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Natural Products (NPs): what are they?

Any compound produced by living organisms

Primary metabolites
Gram-positives
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Plants with unusual properties
become first medicines

Arabic Dioscorides,

tablet, T 1224

Papaver somniferum
c. 3000 BC Ebers papyrus, Ancient P

Egypt
c. 1550 BC

Sumerian clay




Slide number

Since then, NPs became a
Prominent Source of Drugs

Taxol
Anticancer

Taxus brevifolia,

the Pacific yew Artemisinin Artemisia annua,

sweet wormwood

Plants (25%), microorganisms (13%) and animals (about 3%)



Drugs from bacterial and
fungal NPs

N N N
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Tolypocladium inflatum
fungus Ciclosporin,
immunosuppressant

Streptomyces hygroscopus Rapamycin,
immunosuppressant




Many modern drugs originate from natural products (NP)

NP; 5.1

NP Botanical; 1

Synthetic NP mimic; 30.4

Semisynthetic NP
derivative; 25.5

Synthetic with NP

pharmacophore; 4.7 Totally synthetic; 33.3

>30%
All small-molecule drugs 1981-2019

Natural Products as Sources of New Drugs over the Nearly Four
Decades from 01/1981 to 09/2019

David J. Newman* and Gordon M. Cragg
J. Nat. Prod. 2020, 83, 3, 770-803, 10.1021/acs.jnatprod.9b01285



https://doi.org/10.1021/acs.jnatprod.9b01285

NPs exhibit unique diversity

BACTERIA KINGDOM FUNGI KINGDOM

PLANTAE KINGDOM
Nity  =133,881 NPs
Nbioacrive= 1:153 NPs

Ntom’ i 17’531 B Ntatm‘ = 19,869 NPs
Nbiaactive = 11006 NPs
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Chassagne, F., Cabanac, G., Hubert, G. et al. The landscape of natural product diversity and their pharmacological relevance
from a focus on the Dictionary of Natural Products®. Phytochem Rev 18, 601-622 (2019).
https://doi.org/10.1007/s11101-019-09606-2



https://doi.org/10.1007/s11101-019-09606-2

Even classifying NPs
non-trivial task
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Example of the ClassyFire classification

Inner circle: superclass level, outer circle: class level.

Molecular structures
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Artificial Intelligence for Natural Products Classification
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Deep Neural Networks using
prior knowledge of NPs classification
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NPs Structures differ from
those of Synthetic Drugs

“Plants don’t run”

“Natural products differ from synthetic molecules by having evolutionary history”

Synthetic drugs

Structurally more complex: N_NQ

HoN
2 // 0}
. © N
e Higher molecular mass

* More sp3C D
e Less N & halogens 0
* More H-bond acceptors & donors Apixaban

 Lower logP
e Greater rigidity but “more 3D”

primarily recognized as privileged structures to interact
with protein drug targets

Ibrutinib

NP and NP- d&ved drugs
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De.C I ine Of NP in p h arma Diagnosing the decline in pharmaceutical R&D
Science efficiency

i . . .
Drug Dlscovery and Natural ProductS. End of an Era or Jack W. Scannell & Alex Blanckley, Helen Boldon & Brian Warrington
an End|eSS Frontler? Nature Reviews Drug Discovery 11, 191-200 (2012) ‘ Cite this article
sessewn uanp yornc veoeras - DO 10.71126/science. 1168243 Finding new drug got harder
E

Table 1 Big/medium Pharma Companies which have cur- ;‘_ .

rently ceased (between 2000 and 2013) or are still =y FDA tlg'htens

bioprospecting % 100 regulation

I~ p post-thalidomide
Arrest Continuation 2 | FDA clears backlog
Abbott Dabur - following PDUFA
. 2 10 regulations plus small
Astellas Eisai =
T ; B bolus of HIV drugs

Bayer Novartis T

Boehringer Ingelheim Otsuka ;]c;

Bristol-Myers Squibb Pierre Fabre R S O B T SN

Daiichi Sankyo Piramal -

Eli Lilly 5 First wave of

R ¥} biotechnology-
GlaxoSmithKline 5 derived therapies
Johnson and Johnson =2 0:1 T T
1950 1960 1970 1980 1990 2000 2010

Kyowa Hakko

(0]
37 new drugs approved by
D OH FDA

2022

ganaxolone tapinarof



https://doi.org/10.1126/science.1168243

Milestones in the NP-driven drug
discovery

LC(GC)-MS

Discovery of a

novel compound High-throughput screening
(HTS)

Synthesis




Grind-and-find approach

doesn’t work that well

And largely relies on serendipity

Intensity

m/z

Not enough biological
material to isolate and
characterize a bioactive NP
Extraction
Fractination

known NPs

Identification
and annotation

Dereplication:

- Time

- Money
- Repeated efforts

Searching for biological
activity in crude extracts,
higher hit rates in HTS
Single compound or

extract




Computer-assisted
discovery of NPs

©2

o _ . o Data-mining %

— Data mining into traditional medicine, -]
papers, and plant databases o — § o dER I ¢ eme -
— Predicting chemical structures from o F———
microbial genomes

. . . Structure elucidation
— Automating NP dereplication process and dereplication

Single
compounds

Saldivar-Gonzélez, F. I., et al. "Natural product drug discovery in the artificial intelligence era." Chemical Science 13.6 (2022):
1526-1546. 10.1039/d1sc04471k

Atanasov et al. “Natural products in drug discovery: advances and opportunities” Nature Rev. 20 (2021)
https://doi.org/10.1038/s41573-020-00114-z



https://10.0.4.15/d1sc04471k
https://doi.org/10.1038/s41573-020-00114-z

NPs Databases

ETHNOBOTANY
Application of Medicinal Plants
R g é% \
CHEMnetBASE &3 CS/CONUT
= | r] p O ‘|'| (:] S collection of Open Natural ProdUeTs
5"::“‘(, Dictionary of Natural 520k NPs >400k NPs
Products
>200k NPs

L¥TUS

>200k NPs

i
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The World Flora Online

TM-MC Database of

. Chen, (2017) Data Resources for the Computer-Guided Discovery of BioactiveNatural
medicinal plants

Products. J. Chem. Inf. Model. 2017. 10.1021/acs.jcim.7b00341
Rutz, (2022) The LOTUS initiative for open knowledge management in natural products
research. eLife 11:e70780. https://doi.org/10.7554/eLife.70780



https://10.0.3.253/acs.jcim.7b00341
https://doi.org/10.7554/eLife.70780

Genomic mining

Raw s Genome annotation Vector '
sequence romoter tati 1Y .,g v
ot pHMM Deep Learning Antibiotic it /T kA “a -
Pfam detection Pfam detection  resistance genes = 2., D O omm * St
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ynthetic Gene Cluster detection ( i-.: 5 & S : -
Rule-b.ased Two-state HMM Coclixs[:;?'is:;on Co-labl:n dance 2 \‘
plianment besed Lorh S Genome databases BGC identification BGC databases BGC analysis
Structure prediction . H - g L
; . - [ B N gy TOAM MBS BiGSCAPE EFEST
Rule-based MS/MS elucidation NCBI » W 0 ~4 Mining
Prl%curs':r prfg_:_ch:i)on Substrate prediction % S R—
onvNet, (pHMM, SYM) . ) 5 .
4 e RefSeq/GenBank e antiSMASH e antiSMASH-DB » BiG-SCAPE/BIG-SLICE
Activity profiling & chemical diversity prokaryote database e PRISM e BiG-FAM » EFI-EST
e Ensembl Bacteria e MetaBGC » IMG-ABC * BLAST
Molecular Graph ConvNet  Molecular generators o In-house genome « RODEO . MBIG e ARTS
Lenient Antimicrobial activity datab 5 EvoMini
rulesets  Novelty prioritization atabases e RIPPER e ARTS-DB e voMining
prioritization - BLAST ° FastTree
Downstream applications e profile HMMs e Phylogenetic analysis
. , ¢ Cooccurrence analysis
Microbiome Drug discovery o Cone duplication
e HGT identification

The application potential of machine learning and genomics for understanding natural product diversity, chemistry, and
therapeutic translatability. Prihoda et al. Natural Products Reports, 2021. https://doi.org/10.1039/DONP0O0055H
Targeted Large-Scale Genome Mining and Candidate Prioritization for Natural Product Discovery. Malit et al. Mar.

Drugs 2022, 20(6), 398; https://doi.org/10.3390/md20060398



https://doi.org/10.1039/D0NP00055H
https://doi.org/10.3390/md20060398

MS-based Untargeted
Metabolomics

Chromatographic feature detection and alignment

Tandem mass spectra (MS/MS) are of crucial importance MZmIr1e 3 T

MS-DIAL

Intensity | Chromatogram
LC-IMS-MS and imaging GC/MS LC-MS,
joint pathway analysis

Feature annotation

.Ii/l/,(/ /\\/ /\\/
#SIRIUS.,
/ / Z CASMI
CSl:FingerID Critical Assessment
Multiple kernel learning supported by of Small Molecule Identification

fragmentation trees WWww.casmi-contest.org/



http://www.casmi-contest.org/

Spectral data from MS as an
additional tool in dereplication

Public repositories

BGNPS

Mass Spectrometry
Interactive Virtual Environment

Search Parameters

Minimum Cosine Score

0.7

Minimum Matched Peaks

6

Parent Mass Tolerance

2.0

Fragment Mass Tolerance

05

Analog Search

No

Public Databases to Search

Non-redundant MS/MS

EMASST

Spectrum Peaks

Precursor M/Z

1044.66

Peaks

Enter peaks here in the follow format "mass
intensity”, one per line separated by white space
(space or tab).

For Example:

463.381 43.591

693.498 119.206

694.496 42.985

707.494 508.18

708.512 197.117

709.558 18.679

7234 43.831

800494 476.556

Reporting Information

Analysis Description
MASST Analysis
Email address
name@example.com
GNPS Login
GMNPS Username (optional)

GNPS Password

GMPS Password (optional)

Populate Demo MASST Molecule

Wang, M., Jarmusch, A.K.,, Vargas, F. et al. Mass spectrometry searches using MASST.
Nat Biotechnol 38, 23-26 (2020). https://doi.org/10.1038/s41587-019-0375-9



https://doi.org/10.1038/s41587-019-0375-9

#GNPS Molecular Networking

Creation
] S of
'"*- -“h-fu clups(:(::irra: 7o broms  bucsio molecular
_.JELI_ & .. 0 |.|L|m' il o |.I network
L i Ll
il LTI G
Querying
of nodes
against
Reproducible molecular networking of untargeted mass spectrometry data using GNPS dzrazlclects

Allegra T. Aron et al. Nature Protocols volume 15, pages1954—-1991 (2020) DOI
https://doi.org/10.1038/s41596-020-0317-5



https://doi.org/10.1038/s41596-020-0317-5

Using public data to
prioritize extracts

r

CINVENTA
. y
. N

Priority Score PS = w,FC + wJlC + wCC + w,SC

\ J
Results table Number of Number of Number of
compounds compounds compounds New chemical =~ New chemical
Feature rep}(l)rled in fehPOFlEd in szorﬂedili" classes inthe  classes in the
the sp. the genus the family A
Spm.hm'v , : : . ' l 5’.) ge?us FC - Feature component
et : ' jt R ; sl LC - Literature component
Sample ID . : C LC | : : sc | . ! PS cc —.Cl.ass'component
: : : : L . : ' SC - Similarity component
‘ 1 < ‘ ‘ L v v ‘ ‘ 3 v ‘ w - User-defined weights
Sample 1 sp. A 083 | 067 | 0.996| O 0 20 (@1 il a,b,c a,c 3.67
Sample 2 sp. B 0.74 | 0.60 097 | 43 | 329 | 500 (@ 1 0 NA NA 2.57
SampleN | sp.N 057 | 057 | 089 | 212 | 732 1k |© 0 1 deyv | dev | 2.46
£? )

Quiros-Guerrero LM, Nothias LF, Gaudry A, Marcourt L, Allard PM, Rutz A, David B, Queiroz EF, Wolfender JL. Inventa:
A computational tool to discover structural novelty in natural extracts libraries. Front Mol Biosci. 2022 Nov
11;9:1028334. doi: 10.3389/fmolb.2022.1028334



https://10.0.13.61/fmolb.2022.1028334

Deep learning applications to
accelerate metabolomic research

‘inverse problem’ of mass spectrometric molecular identification
$ II‘V o} R4 C LY
] 1

Molecular ‘ / g |
I | formla sV > CgHyNO —/ GgH N —»/ CHN -~ 4> CH, |
Precursor and | ! | ,f | ! ‘ Ranking by
MS* spectrum CeHy,NO ! ! b ModPlatt score
l _’[LSTM]'f_’[LSTM]f:’[LSTM]‘E'"[LSTMJ o D
Vo vl | N

N
sipiys 1
N
/ ! ={

Initial token

H

LN . = - - — 0=
N )LH \Q ° 0=C(NcleceeelC)C

Final token
NN EEEEEE

MSNovelist: de novo structure generation from mass spectra. Stravs et al. Nature
Methods volume 19, pages 865—-870 (2022). https://doi.org/10.1038/s41592-022-01486-3

MS2Prop: A machine learning model that directly predicts chemical properties from mass
spectrometry data for novel compounds. bioRxiv preprint.\/oronov et al.
https://doi.org/10.1101/2022.10.09.511482

MY i N

UMAP of a stib-sample of unlabeled MS/MS spectra from
GNPS. Red points — MS/MS spectra of FDA-approved drugs
(not NPs)



https://www.nature.com/articles/s41592-022-01486-3#auth-Michael_A_-Stravs
https://www.nature.com/nmeth
https://doi.org/10.1038/s41592-022-01486-3
https://doi.org/10.1101/2022.10.09.511482
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Experimental
natural product
producer
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Gene expression profiling

UPLC-MS analysis

—

0%
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Image-based phenotypic screening

Lh
UL

Gene expression profiles

Imaging phenotypes

(MR

Untargeted metabolomics

Bioactive compound annotation

High-throughput functional annotation of natural products by
integrated activity profiling
Suzie K. Hight et al., PNAS, 2022

https://doi.org/10.1073/pnas.22084581 1



https://www.pnas.org/doi/10.1073/pnas.2208458119#con1
https://doi.org/10.1073/pnas.220845811

After NP identification,
what’s next?

Encoding NPs into
molecular
representations

:

Bioactivity data =% | NPDB 44— Omics data

- "n\\\}\
\Q{‘{: @ N
L
N 'y#' ‘ / \ . e T @
TR ;C /
Chemical space Generating de novo
: ] Targets QP NP-inSpiTEd
Englneenng Compmmdm Compounds

likeness scores

Predicting biological functions

- Mapping NPs in the chemical space

- De-orphanizing

- Generating de novo NP-inspired
compounds

Saldivar-Gonzalez, F. |., et al. "Natural product drug
discovery in the artificial intelligence era." Chemical
Science 13.6 (2022): 1526-1546. 10.1039/d1sc04471k



https://10.0.4.15/d1sc04471k

Chemical space of NPs

.....

r o

0 10 20 30 40 50 60 70 80 90 100% ,
s B
0 02 0.4

0.6 08 1

%100 90 80 70 60 50 40 30 20 10 0

QED=0 - all properties are unfavourable
QED=1 - all properties are favourable

Not tested NPs — 209K cmpnds
Biologically tested NPs—- 45K cmpnds

NP Navigator: A New Look at the Natural Product Chemical
Space. Zabolotna et al, J.Mol.Inf, 2021.
10.1002/minf.202100068

Natural Product-Likeness

synthetic molecules [ <= ; =) B natural products
.

= =
= %
T T

PC2 (14%)
wn

o
T

|
ul
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NP-Scout

PC1 (42%) Identification and visualization of

natural product-likeness

NP-Scout: Machine Learning Approach for the Quantification
and Visualization of the Natural Product-Likeness of Small
Molecules. Chen et al. Biomolecules. 2019 Feb; 9(2): 43.
10.3390/biom9020043



https://doi.org/10.1002/minf.202100068
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6406893/
https://doi.org/10.3390%2Fbiom9020043
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Design and Synthesis of Natural Product Inspired Libraries
Based on the Three-Dimensional (3D) Cedrane Scaffold:
Toward the Exploration of 3D Biological Space

Tajabadi et al, J. Med. Chem. 2018
https://doi.org/10.1021/acs.jmedchem.8b00194



https://doi.org/10.1021/acs.jmedchem.8b00194

Pharmacophores & NPs

Identification of natural inhibitors of Trypanosoma
brucei Glyceraldehyde-3-phosphate-dehydrogenase (TbGAPDH)

Human African trypanosomiasis (HAT), or “sleeping sickness”

4803 NPs from MEGx database

3 structures (PDB-IDs: 2XON, 3IDS and 1GYP)
4 pharmacophore models by MOE

Docking

Experimental testing

5 cmpds w/ >50 % inhibition at 50 uM

Pharmacophore models by LigandScout

Applications of the Pharmacophore Concept in Natural
F. C. Herrmann, M. Lenz, J. Jose, M. Kaiser, R. Brun, T. J. Product inspired Drug Design

Schmidt, Molecules 2015, 20, 16154-16169. Seidel et al. J.Mol.Inf., 2020.
doi.org/10.3390/molecules200916154 https://doi.org/10.1002/minf.202000059



https://doi.org/10.1002/minf.202000059
https://doi.org/10.3390/molecules200916154

MO re S u CC eSSfu I exam p I eS DOI: 10.1002/minf.202000171

of NP screeni ng Cheminformatics in Natural Product-based Drug Discovery
Ya Chen® and Johannes Kirchmair*? "
3D molecular shape- Pharmacophore + shape-base,
based screening, antiviral activators of the G protein-coupled bile acid receptor 1

Ox© O\/\,/\I?"OH O5© &
= X

2 (farnesiferol B) 3 (microlobidene)

Synthetic compounds with novel scaffolds

Lanostane triterpenes from the
mushroom Ganoderma lucidum.
4 (rubraxanthone) 5 (ergosterol peroxide) 6 (ganodermanontriol) 7 (truxillic acid derivative)

Docking, Pharmacophore, FXR induction / Gaussian process model,
antiinfluenza anti_inﬂammatory PPARy activator




De novo design of
NP-inspired molecules

DOGS

Diversity-oriented synthesis (DOS) Ho{O : NEF
u

Biology-oriented synthesis (BIOS)
Design of Genuine Structures (DOGS)

Deep Neural Networks (variety of approaches N

o

DN
o) OY\
Q)LN’@/ 0 HOJ\/UO‘CmHm
/I\O : OH

DOI: 10.1002/minf.202000171

Cheminformatics in Natural Product-based Drug Discovery

Ya Chen®™ and Johannes Kirchmair*®®!




Recommended
chemoinformatics read

molecular
Volume 39, Issue 11

|nf0rma“cs Special Issue:Molecular Informatics in Natural Products
G *1”;°/'92(j)'825 s Research
November 2020

https://onlinelibrary.wiley.com/toc/18681751/2020/39/11

www.molinf.com WILEY-VCH



https://onlinelibrary.wiley.com/toc/18681751/2020/39/11
https://onlinelibrary.wiley.com/toc/18681751/2020/39/11

HTS problems

* Polyphenols quench fluorescence

* Highly fluorescent or coloured
compounds interfere with colorimetric or
fluorescent endpoint

Enol form of curcumin

Very high (or low) hit rates in HTS assays
3

CH CH3

Creating and screening natural product libraries. Brice A. P. Wilson Nat. Prod. Rep., 2020, 37, 893-918.
10.1039/CONP00068B



https://doi.org/10.1039/C9NP00068B

All those PAINS

S

PHENI]l-SIllPHI]NAIIIES

TIIXIIFUV T —— CURCUMIN B HYDROXYPHENYL HYDRAZONES

Redox cycler: can produce § reacts chemically Covalent modifier, N Covalent modifier, - ENE-RHODANINE ! Redox cycler, covalent b
hydrogen peroxide, which with proteins in gl membrane disruptor: metal complexer: : Covalent modifier, unstable compound: §
can activate or inactivate non-specific, muddles response of [l sequesters metal ions that modifier, metal breaks down into molecules

different proteins. non-drug-like ways. membrane receptors. inactivate proteins. complexer. that give false signals.

Chemistry: Chemical con artists foil drug discovery. Baell & Walters. Nature volume 513, pages481-483 (2014)
https://doi.org/10.1038/513481a

Feeling Nature’s PAINS: Natural Products, Natural Product Drugs, and Pan Assay Interference Compounds (PAINS).
Jonathan B. Baell, J. Nat. Prod. 2016, 79, 3, 616—628. https://doi.org/10.1021/acs.jnatprod.5b00947



https://doi.org/10.1038/513481a
https://doi.org/10.1021/acs.jnatprod.5b00947

Let’s imagine a promising
bioactive NP is identified

But what about synthesis
and scaling up?

O NH 0]

\“' H :
OH &
CH %
News

Taxol Tree that provides paclitaxel is put on list of endangered species

(Paclixatel) BMJ 2011 ; 343 doi: https://doi.org/10.1136/bmj.d7411 (Published 15 November 2011)




Synthesis alone is
Infeasible

3.2

Taxol
(Paclixatel)

Robert Holton’s group suggested
complete synthesis
With ability to produce 11.6 mg of taxol

o 01/ \'fo o Olfl,\\\rc/o g T q{y G‘ﬁ__ OTES
"ﬂ\g “L“ N ,I: ] ° — '_Jf\o”z‘l'"o N < HN n % _'--, P F""’:":IC' ] o
“ﬁj’le?c ’ ':'J\m ‘«{ (—ngfo @ © meort \_«;f (/ @

g 10 1 12 13 ”

CAN = ceric ammonium nitrate

TES = triethylsilane

Bz = benzaoyl

Fh = phenyl

Ac = pcetyl

LHMDS = Lithium hexamethyldisilazide

» Semi-synthesis from deacetylbaccatin extracted from
European yew (Liu, Gong, Zhu, RSC Adv, 2016)
e 2017:2600 kg produced




How genomic knowledge
can be used?

plasmid

An Engineered Microbial Platform
for Direct Biofuel Production from
Brown Macroalgae

Wargacki et al., Science 2012

High-level semi-synthetic production of the potent
antimalarial artemisinin

Paddon et al., Nature 2013

1951

10,000 POUNDS OF PIG
PANCREASES MAKE
c 1POUND OF INSULIN

TODAY:
GENETICALLY
ENGINEERED

BACTERIA PRODUCE
ANIMAL-FREE INSULIN

Metabolic Engineering for the
Biosynthesis of Longevity Molecules
Rapamycin and Resveratrol

Ye & Bathia, Industrial Biocatalysis 2014

A microbial supply chainfor production of
the anti-cancer drugvinblastine

Zhang et al., Nature 2022




Perspectives and Sustainability

Are we seeing a resurgence in the use of natural
products for new drug discovery?

Feng Li 3%, Yongli Wang, Dapeng Li, Yilun Chen & Q. Ping Dou

THE LANCET
Natu ral Product Research: An Immen Se Hope and Sustainabil ity CORRESPONDENCE | VOLUME 398, ISSUE 10303, P840-841, SEPTEMBER 04, 2021
in Present Time Pharmaceutical companies should pay for raiding nature's

medicine cabinet

Dipankar Ghosh”

Adam D Canning E3 « Russell G Death « Nathan J Waltham

Published: August 11,2021 « DOI: https://doi.org/10.1016/S0140-6736(21)01686-X

 the higher rigidity of NPs can be valuable in drug discovery tackling protein—protein interactions
* NPs as a source of oral drugs ‘beyond Lipinski’s rule of 5’
» Novel antibiotics able to tackle antibiotic resistance?




Take away messages

e State-of-art analytical and computational methods give a new boost to NP-driven
drug discovery

* Problems for the different discovery stages mirror each other, which might provide
room for collaboration

* Interest in natural products as drug leads is being actively revitalized




hank you for your attention!




	Snímek 1
	Snímek 2
	Snímek 3
	Snímek 4
	Snímek 5
	Snímek 6
	Snímek 7: Many modern drugs originate from natural products (NP)
	Snímek 8
	Snímek 9
	Snímek 10
	Snímek 11
	Snímek 12
	Snímek 13
	Snímek 14
	Snímek 15
	Snímek 16
	Snímek 17
	Snímek 18
	Snímek 19
	Snímek 20
	Snímek 21
	Snímek 22
	Snímek 23
	Snímek 24
	Snímek 25
	Snímek 26
	Snímek 27
	Snímek 28
	Snímek 29
	Snímek 30
	Snímek 31
	Snímek 32
	Snímek 33
	Snímek 34
	Snímek 35
	Snímek 36
	Snímek 37: Thank you for your attention!

