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Geographic vs. Chemical Space (CS)
Maps — the subtle difference...
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CS maps are not ‘universal’ (pluricompetent with respect to
arbitrary properties) - but some are closer to this ideal...



 Generative Topographic Mapping: abrief
review H. Gaspar et al. JCIM, 53, 12, 2013
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‘Frame’ N-dimensional 2D manifold
Compounds Chemical Space in CS

2D map

= Molecules are represented in n-dimensional descriptor space

= A flexible 2D manifold is injected, molecules are projected on it

= Manifold is unbent into KxK square grid of nodes — 2D map

= Molecules are fuzzily associated to each node: association
probabilities are called responsibilities.

= Similar responsibilities imply similar properties: regression &
classification models



Searching for the Universal CS Map...

Universality Criterion:
Consistent Neighborhood Behavior
(NB) in polypharmacology
(144 targets)

Choice of

Frame
Compounds

Molecular
Descriptors 1.Enumerate Possible
(ISIDA fragment \ Chemical Space Maps

counts)
2. Select maps maximizing
Universality criterion

Universality claim
validated?



‘Training’ Data Sets...

« Selection set, for Universality criterion estimation:

+ 144 ChEMBL target-specific compound series, all larger than 50
compounds, curated and provided by Prof. J. Bajorath. Set members
are all the compounds with reported pK;values with respect to the
associated targets (receptors, enzymes, efc).

» These sets are modelable (robust SVM models could be obtained for
each).

 Frame sets:

« Set 1: a diverse set of 11K marketed drugs, biological reference
compounds, ligands from PubChem database, as well as randomly
picked ZINC compounds;

« Set 2: a subset of the selection ChEMBL dataset where only one-third
(but at least 50) of ligands of each target are included (9877
molecules);

« Set 3: a subset of the selection ChEMBL dataset , where half of ligands
for half of targets are taken (7214 molecules);

« Sets 4 and 5: combinations of Set 2 and Set 3 with Set 1, e.g. fused
sets labeled Set7+2 and Set1+3, respectively.



Darwinian Evolution towards Universality...
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Selection of five maps with best Neighborhood
Behavior (NB)

= Since selection sets feature quantitative affinity data (pK; values),
NB of maps can be expressed both in terms of regression and
classification model proficiency...

Descriptors &

IIRAB-PH-1-2: Pharmacophore-colored atom-centered fragments, covering first and

second coordination sphere; Set 3

IAB-FF-P-2-6: CVFF Force-field-type-colored atom pairs at 1 to 5 bonds apart, including
interposed bond information; Set 2.

IA-FF-P-2-6: as above, but without bond information; Set 3

IAB-PH-P-2-14: Pharmacophore-colored atom pairs, at 1 to 5 bonds apart, including

information on bonds nearest to terminal atoms; Set 2

lll-PH-3-4: Pharmacophore triplets, with edges of topological distances 3 and 4; Set 3



External challenges for the five best maps...

Target Binding
Discriminate Actives from
(tested) Inactives, for 410

targets unrelated to
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QQ} -nallenges: If targets
are represented by
cumulated responsi-
bility vectors of their
mapped ligands, would
that support their
classification into
families?
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Antimala 7/ a8
Discriminate XN Antiviral activity (7 virus families)
(tested) Inactive ' or 17 Distinguish the set of compounds acting on a given

antimalarial bioassays family from all the other antivirals



I
External challenge - Target binding..

- Mapl-— Map2 — Map3 — Map4 — Map5

% of ligand sets separable at QBA> X
(out of 410 Target Binding sets, associated with 410 targets)
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QBAin leave-1/3-out cross-validated activity class prediction, per ligand set



External challenge — Cox-2 ligands

(aromatic sulfonamides)
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Map of Cox-2 (CHEMBL230) ligands, cross-validated balanced accuracy = 0.7.
In the zoomed-in portions — common substructures for coxib-like ligands only



External challenge - Antiviral and Antimalarial
compound recognition..
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Chemogenomics Challenge: describe targets
by their Cumulated Ligand Responsibilities

Ligands associated to a target T...
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IF

Cumulated Ligand
Responsibility Vectors
(CLRV) are valid target
descriptors

THEN

Targets within a family have,
on the average, more
similar CLRV than extra-
family targets.

WHERE

Inter-target distance is the
complement of CLRV
Tanimoto scores.

Cohesion/Separation =
mean intra/inter-family
distances.

Shortest Shortest
inter- Cohesion | inter- Separation
Super- | Family Family size | target & StdDev | target & StdDev | p value
family distance distance
in family | in family | to others | to others
gper | Adenosine | 4 0.182 8"1“6% = 10936 8'3?? = | 1.00E-09 V
kin | TK 35 0.035 8"1‘22 £ o083 8'322 £ | 1oop-00!?
gper | Serotonin 8 0.38 8'?5 = o054 g'gzg = | 6.00E-07 V
gper | Opioid 4 0.202 8"2‘2; = 10917 g'g?; = | 2.40E-05 V
Melano- 0.644 = 0.989 +
er | 4 0322 | Jae 0813 | Jozo 5.60E-05 V
gper | Prostanoid 8 0.099 8%2 - 0.472 832 - 7.40E-05 V
gper | Dopamine | 5 0253 |oSee” |04 Core™ o001
gper | EDG 4 0.378 8'@? = 0719 8'32‘3‘ = 100062 WV
Nucleotide- 0.774 = 0.990
gper | 6 0182 | o00 0472 | [P0 00074 v
Somato- 0.606 + 0977 +
gper | o 4 0115 | 4508 0502 | o ous 0.0086 WV
gper | Adrenergic | 7 0.035 8'3?2 £ 10804 g'ggg‘ = 100091 v
gper | Histamine 4 0.644 8'?3 = 10756 g'ggg = ooz |
kin | CMGC 8 0.171 8"1‘% = 10,067 8"2“1‘2 = looos 7
kin | AGC 12 0.102 8;;2 = 10036 g;g; = loz 7
kin | Src 6 0.17 8"22 = 10.035 8"2‘?‘7‘ = los  ?
. 0.438 + 0.469 +
kin | CAMK 9 0053 | 3 0034 | T 0.6 ?




Conclusions

- A strategy to choose parameters (both internal parameters of the
method and meta-parameters like descriptor type and frame sets) has
been applied to the GTM algorithm, in order to build generally
applicable, universal — that is, polypharmacologically competent — maps.

- Selected maps were challenged to coherently separate actives from
inactives, in projections of novel target-specific ligands, or in vivo tested
compounds. Albeit nor the ligands, neither the targets were represented
at map selection stage, the challenges were largely successful.

- Furthermore, Cumulated Ligand Responsibility Vectors produced when
projecting target-specific ligand collections on these maps are coherent
target descriptors, as they were seen to agree with accepted target
classification schemes.

- Thus, the maps are surely perfectible, but general and robust ‘Universal’
representations of CS... as reflected in today’s ChEMBL database.
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