Design of Combinatorial Librariesfor the Rapid
L ead Optimization of Glucagon Antagonists

Shenghua Shi

Agouron Phar maceuticals, Inc.

A Pfizer Company




Outline

e Description of some unio

ue features of

LiBrain ™ an in-house d

eveloped software

system, for combinatorial library design ;

* The strategies of combinatorial library

design for lead optimization and its

application in Glucagon

antagonist project



LiBrain™-Intelligent system for
Combinatorial Library Design

Unique Featuresfor Combinatorial
Library Design

- Reactant-Based Selection;
 R-Group-Based Comparison;

o Affinity-Generating Element, AE-Based Per ception.




Reactant-Based Selection
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R-group-Based Comparison

Comparing their R-groups of Reactantsrather than Comparing
reactants themselves = Comparing R-groups of Products

TR Rt

As akyl-halides they are identical
The same compound has differ entoR—gr oups in different reactivity

classes M
HO N\[’(\CI

o

Reactivity : Carboxylic Phenol
Classes Alkyl _halide Acd

ISR |
R-groups M\ o Tﬁ' /mc




Affinity-Generating Element, AE-
Based Perception

Chemistry-Per ception, characterization of molecules, which
determines the mathematical representation of molecules, isthe most
Important issuein the design of librariesfor activity

e Different characterizations of molecules lead to different
molecular representation spaces,

* The same set of molecules could have vastly different
distributions in its various representation spaces,




AE-Based Per ception

Char acterization of molecules should be
based on bio-chemistry-knowledge,
the under standing of interaction of ligands
with protens

Affinity-generating structure-Elements, AE,
-- substructuresinvolved in interaction with
target proteins




Affinity-generating Elements
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AE Featuresof R-groups

e Number of AE'sin an AE class

e Bond-distance of AE to the Connection Atom

* Property-value of AE:
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R-group AE Feature Vector Space

21-Dimensional

R-group AE Feature Vector, RAEFV

Default Acid B ase HBD HBA Polar Aromatic Aliph ati
N N N N N N N
3 <Bd?> <Bd?’> <Bd?> <Bd?’> <Bd?’> <Bd?> < Bd?>
< Pr> < Pr> < Pr > < Pr > < Pr > < Pr > < Pr >

* N: the number of AE’sin an AE class
» <Bd?>: the average value of the square of the bond distances
» <Pr >: theaveragevalue of the property values




Distance M easur e for
Quantitative Comparison

Euclidean distance di,j

R.'and R/ arethe R-group AE feature vectors of R-
group k of reactants, 1 and | in a reactivity classwith n
non-equivalent R-groups.




R-group AE Feature Vector Based Similarit
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Similarity Selection in RAEFV Space
For Primary-amines
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Maximin-Algorithm-Based
Maximum Diversity Trajectory

Assume: asubset, G, of N > 0 compounds in the domain set, Q, of M
compounds has been sel ected,;
Define the distance of acompound i InW=0Q - Gtotheset Gas

Di(C) © Min {di},j= 1,..,Nin C.

For maximum diversity, the (N+1)th compound should have a
maximum of the distance to the subset Gfor all the compoundsi in
the remaining subset W

Dov+1(C) = Max{D(C)}, i= 1,..M-NinW
° MaxMin {dj}, i= 1,..,M-NinWandj= 1,..,NinG
I j




General Strategiesof Targeted Library
Design for Lead Optimization
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R-group-based Strategies of

Targeted

Library Design for Lead Optimization
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Example-Targeted Library design
for Glucagon Antagonist Project

Exploratory Library
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First Round Targeted Library
for Glucagon Antagonist
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Second Round Targeted Library

for Glucagon Antagonist
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Remarks

L ow dimensional RAEFV captures main featur es of
molecules important in binding. Analogsin RAEFV space
have similar interaction with target proteins,

* R-group-based comparison makesit possible to optimize
the different parts of the lead with different strategies(
similarity /diver sity);

*Reactant-based selection scalesas S N, rather than P N, of
product-based selection
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