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Chemoinformatics

“All concepts and methods that are designed to interface theoretical and experimental
efforts involving small molecules”

Drug Discovery Today 2004 9:13-14



Chemoinformatics and bioinformatics

Bioinformatics Chemoinformatics

Main focus mp gene <—— protein < > drug = > |ead

Computational * Sequences * Molecular fingerprints
representation * 3D coordinates * Numerical descriptors.

J. Chem. Inf. Model. 2021 61:26-35




Timeline and impact of chemoinformatics

Beginning of informatics Early use of
use in healthcare and informatics Biomedical Chemical information
biology in chemistry informatics science
Bioinformatics
) ) Material
Polymer informatics informatics Chemoinformatics

P
) |

Foodinformatics

Applications in different areas

Toxicity
oy e o e B
i)
(P Biomedical
informatics

Epigenetic drug discovery

J. Chem. Inf. Model. 2021 61:26-35

Epi-informatics Pharmaco- and Neuro-

informatics

Karina Martinez-Mayorga
José Luis Medina-Franco Editors

 Foodinformatics

= Applications of Chemical Information to

Food Chemistry.

Natural products
informatics

Food science
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Progress in drug discovery and public health
Epigenetic drug discovery

Inhibitors of DNA methyltransferases



Epigenetics
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Epigenetic targets

Histone methylation and acetylation are

% & frequently dysregulated in cancer cells and
Nucleus

other diseases

Chromatin fibre Chromosome y Epigenetic protein families
Lo Writers Erasers Readers
% L
] O Oe
Histone Histone Bromodomains,
Nucleosome acetyltransferases, deacetylases, chromodomains,
Histone Lysine PHD fingers,
methyltransferases demethylases malignant
| brain tumour
domains,
Tudor domains,
1 PWWP domains

Me 3 active DNMTs in eukaryotes:

17N * DNMT3A ,
. T\ de novo methylation
_ R\ Y _ “ * DNMT3B
M?thyla:-lon:fg;t: } nd .9101/}"‘//"”‘// “ - « DNMT1 Maintains existing
epigenetic modification methylation patterns
linked to cancer DNA methyltransferases (DNMTs)

Nat Rev Drug Discov 2012 11:384




Increased interest of epigenetic drug discovery
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Drug Discovery Today 2020 25:2268




Epi-drugs in clinical use and clinical development

A
DNMT inhibitors HDAC inhibitors HAC PRMT inhibitor
&) CH;
H a HeC™ 77 N °
rz NY\/\/\)\N’OH o N "0 | =
NI =N 0 Vori H \_\NHO " NH
orinostat
A D q L /& o ‘/o%\,NH Oy NH ©

. Drugs approve 2

S H
HO . N .OH \ H@
.. s
for clinical use. H g
OH R Romidepsin o/\ O NN
5-azacytidine (R=OH) Panobinostat K/ N
5-aza-2'deoxycytidine (R = H)

Q
~NH 0
6 Tazemetostat
(EZH2)
)/—Q—\ HN
NH, O
Tucidinostat Belinostat
B
Writers
DNMT inhibitors m KMT and PRMT inhibitors
=
I
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HO OH N j\ N
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Pinometostat
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(DOTIL)
/=N (\:r GSK3326595
/\g 7)\f OT N (PRMTS)
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HO NYNH
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molecules in clinical Eracers feaders
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OMe O
/j)L NH,
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AL ANO’ . ;
@ y MeO N
Nz Quisinostat ORY-1001 O/\/OH \ ' BET762
(LosT) RVX-208 N

Clin. Epigenet. 2019 11:174




DNA Methylation

E7 / * Epigenetic change

ﬁ / * Addition of a CH, at C5 of cytosine
[ @4 - * Mediated by DNMTs

In cancer cells
* Overexpression of DNM ~
* Hypermethylation of tumor suppressor genes

-

FEBS Letters 2011 585:2078 k.



DNA metiltransferases (DNMTs)

N

de novo maintenance

>

DNA methylation DNA methylation

NH

Dnmt3a/so,  w™ U pnmtt | w | -
r . )\
(»)\n \ o N
I SAM-CH, SAM | SAM-CH, SAM l
S-methylcytosine S-methylcytosine
regulatory domain catalytic domain
[ I |
NLS CXXC BAH1 BAHZ MTase
oNMT1 ] e ——
DNMT3A — |
PWWP ADD MTase
DNMT3A2 ——
PWWP ADD MTase
PRNTSE ——
PWWP ADD MTase
DNMTSL i
ADD

J Biol Chem 2001 276:20924




3D structures of DNMTs

Selected crystal structures of DNMTs

Autoinhibitory linker, CXXC, BAH1/2,
3SWR hDNMT1 2.49 SFG
methyltransferase domain

5-methyl-2’-
4DA4 mDNMT1 | BAH1/2, methyltransferase domain | 2.60 SAH
deoxycytidine

Autoinhibitory linker, CXXC, BAH1/2,
3PTA hDNMT1 3.60 SAH
methyltransferase domain

Autoinhibitory linker, CXXC, BAH1/2,
3PT6 mMmDNMT1 3.00 SAH
methyltransferase domain

3PT9 mDNMT1 | BAH1/2, methyltransferase domain | 2.50 SAH

nature cancer

Explore content v About the journal v  Publish with us v Subscribe

nature > nature cancer > articles > article

NC | X CN
—
N N S
0]
Article | Published: 27 September 2021 HZN
NH,

Discovery of afirst-in-class reversible DNMT1-selective

inhibitor with improved tolerability and efficacy in GSK3685032

acute myeloid leukemia DNMT1 ICsq 36 = nM
DNMT3B/3L ICs¢ > 100000 nM

Melissa B. Pappalardi ™, Kathryn Keenan, ... Michael T. McCabe ~+ Show authors DNMT3A/3L IC5q > 100000 nM

In Epigenetic Technological Applications, Elsevier 2015 pp 265-290




Demethylating compounds

JN\HQ OH NH2
OH
. N7 N N /\/X“/Q/
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DNMT3B/3L ICs0 > 100000 nM
DNMT3A/3L IC5q > 100000 nM

Front Pharmacol 2018 9:1144
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Goal of the research program

Discovery and development of DNMT inhibitors
and other epigenetic targets

Approach

Computational methods integrated with experimental validation.

Specific aims
 Development of predictive models.

e Virtual screening of compound libraries.

17



Databases of compounds with experimental activity

m) National Library of Medicine

National Center for Biotechnology Information

Pu b © hem About Blog  Submit  Contact

* 103,284,373 compounds.
* 271,135,693 bioactivity data.
* 9,643,220 publications.

3,173,654 patents.

Explore Chemistry

Quickly find chemical information from authoritative sources

Browse COVID-19 data available in PubChem X

Examples: Imatinib erbB2 brain MDCK c1ccecc1N Draw a Structure

ChEMBL-NTD SureChEMBL Malaria Inhibitor Prediction Downloads Web Services

ChEMBL is a manually curated database of bioactive molecules with drug-like properties. It brings together chemical, bioactivity and
genomic data to aid the translation of genomic information into effective new drugs.

Explore SARS-CoV-2 data

Description: Shows a summary of SARS-CoV-2 related ChEMBL entities
and quantities of data for each item.

Instructions: Click on a bubble to explore a specific ChEMBL entity in more
detail.




Epigenetic data in ChEMBL

Structure-activity data vs. 55 epigenetic targets

Target Function Families (HGNC) Cluster Molecules  Scaffolds % Active
(manually
annotated)

BAZ2B Acetylated histone reader PHD finger proteins, methyl-CpG binding domain  BRD 53 27 25
containing

BRD2 Histone PTM reader NA BRD 277 91 87

BRD3 Histone PTM reader NA BRD 263 89 95

BRD4 Histone PTM reader NA BRD 643 259 80

BRD9 Histone PTM reader NA BRD 13 9 77

BRPF1 Histone PTM reader PHD finger proteins, PWWP domain containing BRD 27 15 89

DNMT1 DNA methyltransferase Zinc fingers CXXC-type, seven-beta-strand DNMT 248 194 60
methyltransferase motif containing

DNMT3A DNA methyltransferase PWWP domain containing DNMT 47 30 55

DNMT3B DNA methyltransferase PWWP domain containing DNMT 40 22 50

CREBBP Histone acetyltransferase Zinc fingers ZZ-type, lysine acetyltransferases HAT 180 65 64

EP300 Histone acetyltransferase Zinc fingers ZZ-type, lysine acetyltransferases HAT 73 52 78

KAT2A Histone acetyltransferase Lysine acetyltransferases, ATAC complex, SAGA HAT 27 20 41
complex, GCN5 related N-acetyltransferases

KAT2B Histone acetyltransferase Lysine acetyltransferases, ATAC complex, SAGA HAT 121 40 61
complex, GCN5 related N-acetyltransferases

NCOA1 Histone acetyltransferase Basic helix-loop-helix proteins, lysine HAT 634 568 22
acetyltransferases

NCOA3 Histone acetyltransferase Basic helix-loop-helix proteins, lysine HAT 564 517 32
acetyltransferases, trinucleotide repeat containing

HDAC1 Histone deacetylase Histone deacetylases class |, EMSY complex, NuURD  HDAC 3304 1418 90
complex, SIN3 histone deacetylase complex

HDAC2 Histone deacetylase Histone deacetylases class |, EMSY complex, NuURD  HDAC 942 427 84
complex, SIN3 histone deacetylase complex

HDAC3 Histone deacetylase Histone deacetylases class | HDAC 854 395 80

HDAC4 Histone deacetylase Histone deacetylases class IlA HDAC 704 348 69

HDACS5 Histone deacetylase Histone deacetylases class IlA HDAC 235 150 58

Jesus Naveja

Drug Discovery Today 2018 23:141
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Development of predictive models

1.0 = T -I- 1.0-?
J I ﬁ Binary classification
. $ J *
0.6 1 g ‘ . N 0.6 - + .
' o . Precision: 0.92 - 0.81

Ead

PPV
>
TPR
>

e o o |— I

0.4 1 L ] L 0.4 1

L
Sensibility: 0.89 - 0.65

0.24 0.2 1

0.04 ’ ’ ' v 0.0 - .
Q1 Q2 Q3 Q4 Q1

Cuartil Cuartil

0 ECFP4::SVM [CRDK::SVYM I Consenso

1.0 1.0
Target prediction i Qﬁ % ﬁ@*
Precision: 0.95 - 0.77 041 041 ¢
SenSibiIity: 0.89 - 0.56 0.2 0.2 4
00 a1 Q2 03 04 00 o1 a2 Q3 Q4
Cuartil Cuartil

Norberto Sanchez
T ECFP4::SVM CTIRDK::SVM WM Consenso

J. Med. Chem. 2021 64:8208




Epigenetic target fishing

o\ AC QU/,,I

DIFACQUIM

COMPUTER-AIDED DRUG DESIGN AT UNAM

Epigenetic Target Profiler v1.0

Home Help Contact Disclaimer Acknowledgements Publications

* Implementation of

This website allows you to estimate the bioactivity profile of a small molecule over a panel of 55 human epigenetic targets. Predictions are based on the consensus
prediction of two machine learning models relying on support vector machines (SVM) for each target: one built on Morgan fingerprints (Morgan::SVM) and the other

built on RDK fingerprints (RDKSVM) predictive models.
2 r[;rz_v\\:a molecule
e * Free webserver to
. predict the activity of
— small organic
Or paste a SMILES in the box below
AN NH Cc2[nH]c1ccccc1c2CCNCe3ece(/C=CIC(=0)NO)ce3 molecules Wlth 55

I %
- ﬁ*WLQ Ve epigenetic targets.

>
Norberto Sanchez www.epigenetictargetprofiler.com

J. Chem. Inf. Model. 2021 61:26
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Epigenetic target fishing
Inverse virtual screening with epigenetic targets

Epigenetic Target Profiler v1.0

Home Help Contact Disclaimer Acknowledgements Publications

Query Molecule Processed Molecule

. \ . R -
f Epigenetic Target Profiler: A Web Server to Predict
= \ O OH . .
\\)\ /) Va 4 /,_,__/ Epigenetic Targets of Small Molecules
7 " ! pubs.acs.org * 1 min de lectura
6 2 2 comentarios
&\ Recomendar & Comentar
Name ChEMEL ID Gene Status Quartile Reacciones
Serine-protein kinase ATM CHEMBL3797 ATM Predicted Q4
&%
Serine/threonine-protein Kinase Aurora-B CHEMBL?2185 AURKB Predicted Q4 m -b
& %
Bromodomain-containing protein 2 CHEMBL 1293289 BRD2 Predicted Q4 h 0 O
Bromodomain-containing protein 4 BRD4 Predicted Q4 COmentariOS Mas relevantes c
Histone-arginine methyltransferase CARM1 CARM1 Predicted Q4
Histone deacetylase 1 iDAC1 Predicted Q4 2 .
d : =s  AndreiUrsu, Ph.D. - 2° :
oty [ADE mbosel polymerdset PARPY | FEEE | & B2 Chemical Biologist enthusiast | F1000 Facu..
2 horas

‘Download CSV_
Thanks for sharing. | just tested the
epigenetic target profiler and it correctly
predicted the target of the compound | am
working with. - That's a great tool and |
will use more often. Congratulations!

This application was developed as part of D-Tools: Tools for cheminformatics

Ver traduccion

Norberto Sanchez

J. Chem. Inf. Model. 2021 61:26




Screening of compound databases

1. In silico characterization and
“purification” (data curation) of
compound libraries

2. Computational
screening

3. Experimental
screening of selected
compounds

4. Optimization

Selected molecules
for testing (virtual
screening hits)

Active compounds

Compound libraries

* Natural products

* Food chemicals

* In-house from collaborators
* Commercial synthetic

* Focused libraries

Strategies

 Similarity searching

* Molecular docking & dynamics

* Machine learning: Epigenetic
Target Profiler

Approaches
* Enzymatic inhibition assays:
collaboration and contract services.

 Additional experiments: Open for
collaborations!

Strategy
Chemical synthesis and testing of
analogs.




Compound libraries

Natural products & C\@CON UT B&@[UJIII F@DB

food chemicals

~0.5 million compounds ~530 natural products ~22K food chemicals

Synthetic analogs of caffeic acid Dra- Laura Alvarez (UAEM)
Data sets from Dr. Mayra Antunez (UAEM)

collaborators
Small molecules Dr. Alexander Gaghon (UQAM, Canada)

Commercial general ZINC15

. . . Welcome to ZINC, a free database of commercially-available compounds for virtual screening. ZINC
Synthetl c I I b ra rles contains aver 230 million purchasable compounds in ready-to-dock, 3D formats. ZINC also contains

over 750 million purchasable compounds you can search for analogs in under a minute.

" Mumber of .

Name compounds ¥
Search P s 1 R a1
OTAVA’/ e Bromodomain-containing protein 4 (BRD4) inhibitor library 401
chemicals Search the Targeted Libraries CREB binding protein (CREBBP) targeted library 576
w ST - G B COITAT: DNA (cytosine-5)-mathyltransferase 1 (DNMT1) inhibitor T
. ° library
FOC u Se d I I b ra r I e S v DMA (cytosine-5)-methyltransferase 3 bata (DNMT3h) 1261
inhibitor library -
DOT1-like histone H3 methyltransferase (DOTIL) inhibitor 622
library =
Enhancer of Zeste Homolog 2 (EZH2) Targeted Library 979
Histone acetyltransferase (HAT) inhibitor library 814

Histone deacetylase (HDAC) inhibitar library 803




Epigenetic focused libraries: characterization

Visual representation of the

chemical space
11 focused libraries.
Principal component analysis of 6 properties of

* 56,680 initial compounds. pharmaceutical interest.
* 53,443 compounds after data curation. "
25
6
4
Company Library size i
Initial After curation e o 0
ApeXBio 328 310 e
Asinex 5391 5313 ° I
6
ChemDiv 30431 27 543 Ly
Enamine 9352 9352 £
6
Life Chemicals 7019 7011 / e
MedChemExpress 700 650 )
OTAVA DNMTL 466 399 0
OTAVA DNMT3B 1261 1230 2 Variance: 86.7%
Targetmol 832 859 25 4
. @ APEXBIO @ Asinex o] 9
Tocris 101 a3 @ LifeChemicals @ MedChemExpress @ @ OTAVA_DNMT3b
selleckChem 590 77 @ SelleckChem @ Targetmol I
* Compound libraries have drug-like properties.
. . * Have different diversity (MedChemExpress, Targetmol
Alexis Padilla v press, larg ’

SelleckChem).
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Constellation maps
Epigenetic focused
libraries

Representative molecular
scaffolds of each
“constellation”

Molecular libraries have:

* Different chemical
structures.

* Cover different regions of
the chemical space.

* Different diversity.

v
North starg

— &
West star « Polanstar:

» <
East star

“South star

Life Chemicals OTAVA DNMT3b

Front. Chem. 2019 7:510; Molecules 2022 27:2892




Computational screening of focused libraries

Approaches 53,443 compounds (initial library size)

1. Epigenetic Target Profiler (ETP) ETP
2. Docking with MOE
3. Docking AutoDock VINA

119 compounds with best ETP predictions.

Consensus docking and re-scoring

4. Re-scoring: Extended connectivity
20 compounds selected for enzymatic

interaction features (ECIF).” inhibition assays.

AutodockVINA

Proveedor ID (kcal/mol) ECIF MOE (kcal/mol)
Enamine 7091906684 -8.5 5.36 -8.02
Tocris TC25 -0.8 5.3 -0.95
Targetmol T2354 -0.4 5.36 -0.74
ChemDiv C191-0147 -0 5.19 -8.57
ChemDiv C769-0077 -8.8 5.28 -8.19
ChemDiv F477-3331 -0.3 5.26 -8.33
ChemDiv G119-0160 -8.7 5.37 -1.29
ChemDiv L485-2681 -8.9 5.4 -8.64
ChemDiv LA85-2718 -0.4 5.48 -8.26
ChemDiv LA85-2735 -8.9 5.45 -8.12
ChemDiv L4A85-2754 -10 5.56 -7.95
ChemDiv L485-2759 -10.1 5.42 -8.16
MedChemEx HY-10128 -1.7 5.52 -0.83
ChemDiv L4A85-2761 -0.6 5.43 -8.48
Alexis Padilla ChemDiv  L485-2767 9.8 5.23 -8.84

Bioinformatics 2021 37: 1376—-1382
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Focused libraries: experimental screening

% of activity of DNMT1 of virtual :N E :N E
screening hits at 100 pM® S . 0o . Quinolines
d - d o * Inhibition 10-40 %
4 \ 4 \
N N
o— @ o— * Cases of activation and
activity cliffs

MolPort-009-710-005 MolPort-010-672-527
ChemDiv ChemDiv
1078.9 (65) %

58.7 (5.35) %
Nd

0
@) O
o i
0
_ /i

N \ o—

O_

0
P o)
0

MolPort-003-071-343

MolPort-010-672-537
ChemDiv

5

MolPort-009-700-568
ChemDiv ChemDiv

86.9 (1.11) % 88.7 (2.26) % 90.5 (3.25) % . REACT|ON

I ",",‘.,.‘, Y CORF




Focused libraries: experimental screening

Quinazolines /O
@ I§
HN HN

OO )
U N
)p ﬁ * Nanomolar inhibition of DNMT1.
MolPort-023-277-153 MolPort-035-789-726 * ~ 10 times more potent than the
DNMT1: ICsq = 30 nM DNMT1: ICsp = 81 nM control SAH.
DNMT3A: IC5; = 4870 nM DNMT3A: ICs = 14690 nM _
DNMT3B: > 100000 nM DNMT3B: > 100000 nM * Selective towards DNMT1.

* Low or no activity with DNMT3A

H and DNMT3B
o
HN

| J Reference:
N0 N” SAH: ICs, = 0.34 uM

MolPort-006-396-396

DNMT1: % inhibition = 7.4 +/- 2.4 A e
BIOLOGY CORF

DNMT1: ICso NA
DNMT3A, DNMT3B: NA

Molecules 2022 27:2892




Survey in the literature...
Quinazolines are also inhibitors of the epigenetic reader G9a

Journal of

Medicinal
Chemlstry pubs.acs.org/jmc

Optimization of Cellular Activity of G9a Inhibitors
7-Aminoalkoxy-quinazolines
Feng Liu, "I'Dalia Barsyte- Love]cry, Il Abdellah Allali- H'm'ml Yunlong He, J M'u'tln Herold,’

Xin Chen," C hrlqtopher M. Yates, ™ ‘;tephen V. Frye," Peter J. Brown,” Jing Hmng, M'r-;oud Vedadi,*
Cheryl H. Arrowsmith,” and Jian Jin*

'Center for Integrative Chemical Biology and Drug Discovery, Division of Medicinal Chemistry and Natural Products, UNC Eshelman
School of Pharmacy, University of North Carolina at Chapel Hill, Chapel Hill, North Carolina 27599, United States

*Structural Genomics Consortium, University of Toronto, Toronto, Ontario, MSG 1L7, Ontario, Canada

§Lab0ratory of Cancer Biology and Genetics, National Cancer Institute, National Institutes of Health, Bethesda, Maryland 20892,
United States

e
L ~
~"NH
NP -OMe

- A . ~ —~ -~
T i

v N7 N7 ¥ Q7 7 TN

G9a IC;; = 6 nM
Reduction of HIK9me2 in MCFT cells: IC5, =10 nM
Cell toxicity (MCFT cells): ECgy = 4,700 nM




Progress to elucidate the mechanism of inhibition and selectivity

regulatory domain catalytic domain
[ I I
/O\I NLS CXXC BAH1 BAH2 MTase

™7
HN MolPort-023-277-153 onmT1 [T e T
/O N
| N DNMT1: IC5y =30 NM DNMT3A T T
Ov/\/\o N/)\N/\> DNMT3A: ICs, = 4870 nM PWWP  ADD  MTase

DNMT3B: > 100000 nM DNMT3A2 - |

N PWWP ADD MTase

)’ PNMT38 M

Computational

(docking + dynamics)
Interaction with the CXXX
domain.

Experimental
It does not compete with DNA

ICs curves for DNMT]1 at different substrate concentrations

MolPort-023-277-153 IC50 Data for DNMT1

120 [Substrate] (ug/ml)
m 05
100+ a 1
= 804 *
= ¢ 5
5 6 a 10

411=

==
'
(=R

-8 = -6 5 -4
Log [Compound] (M)

M. en C. Edgar Lopez

e Molecules 2022 27:2892




Towards multitarget epigenetic drug discovery

Artificial Intelligence in the Life Sciences 1 (2021) 100008

Contents lists available at ScienceDirect

Artificial Intelligence in the Life Sciences

journal homepage: www.elsevier.com/locate/ailsci

Methods & Protocols

An in silico pipeline for the discovery of multitarget ligands: A case study
for epi-polypharmacology based on DNMT1/HDAC2 inhibition

Fernando D. Prieto-Martinez?, Eli Fernindez-de Gortari™*, José L. Medina-Franco¢, L. Michel
Espinoza-Fonseca

Structural Models Training Pretrained ANN- Virtual Compound Data Processing
information ScikitLearn Model Positive: Generated Probability and PCP filtering
HDAC_ & DNMT inhibitors RFC Learning continuous Negative: DeepCoy
activity. DTC and data-driven Dat Hit filtering
ata i

. LRC Molecular . Classifier probability
* Experimentally based - preprocessing Cluster selection
* Public repositories XGBC descriptors Curation, filtering

ChEMBL: PubChem

Data preprocessing
Open Babel
Curation, Filtering.

Inactive compounds
DUDE decoys

DeepCoy

Class labeling

Data Representation
ROKit

Margan FP
Physicochemical
properties

MW,TPSA,RB, HBD(A), Csp?

Scaling,
test/trainsets
Scikit learn

Parameter tuning
and Validation
Scikit learn

Grid search

Ten-fold cross-validation

Model selection
ROC AUC, Accu, STD,
Implementation, etc.

Scoring Function
Multi-objetive particle
swarm latent space
optimization

In-house classification
models integration
Prebuilt RDKit functions

Seed Selection
Literature sources

Scaling, test/trainsets

Models Training
XGBoost

Parameter tuning
and validation
Grid search

Ten-fold cross-
validation

ROC AUC

Virtual Screening
coconut

Hit selection

Flexible pharmacophoric
alignment

Molecular docking
Protein-ligand interactions
Molecular dynamics

INTERNATIONAL IBERIAN
NANOTECHNOLOGY
LABORATORY

Collaboration with Dr. Eli Fernandez




Perspective: De novo design

General
screening
Natural databases  Focused

products : libraries
3D Ph h Homology Atoms “.... Fragments -----
structure Armacophore model ‘ = i
__________ 1.Primary target ... ‘... 2.Building
constraints blocks

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

4. Scoring 3. Ligand
function construction
MSc. Diana Prado Design of small molecules from
scratch based on anchor points in the
binding site

ACS Omega 2021 6:22478-22486
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Chemical space

* Expand the medicinally relevant chemical space.

Rational design and screen of ultra-large chemical libraries.

* Repurpose existing libraries (drugs and in-house collections).

e Rescue missing hits and lead compounds from screening

libraries.

Explore neglected regions of chemical space.

-— Front. Drug Discov. 2021 1:728551




Biological space

Improve multi-target drug design and polypharmacology.

Explore “dark” targets and identify novel promising regions in the

genome.

* Improve targeting protein-protein interactions.

Continue investigating targets associated with rare and neglected

diseases.

-— Front. Drug Discov. 2021 1:728551




Methodological challenges

e Computational chemogenomics.

e Automated de novo design and computational fragment screening.
* Improve property prediction, including ADME and toxicity.

* Modeling large and complex systems.

e Continue to improve molecular docking and scoring.

* Improve the hit rate of virtual screening and strategies to automatically
propose high quality hits.

e Synergize with other methods: consensus approaches.

* Ensure data curation and quality.

-— Front. Drug Discov. 2021 1:728551




Human factor and other challenges

e Communication and human interaction.

Improve multidisciplinary research: reach common objectives from
different perspectives.

Enhance communication across research teams; avoid duplicating
efforts.

e Dissemination and data sharing.
— Rigorous dissemination of information and high-quality data.
— Transparency and reproducibility.
— Open science vs. securing intellectual property.

* Education and training.
— Individuals and teams.
— Set up realistic expectations of computational methods.

-— Front. Drug Discov. 2021 1:728551




Grand challenge

Use cheminformatics rationally beyond the hype

F1000Research 2021, 10(Chem Inf 5ci):397 Last updated: 21 SEP 2021

W) Check for updates

Rationality over fashion and hype in drug design [version 1;

peer review: 2 approved]

1, Karina Martinez-Mayorga?, Eli Fernandez-de Gortari3,

José L. Medina-Franco
5

Johannes Kirchmair“4, Jirgen Bajorath

VISIBILITY
A
Hype

Productivity

“Unrealistic expectations are a
quick road to disappointments”

Disillusionment
TIME

HEMICAL

(2]
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Take home messages

Chemoinformatics: an independent discipline that impacts many

areas of chemistry.

Discovery of epi-drug candidates.
Development of Epigenetic Target Profiler.
Virtual screening identifies low micromolar and selective DNMT1
inhibitors.
Challenges of chemoinformatics and CADD.
Revisit and expand chemical and biological spaces.
Several methodological challenges: data quality is a must.

Effective communication and education/training: beware of the

“artificial intelligence extasy”.
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