XUMUYECKAA NHOOPMATUKA:
OOMNONHNTEJIbHBIE ITTABbI
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COMPUTER-AIDED DRUG DESIGN (CADD)

Jlnrangbl U3BECTHbI

JluraHabl HEM3BECTHbI

CTpykTypa

Oenka n3BecTHa

Structure-based drug
design (SBDD)

De novo design

CTpykTypa benka
HensBecTHa

Ligand-based drug design
(LBDD)

Experimental data required



MONEKYNAPHbIN ON3AVH DE NOVO IN DRUG DESIGN

Methods’ categories

Fragment-Based

Reaction-Driven

Natural product-based

Bioisosteric replacement

Evolutionary Algorithms

Multiobjective Design

Pharmacophore-based

Machine Learning




MONEKYNAPHbIN AV3AMH DE NOVO,
OCHOBAHHbI HA ®PATMEHTAX



MONEKYNAPHbIN ON3ANH, OCHOBAHHbLIN HA ®PATMEHTAX:
KAKWE COEOVHEHWA OTHOCAT K ®PATMEHTAM

Molecular Weight Mr ~300 Da

H-bond donors (HBD) <3

H-bond acceptors (HBA) <3

Clog P <3 (a measure of lipophilicity of a compound)

Polar Surface Area (PSA) <60 (a measure of permeability through the cell membrane)

Cl
NHZ(: NHzr\ : "NH
NSO Nl\O O
|/ =

»
»

Fragment

N
1Csp=1.3mM Lead for protein kinase inhibitor [ j
M. =200 IC5, =65 1M
HBD= 2
HBA=3
Clog P=1.92 _
PSA=48.14 M, =456



MONEKYNAPHbIV AV3AMH, OCHOBAHHbIN HA ®PATMEHTAX:
XAPAKTEPHbIE OCOBEHHOCTW

B03M0KHOCTB KCIIONIB30BaTh MOJIEKYIISIpHBIE (DpAarMEHThI KaK CUHTOHBI™ 1St
OpPraHU4eCKOro CUHTE3a

Metobl onpeAeisioT He TOIBKO COSAMHEHUSI-KaHIU1aThl, HO 1 000OCHOBAHHYO
CXEMy CHUHTE3a

Ecnu naanBuayansapie (YparMeHTHI SBISIFOTCS YaCTO BCTPEUAIOIIUMICS B COSTMHEHUSX,
MOJIOOHBIX JICKAPCTBY, TO UX COYETAHUE MPEATIONOKUTENLHO sBsieTcsa drug-like
COCIMHCHUEM, XUMHYECKN YCTOWYNBBIM U CHHTETHUECKHU JOCTYITHBIM

* pearnbHasi Unu MAeanuavpoBaHHasl CTPYKTYpHasi eOuHMLA MOMeKyrbl, koTopasi MOXeT ObiTb BBEOEHA B XUMUYECKUN
CUHTE3 U3BECTHbIMI NpUeMamu



FRAGMENT LIBRARIES: ADDITIONAL REQUIREMENTS

Sample relevant chemical space by including pharmacophores that can be responsible for fragment binding

Contain an appropriate size distribution and a balance of differently shaped fragments of appropriate complexity

Contain a diversity of synthetically accessible growth vectors so that fragment hits can be effectively optimized into lead
compounds

Avoid groups known to be associated with high reactivity, aggregation in solution, or persistent false positive data

Keseru et al Design Principles for Fragment Libraries: Maximizing the Value of Learnings from Pharma Fragment-Based Drug Discovery (FBDD) Programs for Use in Academia
J. Med. Chem. 2016, 59, 8189-8206



MONEKYNAPHbIN OU3ANH DE NOVO, OCHOBAHHbIV HA ®PATMEHTAX

/ Alignment-based assembly technique\ / Receptor-based assembly techniqux
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Enabling future drug discovery by de novo design.
M. Hartenfeller et al (2011) Comput Mol Sci, 1: 742-759. doi:10.1002/wcms.49



MONEKYNAPHbIN OW3ANH DE NOVO, OCHOBAHHbIA HA ®PATMEHTAX

Ligand-based assembly technique

0.65 0.02 0.65 0.02

extracting connection frequencies of fragments
from training set examples

N

converting frequencies to probabilities

N/
Walk on a graph where each fragment is
equivalent to node (edges between nodes are

labelled with transition probabilities)

/ Reaction-based assembly technique \

Suzuki-BO3

QO¥ oG’

urea-NCO

P PR
irea-N Q\\ m\ Suzuzfrg/

\__urea-NCO |
.{:\"\) J urea-N
i

Suzuki-Br Suzuki-Br ‘

\_ /

Enabling future drug discovery by de novo design.
M. Hartenfeller et al (2011) Comput Mol Sci, 1: 742-759. doi:10.1002/wcms.49



MONEKYNAPHbI AM3ANH DE NOVO, OCHOBAHHbBIV HA ®PATMEHTAX

O Growing Growing
— — @ <

Expanded hit Optimized hit
Linking Growing N
Merged hit Optimized hit

Primary hits

Structure-LED
optimization

L —

Typical fragment

Fragment-derived lead

M,y 150-250 M,y 300-500

IC5p ~1mM IC50 ~10 nM

Efficient binding Efficient binding
Low potency High potency




FRAGMENT LIBRARIES

ACB Blocks
Asinex
Beactica

ChemBridge

ChemDiv

Enamine

AnCoreX

Key Organics

Life Chemicals

Maybridge

Otava

Prestwick Chemical

www.acbblocks.com
www.asinex.com

www.beactica.com

www.chembridge.com

www.chemdiv.com

www.enamine.com

Www.ancorex.com

www.keyorganics.net

www.lifechemicals.com

www.maybridge.com

www.otavachemicals.com

F NMR-oriented, RO3 compliant, predicted to be soluble, purity >96%

fragment library
SPRINT: validated for SPR. 2000 purchased fragments

ChemBridge Fragment Library, RO3 compliant with predicted solubility;
minimum purity 90% by 'H NMR

3D designed fragment library

RO3 compliant

golden

fragment library (diverse subset of full library), “simple” fragment library:
RO3 compliant <20 heavy atoms from screening collection

MetaKel (metal chelating. MW < 300)

TCI-Frag (targeted covalent inhibitor fragment screening; mildly reactive
functionalities, RO3 compliant)

fragment library

2nd generation with assured aqueous solubility, RO3 compliant

fragments from nature: RO3 compliant, assured solubility and high Fsp® content
CNS fragment library: more stringent filters (e.g., mw <240)

general

RO3 compliant (and subsets of predicted soluble, fluorinated, brominated, and
Fsp® enriched, covalent and PPI focused)

RO3 compliant diversity fragment library with assured solubility in DMSO and
PBS buffer; 1000 fragment subset available

fragment collection, filtered by purity, mw <350 and substructures
general RO3 compliant, predicted to be soluble

assured solubility in DMSO and PBS

fluorine

metal chelator

halogen-enriched with bromine for X-ray studies

www.prestwickchemical.com  Prestwick Fragment Library mainly derived from drug fragments, RO3 compliant

1280
22524
1946

>7000

4283
18108
1794
126597

>500
>100

26000
1166
183
700
31000
14000

2500

>30000
12486
1000
1217
1023
618
910




MONEKYNAPHbIV AU3AMH DE NOVO, OCHOBAHHbIV HA ®PATMEHTAX:
HAMBOJIEE YACTO BCTPEYAIOLWMECA DRUG-LIKE MAJIbIE ®PATMEHTbI
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¥ LBET COOTBETCTBYET OTHOCUTENBHOMN YacToTe npegcTaBneHHOCT B ABYX pacCMaTpUBaEMbIX basax AaHHbIX

Drug and Drug Candidate Building Block Analysis
J. Wang et al Journal of Chemical Information and Modeling 2010 50 (1), 55-67 DOI: 10.1021/ci900398f



MONEKYNAPHbIV AU3AMH DE NOVO, OCHOBAHHbIV HA ®PATMEHTAX:
OrPAHNYEHNA SKCTNEPUMEHTAJIbHBIX METOLOB

WHOPMALMK O CTPYKTYpPE)

[CJ‘IO)KHOCTVI npumeHeHns metogonormm kK GPCR peuentopaM M WOHHbIM KaHanam (npu OTCYTCTBUM ]

™2

Peuentopbl, conpsxeéHHble ¢ G-6enKOoM  BbINOMHAT  (OYHKUMIO — aKTUBATOPOB
BHYTPUKIIETOYHbIX NyTeW Mepefays CwurHana, CBA3aHHbIMW € (PU3MONOTMYECKUMU U
NaToPU3NMONOTMYECKUMI PeaKUMSMK, BIUSIOLMMN HA UMMYHUTET, CepaeYHO-COCYAUCTYIO U
9HOOKPUHHYIO CUCTEMBI

Tonbko okono 30 GPCR cTpykTyp paclwmdposaHbl (> 800 npucyTCTBYIOT B YENOBEYECKOM
reHome)

Expanding the horizons of G protein-coupled receptor structure-based ligand discovery and optimization

using homology models
Cavasotto et al Chem. Commun., 2015, 51, 13576--13594

HeobxoanmoCcTb apanTalun BbICOKONPOU3BOAWUTENBHOMO CKPUHMHIA AN UAEHTUMKALMK CBA3bIBAHNS
(oparmeHToB (06nagaloT MeHblen agUHHOCTLIO MO  OTHOWEHMID K  MULWEHW=>TPEeByOT BbICOKMX
KOHLIEHTPALMM 1 KONM4ecTBa MaTtepuana)

B nocneaHue rogbl akTUBHO ANS peLeHna 3TnX 3afad UCnosb3yrTcAa crnegyrowmne MeTobl:

3

%

)
0’0

3

¢

3

%

3

*

7
0’0

functional/high-concentration screening
fluorescence-based thermal shift assays (TSA)
[OBEPXHOCTHbIN MI1a3MOHHbIN pe3oHaHc (SPR)
Macc-cnektpometpusi (MS)

ApnepHblil MarHUTHBIN pe3oHaHe (NMR)
PeHTreHOCTPYKTYPHbI aHanus



MONEKYNIAPHbIN IN3AMH:
CTOXACTUYECKME ANFTOPUTMbI



MHOO3AOAYHbBIN MOHEKYHHPHbIM IVI3AH DE NOVO NMOCPEACTBOM
AOANTABHOW MPUOPUTE3ALNN ®PATMEHTOB

Angew. Chem. Int. Ed. 2014, 53, 4244 4248

CocTaBnsiowme MeToaa MOMNEKYNAPHOro Au3anHa:

X/

s Cxema cnHTe3a
¢ Mertog nporHo3npoBaHKs BENNYMHBI aUHHOCTM
NOJTy4eHHbIX NPOL4YKTOB

¢ MeToq onTuMM3aLmumn «CTPOUTENbHBIX» BNOKOB

B aton pabore:

PeaKu,vm BOCCTAHOBUTENBHOIO aMWHNPOBAHUA

(anbOernabl/keTOHbl W aMuHbl B KavecTee
CTponTESbHbIX BNOKOB)

Pacnpegenerne 5000 BupTyarnbHbIX NPOAYKTOB peakLuu
BOCCTAHOBUTENBHOTO aMUHUPOBAHMS B XMMU4ECKOM

I'IpOCTpaHCTBe drug “like COG,EI,I/IHeHVIVI

x" SNE+CATS descriptors '
Landscape: 10000 drug-like molecules from ChEMBL

>
r

X

Selected candidates to match different criteria (“positive design”):

/ MeToa MypaBbWHbLIX KONOHUN \

R" XXX -

LA

©
OREOE @

\Scaffold Building blocks Product/

Affinity prediction: Gaussian process (GP) regression for 640
human targets annotated in ChEMBL (v14),[10] based on
~280000 compounds with ~ 570000 measured bioactivities.

1) Potent and selective (sigma-1) or multitarget-modulating (dopamine D4) ligands

2) Target-subtype-selective ligands

)
3) Exploratory molecules, lying outside the training domain as expressed by Morgan fingerprint Tanimoto similarities <0.20
4) Inactive compounds that are nearest neighbors to known high-affinity ligands in ChEMBL bioactivity space.



MONEKYNIAPHbIN IN3AMH:
BMOM3OCTEPHOE 3AMELLEHUE



MONEKYNAPHbIV OU3ANH: BUMON3OCTEPHOE 3AMELLEHNE

Irving Langmuir
1881-1957

M3ocmepbl — 3mo MoseKynbl
uau  UOHbI,  colepxcaujue
00UHAKoB80e YUC/a10 amomMos, a
makxce umeroujue
00UHOKoBOe Koau4yecmso U
pacronoxceHue 31eKmpoHos.

3akoH rugpuagHoro casura Mpumma

‘Amomebi 8 1obom mecme nepuoduyeckol cucmemsl 8 rnpedenax Yemeolpex
KAemoK 00 UHEepMmHO20 2a3a rpu rpucoeduHeHUU K HUM om 00H020 00
Yemoblpex amomos 8000p00a U3MeHAom ceou ceolicmea makum obpa3om,
ymo obpa3yruwueca KombuHauyuu 8edym cebs Kak ncesdoamomel,
QHQ02UYHbIE 31eEMEHMAM 8 2pyrnmnax, HaX00AWUXCA crpasa om HUX om
00HOU 00 Yemsipex KAemoK coomeemcmeeHHo”

I'pynna

v VI A% VII 0
C N (¢] F Ne
> N N N
CH NH OH FH
N Ny .
CH, NH: OH:
™ N
CH; NH;
N
CH,

[aHC JpneHmanep

“ClmOMbI, UOHbI Uslu MOrseKyrnbl, 8 KOMOPbLIX HAPYH(Hble 3/1EKMPOHHbIE
060/104KU moecym cHumamaescAa uéeHmMuyYyHoImu” ->  buosnoau4yecKas
AKMUBHOCM®b

aYatravaraTa"

BECTH. MOCK. YH-TA. CEP. 2. XUMU/A. 2002. T. 43. No 4

The Practice of Medicinal Chemistry Edited by Camille G. Wermuth Elsevier 2008



MONEKYNAPHbIN OV3AMH: MPUMEPHI HEKNMACCUYECKIMX

BMON3OCTEPOB

KopsuH "aHy

BuownsocTtepsbl - coeanHeHns, obnagatoLime cxoaHbIMI rapodOOHbIMK, NEKTPOHHBIMI U CTEPUYECKUMU NPU3HAKAMM,

o6pa3y|0u.|,|/1x X NOACTPYKTYpP

Kap6ouunbHas rpymmna

\_ CN \ I
—0 en P >so2 —s0,-N(
Kap6okcuipHas rpymmna
7 O
~COOH ~SO,NHR z OH ~ N
~CONHCN ~SOH ) ) % /}‘I
~CONHON on NN
/
H
Awmuinas rpynmna
—CONH- —CONMe-—- —CSNH- —CH,NH- -NHCO-
I'mapoxcuiibHast rpymna
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ITupokarexun
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MONEKYNAPHbIV OU3ANH: BUMON3OCTEPHOE 3AMELLEHNE

[. ®puamaH (1951)

«buouzocmepbl — 8ce cOeOUHeH U1, Komopble yO08s1emaop Alom caMomy WUPOKOMY onp eodeneHu ro
usocmepos u umerom mom xe mun buonozauyeckol akmusHocmu”

TopHbep (1957)

‘Buouzocmepsl — 3mo epynmbl Uau COeOUHEHUA, XapaKmepu3syouuecs XUuMUuYecKUM U (pu3uyecKum
CX00CMBOM U OKa3blsarowjue cxo0Hble buosoauyeckue 3gpgpekmeol”

K. lMany (1964)
\«5uou3ocmepbl - coeOUHeH Us, 8bI3bl8aro Wue udeHmuyYHsild 6uoxumuyeckud uau qbapmaxonoauwecxy

omeem 8 cmaHoap mHou mecm- cucmeme»

Bo3amoxHoCTU ucnonb3oBaHUs 6MOM3OCTepHOFO 3amMeLllueHua.

X/

* YquLueHme CENEeKTUBHOCTK

RY

% Y[OaneHve HexenaTenbHbIX CBOMCTB (MOBOYHBIX APEEKTOB, TOKCUMHOCTH)
% YnydiweHve hapMakoKMHETUYECKUX XapaKTEPUCTUK (PacTBOPUMOCTbL/rMapodobHOCTL)

s OnTmmMsaums cuHTesa



MONEKYNAPHbIV OU3ANH: BUMON3OCTEPHOE 3AMELLEHNE

Fragmentation / Replacement

SN /\ ,\f Original fragment Replacement fragment
Reference Molecule K/ N |
N
e O

/ /
Substituent N N
/ N I\/N \©\/k)ﬁ:(

C : R

Ro

De Novo Molecular Design Edited by G.Schneider Wiley 2013



MONEKYNAPHbIN AM3ANH HA OCHOBE MOJENMPOBAHMWSA
XVIMUYECKNX PEAKL|NV



MONEKYNAPHbIN OM3ANH HA OCHOBE MOJENUPOBAHMSA

XUMUYECKX PEAKLIAWA
7N
Chemical Reaction
Modeling
\/
77N 7N Human judgement/  control
Sensitve  to  set-up, Quantum-mechanical required
computationally expensive simulations / Molecular Rule-based Can provide excellent results
Dynamics within certain type/domain

N S N S

Large data sets required, _ .
negative examples presence Machine learning

is a benefit
\/

Fooshee et al Deep learning for chemical reaction prediction Mol. Syst. Des. Eng. (2018) 10.1039/C7ME00107J



REACTION-DRIVEN RESCAFFOLDING AND SIDE-CHAIN OPTIMIZATION

query definition

scormg hits
- f : Y — & %
1 fragment <
database = \\
_1 &

)’{—* . = attachment

search chemrcal
\eometry shape features

O6L|J,aﬂ CXema @paFMeHTaLI,VII/I NCXOAHbIX COEANHEHNI 1 I/IJJ,eHTVICbI/IKaLI,VIﬂ peareHToB U peakUuNOoHHbIX LEHTPOB AJ14
3dMEHbl MONEKYIIAPHOro ckeneTa un 3amecTutenen

— scaffold @ startlng
ﬂ fragmentatlon

based on defined
chemical reactions

-1 scaffold reference

tt t ¢t fragments

attachment attachment
points points

database search

in fragment databases

derived from chemical
reagents

scaffold
replace-
ment

fragment hits

representing chemically

compatible available
reagents

t

reactive centers reactive centers

compatible T compatlble

CROSS: An Efficient Workflow for Reaction-Driven Rescaffolding and Side-Chain Optimization Using Robust Chemical Reactions and
Available Reagents
A. Evers et al Journal of Medicinal Chemistry 2013 56 (11), 4656-4670 DOI: 10.1021/jm400404v



REACTION-DRIVEN RESCAFFOLDING AND SIDE-CHAIN OPTIMIZATION

XUMUYECKE peakunn, NpUMEHsIEMble AN PETPOCUHTETUYECKON AEKOMMO3ULMM UCXOOHbIX coeauHeHun. C Toukoi paspbiBa

accouumpoBaHa MHopmMaLms o cnocobax nosy4YeHnst U peakUMoHHbIX rpynnax.

cleavable retrosynthetic cleavable retrosynthetic
bond decomposition bond decomposition
‘
0
i 1 A i 1 i
R1 /U\N,Rl’ Rl *amide-CO " \NJ\N/RZ ' bt
) - Vo
. amide- -N
amide 5 '\N’m urea 5 urea .\N’m
. h . I
& &
o, 0 Ar—s HB-Hal
57 R T Ar—N 1. '
R1 \r;l’ sulfonamide-S02 . 2
| ]
. Ifonamide-N .
sulfonamide 5 sufonamice "R Hartwig- 2 HBN &N,
' N Buchwald ' R2
Ar— ‘ MitsuPhen-ArOH
1 Ii—*Suzuki-BO3 Ar1—0\ 1. Ar—x
Ar—Ar, R2
Suzuki 5 SuuklBr_ Mitsunobu 5 i
‘ ’ phenol : )
R1—, R1—0
R1 .
_\/N—RZ 1. reductAmin-CO R1 —O\ 1. 'Willether-O
H R2
reductive 5 reductAminN, Williamson Willether-Hal
amination : H,""" ether 2. .h

CROSS: An Efficient Workflow for Reaction-Driven Rescaffolding and Side-Chain Optimization Using Robust Chemical Reactions and
Available Reagents
A. Evers et al Journal of Medicinal Chemistry 2013 56 (11), 4656-4670 DOI: 10.1021/jm400404v



REACTION-DRIVEN RESCAFFOLDING AND SIDE-CHAIN OPTIMIZATION

PGTpOCVIHTeTM‘-IeCKMVI aHanm3 UCXoaHbIX COeaANMHEHUN

/ . ure a NCO Suzuki-BO3 \
x TW \- p(“‘ i}’“‘urem b}(.

urea urea \ urea-NCO ‘\ —~ \
Suzuki o 0\,;/’\- \ ."{/(_., NUA \
urea-N '\\ v\\ Suzuki-Br I \\
/N _urea-NCO // N\
L | Yo urea-N

\ Suzuki-Br = il Suzuk| Br < /

Onpenenexne hparMeHTOB st 3aMeHbl, MOUCK peareHToB

o/ o

]

[ounck Bcex peareHToB, COAepXaLLmnx apusi- BUHWI- oY
ranoresugbl (p-umns Cy3yku ¢ BUHUN-BopHOM ’\\
WCHOTOM) W U3MLMaHaT (CUHTE3 MOYEBWHbI) reference fragment 2 ~ /

CROSS: An Efficient Workflow for Reaction-Driven Rescaffolding and Side-Chain Optimization Using Robust Chemical Reactions and
Available Reagents
A. Evers et al Journal of Medicinal Chemistry 2013 56 (11), 4656-4670 DOI: 10.1021/jm400404v



SCUBIDOO (Screenable Chemical Universe Based on Intuitive Data OrganizatiOn ). DATABASE
OF COMPUTATIONALLY GENERATED SYNTHETIC TRACTABLE COMPOUNDS

~18000
«CTPOUTENbHbIX

OnokoB»

58 Hanbonee
pacnpoCcTpaHeHHbIX

B MeMLIMHCKOW
XUMUW peakumm

21 MUNNMNOH HOBbIX
COeNHEHUN

X/

\_

ﬁnsapmenbriaﬂ hunbTpaums:
¢ YpaneHue gybnukatos

+*» YpaneHvie npoOTMBOMOHOB
¢ KoHTponb «MonekynspHom
CMNOXHOCTUY:

MW < 250 Da. (gns npogyKToB ¢
Bonbluei BeposTHoCTbI0O MW <
500 Da).

KonmnyectBo KOHOpMaLMOHHbIX
CcBA3en < 2. (4ns NpoaykToB <6
=> BO3MOXHOCTb NPUMEHEHMS
METOA0B MONEKYNAPHOro [JOKMHra)
KonmuecTBo xuparbHbIX LEHTPOB <

1 (ans npoayktos < 3 =>
YMPOLLIGET CUHTES)

\ i § Reaction 1

Ons  kaxpgoro coeauHeHuss B 0ase  JgaHHbIX
npeacTaBneHa MHopmauus No MeTody CUHTe3a,
noTeHUManbHbIM  NOGOYHBIM  peakuusm, W
anbTepHaTMBHbIM cnocobam nonyyeHns

SCUBIDOO: A Large yet Screenable and Easily Searchable Database of Computationally Created Chemical Compounds Optimized
toward High Likelihood of Synthetic Tractability
F. Chevillard et al Journal of Chemical Information and Modeling 2015 55 (9), 1824-1835 DOI: 10.1021/acs.jcim.5b00203



SCUBIDOO (Screenable Chemical Universe Based on Intuitive Data OrganizatiOn ). DATABASE
OF COMPUTATIONALLY GENERATED SYNTHETIC TRACTABLE COMPOUNDS

Knaccbl peareHToB («CTpouTenbHbIE B10KIY) CuHTeTUYeckas JOCTYNHOCTb
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SCUBIDOO: A Large yet Screenable and Easily Searchable Database of Computationally Created Chemical Compounds Optimized
toward High Likelihood of Synthetic Tractability
F. Chevillard et al Journal of Chemical Information and Modeling 2015 55 (9), 1824-1835 DOI: 10.1021/acs.jcim.5b00203



SCUBIDOO (Screenable Chemical Universe Based on Intuitive Data OrganizatiOn ). DATABASE

OF COMPUTATIONALLY GENERATED SYNTHETIC TRACTABLE COMPOUNDS

/ | AAAA | \
| AAAA |

.................

\ Population Strata Sample /

[1ns nofyYeHns MakcMManbHO pa3HOPOLHOW W penpe3eHTaTBHOM Habopa AaHHbIX Bblv BblAENeHbI NOArpynMbl,
Ha3bIBaEMbIE «CTPaTaMMY.

B aToi paboTe kaxgas cTpaTa onpeaensiercs peakuusmMu, Kaxablil NPOAYKT OTHOCUTCS TOMNbKO K OQHOM CcTpaTe.

[1ns nonyyYeHus penpeseHTaTUBHOrO Habopa AaHHbIX N0 NPOAYKTaM XUMUYECKUX PeakLmuii UCNoMb30BauCh NpocTenLume
MonekynsipHble geckpuntopel (molecular weight, logP, number of H-bond donors, number of H-bond acceptors, and
topological polar surface area) n metog cbanaHcmpoBaHHoro camnnuposanus (Jean-Claude Deville, Yves Tillé; Efficient
balanced sampling: The cube method. Biometrika 2004; 91 (4): 893-912. doi: 10.1093/biomet/91.4.893)

Pa3mep Kaxgom cTpaTbl Onpeaensncs nponopLyoHansHo NpeacTaBneHHOCTU B UCXOAHOW Ba3e AaHHbIX

SCUBIDOO: A Large yet Screenable and Easily Searchable Database of Computationally Created Chemical Compounds Optimized
toward High Likelihood of Synthetic Tractability
F. Chevillard et al Journal of Chemical Information and Modeling 2015 55 (9), 1824-1835 DOI: 10.1021/acs.jcim.5b00203



DEEP LEARNING FOR CHEMICAL REACTION PREDICTION

Database: 11000 elementary reactions (SMILES/SMIRKS format)

Combinatorial Reaction Generation Deep Learning
Qpy a2 \ 1. Enumerate all possible electron sources and electron sinks within
| J X42 21 X4|X42 .
(CCelDz  N&S & the input reactant molecules
(? : X“’ \\Ré 52 @O// “C~ N7 52 . . . . o
&y Qy X &, 4., X 2. Filter the list of candidate sources and sinks, predicting a smaller
31 12 . . s . .
' list containing only the most reactive sources and sinks.

Q21 = [[H]'C'/CC' C9=CC=CC=C9'/OC' ' OCC' N(C)C'SC] 3. Propose reactions by enumerating all combinations of

Q11 = [[H],'C''CC''C7=CC=CC=C7' C(=0)C' /C(=0)0C", C(=0IN(C)C] source-sink pairings. _ N

SNl e 4. Rank the proposed reactions by favorability.

Xa2 = PG ae - D0=080C, 00C, B0 N G=0)C] 5. lterate the above process to identify global reactions, or

vﬁ - [CCOY / search for unidentified products.

X52 = ['C','CC]

Lo polar
P'pel'"e', reactions
= |dentify core molecular template and P

appropriate electron movement

= Varying substituents Three chemical
= Random sampling of reaction subsets for - prediction

) modes
each mechanism

N\ N

pericyclic radical
CEM - reactions

/

Fooshee et al Deep learning for chemical reaction prediction Mol. Syst. Des. Eng. (2018) 10.1039/C7ME00107J




DEEP LEARNING FOR CHEMICAL REACTION PREDICTION

/ Output units é (1)

Wy

Hidden units H2

Hidden units H1

k Input units

yl=f(h /

4 = 2 Wi Yk

keH2

) Z

ysz(zk) Y /& out ol
=2 Wby | | OE o oy,

j£ H1 02/( ()yk ()Zk
yi=1(z)
Zi= ) WX

o,
P Y-y
9E _oE ay,

daz, dy, 0z
JE _ JE
P jk ~o~
ady i keH2 0Z
oE _oE 5’}’,’
E)Zj (')yj E)Zj

~

LeCun et al Deep learning Nature (2015) 521, 436



DEEP LEARNING FOR CHEMICAL REACTION PREDICTION

Input Data Pre-Processing

Physicochemical and graph-topological descriptors

H\% (';’H randomly chosen H‘}-‘lC (';’H
d b nojreink r e = Combination of concatenated
H 0= N7 <0 H 0= “N” <0 . .
o ' s . o 5 @ source and sink atomic level
= H i H -~ = { H V
" LHCGER G oNHC on MG hncl ek | clcl o features
WG [ 0L %G L G = Type of orbital involved
H*d\\C’C’:’C, S © “'d‘b & " % = Net change features (dynamic
H “H ~—_randomly chosen H i bOﬂdS)

non-source

Reaction Ranking Using Siamese Neural Network

y

f

/@\

NN o shared __, NN
weights
Reaction 1 feature vector I I Reaction 2 feature vector

Fooshee et al Deep learning for chemical reaction prediction Mol. Syst. Des. Eng. (2018) 10.1039/C7ME00107J



DEEP LEARNING FOR CHEMICAL REACTION PREDICTION

Input Character-level Redistribute ————
Reactants Embedding CNNl Bi-LSTM, context vectors
[ —— —— [ —s a—

p— T }
. . . ‘\ = s Replicate context-vectors
= >
a8

LS = e ITESN
= s o) e
Variable-length .
Character-sequences .
[ ] | L R
Fixed-length — s
tors .
s Bl'LSTMz CNNZ MLP

(character-wise
predictions)

Fooshee et al Deep learning for chemical reaction prediction Mol. Syst. Des. Eng. (2018) 10.1039/C7ME00107J



CONVOLUTIONAL NEURAL NETWORKS

/ INPUT feature maps feature maps  feature maps feature maps OUTPUT \
28x28 4@24x24 4@12x12 12@8x8 12@4x4 26@1x1

Specific characteristics:
= |ocal connections
= shared weights

= pooling
= using many layers

y,
oh‘tlo
h

.

32 E) wo

- =~50009]

32

Convolution layer

output axon
activation
function

—i3
Single depth slice
5% B 2 ( 4
max pqol with 2x2 filters
- BRI o stce2 : : MapameTpbl MeToAa:
3 | 2 .
T =  Yucno punbTpos
- = Pa3smep punbTpoB
’ = Ular
Fully connected layer = YeperoBaHue crioes




AHAJT3 JIOKANBHOW CTPYKTYPbI MATEPUANA: MCMONMBL30BAHME METOIOB
[TIYBOKOIO OBYYEHWUA

Input image Pixel-wise classification

(decoded)
‘:I MaxPool

&
403‘9‘@0\

||
(¢
Ilyo/
‘/l‘/'o
n
% Low resolution feature

maps (encoded)

. Activation RelLU . Activation Linear - Activation Softmax

Maxim Ziatdinov et al Deep Learning of Atomically Resolved Scanning Transmission Electron Microscopy Images: Chemical Identification

and Tracking Local Transformations ACS Nano 2017 11 (12), 12742-12752



DEEP LEARNING FOR CHEMICAL REACTION PREDICTION

|dentifying unexpected product

BuN*F

_— 7

o N1
YN

~ 55000
o B
50000 3 o

45000 3 ey
40000 3 N\\(NH
35000 3 O/\/ O+
30000 3
25000 3
20000 3

15000 4
10000 4

231.3000
ol

T T T T T T T
210 240 270 300
m/z

Reaction optimization: identification of malonate overalkylation by propargyl bromide

O O
O O
//\Br N iz
H-Na Z —_— o) o7 + 77
\OMO/ v
0
N
Na
o O
\O O/ Na
Na
- 3000 =
i .
3 192.9584 6 0
2500 ~ -
2000 z §
1500 ] 230.9738
1000
500
] 171.0008 188.0236G 224.9921 244.9945
od—-Li A ! RPN DR RN FY0FT | NN W ForS
150 180 210 240

Fooshee et al Deep learning for chemical reaction prediction Mol. Syst. Des. Eng. (2018) 10.1039/C7ME00107J



MONEKYNAPHbIV ON3ANH DE NOVO:
MAKPOMONEKYTbI



COMPUTER-ASSISTED DESIGN OF MACROMOLECULES: PEPTIDES

/ Easily synthesized, often selective for macromolecular targets (e.g. membrane receptors, ion channels) \

The hydrophobic amino acid
side chains - black
the polar residues - blue

v (W) v (Y
O00KEOHHOKKOKOGVOEODNE helical wheel plot of magainin 2



RATIONAL DESIGN OF MEMBRANE-PORE-FORMING PEPTIDES

Eisenberg’s mean hydrophobic moment

1¢r 3
<.uH> = ﬁz,-lei

consensus

residue Tanford von Heijne- Janin Chothia Wolfenden
Blomberg
Ile 5.0 4.4 0.7 0.24 2.15 0.73
Phe 5.0 52 0.5 0.0 —0.76 0.61
Val 3.0 3.9 0.6 0.09 1.99 0.54
Leu 3.5 4.2 0.5 —0.12 2.28 0.53
Trp 6.5 3.9 0.3 —0.59 —5.88 0.37
Met 2.5 2.1 0.4 —0.24 —1.48 0.26
Ala 1.0 2.9 0.3 —0.29 1.94 0.25
Gly 0.0 1.9 0.3 —0.34 2.39 0.16
Cys 0.0 —0.08 0.9 0.0 —1.24 0.04
Tyr 4.5 3.6 —0.4 —1.02 —6.11 0.02
Pro 1.5 1.1 —0.3 —0.90 — —0.07
Thr 0.5 1.2 —0.2 —0.71 —4.88 —0.18
Ser —0.5 0.36 —0.1 —0.75 —5.06 —0.26
A - Rt G GIGKFLHSAKKFGKAFVGEIMNS
Glu —_ —4.0 —0.7 —0.90 —10.2 —0.62
Asn —1.5 —1.0 —0.5 —1.18 —9.68 —0.64
Gln —1.0 —0.52 —0.7 —1.53 —9.38 —0.69
Asp — —5.6 —0.6 —1.02 —10.9 —0.72
Lys — —2.3 —1.8 —2.05 —9.52 —1.1 1 n 2 2 2
Ar — —94 —1.4 —2.71 —19.9 —1.8 —_ - — — _
g RMSDV,W— nz& [(le Wlx) + (Viy Wiy) + (viZ wiZ) ]
Faraday Symp. Chem.Soc., 1982,17,109-120 i=1

a=1+L1Y (H

m 4 v _ij)2

J

j=
v;and w; are the coordinates of the i-th HSM for two peptides V and W

M. Pillong et al Rational Design of Membrane-Pore-Forming Peptides Small 2017, 13, 1701316



RATIONAL DESIGN OF MEMBRANE-PORE-FORMING PEPTIDES

-

Pool of 50 000 sequences of 20 amino acid residues length
Amino acid distributions are based on the observed amino acid
frequencies of all alpha-helical AMPs listed in the antimicrobial peptide

database APD2

-

Rank Score ID Sequence \
1 1.027 Lavracin WDPYFAGVKKLTKAILAVRA-NH,
2 1.030 P43745 LWLGGDKKGAKRLASALGLF-NH,
3 1.043 P14315 AELDGAKRGAEQKIGWLTVK-NH,
4 1.043 P15709 GFKHHQGSKKDDFPFLGKVD-NH,
5 1.047 P49224 IELKTGKLLDRVILFVALHA-NH,
6 1.048 P46981 ASKLGASLPLMKAKVGNVGK-NH,
7 1.052 P12258 LFSTTDHVIGRKVLIEIPAT-NH,
8 1.053 P27868 SFKSKQRKLSLPIMLLWGDA-NH,
9 1.059 P43971 EQIGQARIVAQNLAGHYLKS-NH,
10

1.068 P12245 IHWLESCKRMAHIILIKTLG-NH, j

error contribution

4.0

3.0
|

1.0

I_I_||_||_

6

1"

HSM

Magainin-2 - Lavracin alignment

MAG GIGKFLHSAKKFGKAFVGEIMNS

{ !

LAV -WDPYFAGVKKLTKAILAVRA--

M. Pillong et al Rational Design of Membrane-Pore-Forming Peptides Small 2017, 13, 1701316



RECURRENT NEURAL NETWORK MODEL FOR CONSTRUCTIVE PEPTIDE DESIGN

Sequence Generation

Antimicrobial peptide

database (APD) The temperature-controlled probability P of picking amino

Database for antlmlcroblal Database of Anuran acid y at sequence position i
peptides (ADAM) defense peptldes
p() = e/ D[ X exp(y,/T)

Training j=1

Data

Output G -~ _ L - _
Yur b \ YA \ Forget Gate f GLFDIVKKILGALGSL
softmax | softmax | W KILYARKYILRVLG
DenseLayer / |\ | |\ | . KRWAYKLVGIIKHAFLLSAL_
0000000 0000000 Recurrent
0.4 Dropout ", : 3 1 I Connection /
I
256 Cells LSTM ' LSTM - 1 Output
! I Input —
| — | Train
0.2 Dropout /', m ", II'
— 1 Memory Cell
256 Cells LSTM - LSTM g BGLFDIVKKVVGALGSL
e | N\ i BKILSARKYVLRVLG
L R Cox, ! Input Gate i Output Gate 0 BKRWAYKLVGIIKRAFLHGAL
Training Sequence B S G “m L

A Miiller et al Recurrent Neural Network Model for Constructive Peptide Design JCIM 2018 58 (2), 472-479



RECURRENT NEURAL NETWORK MODEL FOR CONSTRUCTIVE PEPTIDE DESIGN

feature

charge

length

molecular weight
charge density

Eisenberg
hydrophobicity

Eisenberg hydrophobic

moment
isoelectric point

aromaticity

training

32+ 23

20.8 + 7.7

2226 + 809
0.0014 + 0.0009
0.22 + 0.29

0.36 + 0.14

114 £ 2.0
0.091 + 0.078

generated

30+ 19

204 £ 7.7

2159 + 80§
0.0014 + 0.0008
0.26 + 0.27

0.38 + 0.13

113 + 1.7
0.085 + 0.075

P(AMP)

Pseudo-probabilities of sequences predicted to be AMPs

1.01

0.81

0.61

0.4

0.2+

0.0 1

*hA
r—

|

[¢)

Training Sampled Random Helices

A Miiller et al Recurrent Neural Network Model for Constructive Peptide Design JCIM 2018 58 (2), 472-479



MOINEKYNAPHbIV OM3ANH DE NOVO:
MOZENK ncesopeLenTopa



LIGAND-BASED MOLECULAR DESIGN USING PSEUDORECEPTORS:
GENETICALLY EVOLVED RECEPTOR MODEL (GERM)

r

\§

MeTon
MOAENMpOBaHuS
peuenTtopa

~N

s

3D QSAR

UcxoaHble TpeboBaHUA:
SAR cepws, Ons  KOTOpPOM OMpeaeneHbl  «npuemnemMblen»

BbIPaBHWBAHNS «MOAXOAALLMX» KOHGOPMEPOB

MpeanonoxeHusa n orpaHUuYeHus:

*O[VH NIUraHg — OAWH KOHdopmep

*3HayeHne OGMONOrMYeckon aKTMBHOCTM  MPOMOPLMOHANBHO
SHeprum nuraHa-peLienTopHoro B3auMoaencTams

*BrnnsHne pecbopmauumii nuraHga unu rmbkocTu peuentopa He

Y4YUTbIBAKOTCA



LIGAND-BASED MOLECULAR DESIGN USING PSEUDORECEPTORS:
GENETICALLY EVOLVED RECEPTOR MODEL (GERM)

ATOMbI - «30HbI» paBHOMEpPHO

pacnpesenstTcs no NOBEPXHOCTU CAepsl,

@ OKpyXarwLlen nuraHg, atom  yrnepoaa

NOMeELLaeTCs B KaXayt M3 TOueK, No3uums

@ KoppekTupyetcs anst obecneyeHus

@ HanyyLLmX BaH-gep-BaanbcoBbIx
B3aMMOJENCTBUIA C NMraHgamm

~00C 15 TMNnoB aTomoB

40 - -
@ NH3 0 — 60 aTomOB- «30HA0BY»

@ o 15%60= 4*1070

Monoxenue B ,:I:I 9 Ilo | 111 113 D: [ eHeTMYecKnn anropuTm

CTPOKE —
MoNoXeHue B |_|
NPOCTPaHCTBE

LindppoBoe 3HayeHwne - TUn atoma-30H4a
«[TycTble» No3nLmMm ( BO3MOXHOCTb Y4YeTa MOIEKys pacTBOpUTESS)

Walters Genetically Evolved Receptor Models (GERM) as a 3D QSAR tool (1998) Perspect Drug Discov Des, 12, 159-166



LIGAND-BASED MOLECULAR DESIGN USING PSEUDORECEPTORS:
GENETICALLY EVOLVED RECEPTOR MODEL (GERM)

®B[1B 1 anekTpocTaTMyeckue SHePrv B3auMOAECTBIS

® Koppensauus mexay log (3Ha4yeHns CBOCTBA) M pacCUMTaHHON SHEPrien B3auMoaencTams

Mogenb N

Nvrang 4

Nurang 1

Nurang 2 ﬁ

Nurang M

Nuranp 3

Walters Genetically Evolved Receptor Models (GERM) as a 3D QSAR tool (1998) Perspect Drug Discov Des, 12, 159-166



MONEKYNAPHbLIV AN3AMH DE NOVO:
BO3MOXHOCTV METOLOB MALUMHHOTO 0BY4eHs



RECURRENT NEURAL NETWORKS

= Standard BNN - nonlinear system transforming sequences to sequences, sequences can vary in lengths
= RBNN is parameterized with three weight matrices and three bias vectors

yl ’ yz ’ ?
dp ar az a

a't) = g(Wyx, + Uya;_y + by)

?

v =g(Wa, +b,)



LONG SHORT-TERM MEMORY NETWORKS

PeKyppeHTHana HeMpOHHas ceTb: Npobsiema 3aTyxaHWe rpagnNeHToB CeTb fONTOBPEMEHHOM KpaTKOCpoYHOM namatn (LSTM)

“eeeroLe TUUUeUel

s W D e ‘* .* ‘* .* .*O.* Q

e 5o-ebddbdid

Time

NET OUTPUT

OUTPUT GATE

FORGET GATE

T INPUT GATE

NET INPUT

Alex Graves Supervised Sequence Labelling with Recurrent Neural Networks PhD Thesis work



BAYES THEOREM

P(d|c)P(c)
P(c|d) = — P Teopema Baiieca
P(c|d) - anocTepuopHas BEpOSTHOCTb MPUHAAMEXHOCT AaHHOMY KIaccy Npy AaHHOM 3HaYeHuUW npuaHaka
P(c) — anpuopHast BEpOATHOCTb JAHHOT O KJacca
P(d|c) — npaBaonoo6re (BepOSATHOCTb JJaHHOT0 3HAYEeHUsI MPU3HaKa MPY JaHHOM KJiacce)

P(d) — anpropHast BEpOSTHOCTb JJaHHOTO 3HaY€EHUsl MpH3HaKa



VARIATIONAL AUTOENCODERS

BapuauuoHHbIii aBToKoaMpoBLKK (Variational Autoencoder) - meTtoa BapuaLMOHHOrO BblBOAA MOAENEN CKPbITbIX [/1aTEHTHbIX) NepeMeHHbIX

-

.

Pe(zlx) < q¢(z]%),

¢____

Po (2

~

—0

Jpe (x|2)

Encoder

—/
variance

reparameterization trick:

=u+oQ0e¢

Decoder

Kingma et al Auto-Encoding Variational Bayes (2014) Proceedings of the 2nd International Conference on Learning Representations (ICLR)



VARIATIONAL AUTOENCODERS

NN
3agaH HekoTopbI Habop AaHHbIX X = {X(l)}i=1

— md
BBeJeM NpoCTPaHCTBO CKPbIThIX NnepemerHbix Z = R
MpesnonaraeTcs, 4To JaHHble NOPOKAEHbI [CreHepMPOBaHbI) HEKOTOPBLIM CYYalHbIM NPOLLECCOM, BKIOYAIOLWMM ABa LWara:

" /I3 MHOrOMEpPHOro HOPMasIbHOro anpPMOPHOro pacnpeaeneHns AaHHbIX Pg+(2) reHepupyeTcs cKpbiTas nepemerHan Z € Z

= 06vext x(V reHepupyeTca M3 yCI0BHOMO NapameTpUYECKOro pacnpeseneHmns Ha Kaxabii npusHak Pg«(x|z)

Beeném scnomoraTesibHoe napameTpuyeckoe pacnpeaeneHve (g (z|x), ssnawoueeca annpokcumaumeit anoctepuopHoro Py (z|x)
q¢(z|x) => xoaupoBiyK
Py(x|z) — pnexkoampoBwmK

BapuauunoHHbIi BbIBOA,

N
l0gPy (s, xy) = ) logPe(x(¥)
i=1

logPg(x@) = Dy, (q¢(z|x(i))||P9 (z|x(i))) +a(0,;xD)
L . )\ . )
PacxoxaeHue Mexay UCTUHHBIM BapuaunoHHas HkHsS
anoCTEPUOPHLIM 1 BCOMOraTenbHbiM  OLEHKa Ha rorapudm
napamMeTpUYeCKUM pacnpegeneHmamy  MakCMManbHOro
npasgononobus

a(8,6,xD) = =Dy, (a4 (zIxD)|1Po (2[xD)) + Eqg (z1x)[logPe (xV|2)]

Kingma et al Auto-Encoding Variational Bayes (2014) Proceedings of the 2nd International Conference on Learning Representations (ICLR)



VARIATIONAL AUTOENCODERS

BapuauMOHHbIN BblBOA,

-

KLIN (u(X), S(X) [N (0, 1)]]

Decoder

(P)

A

|Samp|e 2 from N (u(X),

Encoder

@)

=

/

TploK penapameTtpusauum

JlaTeHTHas rnepeMeHHasd Z MOeT ObIThb penmapaMmeTepr30BaHa TP XU IIOMOIIH cnyqal‘/'moﬁ HepeMEHHOfI myma (3aMeHa reHepanuu TO4YEK

Decoder

\_

p(X) ] |1E(X)

Encoder

@)

(P)

‘ Sample € from N(0, I) ‘

/

N3 IapaMeTPHUIEeCKOr'o pacrnpejejieHHA Ha reHepallvuio TOY€eK U3 pacClipejeJIeHud 6e3 HaCTpPpaKWBaAEMbIX HapaMETPOB):

Z=g¢(€x)

TakMm o6pasom, naTeHTHas NepemeHHas ABAAETCA BXOAHbIMU AaHHbIMU GYHKLWNK:

logPg(x®|z4)

Kingma et al Auto-Encoding Variational Bayes (2014] Proceedings of the 2nd International Conference on Learning Representations (ICLR)])

Doersch Tutorial on Variational Autoencoders



VARIATIONAL AUTOENCODERS

SMILES input ©

clecceec]

ENCODER Property
Neural Network ()
CONTINUOUS "
MOLECULAR (?3

REPRESENTATION flz) : :
(Latent Space) e E E E E
o™ | | | |

« | PROPERTY E : :

PREDICTION ! :

argmax p(*lz)

DECODER
Neural Network
Most Probable Decoding

SMILES output

cleceect

Gomez-Bombarelli et al Automatic Chemical Design Using a Data-Driven Continuous Representation of Molecules ACS Cent. Sci. 2018, 4, 268-276



DE NOVO COMPUTATIONAL MODELING OF RNA-PROTEIN COMPLEXES WITH
ROSETTA SOFTWARE

Cryo-EM workflow
a Sample treatment
Particle stabilization Glycerol/sugar removal Membrane protein treatment
= e — - P Detergent
%% +———CGradient V) = 2 Q o~
M| - Crosslinker /\ e —_— |, S = ;;;::
‘@ | } 7S 0 ﬁ L4
GraFix Buffer optimization - — Amphipol Nanodisc
b EM grid preparation l
Negative staining Vitrification (cryo sample preparation)
% Metal stain Paper
Al
\ : /8 /3 o
,—Grid — > > Liquid
L;i’; : ethane
Metal stain \ 8 ‘
Apply sample solution Blotting Rapid c&é—cooling
¢ Image acquisition l
Electron . -
beam
7w He
élﬁ Sample o
® (@}
@ DQ
Detector L L ),
Electron micrograph
d Image processing l
9] ©) = ?
2o ¢ ‘—» H ‘;7: —_— 7)'_] —_— [N D — —_— —_— ’ _
°m ‘ i l ] 2o
Particle 2D Projection angle 3D 3D 3D Model
selection classification determination reconstruction classification refinement building

* Most high-resolution maps contain regions of low resolution in which manual tracing of coordinates is not possible

* Missed atomic coordinates can be obtained by fitting of known structures of smaller components into the density, however due to
difficulty of this procedure BNA coordinates are often omitted from models of RNP complexes

* Developing tools capable of modeling RNA into density maps to reproduce the complex is needed

* DRRAFTER automatically builds missing RNA coordinates into cryo-EM maps by means of fragment-based docking and folding

Renaud et al Cryo-EM in drug discovery: achievements, limitations and prospects Nature Rev Drug Discov (2018) 17,471



DE NOVO COMPUTATIONAL MODELING OF RNA-PROTEIN COMPLEXES WITH
ROSETTA SOFTWARE

Step 1: Fit known Step 2: Fit ideal RNA Step 3: Subdivide into Step 4: Fill in missing RNA coordinates
protein structures helices into map regions with missing
into map RNA coordinates

DRRAFTER include two stepwise stages:

l. Low-resolution stage:

Monte-Carlo-based optimization - RNA fragment insertion, docking procedure is used to optimize the placement of RNA helices and proteins, the proteins are
treated as rigid bodies.

Missing segments are built iteratively; starting from residues immediately N- or Cterminal to a missing segment, putative solutions are spawned that add one
additional residue and sample the conformation of the most recently placed three residues guided by backbone segments from high-resolution structures with
similar local sequence.

ll.  Full atom refinement

Energy minimization both for protein and RNA followed by structure refinement (single residue fragment insertion, small rigid body perturbations, side chain
packing) and second stage of energy minimization. Scoring is performed alternatively using energy function including terms that describe hydrogen bonding,
electrostatics torsion angles, vDW interactions, solvation etc

Kappel et al De novo computational BNA modeling into cryo-EM maps of large ribonucleopratein complexes Nature Methods (2018) 15 947



