20 -1.0 0.0 1.0 20 30
Measured value

Real|/Predicted— |Inhibitor | Noninhibitor
Inhibitor 1646 356
Noninhibitor 351 1387
Test (Original)
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Helmholtz Association: Key Figures

Germany’s largest research organization

GEOMAR Helmholtz Centre
for Ocean Research Kiel

e 18 research centres
* Budget: 3.8 billion €, more than 36,000 staff Afied Wegener nstiutefor TR Deutsches Elekironen

Polar and Marine Research Synchrotron (DESY)
(AWI) \

(o) » Max Delbriick anter for
. . Helmholtz-Zentrum Geesthacht gs:ﬁ,ﬁ}gﬂxedlcme e
* We contribute to solving grand challenges enize for atefls and Coastal
* We research systems of great complexity with large scale facilities
* We contribute to shaping our future Research & e

Helmholtz Centre Potsdam -
GFZ German Research
Centre for Geosciences

Forschungszentrum Jilich M\ P ~ 1
- <
Resea rCh flelds v Helmholtz Centre for
‘ German Aerospace Center

Environmental Research

(DLR) "

Berlin fur Materialien
und Energie

* Health, Energy, Earth and Environment, Structure of Matter, Key () £ ermhote Zentrum
Technologies, Transport and Space Geman Cnterfor sha
Diseases (DZNE) v :
Health Research Centers L on R
* Budget: 550 million €, about 5.500 staff i O

* Common Diseases: cancer, cardiovascular diseases, metabolic
diseases, lung diseases and allergies, neurodegenerative diseases,
infectious diseases

* Contribution to diagnosis, treatment, prevention

* Education and training of the next generation of scientists

* Move into the field of Precision Medicine

Karlsruhe Institute of Max Planck Institute for
‘ Technology (KIT) Plasma Physics (IPP)

HelmholtzZentrum miinchen

German Research Center for Environmental Health

2|



Helmholtz Zentrum Munchen (HMGU): Key Figures

£
©
> 2300
21
49
Hannover ¢, N 31
v Medicinal Chemis‘iry
Leipzig 1448
Adipose Tissue,
Vasculature, Metabolism 26
Dresden
7 3
e S B-cell Biology
S Augsburg > 40
\ L Environmental Medicine
\ 274
Tiibingen o 45,7
Type 2 Diabetes, =~ ‘
Prevention, J 20
Brain-Insulin-Resistance 7 °
g
. Munich 5

ALY

Employees (60% female, 70 nations)

Young Investigator Groups

Institutes / Research Units
Appointments with universities
Publications

ERC Grants (total)

Translational centers

Clinical research projects with partners
Million € total budget

Million € third-party funding

Spin-off companies (since 1997)
Products

3]



Helmholtz Zentrum MUnchen
Structure-based drug discovery & technology platforms

4 N . .
Fragment Based Screening X Crvstall h Protein Expression
NMR hit validation ray Lrystaiiography & Purification Facility
. . Robert Janowski/Niessing .
Grzegorz Popowicz, Ana Messias Arie Geerlof
\ Michael Sattler y

* Protein production & support for
structural biology & drug discovery

* Know-how, training, resources, i.e.
expression vectors, general use
proteins: TEV, precision, Cas9, ...

80 78 786 74 72 70 68 6.6 [ppm]

Funding Assay Development &
Chemoinformatics EU Horizon 2020 ITN “AEGIS” y . P
lgor Tetko EU Horizon 2020 ITN “BIGCHEM” Screening Platform
EU Horizon 2020 ITN “AIDD" Kamyar Hadian

EU Horizon 2020 ITN “RNAct”
Novel methods in SBDD: BMWi-ZIM, TV, VIP+

* In-house compound library
* Biochemical screening
Publications * AlphaScreen, FP, ...

Dawidowski Science (2017) * Cell-based assays and screening

Jagtap J Med Chem (2016)
Riebold Nature Medicine (2015)

PE Operetta®

. . . Gilsbach J Med Chem (2015 ,
Institute of Medicinal Chemistry ottt Mol Col Bijr?z(om) ) =

Oliver Plettenburg Zierer Angew Chem (2014)

http://www.helmholtz-muenchen.de/stb




Accelerated Early staGe drug dIScovery

Accelerated Early staGe drug d I Scovery

EC HORIZON 2020 Marie Sktodowska-Curie
Innovative Training Network (ITN)

Coordination:
Michael Sattler, Helmholtz Zentrum Minchen

NOVARTIS

AstraZeneca ” ¢ w

vied  GISOT

instruments ab Structural analysis of Fragments used to detect Anchored fragments 8 Proof of
protein-protein interface, | mp [ . 12 linked by intracellular ligand
MUIE;#QJI;{;‘:ST“‘CS "ga”g’y'ma?gﬁg"e‘s multicomponent chemistry functionality




The increasing volume of biomedical
data in chemistry and life sciences
requires development of new methods
and approaches for their analysis.

The BIGCHEM project will provide
innovative education in large chemical
data analysis. The innovative research
program will be implemented with the
target users, large pharma companies
and SMEs, which generate and analyze
large chemical data as well as will
promote technology transfer from
academy to industrial applications.
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BIGCHEM project publications http://bigchem.eu

BIGCHEM publications

Doctorate
Verified email at bigchem.eu

E5igChem

big data chemoinformatics cheminformatics

TITLE

The rise of deep learning in drug discovery
H Chen, O Engkvist, Y Wang, M Olivecrona, T Blaschke
Drug discovery today 23 (6), 1241-1250

Molecular de-novo design through deep reinforcement learning
M Olivecrona, T Blaschke, O Engkvist, H Chen
Journal of cheminformatics 9 (1), 48

Automating drug discovery
G Schneider
Nature Reviews Drug Discovery 17 (2), 97

Application of Generative Autoencoder in De Novo Molecular Design
T Blaschke, M Olivecrona, O Engkvist, J Bajorath, H Chen
Molecular informatics 37 (1-2), 1700123

BIGCHEM: challenges and opportunities for big data analysis in chemistry
IV Tetko, O Engkvist, U Koch, JL Reymond, H Chen
Molecular informatics 35 (11-12), 615-621

On the integration of in silico drug design methods for drug repurposing
E March-Vila, L Pinzi, N Sturm, A Tinivella, O Engkvist, H Chen, G Rastelli
Frontiers in pharmacology 8, 298

QSAR without borders
EN Muratov, J Bajorath, RP Sheridan, IV Tetko, D Filimonov, V Poroikoy, ...
Chemical Society Reviews

Exploring the GDB-13 chemical space using deep generative models
J Arus-Pous, T Blaschke, S Ulander, JL Reymond, H Chen, O Engkvist
Journal of cheminformatics 11 (1), 1-14

Randomized SMILES strings improve the quality of molecular generative models
J Arus-Pous, SV Johansson, O Prykhodko, EJ Bjerrum, C Tyrchan, ...
Journal of cheminformatics 11 (1), 1-13

A de novo molecular generation method using latent vector based generative adversarial
network

O Prykhodko, SV Johansson, PC Kotsias, J Arts-Pous, EJ Bjerrum, ...

Journal of Cheminformatics 11 (1), 74

Chemical space: big data challenge for molecular diversity
M Awale, R Visini, D Probst, J Arus-Pous, JL Reymond
CHIMIA International Journal for Chemistry 71 (10), 661-666

Horizon2020 Marie Sktodowska-Curie Innovative Training Network European Industrial
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Cited by
Al Since 2016
Citations 2035 2032
h-index 16 16
i10-index 29 29
1100
825
550
275
-— - 0
2017 2018 2019 2020 2021
Co-authors VIEW ALL
Q Ola Engkvist >
AstraZeneca R&D Gothenburg O...
Hongming Chen >
Astrazeneca R&D MéIndal
Jirgen Bajorath >
Professor of Life Science Inform...
ﬁ Thomas Blaschke >
Phd student, AstraZeneca/Unive...
Igor V. Tetko >
Group Leader at Helmholtz Zentr...
). Jean-Louis Reymond >
University of Bern
> Josep Arus-Pous >
University of Bern
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Principal Scientist - Machine lear...
Raquel Rodriguez-Pérez >
Senior Scientist, Novartis Institut...
Alexandre Varnek >
Professor of Chemistry, Universit...
Michael Withnall >
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Up to now ~ 70 articles, including five highly cited articles according to the Web of Science



Organising committee

General Chair
Igor Tetko, ENNS, Helmholtz Zentrum Miinchen (GmbH), Germany
Fabian Theis, Helmholtz Zentrum Miinchen (GmbH), Germany

Honorary Chair
Vera Kurkova, Czech Academy of Sciences (ENNS President)

Steering Committee

Vera Kurkova, Czech Adacemy of Sciences (President of ENNS)

Erkki Oja, Aalto University, Finland (ex-President of ENNS)
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OCHEM http://ochem.eu overview

Physico-chemical properties: logP, water solubility, melting point, pyrolysis, vapor pressure, ODT, etc.

Biological activity: estrogen receptors; endocrine disruptors; AMES mutagenicity; in vivo toxicity

Environmental endpoints: ready biodegradability; fish toxicity; environmental toxicity, daphnia, etc.

Online chemical database

with modeling environment

£ login create

Home » Datzbase v Models

A+ a- Privacy s

In total 162 published models*

7375 registered users
— 600 commercial
— 450 governmental

ca 37M tasks were executed

ca 3.4M data points for 692 properties
>25M uploaded private data points
Academic groups regularly contribute
OCHEM is used for teaching

Top-performing models in challenges (NIH, EPA ToxCast)

* As from 18.01.2021

‘Welcome to OCHEM! Your possible actions

Explore OCHEM data

Search chermical and biological data: expermentally
measured, publshed and exposed o pubic access by
‘our users. You can also upload your dala.

Create QSAR models

Buld QSAR modelsfor predictons of chenical
propeftes, The models can be based on he
‘experimental data published in our database.

Run predictions
Apply one ofthe avaiiable model to predict property
You are interested i for your st of compounds.

Screen compounds with ToxAlerts
‘Screen your compound libraries against structural alerts
for such endpoints as mutageniciy, skin sensitization,
‘aqueous toxicity, etc.

Optimise your molecules

Optirise diferent poperte oryour molecies (e.g.,

reduc thir toxicy orimprove their ADME propertis)
using the state-ofhe at MolOptiiserutty based on
matched molecular pairs

Tutorials
Check our video tlorials o know more about the
OCHEM fealures

Our acknowledgements

Feedback and help

User's manual
Check an onie users manal

Cheek out the propertes available on OCHEM
15094 sources.

Melting Point |0gPOW ‘DgBB LogL(water) LogD logPI(+) Water Solubility LogLiblood) LogL{oi) ER  Cbrain/Cplasma
IC50  Papp(Caco-2) Papp(MDCK) Oral absorption LGS0 Pappratio(Caco-2) Plasma protein binding P =ockns
pIC50 *#HumanfA  Human A HumanFA - fraction unbound (fu) fieveneed( pi VDss LogiC50 LogP!

BBB permeability (qualitative) Logkoa L% ~yPABG modulation CYP450 reaction Vapor Pressure
EC50 aquatic NOECaquatic LOECequalc omat | 50) 4oy atics log(IGC50-1) LEL Henry'slaw constant
ECS0ERODinduction | ( 5() Boiling Point LD50 dermal | D5() gral Lcoererdl AMES D50 Bodseoutin

Water solubility Kinetic PapPAiPA) - |C50 CYP450 Inhibition Ki CYP450  logk'hsa  Dissipaton halfe DT50
Feadincosicent BMF Atmospheric OH Rate Constant Ki T LoLo  Comogen - Aninfammatoyecvy - Methand souity LogLD50 MIC
Retention Time Surface tension Colood(Cair{Human) - CiatCaifRat) ~ ChranCai(Ral) ~ClveriCai(Rat) CmuscielCainRat) - |C5() PDE4 % nhiiton PDES

Csoimmiiton Dengity pKa (smiles as ob. cond.) DMSQ Solubility * *** %o
hERG K+ Channel Blocking (IC50) ™2 LogKoc BCF CHSEL % inhibition hERG, K+ Channel Blocking

NERG K+ Channe Blcking () Pttt SHT200) SHT2(K) - PGP substrate SHTAK) DIRK) ot ssmarersapir () SHTcs0)

Modes of Toxic Action - LC50ratio - Solid-liquid total phase change entropy enthalpy of fusion % inhibiten PeP  PgP modulator

PgP inhibitor Bioaccumulation in C. elegans P nsweer PTP1B inhibition(pl) [C5() HJ\/ TD50 Skinpemeabiiy Hyman Clearance
MRT Mean Residence Time 1/ Kitypsin AC50 Trypsin Inhibition - Growth inhibition  Trypsin Inhibition activity Trypsin Inhibition class
Cellpermeadiy estinpsn - FDA dlassification CAESAR class GHLI Kiinhibitor trypsin - Anti-Cancer activity

CA Chromosomal Aberration Index 1080 Acute oral oxicty | D5(hgg LoaR  Eyeimiationicorrosion  Pagp(Rl) - skin sensitisation:LLNA index  Human health effects
Abioic degradaton nwaterhaffeir Polyplidiy - Mytagenicity *®emres=re WK ARR activation - % inhibition

AhR activation - qualitative ABR binding ity Ecsowinacon £C50 - Antimicrobial activity NanoTodity LCS0 aquatic
NanoToscyy M~ NanoToxicty mortalty ity EC50 t genicly Flash point 51X

Ready biodegradability Binding constant H_ce,Henrys aw constant volumelic |\ GG HIV_|C50 B.0.D% porikibior
Toluene solubility 1P | ipoxygenase inhibitor HIV Active Compounds _mutagen logpelor logPycliw

1C50 cell proliferation C50tubuin C50 telomerase  logERRBA (qualitative) PAINS 10K 'C50FPPS logRP AR Severe Skin Disorder
tubuiin inhibiors class B3Ph eePakin tupulin infibitors AsneScsen s by s et prosplpdoss status

TTR-binding qualiative 10um thres ~ Retention Factor  C} ity Index loskd DL | Abraham descriptor A
Abraham descriptor B Abraham descriptor S Abraham descriptor E Abraham descriptor V- Abraham descriptor L
CERAPP Agonist CERAPP Antagonist CERAPP Binding CERAPP_Agonist Class CERAPP_Antagonist_Class
CERAPP_Binding_Class *** NR-AhR NR-PPAR-gamma NR-Aromatase NR-AR-LBD NR-ER-LBD NR-ER
NR-AR SR-MMP SR-P53 SR-HSE SR-ATAD5 SR-ARE NR-Aromatase Tox2! NR-AR Tox21
NR-AR-LBD Tox21 NR-ER Tox21 NR-ER-LBD Tox21 NR-PPAR-gamma Tox21 NR-AhR Tox21

SR-ARE Tox21 SR-ATAD5 Tox21 SR-HSE Tox21 SR-MMP Tox21 SR-p53 Tox21 Anti-T8 actity MIC

AgtascreensTis - NanoTodcity LCSO0 aquatic (qualtative) i : ) MODENA

Pyrolysis Point. Pyrolysis Point (qualitative) " sy wwmsse s o i

Latest active users

@ jaung: Ms. Jessica Zung
' seconds ago

& aldo guzman: Prof. ALDO JAVIER GUZMAN
© puxaan
about 1 hours ago

o Tinkov_Oleg: Dr. Tinkov Oleg
& about 4 hours ago

& vinbiay: Dr. Vincent Blay
& about 4 hours ago

& Lind: M. Ruslan Gazizov
& about 7 hours ago

W tegaredo: Mr. Tegar Yuniarta
' about 9 hours ago

Latest published models

] MIC modelpblshed by odna
=l 2 months ago

] AcBaum_MIC mocel publshed by veoralish
2 months ago

] 1050 model publised by carpovpy
3 months ago

A delta_density_mix model published by xenol
= 9 months ago

‘L’ Lethal Concentrations Fish Cronin model

"~ published by Tinkov_Oleg

more than a year ago

] Crtca il concetaton model publshed
= by echmstry

more than a year ago

] Dro-induced Rnabdomyolysismoce publsh
= by gingshuang0501

more than a year ago

] ouinea pig_orel_LDS0 mocel ublshed by
= pirotex

more than a year ago

] LoolC50 model ublshed by i
= more than a year ago

] CoMPARA Binding el pubishd by el
= more than a year ago

] Lucierase_inistoy_Acity model pubiser
=l by dipanHZM
more than a year ago

(| SRARE model publshed by amaziz
vy
=) more than a year ago

] Aqueous Solbity mocel ublshed by cen2d
= more than a year ago



OCHEM modeling

Predicted property: LLNA skin sensitization
Training set: TRAINING-SARpy-SKIN-SENS-giugno20 OK.xIsx

« Comprehensive modeling

Metrics AUC [ for Training set [ Validation: Cross-Validation (84 models) &
« Multitask learning (up to 100

pl’OpertleS) LSSVMG‘ ASNN‘ PLSA KNN‘

ALogPS, OEstate i 0.74 : 0.68 k 0.61 ) 0.64 i

« >20 descriptor blocks oD 4 08 o7 075, 071,
CDK2 (cons,topol,geom,elec,hybrid) 3D:corina 0.75 0.71 0.56 0.71

1] H 7" V| 4 A A A

 Feature net (*“model in model”) ChemaxonDescriptors (pH 0-14:1) 3D:corina | 076 07 , 059 068

R C d | Dragon6 (2D blocks: 1 28) , 064 066 059 065

onsensus models Dragon6 (3D blocks: 1-29) 3D:corina | 0.76 i 0.72 ) 0.57 ) 0.65 )

. GPU + CPU modern methods ( ~20) Fragmentor (length:2 - 4) , 072 , 07 059 063,

GSFrag (F +L) , 069 069 061 6 061

® S u p pO I’tS m Od e | S InductiveDescriptors 3D:corina 3 0.69 3 0.71 B 0.57 B 0.67 B

« >1,000,000 compounds JPlogP , 073 074 , 059, 067

« >200,000,000,000 descriptors* MAP4 , 071, 065 059 067

° > 1’000 servers MORDRED ( All) 3D:corina | 0.77 , 073 057 068 ,

° u p to 1GB in size (Java I|m It) Mera, Mersy 3D:corina 3 0.73 3 0.69 B 0.55 B 0.67 B

. . . OEstate B 0.74 i 0.67 B O.SSA 0.68 )

° M Od e | p r|Vate/ p u bl IS h IN g PyDescriptor 3D:corina 3 0.71 3 0.71 B 0.7 B 0.67 B

. . QNPR (length:1 - 3) , 068 062 058 058

* EX pO rt’ Im pO rt’ we b/ REST SEIVICES RDKIT (3D blocks: 1-11 15-16) 3D:corina , o7 072 056 065

° CO N d |t| ons , extern al d esc I’I ptO rs SIRMS (labels:charge+logp+hb+refractivity) =~ 076 073 059 067

Spectrophores (accuracy=20) 3D:corina i 0.68 | 0.6 k 0.52 ) 0.6 i

« ToxAlerts StructuralAlerts , 067 , 064 058 051

alvaDesc (3D blocks: (only) 1-30) 3D:corina | 0.75 i 0.71 i 0.57 ) 0.68 i

* Sparse format, DOI:10.1186/s13321-016-0113-y



Machine Learning directly from chemical structures

Recurrent Neural Network

Feature /

Vector/

Residual connections

O— =— ) ¢ END Normalization
[
> - - D> > i
N N A A N
A N I O ,
.. ( "0 = ) | >
N R S C =) g
or L &Ke=C 2 2O <
NSIK S 2 3
/ . . \ IR o =
| Convolutional filters | [ ESS %% () Q ?O o
RF=2 //"" SN o o
L] 2 ® = =
embeddings, N=5 -~ -] | “a ._
. S ()
( J(/ - polling > ) )
o 7~ RF=3 Highway connections
) -
g N N v

~

J
/

// \ Dense layers part _{ /

Karpov, P.; Godin, G.; Tetko, I.V. Transformer-CNN: Swiss knife for QSAR modeling and interpretation.
J. Cheminform. 2020, 12, 17, doi:10.1186/s13321-020-00423-w.




Computer aided drug design of Mdmx inhibitors

Top 101 ranked by
VINA and log(IC,,) b)

Pharmacophore screen

C) Compound 92

NH |,
RMSD -log(IC,,) | AG (kcal/mol)|
Compound | avg? std® min® max* O
Cl
WK298 2183 | 0662 | 0.543 4.227 4.7 4.1 ..
3021 4.675 0.379 0.627 5.947 -5.2 -13.0
- - Q o]
92 1.605 0.454 0.506 3.711 7.7 10.8 4 C : Y
100 1.738 0.680 0.480 5.831 -7.9 -6.9 Oz("—NH HN
34 2.789 0.696 0.668 5.176 -7.9 -6.7 4 U
/
39 4.407 1.184 0.778 7.960 -7.6 -6.7
Compound 34

a. avg = the average; b. std = standard deviation; c. min = the minimum; d. max = the maximum

% (®)
O3y
NH
Xia, Z.; Karpov, P.; Popowicz, G.; Tetko, I.V. Focused Library Generator: g o\_®

case of Mdmx inhibitors. J. Comput. Aided. Mol. Des. 2020, 34, 769-782.

f) Compound 39
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Tetko, I.V.; Karpov, P.; Van Deursen, R.; Godin, G. State-of-the-art augmented NLP transformer models for
direct and single-step retrosynthesis. Nat. Comm. 2020, 11, 1-11, doi:10.1038/s41467-020-19266-y.



Al “One Chemistry” model for drug discovery

Generated structures

Chemical reactivity prognosis i icti i design Efficient Chemical Space Exploration

/VN = N
o ' )
o, QKVN O’K/\ /\/ ~o” N transition state 0 Effective naviga-
YA N (activated complex) + - tion in the phase-
TN j/ 1) suspendin CHiClz __CH,|
A\ NH, \—=/ NH 2) add DBU, 0°C N
4 2 N
NH, N)\[/N Y
[P 5
2 Y

space of

Boltzmann Gene-
Ea 3)dd CH2=CHC(0)CI ;égripaltlg: to
4)heat toroom
OH N resttersemiey most valuable

N activation conformations
R/N N oo A\ energy v)v/lé?;?:t‘xvgi;‘tlng
1 N i
[ ] N)\ 1, )K/ final state S)stmaramignt classical
J {products) approaches.

Dls initial state
'3"4‘67 \)L (reactants)
o
I reaction coordinate ——- yield 80% 0@

f T L | T T T 1 | T
O I 2 1Y R4PR4$EI4TATPON| IN“'ERIfAL hephsskurkrninnfrsf{mq REIHRE];ENFATION INTERNAL R|EPR|Ess|Nrgrlo+m’(ER¢AL |R51RES|ENT}UI+N Il

Input mixer Decoder
Mixture of Experts receive data from input, mixer, and output (

! Epertl \)—L
)

l Gating Network ‘

| | inTERNAL RAPRESENTA rr|o~| IAITE]:NAL 4E'pk54£N|rA *Io}vrillrslmv]nu }zEdREl;EA{TAlrrdN 1|N'TIERA}AL|REP tseNTATIDN [InfrERNAL | | | |
T T T T T T

potential energy ———

Boltzmann distribution e

Ibrutinib - permanent binder to ]
Bruton's tyrosine kinase (FDA approved 2017) % ]
) Substituent opara  omea o o 1.5 -
)J\/CHQ N=N® 191 [ J— 343 1 E ]
N (CH)N® 082 088 041 077 £ ]
O No, 078 01 019 127 i 21.0 ]
% c=N 066 056 066 100 H s ]
CF, 054 043 061 065 < o ]
COH 045 037 042 077 8 0.5
CH=0 042 035 073 103 ¢ 8
a 023 039 015 025 1
Br 023 037 011 019 T T ' T 0.0 5.0 .10'0 15.0 20.0
C=CH 023 021 018 053 loglinhibior], ult Time (us)

o 1 0.18 035 0.14 027 o " "
Graph representation ::: 3D-image data (docking) Classical QSAR/QSPR descriptors Biological data Molecular Dynamics Simulations Data
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