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

Shen, Sali. Statistical potential for assessment and prediction of protein structures, 2006
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What we can do

e Use pieces of structures with similar
sequence as building blocks

e Define an energy function to minimize

. P(dla,b)
U(dla,b) = —kTln <5
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Proteins: structure prediction

What we have
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MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we can do

Use pieces of structures with similar
sequence as building blocks

Define an energy function to minimize
P(d|a,b)

@--d_-@ U(d|a, b) = —kTIHW

e Extract more features!
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Proteins: structure prediction

What we have
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TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we can do

e Use pieces of structures with similar
sequence as building blocks

e Define an energy function to minimize
P(d|a,b)

@--d_-@ U(d|a, b) = —kTIHW

e Extract more features!

Other objectives?

14



Proteins: structure prediction

What we have
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MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we can do

e Use false, but high-quality structures to
learn
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Proteins: structure prediction

What we have

ofe ©
®e
§oe8 ° 8
©
© ® ,©
o © GL.
© o 2 So
co o
e © ° © > Y
© 9 .;".&‘%t'j‘w ¢ o0 © LL“ °,
e S A "R I
L]
o SR I
L0 | PR R TP Et C
‘e ®° 85’:"&' ‘o e %0
o° o FRNSe” Vawow o 0.(“‘&.%00'3‘~ s o %% ° 7,
% ¢ c:"f:"é ki'fﬁ o e "‘u'i‘fu o cef & %
o fwe° co RS CHao g @ oo e,
> o’ ) g% ‘f%xeﬁ%ovcutcc °°’
° @ 88 % © 0g08 F® © G N8 o ee® & Bgo®
o ® Qp% o e o & Bo g0 g
AL Y 0 s"gu“‘, STL © & Ve
5 © © v @ € 0 CFg ¢ S e
0& ;s. %"ot"‘{h':‘tf. 08 L) d‘ié"étﬂ:‘;‘t’@ % o & o
© Gt:c, © L «© e °®
o o, Yo 0 © CgP! © © o2 & &
f..o ’:.;?ﬁc"ﬂgfu e e BGL, c 0 & so
0& ‘!9 ..o-c'. s s o q,i.tg%'g% A
! L]
T I s S PR
® 0 %% o o“¢ &L e° 'oéc %oy o %o ©
o oigaterd | WERCT alF L, A
o ° . &
K °Ye joce «
o8, ¥ o® ¢ &fc.&?ozb‘ ‘!@:‘“"‘f,'g.o",m 0, °
. K °ﬁ © g,o '0& .Q.L ;.s&%uccc °
O R RN SR .
c o fFe g.e. “L%c “.gccb:coc
O“ w» © * °
% oo [

What we can do

e Use false, but high-quality structures to
learn
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R,G,B =[119, 172, 225]
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Proteins: structure prediction

What we have
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What we can do
e use false, but high-quality structures to
learn

e map densities of atoms around of each
atom, atom types are the channels

e train a CNN!

O 2,N am,C aro,...=
[0.89, 0.55, 0.02, ... ]
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Proteins: structure prediction

What we have
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What we can do
e use false, but high-quality structures to
learn

e map densities of atoms around of each
atom, atom types are the channels

e train a CNN!

O 2,N am,C aro,...=
[0.89, 0.55, 0.02, ... ]
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Proteins: structure prediction

Input :
|
Retyper conv. (1)
3D conv. (2)
3D
conv. (3)
Reshape
HEEEEEEEEEEEEEEN
Branches Router
,.1'/". \\um\
[TTTIN
\ ;;

Weighted sum

Output :

What we can do

use false, but high-quality structures to
learn

map densities of atoms around of each
atom, atom types are the channels

train a CNN!

Pagés, Charmettant, Grudinin. Protein model quality assessment using 3D oriented convolutional neural networks. Submitted
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Proteins: structure prediction

What we have

Q5E940 BOVIN ----------- MPREDRATWKSN YFLKIIQLLDD¥PKCFIVEADN VG --PAL
RLAO_HUMAN —-------———— MPREDRATWKSN YFLKIIQLLDD! xcp:v N VG —-PALl
RLAO_MOUSE ----------- MPREDRATWKSN YFLKIIQLLDD! KCFIV NVG —-PALl

RLAO_RAT ----------- MPREDRATWKSN YFLKIIQLLDD! KCFIV NVG| --pPALl
RLAO CHICK ----------- MPREDRATWKSN YEMKIIQLLDD KCFVV INVG| —-PALl

Multiple sequence alignment (MSA)

16
16
76
76
76

What we can do

use MSA to find regions that co-evolved
and thus can be spatially proximate

make a matrix of contacts between these
residues

20



Proteins: structure prediction

What we have , What we can do
e use MSA to find regions that co-evolved
and thus can be spatially proximate

e make a matrix of contacts between these
residues

e fulfil the constraints of contacts!

Q5E940 BOVIN ------—-—--- MPREDRAT SNYFLKII] LDDYPKCFIVGAD! —--PALI 76
RLRO:HUMBN ——————————— MPREDRAT SNYFLKII LDD KCFIV I :“» —--PAL| 76
RLAO_MOUSE ----------- MPREDRATWKSN YFLKIIQLLDD; KCFIV ! B --PAL 76

RLAO_RAT ----------- MPREDRATWKSN YFLKIIQLLDD KCFIV ! *r, --PAL 76
RLAO CHICK ----------- MPREDRATWKSN YFMKITIQLLDD; KCFVV N VG - -PAL| 16

Multiple sequence alignment (MSA)



Proteins: structure prediction

What we have

Q5E940_BOVIN ----------- MPREDRATWKSN YFLKIIGLLDD¥PKCFIVCAD!
RLAO_HUMAN —-------———— MPREDRATWKSN YFLKIIQLLDDYPKCFIVGAD!
RLAO_MOUSE ----------- MPREDRATWKSN YFLKIIQLLDDY¥PKCFIVGAD!

RLAO_RAT ----------- MPREDRATWKSN YFLKITQLLDD KCFIV )
RLAO CHICK --------=-- MPREDRATWKSN YFMK ITQLLDDYPKCEY VGAD)

Multiple sequence alignment (MSA)

—--PALI
—--PAL|
--PAL
--PAL
- -PAL|

16
16
76
76
76

What we can do
use MSA to find regions that co-evolved
and thus can be spatially proximate

make a matrix of contacts between these
residues

fulfil the constraints of contacts!
or use them as features

or train to predict them...

22



Proteins: structure prediction

Contacts prediction and residual neural networks

sequence profile and coevolution info, L X L X (3 + 3n)
predicted structures pairwise potential

Emp - N

Merge
8 ~

1d cariy LXLX3n

pairwise feature

1d derived from 2d
Residual XX convoluted Residual
Network sequential
feature Network

1d conv

conversion of
sequential to
pairwise feature

convoluted sequential
features

predicted contact map

Wang, Xu et al. Accurate De Novo Prediction of Protein Contact Map by Ultra-Deep Learning Model, 2017

e diverse features (geometrical, sequence)

e very deep to find high-order correlations

23



Proteins: structure prediction

What we have . AlphaFold (and not only)

e binary contact matrix — contact distances

e additional scoring CNN

e AlphaFold uses the whole distribution of contact
distances to compute likelihood
e this + NN-based scoring can be minimized

Q5E940 BOVIN -------————— MPREDRATWKSN YFLKIIQLLDDF¥PKCFIVGADN VEEK| I GK- MG MM GHI N--PALl 16
RLAO_HUMAN —-------———— MPREDRATWKSN YFLKIIQLLDD! KCFIV ) K Ii MM N--PALl 76
RLAO_MOUSE ----------- MPREDRATWKSN YFLKIIQLLDDY¥PKCFI caD: K T MR N--PALl 76

BLAQ_RAT =+=asizasass MPREDRATWKSN YFLKITQLLDDY¥PKCFIVGAD) K T M N--PALl 76
RLAO CHICK ----------- MPREDRATWKSN YFMKIIQLLDD! KCFVV INVGSKI IRMSLRGK- MG} { GHLENN- -PAL| 76

AlphaFold abstract and other abstracts: http://predictioncenter.org/casp13/doc/CASP13 Abstracts.pdf, 2018
earlier approach, similar to AlphaFold: Xu. Distance-based Protein Folding Powered by Deep Learning, 2018
nice review: https://moalquraishi.wordpress.com/2018/12/09/alphafold-casp 13-what-just-happened

24
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Proteins: structure prediction

What we have

MELPNIMHPVAKLSTALAAALMLSGCMPGEIRPTIGQQMETGDQRFGDLVFRQLAPNVWQHTSYLDMP
GFGAVASNGLIVRDGGRVLVVDTAWTDDQTAQILNWIKQEINLPVALAVVTHAHQDKMGGMDALHAAG
TIATYANALSNQLAPQEGMVAAQHSLTFAANGWVEPATAPNFGPLKVFYPGPGHTSDNITVGIDGTDIA
FGGCLIKDSKAKSLGNLGDADTEHYAASARAFGAAFPKASMIVMSHSAPDSRAAITHTARMADKLRLV

What we get

template-based methods
scoring with statistical potentials
learning on decoys how to score

co-evolution-based methods

25



Proteins: protein-protein interactions

What we have What we want

e Interaction interface?

e [nteraction energy?

26



Outline

v How do molecules look and function?

v’ Protein structure and interactions prediction
e Protein-ligand interactions

e Cheminformatics

e Other applications

27



Proteins: protein-ligand interactions
What we have What we want

Put there another compound?

28



Proteins: protein-ligand interactions

What we have What we want

Who will bind?
With what strength?

Correct binding pose?

29




Proteins and ligands

: data

AG ~ —RT'In K,

Features:

e extract them from 3D coordinates

Objectives:
e K (affinities) are known for regression

e casier “false” structures generation to do
classification

30



Proteins and ligands: data and problems

©
I

pose prediction

find the best 3D
coordinates for
the known ligand

VpK= ?OpK=?%>

VOO

scoring

affinities prediction,
energy prediction for
known ligands

virtual screening

which ligand binds a
compound?

31



Proteins and ligands: molecular docking and scoring

e molecular dynamics

- re

I |
e Markov chain | / \ : AG ~ —RT In K,

Monte-Carlo ' !

: ("""~ \ : Lower free binding energy - more
e genetic algorithms L Samp"ng : scoring | -y affine ligands.

1 \ ! 1

l

|

|

|

A scoring function
e predicts the binding free energy
e or scores the affinity

e can be a part of sampling

32




Proteins and ligands: data and problems

<&
@Cﬁ
~@

pose prediction

find the best 3D
coordinates for
the known ligand

VpK= ?OpK=?%>

VOO

scoring

affinities prediction,
energy prediction for
known ligands

virtual screening

which ligand binds a
compound?

33



Proteins and ligands: scoring functions

e Physics-based

Energy terms, often trained with use
of force fields, robust and rather slow

e Knowledge-based

Radial and angular distributions of
atoms — statistical potentials

Empirical

A combination of energy terms
trained on affinities data (regression)

e Descriptor-based

Various descriptors, sophisticated
machine learning methods

34



Proteins and ligands: descriptors

e energy terms Ag. =f(r )

35



Proteins and ligands: descriptors

e energy terms Ag. =f(r )

e radial, angular distributions of atoms ﬂﬁg’%
f%

36



Proteins and ligands: descriptors

e energy terms Ag =1(r,,) f&}\ ?_\_/_—_(_T*

e radial, angular distributions of atoms ¢ EL"\\Z)

: . ‘ \
e 2D descriptors (molecule is a graph!) }l 7
)



Proteins and ligands: descriptors

energy terms Ag =1(r,,) 55 ﬁ}\ ?_\_/_—_(_T*

radial, angular distributions of atoms 5 E‘r‘%

2D descriptors (molecule is a graph!) }\l
S/

surface descriptors

score as descriptor (“meta” scoring function)

38



Convex-PL
AG = AH - TAS

AG = AHPL + AHsoIvent - T(Assolvent + Asconf + )

39



Convex-PL
AG = AH - TAS

AG =:I AHPL\: + AHsoIvent - T(Assolvent + Asconf + )

—— = -

knowledge-based
distance-dependent potential

3 \ Convex-PL: C.3t-C.sp3 |
\ == = = Convex-PL: N.4-O.co2
2r 1 = = . Convex-PL: 0.co2-N.4 | 7|
u 1r 2D \ -~
\ L~ v 1N
r\
) [ ! 72 W VAR N
WA
1 I G
2 \ /
1 ‘. 1
0 2 4 6 8 10

40



non-native o w
R \\\ \\
\\\ Iy
3r \ —— Convex-PL: C.3t-C.sp3 | 7
— Convex-PL: N.4-0O.co2
2r \‘ Convex-PL: 0.c02-N.4
1+ -
‘ \ [2aN \\ N
0 £ 8y >
‘ { Y 4 P
1 - \ 4
\ /
2 /
1 “ 1
0 2 4 6 8 10
r

Convex-PL # statistical potentials

Convex-PL: knowledge-based potential

e radial distribution functions as descriptors
e W is an unknown vector of interactions

no reference states — solve classification
problem instead

train w to separate natives and decoys
1
min:EW *W + E Cij&j
ij

s.toyi [WeXi; +b;] — 14+ &5 > 0,65 >0

e perfect for pose prediction
e average at affinities prediction

Kadukova, Grudinin, J. Comput. Aided. Mol. Des., 2017
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Convex-PL: knowledge-based potential

AG =:I AHPL\: + AHsoIvent_ (Assolvent + Asconf )
1 I

-~ = =

\ 20.0{|E=E true binders ]
\ [ Convex-PL best predictions

* 17.5

knowledge-based
distance-dependent potential

Number of structures

Convex-PL: C.3t-C.sp3 | T

== = = Convex-PL: N.4-O.co2
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Convex-PL: knowledge-based potential

AG =:I AHPL\: + AHsoIvent _ (Assolvent + Asconf )
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Convex-PL: more descriptors

AG =:I AHPL\: + AHsoIvent _ (Assolvent + Asconf )
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Convex-PL: more descriptors

AG = AHPL + AHsoIvent_ (Assolvent+ASconf
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Convex-PL: regression-based model

AG = AHPL + AHsoIvent_ (Assolvent+ASconf )

\
\ \
1 \

' ~ \ ‘
knowledge- solvent rdfs ligand
A= based score 4 SASA descriptors , flexibility
Y = [pK]

better score predictions

Ridge Regression model
£ : smaller bias towards big interfaces
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Number of structures

Convex-PL: regression-based model
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Proteins and ligands: problems

o Vo Bpar
€2 ovo

pose prediction scoring

v/ we move the ligand x low data quality
x receptor moves as well

virtual screening

x is almost always 1-label
classification
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Proteins and ligands: problems

@% vpK: ?ODK=?@ @
R

pose prediction scoring virtual screening
v we move the ligand x low data quality x is almost always 1-label
x receptor moves as well classification

x receptor flexibility
x temperature, solvent, entropy

x ligand coordinates are less accurate than amino acid ones
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Proteins and ligands:

problems

——
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Proteins and ligands: problems




Outline

v How do molecules look and function?

v’ Protein structure and interactions prediction
v/ Protein-ligand interactions

e Cheminformatics

e Other applications
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Cheminformatics: studying small molecules

What we have
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e millions of compounds
e partially labeled

What we want

virtual screening
chemical properties mapping

regression towards binding energy,
toxicity, etc

generate new molecules

generate synthesis pathways

53



Cheminformatics: descriptors in 2D

What we have

string representation (SMILES)

CCOclcc(ccclC1l=N[CE@](C) (c2ccc(Cl)cc2)[C@](C) (N1C(
=0)N1CCN(CCCS(C)(=0)=0)CC1)clccc(Cl)ccl)C(C)(C)C

CSclsc(C(=0)N2CCC3(COc4ccc(CN)cc34)CC2)c2cccecl2
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Cheminformatics: descriptors in 2D

What we have

N - string representation (SMILES)
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Cheminformatics:

What we have

CLy CLs
\ _ 7 Cas—~ C?
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descriptors in 2D

string representation (SMILES)

CCOclcc(ccclC1l=N[CE@](C) (c2ccc(Cl)cc2)[C@](C) (N1C(
=0)N1CCN(CCCS(C)(=0)=0)CC1)clccc(Cl)ccl)C(C)(C)C

CSclsc(C(=0)N2CCC3(COc4ccc(CN)cc34)CC2)c2cccecl2

graph representation

fingerprints
e presence of particular fragments

e local environment of each atom in the graph
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Cheminformatics: descriptors

1 Fingerprints
8 Electronic density ¥ L j:.:l
2 SMILES

o, # i

‘7

0
Molecule
0
3 Potentials
7 3D geometry
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o~ N/

4 Weighted graph
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Cheminformatics: better generalization

RNNSs on strings

= —
e grammatical validity? o 12 {2
7
& order
convolution
graph nets
. . . S &\
e features are associated with weighted nodes Sel—i
. . . / T‘( — A
e several ways to define convolution operation 4
adaptive filtering
e recurrent architectures
S
No—r
/

L® = (W, © Ak) + By
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More applications

e these steps can be enhanced
expressed L .
: crystallization Mmicrosco structure
Sroteins > ocry > py

e simulations (molecular dynamics, quantum chemistry) can be either “learned”, or analyzed
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Thank you for the attention!
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