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The linear view of drug discovery builds on
target-based approaches

Target identification & assessment
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Phenotypic drug discovery

. Natural products

1.
2
3. Biologics
4. Interaction-based (multispecific) drug discovery
5

. Drug repurposing or combination studies
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Phenotypic
screening

Modified
natural
products

e

Biologics

Target-based
screening




Phenotypic screenings by agent and readout
Agent 4

High-throughput screening o
libraries (=10° molecules) Feasibility

Genetic libraries (~10%)

Natural products and chemo-
genomic libraries (~10°)

Custom libraries (~10°-10?)
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The Small-molecule PAthway Research
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The ChEMBL database

e An example of query: aspirin.

e Systematic and programmatic
accession via ChEMBL API
(source code).

e \We can use dose-response
data to annotate the ftriplets of
compound, assay activity, and
targets.
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https://www.ebi.ac.uk/chembl/compound_report_card/CHEMBL25/
https://www.ebi.ac.uk/chembl/api/data/docs
https://github.com/chembl/chembl_webresource_client

Discussion

1.

Why do we care selecting
representative, potent, and selective
compounds for each target?

How to define following terms
mathematically ...

a. Representativity?
b. Potency?
c. Selectivity?
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Target 4 (pAct=9)

Target 4 (pAct=9) Target 1 (pAct=9) XXX

A toy example about
how to quantify a
compound’s potency
and selectivity

Compound-1

Target 3 (pAct=9) Target 2 (pAct=9)

Target 4 (pAct=3)

Target 1 (pAct=9)

COm pou nd 3 rget 3 (pAct=3) Com pou nd 2 Target 1 (pAct=9)

Target 2 (pAct=3)

Target 2 (pAct=3)
Target 3 (pAct=6) 9 p



The Gini Index (a.k.a. Gini Coefficient) e
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An alternative metric: Shannon’s Entropy

Compound 2
Shannon entropy:2.00

Target 4 (pAct=9) Target 1 (pAct=9)

Compound 1
Shannon entropy:0.00

Target 3 (pAct=9) Target 2 (pAct=9)

Compound 4
Shannon entropy:1.89

Target 4 (pAct=9) Target 1 (pAct=9)

Target 1 (pAct=9)

Target 2 (pAct=3)
Target 3 (pAct=6)
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Compound 3
Shannon entropy:1.79
Target 4 (pAct=3)
Target 3 (pAct=3) Target 1 (pAct=9)
Target 2 (pAct=3)
Compound 5
Shannon entropy:3.17
Target 9 (pAct=9) Target 1 (pAct=9)
Target 8 (pAct=9) Target 2 (pAct=9)
Target 7 (pAct=9) Target 3 (pAct=9)
Target 6 (pAct=9) Target 4 (pAct=9) 1 2

Target 5 (pAct=9)
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# Profiled targets

With some exceptions, most
compounds are profiled against <100
targets. We distinguish between
specific and pleiotropic compounds.

0.6

Gini index [in uM]

0.4
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0.0

I

1 10 100 500
Count of targeting genes

The shark-fin shape curve
suggests that frequently profiled
compounds tend to be more
selective (and vice versa). 13



Unsupervised clustering 4
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Affinity Propagation in action
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A movie of iterations
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https://vimeo.com/1827225
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SPARK covers the chemical space evenly with <

BASEL

representative, potent, and specific compounds
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Roudnicky et al., PNAS, 2020,
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https://www.pnas.org/content/early/2020/08/04/1911532117
https://www.pnas.org/content/early/2020/08/04/1911532117

Mapping genes
to biological
pathways

Option 1: KEGG pathways,
with the example of TGF-[3

| ToF-RETA siGNALING PATHWAY |

signaling pathway.

A RESTTful APl is available
for academic use, with
clients in Python and R.
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https://www.genome.jp/kegg/pathway.html
https://www.genome.jp/dbget-bin/www_bget?pathway:map04350
https://www.genome.jp/dbget-bin/www_bget?pathway:map04350
https://www.kegg.jp/kegg/rest/

Mapping genes to biological pathways 4

Option 2: Reactome

pathways, with the ‘ —
v , %ﬁr@*
) S

example of the TGFE-
B signaling pathway. o

Developer’'s Zone [
provides API and
graph database
interfaces.

il

B e

g‘%’
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https://reactome.org/
https://reactome.org/PathwayBrowser/#/R-HSA-170834
https://www.genome.jp/dbget-bin/www_bget?pathway:map04350
https://reactome.org/PathwayBrowser/#/R-HSA-170834
https://reactome.org/dev

Overview of pathways captured by Reactom

.‘v." Left double click to zoom in, hold for details, right double click to zoom out : Don't show again - Help‘o

R.A..l

The Voronoi (Reacfoam) view of all pathways in Reactome ,,




Mapping genes to biological processes !

e Gene Ontology

e UniProtKB keywords

e Example:
TGFBR2 HUMAN
(TGF-beta receptor type
-2, P37173)

_ >

GO - Biological process*

m activation of protein kinase activity ¢ Source: BHF-UCL
m aging ¥ Source: Ensembl
= animal organ regeneration € Source: Ensembl

m apoptotic process € Source: UniProtkB «

= atrioventricular valve morphogenesis € Source: BHF-UCL
= blood vessel development € Source: BHF-UCL «

= brain development € Source: BHF-UCL

Molecular Kinase, Receptor, Serine/threonine-protein kinase, Transferase
function

Biological process Apoptosis, Differentiation, Growth regulation

Ligand ATP-binding, Magnesium, Manganese, Metal-binding, Nucleotide-binding


http://geneontology.org/
https://www.uniprot.org/help/keywords
https://www.uniprot.org/uniprot/P37173

SPARK covers the target space evenly with B
representative, potent, and specific compounds

E F Value

Receptors and membrane =

Kinases and nucleotide binding = Slgnal iransduction -

: Signalling = Metabolism =
G-protein coupled receptors = Immune system =

e
. Diverse enzymes =
) Transport proteins and ion chahnels = Neuronal system=
Tyrosine-protein kinases and immunity proteins = :
Developmental biology =
Proteases =
]

Cell junctions and neuronal proteins =
lc -
Cell cycle = CallGyia

Oxidoreductases = Disease =
Potassium channel and transport =
Sodiun innel and transport

' Transport of small molecules =

Cellular responses to external stimuli=

Target class

Programmed cell death =

Lene expre

Carl

Pathway category

_arbohydrate metabolism =
Calcium channel and transport =
Proteasome =

Flavoproteins =

ra inne -

| \nd het - B p
Sodium/potassium transport = Il Homeostasis =

Other = I
L) Hemostasis =

L] L] n L} | ]
N PP P ® &
W e N 1 5 10 20 30 40
Target gene count Pathway count
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Screening with stem-cell-derived endothelial N
cells with a reporter added by genome editing ™

SSC-A

Normalized resistance

1.2 9 untreated
, stem ¢ E ved ECs (WT) . lTCLgSS-GFg)EC 3 GFP* sorted cells i GFP*" sorted cells §
:
GFP
1.75 GFP*
1.5 .
SSC-A: Side-scatter area of flow cytometry;
1.25 .
GFP: Green fluorescent protein;
o= VVEGFA: vascular endothelial growth factor A
23
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NXL
Compounds targeting the TGF-8 pathway 1
BASEL
such as RepSox modulates endothelial cells
1.2 ] Mbmso 1.2 ] Bbvso
» ‘ //\/,—\-Repsox & I DMsO
S 40 M Gwr7ss3ss Q. o 8 Il Repsox
120 g = ,W.SBSO&% = e N //‘—__/W__W/-zv%aasss +VEGFA
2 e —— LY2157299 FR e _— IlSB505124
100 o 0B Wl SB431542 %0-3 g \/{/ LY2157299
ﬁ N SB431542
80 g 085 g 06
2 2 —
60 ! - 10 20 ?6) 40 50 0¥y 10 20 30 _;i)w 50
time (h time (h)
40
Further in vitro and in vivo
20 . .
experiments establish RepSox
0 as a tool compound modulating
o) Compounds 1-2131 (highest to lowest GFP™ %) retinopathy_ 24




Conclusions about chemogenomic library o
e Phenotypic drug discovery can CCeIIhd kit sl ‘icm
lead to first-in-class drugs with emica |

novel mechanisms; B
e Unsupervised machine learning .
and data modelling contribute to
build chemogenomic libraries;
e \We can link drug candidates via /(S Wt
targets to biological pathways
and processes. -l P—

Phenotypic Drug Discovery

5



Offline activities of Module Il K

Please use your favourite programming language (shell scripts, python, R, for
instance) and APIs (Application Programming Interfaces) of databases to perform
following operations. Submit your code.

1. Retrieve all approved drugs from the ChEMBL database, sort them by approval
year and name (a Python example is here; documentations of the ChEMBL API
can be found here);

2. For each approved drug since 2011 that you identified in step (1), retrieve a list
of UniProt accession numbers, namely protein targets associated with the drug;

3. For each protein with a UniProt accession number that you identified in step (2),
retrieve UniProt keywords associated with it. You can use the UniProt API,
documented here. Python and R clients are also available.

26


https://github.com/chembl/chembl_webresource_client
https://www.ebi.ac.uk/chembl/api/data/docs
https://www.ebi.ac.uk/proteins/api/doc/#!/proteins/search
https://www.ebi.ac.uk/proteins/api/doc/#!/proteins/search
https://pypi.org/project/uniprot_tools/
https://github.com/lgatto/UniProt.REST

Transcriptome profiling by RNA sequencing

Transcription
Pre-mRNA
Intron splicing

Mature mRNA

Fragmentation
DAAGomant- HEEEEE B BN BN N ‘

@ I | :1101:9182:1016 1:N:0:CTCTCGTC+AACCGCGG
GNATCAGAATGGTCAGTAAACCAGGTAAAGAAGCTCTCTGGTTCCTCATGCTGCCTCTTCCTGCTGGCTTTATT
—

F#FFFFFFFFFFFFFFFFFFFFEFFFEFFFFFFFFFFFFFFFEFFFFFFFFFFFFFFFFFEFFFFFFFEFFFRFF

sequences TATGAGACGCATGETA ACCCCGEC GLGATATATA CGCGACGATGACT CGACTGLCAT

Sequence processing

Alignment

GATAGGT GTGACTACCGOCCCAT GAAGEGGCACT GACT ATGAGACGCAT GET AACCOCEOOGEIGAT ACGOGACGATGACTATATAGCT CGACT GLUAT GACAAMGT GAAGCOGCATATCTGCTGGGTA

Genome sequence

Insilico

spice variant A _\/-—
Spice ariant —\/_ -
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Read
Mapping

Count
collection

Normalization
by library size

Differential Gene
Expression
Analysis

=== Emm oems 000000 eees mesed pemes AIED GIED
g e ) aTm e e =
gene 1 gene 2
sample sample sample sample
Al A2 B1 B2
gene 1 8 10 100 200
gene 2 14 15 15 40
gene 3 33 40 35 70
geneN| 100 120 105 220 |
sample sample sample sample
A1 A2 B1 B2
gene 1 8 10 100 200
gene 2 14 15 115 40
gene 3 3 40 35 70
gene N 100 120 105 220
Tot. reads: Tot. reads:
5 millions 10 millions
sample sample sample sample
A1 A2 B1 B2
gene 1 0.16 0.20 2.00 200
gene 2 028 0.30 0.30 0.40
gene 3 0.66 0.80 0.70 0.70
geneN| 200 240 20| 220

X
Diff tial 0%
ifferential gene <
u UNI
expression "
)
3
(0] (o]
= % - W Poisson
& +— | W Negative Binomial
£ 3
> -
o 2
b
:
= =
% § 1 1 1 1 |
c 5 50 500 5000 50000
Mean gene expression level (log10 scale)
Tools: edgeR and DESeq2
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Interpret differential gene expression data

with gene-set enrichment analysis

/Reactome
_pathways

'Gene
_Ontology

AN

"UniProt
_Keywords

AN

e

Literature

S

:;Ne~n1%4) G, G, G, G, G, .. GGG, G,
Change 30 28 25/15/12 .. -08 -12 -15-2.2
(log2)

Differential gene expression results

Gene-set Enrichment
Analysis Methods

30



Gene-set enrichment analysis

Differential Expression Profile (N ~ 10%)

GeneSet A [[ || WITH M T I

GeneSet B || | || | | | | | [ 1 |

GeneSet C | b L1 1
Input: (1) a differential gene Output: a ranked list
expression profile; (2) a set of of the input gene-sets

gene-sets {G}, each a set of genes. by enrichment.

31
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Gene expression as screening rea
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Gene expression from patient and animal
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models help compound selection

~Normalised _
pathway activation score2 ' n T &

Favorable Unfavorable
pathways pathways
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1 ! m = mE T3
o
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Cardiomyopathy-associated pathways

We can prioritise molecules
that reverse disease-induced
changes.
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Pathway regulation by beneficial compounds
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Cytological profiling for antibiotics discovery -

A

Untreated Tetracycline, P1

Rifampicin, R1

Triclosan, L1

Ciprofloxacin, D1

Ampicillin, C3

Rifampicin
5 o
o @
S 0
o o :
— Triclosan
™
8 0 [e)
®e
= Untreated ¥
3 = 5 .
© 2\ @ ' = e
Q"
v - Tetracydli
?9 o Ciprofloxacin Shalyolie
2,
TO; ) e .\ e —— PrR—

PC1 (59.80%)
P: Protein translation inhibitors
R: RNA transcription inhibitors
D: DNA replication inhibitors
L: Lipid biosynthesis inhibitors
C: Cell-wall synthesis inhibitors (peptidoglycan) 35



Principal components are linear combination 7x<

Variables (axes F1 and F2: 78.03 %)

of morphological features ®

Decondensation SytoxG
.

.y : Rifampicin : 0.75 A DAPI
g@? \ . : e @ 2 ‘ DNA per cell
©o : }
y 05 3 o3 05
e ® : Bisce & ; % DNA Length
= : . Jriclosan ' *Dna Area
8 0s, Qi 0.25
' Ambicillin : g Eh #
MPICHILL asids R KA GT o] em Length
' _ ~ : ‘ Untreated ¥ 8 0 T — DNA Cird
, =
o 1\ o 4 o i
Qi : o
% o—X : " Ciprofioxacin - Tetracycline
. 1™\ A -
5 Prapm——x. T T X W

PC1 (59.80%)

1 0.75 05 0.25 0 0.25 05 0.75 1
F1(59.80 %)

DNA area, Membrane perimeter, DNA perimeter, Membrane length, DNA length, No. of nucleoids per

Membrane area,
cell

um? um? um um um um
Membrane width, DNA width,

pm pm Membrane circularity DNA circularity SytoxG intensity DAPI intensity Decondensation
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Morphology classifies compounds by MoA

| o

pim2 A @Globomycin _ Ceftriaxone
%2 @Levofloxacin I Colistin
»Mecillinam ] bmso

@ Colistin I Doxycyclin

®DMSO
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I Levofloxacin

| Mecillinam

P Cefepim
I Ciarithromycin
I Lo/COE inh
HI Norfloxacin

Avibactam

B I Triclosan

Globomycin
Levofloxacir
Mecillinam

<)
=
o
<
@
=
&
5]
O

Reference compounds

L)
0
Dim 1

-5 ® Doxycyclin
’ @ Ceftriaxone

Test compounds




Comparison of computational methods
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> values
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Do the benchmark and use Occam’s Razor

Table |. Accuracies for classifying compound treatments into
mechanisms of action.

Method Accuracy, %
Means 83
KS statistic 83
Normal vector to support-vector 8l
machine hyperplane
With recursive feature elimination 64
Distribution over Gaussian 83
mixture components
Factor analysis + means 94

X

XX

Z 0N

BASEL
True mechanistic class Predicted class Acc.
§358588-2¢2¢

Actin disruptors Act 1 80 %
Aurora kinase inhibitors  Aur 100 %
Cholesterol-lowering Ch 100 %
DNA damage DD 93 %
DNA replication DR 10 81%
Eg5 inhibitors Eg5 12 100 %
Epithelial Epi 2 6 76 %
Kinase inhibitors Kl 100 %
Microtubule destabilizers MD 1 93 %
Microtubule stabilizers  MS 97 %
Protein degradation PD 96 %
Protein synthesis PS 100 %

Overall accuracy: 94 %
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A possible explanation
for the success of latent =~

variable models
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LengthCh1
WidthCh1
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EqCirDiaCh1
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EqEllipsePrVolCh1
PerimCh1

Nuclear size

© 08

DNA replication

DiffDensityCh3
TotallntenCh3
AvglntenCh3
VarintenCh3

Integrated intensity

Chromosome condensation
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VarlntenCh1

DiffintenDensityCh1 9 pH3



Morphology and gene expression used jointly g
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t-SNE 2

A multi-cell-type,

1008-compound screening
by Cox et al. (2020)

HDAC
inhibitors

&

Glucocorticoid
receptor agonists

Bromodomain
inhibitors

Heat shock
protein inhibitors

Aurora kinase
inhibitors

@ Microtubule
@é}@ stabilizers

HMG-CoA
reductase
inhibitors

Kinesin inhib.

Microtubule
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mTOR/PI3K inhibitors

t-SNE 1
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Conclusions g,

e (Gene expression and image-based profiling can be used
individually or jointly for phenotypic screening;

e Integration of biological knowledge, high-throughput
data, and statistical modelling empowers phenotypic
drug discovery.
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