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Why we need rapid selection of target-
focused libraries?

Target-focused biological screening reduces the synthesis, repository
management, screening costs and various assays are still available
with lower throughput

Biotech/ screening compounds do not have synthesis capacity

The hit rate of the random screening is normally < 0.1 %, while for the
focused library screening it can exceed = 1 %.

Simple robust technique is needed which is capable of selecting
focused libraries from multi-million vendor libraries

The solution: ,2D fingerprints are surprisingly effective in many
search situations in comparison with more complex 3D designs”
(Jurgen Bajorath, ChemMedChem, 2007, 2, 208-217)

Similarity is expressed in Tanimoto coefficients

Problem: size-dependent (more complex molecules have higher
value than the real similarity)
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Design inputs |.

Reference space: Known PDES inhibitors (27)
Literature availability

Extraction from literature and various commercial
databases

Problems:

Often only the IUPAC or alternative chemical name is
provided (IJChem)

The compounds can be clustered (Jklustor?) to major
chemotypes to remove the redundant structures (no!)

The property space (Lipinski and Veber rules) can be
defined for the ,seed” compounds (IJChem)

Targete x*

IF




Design inputs II.

* Chemical Space
 Existing/ Real compounds

* Non-exclusive Libraries available
« Zinc DB (25 M compounds)
* ToplO library vendors: 5 M compounds

 ChemBridge, ChemDiv, Asinex, Enamine,
IfLab, UkrOrg, AMRI, Specs, Maybridge, IBS
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2D similarity selection

Seed

Commercial
compounds

Compound Libraries

5 M compounds 27 compounds
(10 Vendors) Example of known XXX antagonists (CO”eCted

from literature)
2D similarity
search HEE NN

2D fingerprint
(bitstrings)

8,655 compounds
Analogue library

Property filtering 2,009 compounds

Diversity selection Not available

Visual inspection | Under progress

compounds to be purchased



Similarity searching strategy: execution

Setting the starting similarity level (dependent on the
fingerprint S/W, T= 60-75 % for ChemAxon)

Iteration based on the results (scenarios):
the number of virtual hits are between 50 and 500, OK

the number of virtual hits are <50 or >500
 |If <50 lower the similarity treshold with 5 %
if >500 increase the similarity treshold with 5 %
This can be continued until the optimal range achieved

If 5 % decrease results in >500 compounds the search can be
refined by 2% (alternatively a diversity selection would be needed,
but that is not available)

Duplications can be removed when merged the resulting DBs
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How to reduce the number of the hits?

Normally screening companies would like to buy 100-1000
compounds

Since from the various vendor DBs we can obtain 2000-
10.000 virtual hits their number can be reduced

1. Applying the reference property space (Lipinski and
Veber rules) (IJchem OK)

2. There are overrepresented seeds thus virtual hits
coming from those seeds can be reduced (IJchem OK)

3. Applying an optimal distribution of the resulting
chemotypes (removing the overrepresented compounds)
(Limited with Jklustor)

« 4. Simple diversity analysis (No for [Jchem) s
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1. Applying the reference property space:

Structural determinants: H-bond donor/ acceptor, hydrophobic interactions
(property space determination)

oy
=4

Sildenafil ~ X
1TBF 1UDT

Pharmacophore fingerprints requires more computation and time consuming
In simple similarity search pharmacophore features can only be
considered as statistical features (not connected to structures)

The similarity search results can be filtered based on the physico-chemical
parameter space of the seed compounds (+10/-10 % range applied)
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H-bond acceptors
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H-bond donors
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Molecular weight
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Rotatable bonds
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Topological polar surface area
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Results and further reduction

« Similarity search results: 8655
 After property filtering: 2009

» 2. There are overrepresented seeds thus
virtual hits coming from those seeds can be
reduced

* When combining the similarity search the
contribution of the seeds can be controlled

 (or set the number of analogues derived

from certain seeds) i
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2. Overrepresented seeds
Seeds leading to highest number of similar hits

(i : #4 (Sildenafil)
2 238 analogues
(60 % similarity or above)

#13
328 analogues
(60 % similarity or above)

#18 (desantafil)

4494 analogues

(60- 80 % similarity)
Gy i
-~ o Targetex%
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2. Overrepresented seeds

Seeds leading to highest number of similar hits
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3. Applying an optimal distribution of the resulting

chemotypes
Proposed application of Jklustor/LIbMCS

» Taking into consideration of the
substructure where the maximum number
of connection (bond) is found

* it can be an option
« Maybe difficult to define

* Using such option the ,real” core structure
can be found easier
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Conclusion/ Proposals

Combining the elements of the ChemAXxon softwares into a dedicated In
silico tool can be devised which could help the screening companies
that rely on compound purchasing

Specific features required (proposal)

= Similarity search

= Multiple compound search since normally there are more seeds than
DBs, all the seed compounds can be searched on one DB while
automatically removing the duplications (multiplications).

» Possibility to set the minimum number of hits and/or the similarity
treshold

= Taking into consideration of the seed representation
= Automated seed property space determination and direct application
In library filtering
» Clustering the results into chemotypes/ diversity selection l
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