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MAJOR Therapeutfé interest

for kinase inhibitors
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Mechanism of action

Phosphorylation of proteins on hydroxyl groups (OH)
- Protein Activation / Deactivation via a phosphate group transfer
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PKI: 6 different types

PKI - TYPE | PKI - TYPE IV

ATP competitive

Allosteric inhibitors
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PHARMACOPHORE EXPLORATION AND EVALUATION

Automatically computes pharmacophores from a large data set of molecules without
any supervised selection of molecules

SCREENING OF MOLECULAR SEARCH FOR MULTI-ACTIVE DEFINITION OF
DATABASES MOLECULES PHARMACOPHORE SPACE
Discriminative capability through Able to identify features occurring

Query based on 2D pharmacophores Emerging Pattern calculation with high or low frequencies

Métivier et al., ] Med Chem, 2018, 61

Pharmacophores
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6 essential pharmacophoric motifs
@ Hydrophobic group
Aromatic cycle @
B) Hydrogen-bond donor
Hydrogen-bond acceptor @ NORNS PROCESS
# Negatively-ionizable function
Positively-ionizable function @

N NORNS
Computation of the combinations of
Molecular pharmacophoric features (2D pharmacophore)
dataset Pharmacophore order Frequency threshold
Number of motifs According to the number of
carried by the molecules covered by the
pharmacophore pharmacophore (support size)

Pharmacophores

Qo/

Métivier et al., ] Med Chem, 2018, 61




6 essential pharmacophoric motifs Q_O/
@ Hydrophobic group
Aromatic cycle @
B) Hydrogen-bond donor
Hydrogen-bond acceptor @ NORNS PROCESS
# Negatively-ionizable function
Positively-ionizable function @

NORNS

Generator=16

(Ph4:94) Measures

Support size [T

N Confidence
Growth Rate 2.435533} Molecule=16

i
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N T A e
N Active 6 |23 40 49 |64 [95 |o7 |01 [1455 [1456

Inactive 457 ]

Computation of the combinations of

harmacophoric features (2D pharmacophore) ) Growth rate :
Molecular P P P P Ratio between fit frequencies of
dataset Pharmacophore order Frequency threshold a pharmacophore within the 2
Number of motifs According to the number of groups (active vs inactive)
carried by the molecules covered by the ) o ]
- pharmacophore (support size) Fit frequency within actives

~ Fit frequency within inactives

Métivier et al., ] Med Chem, 2018, 61
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NORNS pipeline
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: Pharmacophore generation:
Sdf reader: 1479 compounds From 1 to 7 motifs

Retain only pharmacophores
with a support of 10 molecules
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: Pharmacophore generation:
Sdf reader: 1479 compounds From 1 to 7 motifs

Retain only pharmacophores
with a support of 10 molecules

112 291 pharmacophores
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Directed Acyclic Graph (DAG)

PHARMACOPHORE NETWORK

112291 pharmacophores

Pharmacophores

Qi
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Directed Acyclic Graph (DAG)

E. Lehembre et al., POSTER #13 DAG approach
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@® Hydrophobicgroup
@® Aromatic ring

§ et Directed Acyclic Graph (DAG)

@ Positively-ionizable group

Order: 1 From top to bottom:
Two pharmacophores are linked if
one is included in the other.

Order: 2

Order: 3

Order: &
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@ Positively-ionizable group

Order:1 From top to bottom:

Two pharmacophores are linked if
oneis included in the other.

Order: 2

Considering molecule subsets:
Distinct pharmacophores covering the
exact same molecule subset forma
General Equivalent Class (GEC).

Order: 3

Order: &




@® Hydrophobicgroup 15
@® Aromatic ring

© Irarosenbond domer” Directed Acyclic Graph (DAG)

@ Positively-ionizable group

Order: 1 From top to bottom:
Two pharmacophores are linked if
one is included in the other.

Order: 2
Considering molecule subsets:
Distinct pharmacophores covering the
exact same molecule subset forma
General Equivalent Class (GEC).

Order: 3

Order: &




@ Hydrophobicgroup

R) Aromatic ring

@® Hydrogen-bond acceptor
p) Hydrogen-bond donor
@ Positively-ionizable group

R Order: 1

R D

‘s y

Order: 2

u (P R s —R s /D . — B
- -
R i\ o 1 R ! e 1
1 . R /Q:} [ Order:3
z 10 R 3

Order: &

15

irected Acyclic Graph (DAG)

From top to bottom:
Two pharmacophores are linked if
one is included in the other.

Considering molecule subsets:
Distinct pharmacophores covering the
exact same molecule subset forma

Distinct pharmacophores covering the
exact same molecule subset and

sharing a family relationship form a



@ Hydrophobicgroup

R) Aromatic ring

@® Hydrogen-bond acceptor
p) Hydrogen-bond donor
@ Positively-ionizable group

R Order: 1

R D

‘s y

Order: 2

u (P R s —R g /D . — B
- -
R i\ o 1 R ! e 1
1 . R /Q) [ Order:3
z 10 R 3

Order: &

15

irected Acyclic Graph (DAG)

From top to bottom:
Two pharmacophores are linked if
one is included in the other.

Considering molecule subsets:
Distinct pharmacophores covering the
exact same molecule subset forma

Distinct pharmacophores covering the
exact same molecule subset and

sharing a family relationship form a

Molecule
subset 3



@® Hydrophobicgroup

@ Aromatic ring

@® Hydrogen-bond acceptor
p) Hydrogen-bond donor
@ Positively-ionizable group

15

Directed Acyclic Graph (DAG)

Generator \"’\1

Closed

-— D

..“,{

Order: 1

Order: 2

Order: 3

Order: &

= Consideration of the smallest
pharmacophoric description :
Generator

= Consideration of the greatest
pharmacophoric description :
Closed

Molecule
subset 3



@® Hydrophobicgroup
@ Aromatic ring

15

Sl i Directed Acyclic Graph (DAG)

@ Positively-ionizable group

R Order: 1

/ \
@&. Generator
\ )

. @
@
7

Generator Order: 2

Order: 3

Order: &

= From a relational DAG to a SEC-clusterized relational
diagram

= Consideration of the smallest
pharmacophoric description :
Generator

Molecule
subset 3



@ Hydrophobicgroup 16
@ Aromatic ring

e Directed Acyclic Graph (DAG)

@ Positively-ionizable group

Order: 1

Order:2 Siblings concept

Order: 3

Order: &

= From a relational DAG to a SEC-clusterized relational
diagram



@ Hydrophobicgroup 16
@ Aromatic ring

e Directed Acyclic Graph (DAG)

@ Positively-ionizable group

H ® D Order: 1
v /\ X
" D d
1 { Order: 2 o e
gl Siblings concept

\ \ Consideration of pharmacophore

e @ ancestors (parents)
T F .-”JI:I-’

7 f/:« ? Order: 3

Order: &

= From a relational DAG to a SEC-clusterized relational
diagram



@ Hydrophobicgroup
@ Aromatic ring

e Directed Acyclic Graph (DAG)

@ Positively-ionizable group

Order: 1
RS

Order: 2

Order: 3

Order: &

= From a relational DAG to a SEC-clusterized relational
diagram

Siblings concept

Consideration of pharmacophore
ancestors (parents)

l

Listing of all pharmacophore
successors (children)

16



@ Hydrophobicgroup 16
® Aromatic ring SEC = Structured Equivalent Class

Sl i Directed Acyclic Graph (DAG)

@ Positively-ionizable group

W R D Order: 1
Sw <
» /\ )
M - T /W\/D § = O d :2 ° .
. ®® @X. " - Siblings concept
Consideration of pharmacophore
ancestors (parents)

l

Listing of all pharmacophore

successors (children)
Same order

SEC

= From a relational DAG to a SEC-clusterized relational
diagram
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PHARMACOPHORE NETWORK

112291 pharmacophores

E. Lehembre et al.,, POSTER #13 Norns Lattice




Q_s/

Directed Acyclic Graph (DAG) m
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Distinct pharmacophores bearing the exact same
3l — | molecule subset and sharing a family relationship form a
Structured Equivalent Class (SEC).
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Directed Acyclic Graph (DAG) m
104

Distinct pharmacophores bearing the exact same

3 — molecule subset and sharing a family relationship form a
Structured Equivalent Class (SEC).
2 N 112 291 15 477 SEC
B pharmacophores (generators)
1 = Decreasing the number of pharmacophore to assess
0 be=— _DD_[I_E_____
1 2 3 4 5 6 7

IoLattice JBSEC
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Directed Acyclic Graph (DAG) m
104

Distinct pharmacophores bearing the exact same

! — | molecule subset and sharing a family relationship form a
Structured Equivalent Class (SEC).
25 7 112291 15 477 SEC
B pharmacophores (generators)
1 = Decreasing the number of pharmacophore to assess
0 be=— _DD_[I_E____
1 2 3 1 5) 6 7

InLatticelBSEC

E. Lehembre et al., POSTER #13 Norns Lattice
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Directed Acyclic Graph (DAG)

LOOKING FOR m

REMARKABLE PHARMACOPHORES

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_Q/

Directed Acyclic Graph (DAG)

LOOKING FOR NORNS

REMARKABLE PHARMACOPHORES

FROM SEC TO PAD ?

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_Q/

Directed Acyclic Graph (DAG)

LOOKING FOR m

REMARKABLE PHARMACOPHORES

FROM SEC TO PAD ?

The search for outstanding details among Generators
pharmacophores

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_O/

Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? m

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_O/

PAD = Pharmacophore Activity Delta
Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? | NORNS.
(15u77SEC

For each SEC Computation of the
GR growth rate value

Fit frequency within actives

" Fit frequency within inactives

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_O/

PAD = Pharmacophore Activity Delta
Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? m

A PAD is a pharmacophore which GR value differs
by at least 2 standard deviations from the mean
GR value over itself and its siblings.

For each SEC Computation of the _
GR growth rate value

Fit frequency within actives

" Fit frequency within inactives

E. Lehembre et al.,, POSTER #13 Norns Lattice




_ . 6 essential pharmacophoric motifs 20
SEC = Structured Equivalent Class @ Hydrophobicgroup &/

PAD = Pharmacophore Activity Delta _ Aromatic cycle ®
(& Hydrogen-bond donor

o leccrae Directed Acyclic Graph (DAG)

Positively-ionizable function @

FROM SEC TO PAD ?

For each SEC Computation of the _
GR growth rate value

A PAD is a pharmacophore which GR value differs

by at least 2 standard deviations from the mean
GR value over itself and its siblings.

" Fit frequency within inactives

RN
o e S

GR, GR, R;

Fit frequency within actives ®

E. Lehembre et al.,, POSTER #13 Norns Lattice




_ . 6 essential pharmacophoric motifs 20
SEC = Structured Equivalent Class @ Hydrophobicgroup &/

PAD = Pharmacophore Activity Delta Aromatic cycle ®

@® Hydrogen-bond donor . R
o leccrae Directed Acyclic Graph (DAG)

Positively-ionizable function @

FROM SEC TO PAD ?

For each SEC Computation of the _
GR growth rate value

A PAD is a pharmacophore which GR value differs

by at least 2 standard deviations from the mean
GR value over itself and its siblings.

" Fit frequency within inactives

SEC 1:”?? [Q. Q. K mean (GR;, GR,, GR;)
generator @ SD standard deviation
GR,

GR, GR,

Fit frequency within actives

If |GR.- u| 22 SD theniisa PAD

E. Lehembre et al.,, POSTER #13 Norns Lattice




_ . 6 essential pharmacophoric motifs 20
SEC = Structured Equivalent Class @ Hydrophobic group &/

PAD = Pharmacophore Activity Delta _ Aromatic cycle @
{® Hydrogen-bond donor

o leccrae Directed Acyclic Graph (DAG)

Positively-ionizable function @

FROM SEC TO PAD ?

L it o oy iy A

E. Lehembre et al., POSTER #13

Norns Lattice




SEC = Structured Equivalent Class le/

Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? m

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q:I/

Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? m

17 ‘active’ pharmacophores
&
15 ‘inactive’ pharmacophores

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_L

Directed Acyclic Graph (DAG)

FROM SEC TO PAD ? m

. 02: n=7
17 ‘active’ pharmacophores 03 : nN=21
- ., & 04 :n=2
15 ‘inactive’ pharmacophores 05 : n=2

E. Lehembre et al.,, POSTER #13 Norns Lattice
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SEC = Structured Equivalent Class L

Directed Acyclic Graph (DAG)

FROM SEC TO PAD ?

o 02: n=7
17 ‘active’ pharmacophores 03 : n=21 289 molecules covered
& 04 - n=2 159 active molecules  [20.5% of active molecules]
15 ‘inactive’ pharmacophores 05 : n=2 130 inactive molecules [18.4% of inactive molecules]

Initial dataset: 1479 molecules
(773 active+706 inactive ones)

E. Lehembre et al.,, POSTER #13 Norns Lattice




SEC = Structured Equivalent Class Q_L
PAD = Pharmacophore Activity Delta

Directed Acyclic Graph (DAG)

FROMSECTOPAD?  |iatiee.

02:
03:
04 :
O5:

S 5o =
non o n
—
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Initial dataset: 1479 molecules
(773 active+706 inactive ones)
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SEC = Structured Equivalent Class
PAD = Pharmacophore Activity Delta

FROM SEC TO PAD ?

One example in 02 PADs



SEC = Structured Equivalent Class
PAD = Pharmacophore Activity Delta
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6 essential pharmacophoric motifs

® Hydrophobic group
Aromatic cycle @
o) Hydrogen-bond donor
Hydrogen-bond acceptor @
# Negatively-ionizable function
Positively-ionizable function @

FROM SEC TO PAD ?

One example in 02 PADs
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Order: 1

Order: 2
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SEC = Structured Equivalent Class @ Hydrophobic group &/

PAD = Pharmacophore Activity Delta Aromatic cycle @&
o) Hydrogen-bond donor
Hydrogen-bond acceptor @
# Negatively-ionizable function
Positively-ionizable function @

Active FROM SEC TO PAD ?

Inactive One example in 02 PADs
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PAD (siblings): global visualization of differents molecular assemblies
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To go further into structural entities and pharmacophore DAG: DAVID AUBER THIERNO-AMADOU DIALLO

An interactive visualization tools from Bordeaux University THEO DUPONT NICOLAS MAJOREL
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THOMAS BARILLOT YOHAN LEMATRE
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Initial dataset:
1479 molecules

(773 active
+706 inactive ones)

Summary
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289 molecules

covered
159 active
+ 130 inactive ones
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pl d from BCR-ABL data
Damien Geslin?*2*, Alban Lepailleur!¥, Jean-Luc Manguin™, Nhat Vinh Vo, Jean-Luc Lamottel", Bertrand Cuissart’!, Ronan Bureaul
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Introduction
Resently, we described a new sppraach far the automated detection af nd their @ dataset.? As a case study, we warked with a
dataset dealing with BCA-ABL inhiditors and consisting of 1432 molecules (74 sctives and 718 inactives]. in this poster, we present a ethod s compu
distances (GED) Then, to refine the ey
Context Computation of the graph edit distances (GED)
methadolagy genorates a large number of ing to  compl the . to defing the smilarity

St space, The cblecorsof I pesent work 5 organize and 10 snabyze the pharmacophose  This similarity is computed from the costs associated 1o the substitution of nades [10] or edges
rotwork. (sbsohut walue of the change over the given distance]

. » -
A pharmacophore (Figure 16) deseribes a eombination of chemical features shared by several Al \
for L]
I 8 gharmacophoric gragh : 4l ¥
~a nove denates a pharmacopharic feature A B <
—sn edy datance . e .Sl of ro s o  phcrmcophoes
AR = 14 DA - 0 (B C) - 36

The GED hetween all the pharmacophores were determined and distance matrices were
generated for each ordar (from O, 10 O;). rouhe wwahuum of the pramacogbors metwark,
the 2.5,0r 10 n the GED.

YT —

Figure 1.4 matecate (A o5 e 2. The 6 pharmocophans festures
coresaning phormacagin:graph (6
The man parametes fo the et of the grracophars e v ondr (ke of rgue 4
features per pharmacophore). their suppart (number of molecules assoclated to m’mw“’"'mm‘mm
pharmacophore] and their cut-off value for the growthrote (imbalance between actives m gerprarsidurrip s
nactrees), A selection was schigved (frce ract hyen st

we orders {0, for 3 nodes to O, far 7
o). Each parmacapre i ool wih 2 cac (v or inacive) i elation wih the
h fit it [ratio between molet

The goal of chustering is 10 g7oup together slements similar to aach other n the  oe

same cluster. We tested three clustering methods (herarchical clustering, k-

means, and spectral] after the detection of authers using DBSCAN.*

1} We oblained the best clustering for D with hierarchical clustering (AGHES)
according ta the MM

) We staried the vausliston with an inital representation of the
pharmacaphore netwark (Figure 4). This representation was abiained by
appying a force-directed syout algarithm and by considering the two nearest
neighbors of ezch pharmacophore.

31 we the ofthe o on
the initial pharmacaphore network (Figure 5.

4 We draw o parallel between the active clusters 14 and the binding mode of
represantative compounds (cocrystakographic dat or docking smalations

Fgure. Figure,

O, eeees, i, i,
T — Pr—

112 291 pharmacophores

Figure &

W described the computation of gragh edit distances (GEDs) between pharmacephores extracted from a BCR-ABL dataset. The application of o graph layout algarithm provided s with a visual
sEparation between the pharmacophores associated with active compounds and those associsted with inactive compounds. A clustering approach was then used 10 characterize groups of
pharmacoghares that contain molecules with smitas structures, biclogical actrties, and binding modes.
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- = Study of a representative subset of
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=2 whole dataset / Pharmacophore space -
MMRFS

= Marginal Relevance Feature Selection
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Deciphering a pharmacophore network generated from BCR-ABL data

= Study of a representative subset of
pharmacophores (MMRFS) instead of the
whole dataset / Pharmacophore space

MMREFS

= Marginal Relevance Feature Selection
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Analyzing new pharmacophoric fingerprint via FFNNs: Application to GHEYC;"‘
Bcr-Abl data.
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CONTEXT © vomatic ring GOAL
Pharmacophore comprehension is 2 *4 ’ Apply EP mining methods to
essential for the understanding of m @‘l(‘: A48, | & Hiropmbond sconptr hore network
molecule bioactivities 2 B examination in order to create
{therapeutic and side effects).! a tool to highlight outstanding
From a chemical point of view, a e e e T S et phanmacophores among &

pharmacophore is the greatest
common structural denominator

e
‘molecules toward

associated with a group of active versus inactive receptor We retrieved the ChEMBL ind dataset.

MMMMM"‘GHM fﬂ'lmml,mupnmmmmﬂmmmfyh of BCR-ABL igandst (W 5 810 g/maly 1479

biological response pharmacophoric pattems that occur with higher frequency in molecule with Sther K or 90 nformation

Consideri towards ABL target affinity. 773 were
mw e considered s active compounds. (Ki or ICS0

represent particular patterns = In this study, we focus on outstanding pharmacophores =100 M)

present in a number of structures. among a dataset.

(See Fig. 1).2 1479 compounds.

773 sctve tomards BCRABL
[o— [o—" Using cur in-hause software Noms (2.0 rﬁi.
A . ~ STRUCTURING version),  we  generated 112291 mﬂi 291 pharmacophores
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corresgonds 1o the ratio between the -
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. other. Then we group We applied SEC condensed msmtmwunmmvwnm-m-m".dmmm.d
elements which appear in and classic G values for each
the exact same set of Activity Defra. AP@“IMWUNMGRHMH#&HMMI&NM
molecules if they are ‘standard deviations from the mean GR value aver itself and its siblings.
linked by a path in the
relation graph which only APPLICATION OF SEC EP MINING TO BCR-ABL ChEMBL
EC xmmvmh:m COMPOUND DATASET
o S e <2 The structural analysis of molecules related to the PAD allowed us to
are called Equivalence quickly get crucial information on the initial large database.
Classes (EC) (See Fig. 2). Here are two examples:
Fig 2. eyl
chaterios reforonnol ogran. 5 - Here are
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B === iy
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