XMMUYECKAA NHOOPMATUKA:
OONOJIHUTEJIbHBIE TTIABBI

Nekuun 1-2
[oaroToBka 6a3 AaHHbIX, An3anH OMbnMoTek coeanHeHuN



COMPUTER-AIDED DRUG DESIGN (CADD)

Jlnrangbl N3BeCTHbI

JluraHabl HEN3BECTHBI

CTpykTypa 6enka
N3BECTHa

Structure-based drug
design (SBDD)

De novo design

CTpykTypa 6enka
Hen3BecCTHa

Ligand-based drug design
(LBDD)

Experimental data required



NOArOTOBKA BA3 OAHHbBIX AJ1IA BUPTYAJIbBHOTO U
IKCNEPUMEHTAJIbHOIO CKPUHUHTA:
“FAIL EARLY, FAIL FAST, FAIL CHEAP’



TEPMWHOIOIUA

CoeduHeHue-xum — CoeainHeHe, 00HapYXEHHOE B XOe TECTUPOBaHUS Ha OMOMNOTMYECKY0 aKTUBHOCTb

CoeduHeHue-nudep — COEAVHEHME, NPOSIBNSIOLLEE XKenaemylo BUONOMMYECKY0 aKTUBHOCTb, 0TOBPaHHOE CPean COeanHEHNN
XUTOB, CTPYKTYPHbIN NpOTOTMN ByAYLIEro NnekapcTsa

Bubnuomeka coeduHeHuli — KONNEKLNS COEANHEHNN

XumuuyecKoe npocmpaHcmMeo OaHHbIX — COBOKYMHOCTb XUMMUYECKUX COEeOVNHEHWA, 3aaHHOe npun nomMoLwn OeCKpUnTopHOro
onnucaHusa

Kom6unamopHas xumus — reHepaumst 60MbLIOMO Yncra XMMUYECKIX COeANHEHWIA CUCTEMATMYECKAM KOMOMHMPOBaHENM
OTAenNbHbIX NOACTPYKTYP, YacTo Npu noMoLy 6ubnuotek dparMeHToB



BbICOKOMPOW3BOANTENLHbIN CKPUHWHT

BoamoxHOCTb BbICTporo ckpuHuHra (8o 100 Thicay COeANHEHUI exeLHEBHO)
HagexHoCTb nostyyaeMblx pesynbTaToB
Bbicokas adhheKTUBHOCTb NpK KOPPEKTHOM NOArOTOBKE 6MbnoTeK

TpyaHOQOCTYNHOCTL ANS akaAeMUYECKUX uccnegoBaTenei n HebonbLumx hapmakoMnaHuii (BbICOKasi CTOMMOCT)
Pa3paboTka aBTOMaTU3NPOBaHHbIX METOAMK HE BCeraa BO3MOXHa;

He BCe MULLEHN [OCTYMHbI AN NOAOBHOMO CKPUHWHTA

HepaunoHanbHO NCcnonb3oBaHWe Anst NOUCKOBOTO CKPUHMHIA

Huskas BeposATHOCTb OBHApPYXeHWs aKTUBHbIX COEAMHEHUA B «CnenoM» BapuaHTe meToaa (6e3 npedBapuTenbHON
NOArOTOBKM BbIBOPKK).



AHATNU3 XUMUYECKOIO MPOCTPAHCTBA COEQUHEHUN

Number of Limitations Method
compounds = g o
Size Composition Other
62 % 10™ <40 atoms® C, H Acyclic alkanes without Exhaustive enumeration
stereoisomers

1.3 x 10" <38 atoms* C. H Acyclic stereoisomeric alkanes Exhaustive enumeration

10 <7 A 40 functional Neurological drugs Combinatorial enumeration
groups

107 <36 atoms C.N. O.S.P. Scaffold with 2 or 3 attachment Combinatorial estimation
Se, Si, Hal points

10% <50 atoms C,N,.O,S,C1 - Combinatorial enumeration

10 <750 Da E N, O,F Heptanes and hexanes including Combinatorial enumeration

stereoisomers
103 <36 atoms, C,N,O,S, Hal Stable compounds (stereoisomers Learning of exhaustively
<500 Da are not taken into account) enumerated structures from
GDB-17
19> <30 atoms C.N.O, S - Combinatorial enumeration
10" N/A N/A N/A No clear explanations
0 % 5 : : :

10" <1000 Da C,N. O, P, S, With stereoisomers counted No clear explanations

Hal

J Comput Aided Mol Des DOI 10.1007/s10822-013-9672-4



THE PURCHASABLE CHEMICAL SPACE: A DETAILED PICTURE
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Chemical catalogues?
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Natural Product-like*
Unique: 2,563,281

The Purchasable Chemical Space: A Detailed Picture
X. Lucas et al Journal of Chemical Information and Modeling 2015 55 (5), 915-924 DOI: 10.1021/acs.jcim.5b00116



THE PURCHASABLE CHEMICAL SPACE: A DETAILED PICTURE

‘ Overlap of level 1 scaffolds
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The Purchasable Chemical Space: A Detailed Picture
X. Lucas et al Journal of Chemical Information and Modeling 2015 55 (5), 915-924 DOI: 10.1021/acs.jcim.5b00116



AHATNIU3 XUMUYECKOI O MPOCTPAHCTBA COEQUHEHUN

High A

Knowledge
integrator

/ 1970 > 2010

All potential drug targets

Validated targets %

X
) Targetsthatfail ! ’

-1 + the ‘cautious [
- regulator’ test : /—f /

Sanofi, Bristol-Myers
Squibb, AstraZeneca,
Merck&Co., Amgen

Targets that fail
— " the 'better than —,*\VF

the Beatles' test
Low

Proportion of externally acquired R&D projects

Knowledge
leverager

Shire

K Introverted

Extroverted

Preference in innovationmanagement

=/

Lead
optimization

Target
| identification /

Target
validation

Preclinical | "iC' tal
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Huge apparent improvements in efficiency Small changes in success of
and quality in many research inputs: molecules entering clinical
® Approximate Moore's Law improvements in many cases trials over the past 50 years

e Qualitative improvements in other cases

Eroom’s Law:

increase in cost per
approved molecule

Scannell et al Diagnosing the decline in pharmaceutical R&D efficiency Nature Reviews Drug Discovery 11, 191-200 (March 2012)

Schuhmacher et al Models for open innovation in the pharmaceutical industry Drug Discovery Today (2013) 18, 1133




AHATNIU3 XUMUYECKOI O MPOCTPAHCTBA COEQUHEHUN

KonunyectBo coenHeHui B
[OCTYMHbIX 6a3ax AaHHbIX
OTHOCUTESIbHO HEBEMNMKO MO
CPaBHEHMIO C OBLLMM
XVMUYECKNM NPOCTPAHCTBOM

WcTopuyecku, 6asbl N
AaHHbIX hopmMMpoBanuchb
BOKPYT «XOPOLLMX»
coeavHeHuN

[Tonck cpean MULLIEHeW NPeXae CYATaBLLMXCS
"undraggable”

lAcnonb3oBaHue TEXHOMOMN HOBOrO MOKONEHNS



MEXAHWU3M JEWCTBUSA (MODE-OF-ACTION) KAK OCHOBA OMNPEAENEHUA CTPATETMN
CKPUHUHI'A HOBbIX COEAUHEHUA

/ Mode-of-action = rwa \

agonism/
r:;:ﬁmn antagonism

Protein

genome degradation

editing

— {—

DNA RNA PROTEIN

Hit finding technologies:

K/

¢ Structure-agnostic screens
¢ Structure-enabled approaches
%+ Modulation of protein levels through RNA interference

Examples of possible cheminformatics support:

% Aid new technologies (e.g. DNA-encoded libraries DEL)

X/

¢ Data sharing and analysis

+¢ Integrating new machine learning technologies (Deep learning, one-shot-learning, machine learning for dynamic systems, etc),
rational use of already known approaches

E. Valeur et al New Modalities, Technologies, and Partnerships in Probe and Lead Generation: Enabling a Mode-of-Action Centric Paradigm
J Med Chem 2018, 61 (20), pp 9004-9029



MODE-OF-ACTION CHOISE AS A STARTING POINT FOR SCREENING

n
K3

MODE OF ACTION

o Hit finding toolkit Proteln degradution

Protein
Agonism/Antagonism

Translation upregulation

Translation downregulation

~ MOA selection

NS

Transcription/Genome
regulation/editing
STRUCTURAL INFORMATION

Available or straightforward
to generate

' Not available and highly
challenging to generate
' Protein/RNA Sequence

HIT FINDING TECHNONOLOGIES

High Throughput Screening

Expanded/Specialized
Libraries

]

- Fragment-Based Screening

(SM B virtual Screening
'\

Structure Mimetics

DRUG MODALITIES

ay“ Small Molecules
ﬁ Macrocycles

m Modified Peptides

¥*™g PROTAC

A Oligonucleotides

g Proteins / Antibodies

A a7 DNA-Encoded Libraries

n Display technologies
- Phenotypic screening

Technology/modality particularly
suited for challenging targets

E. Valeur et al New Modalities, Technologies, and Partnerships in Probe and Lead Generation: Enabling a Mode-of-Action Centric Paradigm

J Med Chem 2018, 61 (20), pp 9004-9029



NoAroToOBKA BA3 OAHHbIX ANA BAPTYAJNIbHOTO U 3KCMEPUMEHTAJIBHOIO
CKPUHWUHIA

®unbTPbI HA OCHOBE NMPOCTENLLINX
NOACTPYKTYP W PU3NKO-XUMUYECKUX
CBOWCTB

[MOACTPYKTYPHbIE PUILTPbLI A1
COEAVNHEHWI C HECTIELMPUYECKUM
B3aMOAENCTBUEM

lNporHosuposaHne ADMET csoucts
(Absorbtion, Distribution,
Metabolism, Excretion, Toxicity)

CKPUHWHTA
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OuUnbTPbI Ha HEXenaTesbHble
CBOMCTBA/TOKCUYHOCTb




NOHATUA DRUGLIKENESS U LEADLIKENESS

"MpaBuno natn" JIMNUHCKOro \

Bronoruyeckas akTMBHOCTb BELLECTBA (MpW NPUEME BHYTPL) MeHee BeposTHa, ecnu:
s+ MonekynspHbii Bec 6onee 500.
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Yucno akuenTopoB Bogopoaa BogopoaHon cesasu bonee 10 (onpeaensitot no cymme atomos O u N).
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aKkUenTopoB BOAOPOAHOM CBA3M, 2-8 KOH(hOPMALMOHHbIX CBsiden, 1-4 Lukna.
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Oral Druggable Space beyond the Rule of 5: Insights from Drugs and Clinical Candidates

Physicochemical property distribution of chemical classes

Class Delivery N MW (Da) cLogP HBD HBA PSA (A% NRotB Fsp®
Oral 226 642(621-662) 4.1(3.8-4.3) 2.6(2.4-2.9) 7.7(7.3-8.1)  137(130-145) 10.4(9.8-11.1) 0.49(0.46-0.52)
Parenteral 259 1059(983-1136) -1.4(-2.3--0.5) 10.5(9.2-11.8) 15.6(14.2-17.0) 357(320-394) 21.9(19.3-24.6) 0.52(0.50-0.54)
peptides & Oral 25  815(700-929) 3.2(2.6-3.9) 4.5(3.5-5.5) 8.7(7.6-9.9)  199(169-229) 15.1(12.5-17.7) 0.56(0.50-0.62)
mimetics | Parenteral 100 1473(1336-1610) -6.9(-8.2--5.6) 19.3(17.1-21.5) 22.1(19.7-24.5) 582(518-645) 35.6(30.2-40.9) 0.56(0.54-0.58)
natural Oral 51  713(670-756) 3.7(3.0-4.3) 3.3(2.8-3.8)  10.2(9.2-11.2) 168(153-182) 9.2(8.0-10.5) 0.68(0.62-0.73)
products | Parenteral 73 883(765-1002)  0.7(-0.6-2.0) 6.8(5.1-8.4)  14.3(11.8-16.9) 270(219-322) 13.6(10.1-17.2) 0.59(0.54-0.63)
( ) (
( ) (
) (
(
(

all

9.3(8.8-9.9) 0.40(0.37-0.43)
12.2(10.5-14.0) 0.39(0.34-0.43)
1(1.6-2.7)  7.6(6.6-8.6) 149(135-164) 17.1(13.6-20.6) 0.62(0.49-0.74)
2.2(0.3-4.0)  7.2(52-92)  126(85-168) 19.6(14.9-24.2) 0.60(0.53-0.66)
8(-0.6-2.2)  5.0(3.9-6.2)  81(56-106) 8.8(5.6-12.1) 0.42(0.36-0.49)

prodrugs
Parenteral 11 699(558-840) 6(1.6-7.6)

CNS Oral 6 601(474-727)

(
de novo Oral 136 590(574-606)  4.4(4.1-4.7) 1(1.8-2.3) 6.6(6.2-6.9)  113(107-120
designed | Parenteral 75 733(662-803)  3.0(2.1-3.9)  3.7(2.8-4.6)  9.4(7.8-11.0) 176(146-206
Oral 14  572(534-611)  3.8(2.2-5.4) (
( ( (
( ( (

4.4(2.1-6.7)

B.C.Doak et al Oral Druggable Space beyond the Rule of 5: Insights from Drugs and Clinical Candidates Chemistry
and Biology V. 21, Issue 9, 1115-1142



Oral Druggable Space beyond the Rule of 5: Insights from Drugs and Clinical Candidates

A Expanded oral bRo5 chemical space
Oral bRo5
Oral extended Ro5 L, e
Parenteral >500 Da o .. Yy
250 R L el
200| o y & .1~."‘: AT
:(5)8 S : -‘l.’~ & Q".' N ..
PSAGAY) 58: 5 ’3"’“ 4"‘6. -
" 1000
e = "800 e
¢ 4 ) 700 MW(Da)
clLogP 2 0" 2500 600 &Qg "
"possible to be oral" chemical space ~ o8 g\@c’
MW <1000 Da, -2< cLogP <10, <§’ & \\é‘
HBD <6, HBA <15, S& & 9
PSA <250 A2 NRotB <20 &, 6‘ S
0) & 2 S O
=\ & (* \\
B & éo(‘ S ‘QQ gQ
Major oral bRo5 Class | 6‘ \@ \& ¢ Origin
Erythronolides ‘ I\/I v | v | fl Inatural product
Leucomycins ‘ l‘/ | v | ~/| | |natural product
Rifamycins | l\/I v | v | /| |natural product
HCV NS3/4A protease inhibitorsl |/| v | v | f| |peptlde
HCV NS5A inhibitors | |
HIV-1 protease inhibitors |\’| | v | /| | |peptlde
Ascomycins and Rapamycins ‘ I v I ] /I | v Inatural product
Cyclosporins | v l \/| v | \/| |/| atural product
Azoles || [elel [ #lde novo
Taxanes | | [«lvl | ]natural product
Cardiac glycosides ‘ | | l v | | |natural product
L] e

v |de novo

Lipid mimetic prodrugs

B.C.Doak et al Oral Druggable Space beyond the Rule of 5: Insights from Drugs and Clinical Candidates Chemistry
and Biology V. 21, Issue 9, 1115-1142



DRUG-LIKENESS ANALYSIS OF TRADITIONAL CHINESE MEDICINES: PREDICTION
OF DRUG-LIKENESS USING MACHINE LEARNING APPROACHES

MDDR Database
(Drug-like compounds)

) Classification ) dentification of key ) Prediction of compounds
ACD Database (Non- models substructures from TCMCD

drug-like compounds) Bayesian classification (NBC)

and recursive partitioning (RP)

A & > X .
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. f . . }) 2 (]} ) L]
Descriptors for Drug-likeness analysis wd S j
- 97 oA A
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‘ X o O
Csizmadia’s method Sevee 0408 Scory: 0,618 Sooce: 0638 Score: 0,638 Socee: 0478
16 m (U] oun
The Jog of intrinsic molecular solubility (logS) based cn the model developed by Tetko N s
. y (o) ped by Tk o <o (o '
Molecular weight |\ AP w5 |‘ / I I~ AP ) .,
P " 1 =, N . P - =, -
Molecular fractional polar surface area l " e o r it i I o °
™. > . . N, i
Molecular polar surface area Ptk i Séore: 0. Socee: 0.61 Secre: 0437
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h v / . { / N ° e
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/ Nzt I ] | o A
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N/ A 2 p. W 7
The sum of oxygen and nitrogen atoms L P A [N &
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\
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2 o)

Drug-likeness Analysis of Traditional Chinese Medicines: Prediction of Drug-likeness Using Machine Learning Approaches
S. Tian et al Molecular Pharmaceutics 2012 9 (10), 2875-2886 DOI: 10.1021/mp300198d



DRUG-LIKENESS ANALYSIS OF TRADITIONAL CHINESE MEDICINES: PREDICTION

OF DRUG-LIKENESS USING MACHINE LEARNING APPROACHES

Antiasthmatic/Antimflammatory
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Drug-likeness Analysis of Traditional Chinese Medicines: Prediction of Drug-likeness Using Machine Learning Approaches
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Antihypertensive/ Antanginal
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S. Tian et al Molecular Pharmaceutics 2012 9 (10), 2875-2886 DOI: 10.1021/mp300198d
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[OArOTOBKA BA3 OAHHbIX ONNA BUPTYAJIbHOTO U

IKCNEPUMEHTAJIbHOTO CKPUHWUHTA: NOACTPYKTYPHBIE OUJIbTPbI

S 7
_N
ONO O R NG ( ), \/j[%
—N N ~0
1,2 Dicarbonyl af-Unsaturated Carbonyl Alkene Aminothiazole Methylenedioxy
[#6])( =O)[#6]( =0) C=CC( =0) C=&l@C cisc( nc1)N C10ccO1
OO | v ¢ 1
[o} - — N\
o~ @ C)\ N—N v e N~ °N
1,2 Dimethoxy 1,4 Dimethoxy Acylhydrazide Acetal Thiourea
COccOC COccccOC C( =O)NN OCO NC( =S)N
o OrTY OOy
—NO, i /L\ Al 4A\ //A\ ZA A\ ?A\ ,/,A\
el H” >N H AT AT A AR
Asg, A
Nitro Aliphatic Ketone Unflanked Pyridyl Anthracene/Phenanthrene A
[N:$( N( =0)~[O;H0))] CC(=0)C c1( e ne( ¢ c)[HNH)) | [a:$( aa[R3]( a)a[R3]( a)a),$( aa[R3]( a)aa[R3]( a)a)]

1,2-dicarbonyl: metabolically unstable/potential toxicity due to mutagenicity
1,2-dimethoxy: prone to oxidation yielding reactive quinones.

1,4-dimethoxy: very prone to oxidation yielding reactive quinones
RB-unsaturated carbonyl: prone to reactivity by acting as a Michael acceptor

acetal: metabolically unstable due to acetal hydrolysis acylhydrazide: metabolically unstable due to acyl hydrolysis aliphatic ketone:

metabolically unstable due to nucleophilic attack

7 R/ K/
0’0 0‘0 0.0

alkene: metabolically unstable due to epoxidation aminothiazole: potential toxicity anthracene/phenanthrene-like: known DNA
intercalation nitro group: prone to reduction yielding reactive species/ potential hepatocarcinogens
methylenedioxy:metabolically unstable due to acetalhydrolysis/prone to oxidation yielding reactive quinones

thiourea: metabolically unstable due to flavin oxidation/ potential on specific protein binding

unflanked pyridyl: potential interference with cytochrome P450s due to metal ion coordination

ACS Chem. Biol. 2011, 6, 208-217



MOArOTOBKA bA3 IAHHbIX ANA BUPTYANbHOT O N SKCMEPUMEHTANBHOT O
CKPUHWHTA: COEANHEHWA C HECNELN®UYECKM BSAMMOAENCTBUEM

. = o
/fe:;?teet: :’(:::Iity :oal:;t;:eu nds Ratio\ >N¢ / //0 ’_( * /N N—
1 68,809 49.11% © s /
2 29,022 20.71% /\ N O
3 16,272 11.61% °
Tested 71 Tested 81 Tested 85
4 9810 7.00% Active 40 Active 35 Active 32
5 5566 3.97%
6-10 8596 6.14% S
11-15 1473 1.05% g,: E:L/( H~‘< 'SO
16-20 404 0.29% @
21-25 121 0.09% o/ o
e o mae Tested 74 Tested 70 Tested 65
31-35 6 0.004% Active 34 Active 29 Active 31
36-40 1 0.001%

\ SUM 140,112 100y

Hu et al What is the Likelihood of an Active Compound to Be Promiscuous? Systematic Assessment of Compound
Promiscuity on the Basis of PubChem Confirmatory Bioassay Data. The AAPS Journal. 2013;15(3):808-815.
doi:10.1208/s12248-013-9488-0.




WORST OFFENDERS

NOArOTOBKA BA3 JAHHbLIX A4J1A BUPTYAJIbHOIO
IKCNEPUMEHTANIBHOIO CKPUHWUHTA: TTIOACTPYKTYPHBIE ®UJIBTPbI

Pan-assay interference compounds (PAINS) fall into hundreds of chemical classes, but some groups occur much more frequently than others. Among the most insidious
are the eight shown here (reactive portions shown in red and purple). These and related compounds should set off alarm bells if they show up as ‘hits' in drug screens.

hydrogen peroxide, which
can activate or inactivate
different proteins.

—_—

ISOTHIAZOLONES
Covalent modifier:
reacts chemically
with proteins in
non-specific,

non-drug-like ways.

-

CURCUMIN ’_ HYI]UXYPHEIIY[ HYDRAZONES

o

' PHENOL-SULPHONAMIDES
Covalent modifier, ¥ Covalent modifier, ENE-RHODANINE | Redox cycler, covalent b
membrane disruptor: metal complexer: ’ Covalent Bl modifier, unstable compound: §
muddles response of [ sequesters metal ions that modifier, metal breaks down into molecules
membrane receptors. inactivate proteins. complexer. that give false signals.

Nature 513, 481-483 (25 September 2014) doi:10.1038/513481a

DoNes |

Covalent
modifier.

QUINDNES AND CATECHOLS
Redox cycler,
metal complexer,
covalent modifier.




MOArOTOBKA bA3 AHHbIX ANA BUPTYANBHOI O N SKCNEPUMEHTANBHOIO
CKPUHWHIA: COEAMHEHWA C HECTIELN®UYECKIAM B3AMMOLENCTBMEM

( )

f Assay Interference Compounds 1

Synthetic compounds Natural products
Pan-assay interference compounds Invalid Metabolic PanaceaS

IMPS




MNOArOTOBKA BA3 OJAHHBIX AJTA BUPTYAIIbHOIO 1 SKCNEPUMEHTANIBHOIO
CKPUHWHIA: COEOVMHEHNA C HECNELN®UYECKAM BSAUMOLOEUCTBUEM

A 8
OVKA}:&(/ x10

+ 57
+10* enzyme 8
molecules %)

<
A
ﬁ

BblipaxeHHbIN curHan onpegensiercs
[axe B OTCyTCTBUE DOeska

Fluorescence AEICEERE

O6pa3soBaHue nepokcuaa BOfopoAa
NHAKTVUBMPYET MULLEHb, YTO COOTBETCTBYET
[IEACTBUIO MHTUBUTOPA, NPY 3TOM CaM NUraHa
MOXET He CBS3bIBATLCS C MULLIEHBIO

Protein Chemical
Reactivity Decomposition

XenaTtHble CBOWCTBA COEAVHEHWUN MO

OTHOWIEHUIO K pagy  MeTannos,
NCNONb30BaHHbIX TMPU CUHTE3E WUNKU

NCNONb30BaHHbIX KaK peareHTbl WNnu

HO,,

| | =
3 N
Co Y Y e
Ho” S NN T ku N ;Cs
I X HO
PTD

BO3[EVICTBIME Yepe3 MOBEPXHOCTb 6e3 orT
CneLmMduYeckoro B3alMoaeicTBus C ReducsdPID
KOHKPETHbIM CaliTOM CBSI3bIBaHMS X o |
NN e
0, l I’(\( Ph Z N
X N
Superoxide N+ > 0
radical anion H o 21
inactive

Radical intermediate



MNOArOTOBKA BA3 OJAHHBIX AJTA BUPTYAIIbHOIO 1 SKCNEPUMEHTANIBHOIO
CKPUHWHIA: TIOACTPYKTYPHBIE ®UIbTPbl WAEHTUOUKALIAV
COEOVHEHWW C HECNELUN®UYECKMM BSAUMOLENCTBUEM

http://zinc15.docking.org/patterns/nome

http://www.cbligand.org/PAINS

http://fafdrugs3.mti.univ- paris-diderot.fr/

Ob6LenocTynHble PuUnbTPbI

http://fafdrugs3.mti.univ- paris-diderot.fr/,
http://advisor.docking.org



AHANNS 29 BA3 JAHHbLIX HA NMOOOBUE NNEKAPCTBY (‘DRUGLIKENESS?)

absence of toxic/ total filtered
3 of 4 Lipinski 4 of 4 Lipinski Veber reactive fragments drug-like
library No. of No. of No. of No. of No. of
supplier sies compounds % compounds % compounds % compounds % compounds %
passed passed passed passed passed
Ag)my N}lolecular 196 064 168 512 86% 104334 53% 171617 88% 186901 95% 66780 34%
esearc
ART-CHEM 110873 101 959 92% 73540 66% 94 633 85% 69628 63% 35040 32%
Asinex 457 842 443 550 97% 350 843 T1% 399 447 87% 378 697 83% 212472 46%
Asis Chem 32749 31834 97% 24827 76% 30118 2% 24491 75% 14031 43%
ChemBridge 741 176 728 794 98% 600477 81% 678 668 92% 607613 82% 386 566 52%
ChemDiv 785 740 747 052 95% 540 565 69% 720 162 92% 650781 83% 330 144 42%
ChemStar 28 946 26 030 90% 16336 56% 24833 86% 13288 46% 4977 17%
Enamine 1221957 1160859  95% 1002004 82% 1063102 87% 1026443 84% 672076 55%
FluoroChem 23 498 23040 98% 14150 60% 22027 4% 15744 67% 7435 32%
InterBioScreen 466 671 444 365 95% 317429 68% 405 300 87% 324547 70% 144 850 31%
IVK Laboratories 46 515 45 144 97% 34059 73% 41926 90% 28966 62% 13688 29%
Key Organics 47 656 46 301 97% 33383 70% 44 393 93% 33065 69% 17984 38%
Life Chemicals 426 135 401 386 94% 269 897 63% 372876 88% 350943 82% 153850 36%
Maybridge 69 862 68 088 97% 48 988 70% 63 683 91% 46238 66% 25225 36%
Nanosyn 62597 59158 95% 42241 67% 54502 87% 37063 59% 17924 29%
Oakwood Chemicals 12 621 12308 98% 6715 53% 12046 95% 8500 67% 3796 30%
Otava Chemicals 173 941 159 692 92% 103736 60% 150 082 86% 122534 70% 49 281 28%
Peakdale 14 576 14072 97% 10246 70% 14009 96% 13903 95% 7209 49%
Pharmeks 155 800 138 626 89% 94023 60% 127 982 82% 95591 61% 34811 22%
Princeton Biomolecular Research 380 424 352728 93% 240877 63% 335530 88% 246944 65% 107 968 28%
SALOR 48 693 44053 90% 24386 50% 40715 84% 21846 45% 8300 17%
Specs 223 630 207 769 93% 140776 63% 201 236 90% 159 595 1% 71882 32%
Spectrum 8497 7997 94% 5607 66% 7769 91% 7083 83% 3590 42%
TimTec 674773 609 034 90% 431965 64% 579 690 86% 390235 58% 151 164 22%
TOSLab 26713 22748 85% 13505 51% 23045 86% 17236 65% 5212 20%
Tripos 154 604 150 949 98% 115517 75% 141993 92% 129010 83% 72350 47%
Ufark 28 881 26 975 93% 14984 52% 25636 89% 15813 55% 7650 26%
UORSY 794 997 683318 86% 596 784 75% 591 882 74% 532054 67% 277088 35%
Vitas-M Lab 442971 419 064 95% 302404 68% 382768 86% 327 505 74% 143 146 32%
unique 5183506 4909717 95% 3716537 72% 4545593 88% 4010470 77% 2020027 39%
open NCI database 231458 210 856 91% 161543 70% 182 841 79% 140826 61% 95588 41%
compounds

J. Chem. Inf. Model., Vol. 50, No. 4, 2010



LIGAND EFFICIENCY METRICS

Ligand efficiency — merit of compound’s propensity to use its structural features for binding to target

Ligand Efficiency:

[ LE=(-2.303(RT/HA))xlogK or  LE=(1.37/HA)xpIC,, or LEI=pIC,,/HA

Free energy of binding:
AG?=—RTxIn(K /C°)=-2.303RT xlog(K /C°)
LE = AG*/HA =—(2.303RT/HA) x log(K /C°) =~ ~(1.37/HA) x log(K ) = (1.37/HA) x pK ,

pIC50 - half-maximal inhibitory concentration, pK; — inhibition constant, pK, — dissociation constant

Lipophilic Ligand Efficiency:

[ LLE=pIC,,—cLogP ~ or  LLE,=0.111+1.37(LLE/HA)  or LELP=cLogP/LE

Size Independent Ligand Efficiency:

{ SILE = plC or pK + HA03

Hopkins et al Nature Reviews Drug Discovery 13, 105-121 (2014)



(=

Mean % molecules with both LE and LLE
> mean oral drug

LIGAND EFFICIENCY METRICS: DRUGGABILITY OVER TARGET FAMILIES

480 target-assay pairs (GVK BIO Database) Relative ligand efficiencies of 46 oral drugs acting at 25 targets
(ChEMBL database)
_ Kinase | PDE
|GPCR: g @ Nilotinib :
16 - | amine (62) g 35 : . : :é:”
e mitani Aok
! Bl 4 < 50 > ECsp
14 |GPCR: other (27) ‘ T & Lapatanib (EGFR)
| T\ 2o °
3. lon channelI(ILZ)‘_J\‘ . \| s, ; .l Vandetanib @ Bosentan Telaprevir
} ‘ ¢ rHSO(lZ) 2 Lapatanib (ERBB2) @ o
| c patani
\ : 5 35 ?
0- 1 | Sorafenib
\Transporter(lS) | E 30+ Gefrnib
NHR (31 = 14 5 % Bosutinib
| E Vemurafenib PSZOP?"%) Eli .
6 Protease (64) | J_Hydrolase ‘g 20 R ALK \‘ unitini vitegravir
i (11) g o Linagliptin_
GPCR £ 15 Erlotinib Ambrisentan Sita gl-p : a & (=Vardenafil
4- l|p|d (29) Dehydrogenase 8 ° ' o t‘;gl'p:fn_ Rt gaen CSildenafil
4~- (14) o Crizotigb (MET) Lapeasertn ; e pRcxdpan @ Tadalad
B Kinase (49)| F ] E el i e - B
o Rl = g ° Ruxolotinib-@ i ‘ o gl @ h ® ®
. H e 0 ) . [+ ] ‘ Q ] o ;
LGPCR. peptide (74)J & Dasatinib Mirbeoton Sutlentan .Sax\agllp(ln ‘Aliskiren ] Veirlasest
Maravuroc Tlcagrelor Vlsmodeglb Boceprev:r Roﬂumllast

| | | | I | | | | |
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Hopkins et al Nature Reviews Drug Discovery 13, 105-121 (2014)



OONONHUTENBHAA NIUTEPATYPA

Internal Structure and Preferential Protein Binding of Colloidal Aggregates
D. Duan et al ACS Chemical Biology 2017 12 (1), 282-290 DOI: 10.1021/acschembio.6b00791

The Ecstasy and Agony of Assay Interference Compounds
C. Aldrich et al Journal of Medicinal Chemistry 2017 60 (6), 2165-2168 DOI: 10.1021/acs.jmedchem.7b00229

Highly Promiscuous Small Molecules from Biological Screening Assays Include Many Pan-Assay Interference

Compounds but Also Candidates for Polypharmacology
E. Gilberg et al Journal of Medicinal Chemistry 2016 59 (22), 10285-10290 DOI: 10.1021/acs.jmedchem.6b01314

Dependence of Molecular Properties on Proteomic Family for Marketed Oral Drugs
M. Vieth et al Journal of Medicinal Chemistry 2006 49 (12), 3451-3453 DOI: 10.1021/jm0603825

Phantom PAINS: Problems with the Utility of Alerts for Pan-Assay INterference CompoundS
Capuzzi et al Journal of Chemical Information and Modeling 2017 57 (3), 417-427

The role of ligand efficiency metrics in drug discovery
A. L. Hopkins et al Nature Reviews Drug Discovery 13, 105-121 (2014)



OV3ANH BUBIMOTEK COEANHEHWN

I
. Diversity-Oriented Synthesis

/
‘ DNA-encoded Libraries
V4

Design of Chemical Libraries



Oun3zaitH auBepCcMPMLUUPOBAHHbIX U
choKycUpoBaHHbIX OMONUOTEK coeanHEHUN

[neepcudunumpoBaHHble 6rbnmoteku
(Diverse Libraries)

ﬁmnmomm COeMIMHEHWIA, copepxallune MaKCI/IMaJ'IbI-h

PasHOPOAHbIE  NWraHdbl,  B3aUMOAENCTBYOLME  C
LIMPOKIM AMAaNa3oHOM MULLEHE

[ToncK coeuHeHWA Npy orpaHUYeHHON HOopMaLm
0 MULLUEHM

OT16op coegnHeHMn ons B3aMMOAENCTBIS C
HECKOMbKUMU MULLIEHSIMM

[MononHexne 6a3bl JaHHbIX

[MpeaBapuTenbHbIN 3Tan ans
BbICOKONPOWU3BOANTENBHOMO CKPUHUHTA /

CdpokycupoBaHHble bubnuotekmn (Focused
Libraries)

/5I/I6J'II/10T€KVI COedMHEeHUN, Co3faHHble Ha OCHOBG\

0TOOPaHHbIX MOMEKYNAPHBIX CKEIETOB, OPUEHTUPOBAHHbIX
Ha B3aMMOZENCTBMe CO cneundmyeckoin Bronormyeckoil
MULLEHBIO

< [lonck coeauMHeHMW, CXOAHbIX C COeOUHEHUEM-
nuaepom unm otobpaHHbix cornacHo QSAR mogenu

s Otbop coeanHeHWN, B3aNMOLEUCTBYIOWMX C OLHOW
KOHKPETHOW MULLIEHbIO unm CEMENCTBOM

K B3alMOCBA3AHHbIX /




METOAb! AN3AMHA ONBEPCUOULINPOBAHHbIX
BUBJIMOTEK, OCHOBAHHbIE HA AECKPUNTOPHOM
ONMUCAHWN OAHHBIX

[MowaroBbin oTbOP
COeMHeHUN Ha OCHOBE Knacrtepusaums
Pa3HOPOLHOCTH

Acnonb3oBaHme
ONTUMM3ALMOHHBIX
anropuTMoB

MeToab! ¢ 3agaHHON
Tononoruen




METOLbI CO30AHNA OVBEPCNONLIMPOBAHHBIX BUBITNOTEK COEVNHEHWN:
OTBOP COEAMHEHIN HA OCHOBE PA3SHOPOOHOCTU

O6LLas nocrne1oBaTenbHOCTb:

.. Bbi6op nepBoro
%+ CnyyaiHbIn BbIGOP CcoeaNHeHUs

¢ Haubonee penpeseHTaTUBHOE
¢+ Hanbonee HecxoaHoe

PacyeTt pa3HOpOAHOCTU MeXAY BCEMM
e COeAuHEeHNsIMU B 6a3e AaHHbIX 1 yXKe
0TOOPaHHbIMK
_ (Dissimilarity);; = 1 - (Similarity );;
MeToza . UcknoveHns cdepbl
Ca gt ‘ Bb160p cneaytoulero coeanHeHns,
| Hanbonee oTnuyatowerocs ot

b B npeabigywux %

Haunbonbluas pa3HOpOAHOCTb C
| E yXe 0TOGPaHHbIMY
ACS Chem:. Biol. 2011, 6, 208-217 C
score. = ZD. .

1. 3aaTb NOPOroBoE 3HaYEHMe o
oTANYMA t =
2. BbibpaTb coeaunHeHne Haunbonbluee paccTosiHWe Ao Ecnu 3agaHHOe KONMYecTBO
3. VicknioumnTb BCe COeAMHEHNS C brvkailumx cocenen cpeam yxe COeAVHEHWIA He 0TOBPaHO NOBTOP
oTnMumMeM < t 0TOBPaHHbIX: ABYX NpeablayLLnX Waros

4. Ecnu coeanHeHus B bubnmoteke
nocne npeablayLLero wara ocTanmcb,
BEPHYTLCS K Lwary 2

score, =min(D, ;.. )



METOOb! CO30AHNA AVUBEPCUOULIMPOBAHHBIX BUBNIMOTEK COEOVHEHWM

K-Means, Jarvis-Patrick

\ Agglomerative Clustering

Divisive Clustering
Hierarchical N_'PALST_REE’
Hierarchical k-means

Partitioning

Self-Organizing Maps, Density-
Generative Topographic Mapping based DBSCAN

OB NpuHLMN:

*Pa3bnTb coeanHeHUs Ha kKaTeropum (rpynbl, KNacTepbl): N0 NPUHLMMY CXOACTBA MOMEKY, OTHOCSILMXCS K OLHOMY KnacTtepy
*Bbi6paTh OLHOMO UM HECKOMNbKWX NPeaCTaBUTENEN KaXA0N rpynbl




KNACTEPU3ALUNA: METOL IXKAPBUCA-NATPIKA

PacyeT nonapHbIX paccTosiHWiA, onpeaeneHne bnuxanlumx cocegen ans
KaXKgoro CoeanHeHMs

[1Ba coeqnHeHWs1 nonagatoT B OAMH KNacTep, eCrv OHW CaMu U COEANHEHNS 13
MX CNMCKa HaXodsATCs B CiKCKe bnvxanwmx cocegen apyr apyra




KINACTEPU3ALUNA: MEPAPXUYECKAA

~

/ Aglomerative

Divisive
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:

TUMNbl MepapXNYECKoil
KnacTepuaaLmm

I

:

ArriomepatnBHas
(0bbeauHsowasn)

-

\

/

(&

onpeaensieT Kaxabin
0OBEKT B CBOW KnacTep,
Ha KoM Luare
obbeanHseT Hanbonee
CXOOHbIE KnacTepsl

\

|

] ]
[vBn3nBHas
] L{ (pasgenstoLyas)

-

~
\
Ha kaxnom Lare
pa3bueHue Hanbonee
Pa3HOPOAHOrO KnacTepa
Ha COCTaBHble
noaKnacTepsbl, Ha4nHas
C MCXOAHOrO €AMHOr0
Habopa gaHHbIX




MEPAPXMYECKAS KNMACTEPU3ALINA: CNOCOBbLI ONPEOENEHNA PACCTOSAHUM

* Single link: smallest distance between an element in one cluster and an
element in the other, i.e., dist(K; K)) = min(t,, t;))
* Complete link: largest distance between an element in one cluster and an

element in the other, i.e., dist(K; K)) = max(t;, t;)

* Centroid: distance between the centroids of two clusters, i.e., dist(K,, K) =
dist(C, C)

* Average: avg distance between an element in one cluster and an element in

the other, i.e., dist(K;, K;) = ava(ty, t)

-

Single Link

M
Complete Link

PN @
Centroid @

J
N

-

Average

J/
S




KNACTEPU3ALUNA: MEPAPXUYECKAA ATTIOMEPATUBHAA

Distance




KINACTEPU3ALUWA: METO[ K- CPEOHUX (K-MEANS)

Pasgenenne Habopa AaHHbIX Ha k nogHabopoB MpOBOAMTCA TaK, YTOBbI MUHMMWU3MPOBATL CyMMapHOEe
KBagpaTU4YHOE OTKIOHEHUE TOYEK KNacTEPOB OT LIEHTPOB 3TUX KNacTepoB

k
. 2
min E E Ix; — ol [ {; UHTP Macc knacTepa S.
1=1 xJ'GS,‘

L @
Q e [a) S| ¢ o
- . 0 - Q B
g @ ° ° © ® D\\\ /’
DB (o) (] : \ "l
(@] o . ] E.I - 8
1 2 3 4

1. CnyyaiHblid BLIGOP € HaYanbHbIX TOYEK (COeaUHEHWN).

2. [pyrvie coeanHeHust OTHOCSTCS K Gnvkaiiumm, 13 onpeaeneHHblx Ha npeablayLem ware, obpasys ¢ MCXOAHbIX
KnacTepos

3.  OnpegensiloTCs LEHTPOWAbI KNACTEPOB.
4.  LleHTpbl KNacTepoB CMELLAKTCS B UX LLEHTPOMADI.
5. [loBTOpEHUE WaroB 2-4 [0 CXOXAEHUS



METOObI CO30AHWSA OVBEPCUOULIMPOBAHHBIX BUBIIMOTEK COEAMHEHWMN:
KNACTEPU3ALUMNA (CASE STUDY OF APPROACH APPLICATION)

anopheles @

skin

i /
exoerythrocytic )
stage // sporozoites @
-l

, gametocyte

9 infected 0
& hepatocyte

V"" ' hepatic schizont

ruptured
schizont

hypnozone

blood-stage
o _0°® ® @ schizont

@ @ 0 @
merozoues oo @ late ‘
trophozoite
erythrocytic C RBC's
stage ‘

early trophozoite
(ring form)

Phil. Trans. R. Soc. B 2011 366 2806-2814; DOI: 10.1098/rstb.2011.0091

High-Throughput Luciferase-Based Assay for the Discovery of Therapeutics That Prevent Malaria
J Swann ACS Infectious Diseases 2016 2 (4), 281-293 DOI: 10.1021/acsinfecdis.5b00143



METOObI CO30AHWSA OVBEPCUOULIMPOBAHHBIX BUBIIMOTEK COEAMHEHWMN:
KNACTEPWU3ALNA

("« 4822 compounds were clustered using a)
hierarchical clustering method based on
substructure similarity (Tanimoto
coefficient 0.65 => 2335 total clusters

\_ from 1 to 45 compounds )

P
+ 15 scaffold series showed specific

enrichment in exoerythrocytic-stage
L activity )

O OH

Cluster 1122
p-value: 0.00091
Ave. TC: 0.854
ICy range: 11 nM-1.67 uM

Cluster 342

P-value: 000027

Ave. TC: 0.850

ICso range: 105-234 nM

coodl

Cluster 2061
P-value: 0.00049

Ave. TC; 0.842

ICyo range: 130-292 nM

M N\~0
SHN’\/«/

/ﬁ/\

Cluster 849
p-value: 0.00027

Cluster 1424 A):O ICso range: 185221 oM
p-value: 0,00081 R
Ave TC: 0.908 NH; Y
ICag range: 10-499 nM |
[ e YL O
S\ % el e nen
® e 7
‘ ’ Cluster 2045
.. p-value: 1.37x107
Ave. TC: 0926
.. ICs range: 9InM=3.79 M
e/ 0
°® @
g0
@
H?N NH,
@ Cluster 1228
p-value: 4.29x107
.‘ b Ave. TC: 0.867
® ¢ O ICxo range: 4-20 M
e® @ @
. .. L™ ®
: @
= @ ¢
g\ /E
S N
/‘L\ !
Ry h —
AR = \
@L/l Y
N
Cluster 1096
Cluster 1613 P-value: 160x10*
P-value: 1.37x107 Ave. TC: 0.907
Ave. TC: 0.888 ICeo range: 90-708 nM

ICso range; 65-794 nM

High-Throughput Luciferase-Based Assay for the Discovery of Therapeutics That Prevent Malaria
J Swann ACS Infectious Diseases 2016 2 (4), 281-293 DOI: 10.1021/acsinfecdis.5b00143



METOLbl CO30AH/A OAVNBEPCUOULNPOBAHHBIX BABJTMOTEK
COEAMHEHWI: METOAbI C 3A0AHHOW TONONOIMMEN

OnpepenuTb BbibpaTb ogHoro nnm
OnpegenuTb NPUHAANEXHOCTb HECKOIbKMX
NPOCTPAHCTBO Maromn KaXKOoro M3 COeaUHEHMN K npeacTasuTenen ot

PasMepHOCTH O[IHOW 13 i4eeK KapThl KaXZoW S4enKn unm
(MHoroobpasus) BEPLLMHBI



METO[bl CO30AHNA OVBEPCUOULINPOBAHHBIX BUBIMOTEK COEQMHEHWN:
NCMNONb3OBAHUE ONTUMU3ALMOHHBIX AIITOPUTMOB

Otbop coeaunHeHuin B nogHabop cnyyaiHbiM 06pa3oM, oLeHKka pasHOPOAHOCTU AaHHbIX
(pacyeT 3HaYeHusl COOTBETCTBYIOLLErO NapameTpa)

HoBbI HAbOP AaHHbIX NOMy4YaeTCs U3 NPeabIayLLEro Crny4YanHon 3aMeHON OTAENbHbIX
COENHEHWA

v

OLeHMBaETCS PasHOPOLHOCTL HOBOrO Habopa AaHHbIX, ECAM 3HAYEHUE NPEBOCXOAUT
npeAablayLiee, To NoNyYeHHbIA BapuaHT NPUHAMAETCS, eCNN HET, TO NPOBOAMTCS

AONONHUTENbHAA OLEHKa




METOLbl CO30AH/A OAVNBEPCUOULNPOBAHHBIX BABJTMOTEK
COEMHEHWI, OCHOBAHHBIE HA OMUCAHWM JAHHBIX MPW MOMOLLA
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METOObI AN3ANHA C®OKYCUPOBAHHBIX BUBNTMOTEK CTPYKTYPbI MAPKYLLA
(UMK GENERIC STRUCTURES)

»  CTpykTypa Mapkywa — cnocob oTobpaxeHus cepun CoeanHEHNA C MOMOLLbI0 0BLLero Ans HUX siapa U O4HOTO U
HECKOIbKIX BapuaHTOB 3amecTuTenen, 0bbegnHIeMbIX B rpynny anbTepHaTUBHBIX CTPYKTYP.
»  OpHa cTpykTypa MapkyLa MOXeT COOTBETCTBOBATb HECKOSTbKAM MUSIIIMOHAM KOHKPETHBIX XUMUYECKUX COEANHEHUN,

OTHOCALLMXCA K Pa3SyInidHbIM KIlacCam
*%° V|CI'IOJ'Ib3yeTCFI KaK B nNateHTax, Tak 1 npu onncaHun KOM6VIHaT0prIX eubnunoTek

Substituent variation

R1 = methyl or ethyl

; 1 _R1 Homology variation
RB{‘/ :] R2= alkyl
\, N R2 Position variation
,./-(CH;‘?.- R3 = amino

Frequency variation

n=1-3



LOFT: SIMILARITY-DRIVEN MULTIOBJECTIVE FOCUSED LIBRARY DESIGN

number of links
molecular weight
number of non-hydrogen atoms Vol 7 38
number of non-hydrogen bonds Ring cl: 0
smallest set of smallest rings Profile:
number of ring systems

v number of H-bond acceptors | I

number of H-bond donors g 3 g x g
number of rotatable bonds
X maximal path of contiguous rotatable bonds’
HN_</ \ topological polar surface area***

number of EZ stereo centers
number of RS stereo centers

Vol.: 80.12
calculated logP value®*%¢ Ring cl: 1

7\, eP
\ molar refractivity Profile:
polar surface area
link type

inclusion SMARTS saib

exclusion SMARTS

user defined properties* (strictly additive)

LoFT: Similarity-Driven Multiobjective Focused Library Design
J. R. Fischer et al Journal of Chemical Information and Modeling 2010 50 (1), 1-21 DOI: 10.1021/ci900287p




LOFT: SIMILARITY-DRIVEN MULTIOBJECTIVE FOCUSED LIBRARY DESIGN

Imatinib 4

Matched fragments:
C
ciccecet

cicneccet
cinceent
ciccecec1,N
N
Not matched

11P-230 5

Matched fragments:
C
clcceccet

cinccect
cinceent
clceecet
0

Not matched

Overall similarity: 0.9099

Local similarity:
0.9554
1.0000

1.0000
0.9981
0.8921
0.2854

LoFT: Similarity-Driven Multiobjective Focused Library Design
. R. Fischer et al Journal of Chemical Information and Modeling 2010 50 (1), 1-21 DOI: 10.1021/ci900287p
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gsim(p) = max(sim(i,p)li € q)

lgl
qsim(p) = #Zsima, »)
=1

asim(p) = 1 — max(sim(i,p)li € a)

asim = — 2 (1 — sim,)

pscore(p) = Z ws;

i=1
P(r) = {products plp contains r}
rscore(r) = | P( Y lg;,pﬁcore(p)

R(l) = {reagents rll contains r}

libscore(l) =

lR(l)l Z rscore(r)

libscore(l) = (nrscore(r))”w
reR

libscore(l) = / iR (I)I ercore(r)

LOFT: SIMILARITY-DRIVEN MULTIOBJECTIVE FOCUSED LIBRARY DESIGN

Maximum similarity of product p to any query molecule i from
query set g.

Sum of the similarity values of product p compared to all queries ¢
divided by the number of queries.

Maximum dissimilarity (1-similarity) of product p to any antiquery
molecule i from the antiquery set a.

Sum of the dissimilarity values of product p compared to all
antiqueries a divided by the number of antiqueries.

Weighted sum over all property scores to score a product p where n
is the number of properties, w; the weight and s; the score of a
single property.

Set of all products which contain reagent r.

The score of a reagent r is the sum of the product scores divided by
the number of products. Only products which contain r are taken
into account.

All reagents r which are part of sublibrary I.

Arithmetic mean score over the reagent scores of sublibrary I.

Geometric mean score over the reagent scores of sublibrary L

Quadratic mean score over the reagent scores of sublibrary /.



LOFT: SIMILARITY-DRIVEN MULTIOBJECTIVE FOCUSED LIBRARY DESIGN

L

=

Fragment space

Select / filter Select queries Select antigueries
core(s)

l

Unwanted
compounds

Active J

compounds H

Filter reagents Set scoring Stochastic
function, optimization
product filters Sublibraries
and diversity \
Read / calculate mechanism Enumeration
diversity
measurements
Cherry picking Products

LoFT: Similarity-Driven Multiobjective Focused Library Design
J. R. Fischer et al Journal of Chemical Information and Modeling 2010 50 (1), 1-21 DOI: 10.1021/ci900287p



FRAGMENT LIBRARIES: FRAGMENTS’ CONVENTIONAL CHARACTERISTICS

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)

-

NH2(:
N\O
|/

v

Fragment
ICsp=1.3MmM

M, =200

HBD= 2

HBA=3
Clog P=1.92
PSA=48.14

N
Lead for protein kinase inhibitor [ j

ICs5, = 65 nM

M, =456

/




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



FRAGMENT LIBRARIES

Fragment screening technologies used in published FBDD studies

% of studies using technique

-

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%
S ‘\‘,g g & Q&& éo@ @Q‘a & & o‘d‘, o*“é
& & F ¢ &
¢ @ & f &
A &oo ® . & A2
& +l(o
method sensitivity limit specificity assessment throughput structural information propensity for false positive/false negative
biochemical high pM + high none high FP/FN
ligand-NMR low mM - medium some medium FP
protein-NMR low mM + low high low FP/FN
SPR high xM + medium none medium FP
thermal shift high M, low mM - high none high FP/FN
X-ray mid mM + low high low FP/high FN

J

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



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




MONEKYNAPHbI AM3ANH DE NOVO, OCHOBAHHbBIV HA ®PATMEHTAX

Q Growing Growing
— — @<

Expanded hit Optimized hit
Linking Growing 7N
- = (O
Merged hit Optimized hit

Primary hits

Structure-LED
optimization

L] —

Fragment-derived lead
M, 300-500

Typical fragment

M,y 150-250

Efficient binding Efficient binding
Low potency High potency




NATURAL PRODUCT LIBRARIES: ALKALOID-INSPIRED LIBRARY CASE

Natural product family Representative
(representative members) biological activities Primary scaffold Secondary scaffold

Stemonaceae alkaloids H Me
« Antitussive N N 2
« Insecticidal/antifeedant/larvicidal
« Anthelmintic
« Acetylcholinesterase inhibition o
« P-glycoprotein modulation 0 i H

Et R R
Et [ref. 29]
Neostenine Neotuberostemonine Ring A excised

Pyrrolo- and pyridoquinoline marine alkaloids

CgH13
NCS
« General cytotoxicity
« Cardiovascular actions
Cylindricine C Lepadiformine Fasicularin 1. Ring B excised
2. Alcohol attachment moved
Lupin alkaloids
(o]
« Anti-arrhythmic / >
+ Acetylcholine agonism N N
« Nicotinic receptor agonism/antagonism H o H ®
Sparteine Cytisine
P " 1. Ring D excised
2. Ring C contracted
Amaryllidaceae alkaloids
OM:
e /0 =z Jq 2
OMe o ' _ - H <R
OH » Serotonin reuptake inhibition 2 0 H S
« 5-Hydroxytryptamine reuptake inhibition I H H
= « PDEA4 inhibition o) - fo)
H [o] » Acetylcholinesterase inhibition N
; « Antileukemic H \ﬁ\
! « Cytotoxicity N ad ¢] X0
o N MeO™ N H )\ Mé
H Me H Me lo} Me
Mesembrine Pretazettine 1. Fused bicycle retained

2. Aryl attachment moved

McLeod et al Probing chemical space with alkaloid-inspired libraries (2014) 6 133



NATURAL PRODUCT LIBRARIES: ALKALOID-INSPIRED LIBRARY CASE

stenine (1) tuberostemonine (2) neostenine (3) neotuberostemonine (4)
o™
LN
ks T /0
e L G
— Me
\ 3 =0
HN Me N}
reductive amination 3 X
Bn NL 31 compounds N./
o (o
Fisher indole synthesis o Friedldnder quinoline library
27 compounds - ) 9 compounds

N
\

- ﬁf"\

s il m
: -
Et L \/\ \ﬂ/ 3 /
enolate alkylation 0 )\0 amide reduction
4 compounds \_ 3 compounds
(core scaffold analogues) carbamate library (core scaffold analogues)

24 compounds

McLeod et al Probing chemical space with alkaloid-inspired libraries (2014) 6 133

Frankowski et al Synthesis and receptor profiling of stemona alkaloid analogues reveal a potent class of sigma ligands
PNAS (2011) 108 (17) 6727-6732



Principal Component Analysis

NATURAL PRODUCT LIBRARIES: ALKALOID-INSPIRED LIBRARY CASE

L..©
Alkaloid NPs
Alkaloid-inspired libraries

4

PC2

Alkaloid-inspired libraries

< Lib_cmps

+ AVG-Lib_cmps
Scaffolds

+ AVG-Scaffolds

OAlk_NPs

u AVG-Alk_NPs

A Drugs

4 AVG-Drugs

O NPs

® AVG-NPs

X Comm

“ AVG-Comm

McLeod et al Probing chemical space with alkaloid-inspired libraries (2014) 6 133
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I
. Diversity-Oriented Synthesis

/
‘ DNA-encoded Libraries
V4

Design of Chemical Libraries



DIVERSITY-ORIENTED SYNTHESIS

Reagent-based approach

Different

_=A
\ Ky 3

startlng
ﬂ polar-polar

material

Distinct molecular
skeletons

Substrate-based approach

Pre-encoded
starting materials

polar—nonpalar

Distinct molecular
skeletons

Galloway et al Diversity-oriented synthesis as a tool for the discovery of novel biologically active small molecules

Build/couple/pair strategy

Bulld | Coup|e !
) Densely

e | functionalized |
] template '

L Pair |
ﬂ polar-nonpolar nanpolar potar-
nonpolar nonpolar

polar-nonpolar

Coupling functional group

Pairing functional group
(nonpolar)

@ @ O

Pairing functional group
(polar)

Nature Commun (2010) 1 80

Kim et al Diversity-oriented synthetic strategy for developing a chemical modulator of protein—protein interaction

Nature Commun (2016) 7 13196

polar-
polar-
polar

ﬂ



DIVERSITY-ORIENTED SYNTHESIS
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Kim et al Diversity-oriented synthetic strategy for developing a chemical modulator of protein—protein interaction
Nature Commun (2016) 7 13196



DNA-ENCODED LIBRARIES: DRUG DESIGN

/

Encoded __
compound

_

%0

"\ DNA
barcode

DNA-encoded library

OBwwmn NpuHUMn

o000

e 8o
OOOVX Incubation & Washing
— A0V —
WUORXF -
yoo0oe®

Immobilized protein

Release of of_
binders
bzl

&

PCR amplification

—_—

High-throughput
sequencing

\

n/

-

Cnocobbl noaroToBkM bubnuoTek

Dual-pharmacophore Libraries

.

Encoded Self-Assembling
Chemical (ESAC) Library

—~

DNA-programmed Synthesis

Single-pharmacophore Libraries

DNA-recorded Synthesis/

ﬁasmep Bubnuotek B 3a3mcmmocmﬁ

Konn4yecTtBa CTPOUTENbHbIX ornokoB

10" 7
© . 6-BB 5-BB 4-BB i
13
1
1]
2 10° |
8 B oad ™ eaeeeas R
8 ........... 3.BB
5 10,
8
3 10° s i
b=
: i P— s
5 ........... % ’
k3 5 ¢ i 7
g 10* [#ip 7 5
2 e
g 3.4 ......................
Z e ? 3 .............. b
100 [ ..
1 L i ) ) . ‘
0 200 400 600 800 1000 1200
Number of building blocks

Franzini et al DNA-Encoded Chemical Libraries: Advancing beyond Conventional Small-Molecule Libraries Acc Chem Res 2014 47 (4), 1247-1255

Yuen et al Achievements, Challenges, and Opportunities in DNA-Encoded Library Research: An Academic Point of View ChemBioChem 2017, 18, 1-9



DNA-ENCODED LIBRARIES

ﬂ)ﬁ-template reactions

disfavored by high dilution

o L

High Local
Concentration

~

/'\ Templated

Mixture of BBs

attached to DNA J,’f
@rrr " \

o

Specificity of DNA Hybridization

Controls Product Formation/

Reaction - E

.
DNA Tag -

N

/ End of Helix

/

Cross Nick

Library of DNA
templates

Restriction and

recombination ms“uction L ib’ary

A generalized system for
molecular evolution by
artificial selection based on
DNA-Templated Synthesis

wy
m\.\\\d
o

"

Amplification
by PCR

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

Translation by DTS
+ Mechanism?
* Chemistry?
« Autonomous?

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

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

AL Al A0 A A sl

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

Library of DNA-tagged
products

Incubate with
target

Remove
unsuccessful
products

Oreilly et al The Evolution of DNA-Templated Synthesis as a Tool for Materials Discovery Acc. Chem. Res. 2017, 50, 2496-2509




DNA-ENCODED LIBRARIES: MOST COMMON REACTION TYPES

/ Transfer Reactions \
Acyl Transfer: Nucleophilic Aromatic Substitution:
o) NG 0 O
O
\Y/ O:N NO,
%‘N”“ )L}.__’f\J\ +Hx}‘« £ S n,
R X ﬁ R S@ + H —> ;{ + H,N
S
Tetrazine Transfer: ON

Wittig Olefination:
o}

/\(")}t,~ R, O }ly,
%H’L P Ph _)W Pt Ph/

N

L

=  DNA adapter cleavage
= Best yields per step -> 80%

Oreilly et al The Evolution of DNA-Templated Synthesis as a Tool for Materials Discovery Acc. Chem. Res. 2017, 50, 2496-2509



DNA-ENCODED LIBRARIES: COMMON REACTION TYPES

(" Metallosalen

Formatlon

(" Native Chemical Ligation:

HaN OHZN o
+ —> —)'&g‘\N’\R‘L
HS S H &

(" Boronic ester formation:

Disulfide Formation:

DAt o0 i i s

/ Glaser-Eglington Coupling:

=] > pmmd

Thiol-Ene:

‘{S“ &C‘ —3 ﬂ}‘

f Dlels -Alder [4+2] Cycloaddition:

;_Np , (jy > §_N

( Copper-Catalyzed Azide-Alkyne Cycloaddition: Reductive Amination:

At iy

ﬂotocrosslmklng

( Heck Coupling

Amide Coupling

Z » ‘KNW’LHj\;‘( — ;\h‘/}; { { l{/
\%_Q_' A 5‘@_//_% ‘('CLOH”*”}“_*“JLN}‘

N 7/
P.
AO’\H

\.

Phosphodlester Formation: ster Hydrolys|s

HO}"» —> !{o\’ RO& > ‘\2_/

Staudinger Reduction:

D e

Oreilly et al The Evolution of DNA-Templated Synthesis as a Tool for Materials Discovery Acc. Chem. Res. 2017, 50, 2496-2509



DNA-ENCODED LIBRARIES

DNA-
compatible
m\eminformatics insiglh reaction types

= Assisting in developing
novel and optimizing

actual synthetic
schemes
= Diversity analysis o
= "Chemogenomics’- - . -
related tasks: Perspectives encoded Requirements Purity of compounds

= Structural Diversity

association of target | | ' libraries
families with given type \—/
of DNA-encoded library

= Ligand efficiency and
structural complexity

control
= Filtering undesired
structures invoking DNA
reactivity (OX'daFlve Trend to large molecular structures with
damage, alkylation,

\ deamination etc) / \—/ relatively low ligand efficiency

Franzini et al DNA-Encoded Chemical Libraries: Advancing beyond Conventional Small-Molecule Libraries Accounts of Chemical Research
2014 47 (4), 1247-1255



MAPPING OF DRUG-LIKE CHEMICAL UNIVERSE WITH REDUCED COMPLEXITY
MOLECULAR FRAMEWORKS

Reduced Complexity Molecular Framework (RCMF) + three descriptors types (ring, linker, bond angle information)

Lo« -
LN N
Y =YY [) Generation of a Murcko scaffold (stereochemistry and 3-member terminal rings are removed)
7,1 1 11 Q) Il) Conversion of all atoms to carbons, conversion of all bonds to single
6 [P v lll) Extraction of Murcko scaffold
l*"" IV) All linkers are reduced to become a single bond, all rings are reduced to a minimal possible size to keep
. r/\l original connectivity patterns between the rings
L"J"'I Y V) InChlKey is generated for the structure formed at previous step
[ - f \[I V1) Comparison of InChlKey to a database of predefined set of InChiKeys and retrieving their corresponding RCM
e J framework type, which is “4_type6” for Olaparib
l‘ iv. DOMFELIMKBESHTUMFFFAOYSAN
~ 0. |“ :
Projection of four Nuevolution DELs on 2D RCMF map
R i S e S T b Wi N
Sl o e » -‘f"..—.'._.'___'ﬂ.'._"‘ "'..— : ' : & s
mwhﬂﬁﬁh.f-ﬁ-. = - s, i * e :".mi",':ﬁ'm

g g e oo
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W s v G el et e B B v o e w wows

Kontijevskis Mapping of Drug-like Chemical Universe with Reduced Complexity Molecular Frameworks JCIM 2017 57 (4), 680-699



MEXAHWU3M JEWCTBUSA (MODE-OF-ACTION) KAK OCHOBA OMNPEAENEHUA CTPATETMN
CKPUHUHI'A HOBbIX COEAUHEHUA

/ Mode-of-action = rwa \

agonism/
r:;:ﬁmn antagonism

Protein

genome degradation

editing

— {—

DNA RNA PROTEIN

Hit finding technologies:

K/

¢ Structure-agnostic screens
¢ Structure-enabled approaches
%+ Modulation of protein levels through RNA interference

Examples of possible cheminformatics support:

% Aid new technologies (e.g. DNA-encoded libraries DEL)

X/

¢ Data sharing and analysis

+¢ Integrating new machine learning technologies (Deep learning, one-shot-learning, machine learning for dynamic systems, etc),
rational use of already known approaches

E. Valeur et al New Modalities, Technologies, and Partnerships in Probe and Lead Generation: Enabling a Mode-of-Action Centric Paradigm
J Med Chem 2018, 61 (20), pp 9004-9029



PROTEIN AGONISM / ANTAGONISM: DOCKING AND 3D QSAR METHODS

K lMpuHyun «KA0Y-30MOK» \

- dagl
N Y

Structure- and ligand- based methods

Complex Bonbluas yactb anroputMoB 3D QSAR, ocHOBaHHbIM
3D QSAR Ha 3HaHWUW CTPOEHMS
peLenTopa

substrate

enzyme




ArOHU3M / AHTATOHU3M: AHTUTENA

Antibody conjugates  Antibody fragments and bispecific antibodies

%v% W

S
C5: eculizumab Antibody-drug conjugates F(ab')-PEG T cell-dependent
CD20: rituximab CD22: inotuzumab ozogamicin ~ TNF: certolizumab  bispecific antibody
HER2: trastuzumab CD30: brentuximab vedotin pegol CD3 x CD19:
IL-12 and IL-23: ustekinumab CD33: gemtuzumab ozogamicin blinatumomab
PD1: nivolumab HER2: ado-trastuzumab
RANKL: denosumab emtansine

TNF: adalimumab, infliximab and golimumab

VEGFA: bevacizumab ®R f®
W/ \

Radioimmunoconjugates Fab
CD20: **Y-ibritumomab tiuxetan,  GPIIb/llla, o B.-integrin: abciximab
Bll-tositumomab VEGFA: ranibizumab

Dabigatran: idarucizumab

Antibody agonism occurs when receptor engagement by the antibody results in receptor activation and signalling.
Antibodies have several advantages over natural ligands such as greater thermal or in-vivo stability and longer plasma half-lives

Types of receptor activation:
= Receptor activation through dimerization
= Receptor activation through clustering

Carter et al Next generation antibody drugs: pursuit of the ‘high-hanging fruit' Nature Rev Drug Discov (2018) 17,197



ArOHU3M / AHTATOHU3M: AHTUTENA

4@
@‘f %S%, N-terminal heterogeneity
Fcb v — Formation of Pyroglutamate
Modifications of amino acids
D Deamidation, Isomerization, Glycation, Oxidation
- Fragmentafion
= Cleavage in Hinge Region. Asp-Pro
Disuifide bonds
— Free thioks, disulfide shuffeling, thioether
Fc —~ N-glycosylation
Fucosylation, Glalactosylation, Sialylation, Branching
C-terminal helerogeneity
L — Lysine variants, Amidation

—_ Z Changes in protein conformation

Effectior function
Fcreceptor & Complement interactions

Decision trees + stochastic gradient boosting

Analysis of bispecific antibody to ensure that the protein is properly folded with minimal traces

of cysteine-related by-products that may affect structural integrity is required 100%
Mass Error (ppm) >= 0.0013 -

Liquid Chromatography + Mass Spectrometry (LC-MS): analysis of cysteine-related ";'Pg?

characteristics (verification of expected disulfide bonds and identification of mispaired disulfide 12%

bOﬂdS Avorage Mass (Da) < 6597
isDSB

Machine learning: analysis of LC-MS data using Decision trees with stochastic gradient descent @

Confidence >= 0.83

Quantitative attributes such as MS areas, monoisotopic mass, and confidence score were used
for identifying observations with greater than zero monoisotopic mass, whose origins and
significance were unknown followed by using for model obtaining

Baker et al Rapid Identification of Disulfide Bonds and Cysteine-Related Variants in an IgG1 Knob-into-Hole Bispecific Antibody Enhanced by Machine Learning
Analytical Chemistry 2019 91 (1), 965-976

Higel et al N-glycosylation heterogeneity and the influence on structure, function and pharmacokinetics of monoclonal antibodies and Fc fusion proteins
European Journal of Pharmaceutics and Biopharmaceutics (2016) 100 94



YBUKBUTUH-3ABUCUMASA OEMPAOALUA BEINKA

PROTAC . _§
Yo Early PROTAC

P s s/,o linker 2 0 7
NH O

) i Protac_RIPK2

\s S

Target-binding

ligand

The molecule designed to link the protein and ubiquitin-based system must
access the appropriate intracellular compartment (size factor)

Thermodynamics, steric effects and secondary interactions have to be
taken into account

Taken conformation should allow ubiquitin residues transfer to an acceptor
site

High rate of ubiquitination has to be held

The sequence of ubiquitin residues has to be recognized by proteasome

Induced degradation rate should overcome re-synthesis rate

Churcher Protac-Induced Protein Degradation in Drug Discovery: Breaking the Rules or Just Making New Ones? J Med Chem (2018) 61 (2), 444

Lai et al Induced protein degradation: an emerging drug discovery paradigm Nature Rev (2017) 16, 101



IN SILICO MODELING OF PROTAC-MEDIATED TERNARY COMPLEXES

Method 1

D
c_é%

it
&

c®

The entire ternary complex is sampled

Method 3

€6

E'W-:
€6%4

PROTAC is sampled based on one of the proteins structure

Method 2

&’as‘g

eo-eo—a—a—&
S ®

PROTAC conformations are sampled independently

PROTAC conformations are sampled independently, ligase-protein
arrangements were evaluated

Drummond et al In silico Modeling of PROTAC-Mediated Ternary Complexes: Validation and Application JCIM (2019) Just accepted



