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A Personal Foreword

This volume brings together contributions from academic and industrial scientists
who develop and apply chemoinformatics strategies and tools in drug discovery. From
chemical inventory and compound registration to candidate drug nomination, chemoin-
formatics integrates data via computer-assisted manipulation of chemical structures.
Linked with computational chemistry, physical (organic) chemistry, pharmacodynamics
and pharmacokinetics, chemoinformatics provides unique capabilities in the areas of
lead and drug discovery. This book aims to offer knowledge and practical insights into
the use of chemoinformatics in preclinical research.

Divided in four sections, the book opens with a first-hand account from Garland
Marshall, spanning four decades of chemoinformatics and pharmaceutical research and
development. Part one sets the stage for virtual screening and lead discovery. Hit and
lead discovery via in silico technologies are highlighted in part two. In part three, data
collection and mining using chemical databases are discussed in the context of chemical
libraries. Specific applications and examples are collected in part four, which brings to-
gether industrial and academic perspectives. The book concludes with another personal
account by Don Abraham, who presents drug discovery from an academic perspective.

The progression hit identification → lead generation → lead optimization →
candidate drug nomination is served by a variety of chemoinformatics tools and
strategies, most of them supporting the decision-making process. Key procedures
and steps, from virtual screening to in silico lead optimization and from compound
acquisition to library design, underscore our progress in grasping the preclinical drug
discovery process, its needs for novel technologies and for integrated informatics
support. We now have the ability to identify novel chemotypes in a rational manner, and
in silico methods are deep-rooted in the process of systematic discovery. Our increased
knowledge in a variety of seemingly unrelated phenomena, from atomic level issues
related to drug–receptor binding to bulk properties of drugs and pharmacokinetics
profiling, is likely to lead us on a better path for the discovery of orally bioavailable
drugs, at the same time paving the way for novel, unexpected therapeutics.

I want to acknowledge all the contributors who made this book possible. Their
insights, examples and personal accounts move beyond the sometimes dry language of
science, turning this volume into an interesting and fascinating book to read.

Finally, I thank Frank Weinreich and Hugo Kubinyi for their encouragement and
timely pressure to prepare this book on time.

Albuquerque, January 2005 Tudor I. Oprea
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Preface

The term ‘‘chemoinformatics’’ was introduced in 1998 by Dr. Frank K. Brown in the
Annual Reports of Medicinal Chemistry. In his article ‘‘Chemoinformatics: What is
it and How does it Impact Drug Discovery’’, he defines chemoinformatics as follows:
‘‘The use of information technology and management has become a critical part of the drug
discovery process. Chemoinformatics is the mixing of those information resources to transform
data into information and information into knowledge for the intended purpose of making
better decisions faster in the area of drug lead identification and organization’’.

In fact, Chemoinformatics is a generic term that encompasses the design, creation,
organization, management, retrieval, analysis, dissemination, visualization and use
of chemical information. Related terms of chemoinformatics are cheminformatics,
chemi-informatics, chemometrics, computational chemistry, chemical informatics, and
chemical information management/science.

Reflecting the above given definitions, the present volume on ‘‘Chemoinformatics
in Drug Discovery’’covers its most important aspects within four main sections.
After an introduction to chemoinformatics in drug discovery by Garland Marshall,
the first section is focused on Virtual Screening. T. Oprea describes the use of
‘‘Chemoinformatics in Lead Discovery’’ and M.M. Hann et al. deal with ‘‘Computational
Chemistry, Molecular Complexity and Screening Set Design’’. Then, M. Rarey et al.
review ‘‘Algorithmic Engines in Virtual Screening’’ and D. Horvath et al. review the
‘‘Strengths and Limitations of Pharmacophore-Based Virtual Screening’’. The next
section is dedicated to Hit and Lead Discovery with chapters of I.J. McFadyen et al.
on ‘‘Enhancing Hit Quality and Diversity Within Assay Throughput Constraints’’, of
C.L. Cavallaro et al. on ‘‘Molecular Diversity in Lead Discovery’’, and of C. Ho on ‘‘In
Silico Lead Optimization’’. Topics of the third section refer to Databases and Libraries.
They include chapters on ‘‘WOMBAT: World of Molecular Bioactivity’’ by M. Olah et al.,
on ‘‘Cabinet – Chemical and Biological Informatics Network’’ by V. Povolna et al., on
‘‘Structure Modification in Chemical Databases’’ by P.W. Kenney and J. Sadowski,
and on the ‘‘Rational Design of GPCR-specific Combinational Libraries Based on the
Concept of Privileged Substructures’’ by N.P. Savchuk et al.

According to our intention, to provide in this series on ‘‘Methods and Principles
in Medicinal Chemistry’’ practice-oriented monographs, the book closes with a
section on Chemoinformatics Applications. These are exemplified by G.M. Maggiora
et al. in a chapter on ‘‘A Practical Strategy for Directed Compound Acquisition’’, by



XVIII Preface

K.-H. Baringhaus and H. Matter on ‘‘Efficient Strategies for Lead Optimization by
Simultaneously Addressing Affinity, Selectivity and Pharmacokinetic Parameters’’, by
R.A. Goodnow et al. on ‘‘Chemoinformatic Tools for Library Design and the Hit-to-Lead
Process’’ and by A. Tropsha on the ‘‘Application of Predictive QSAR Models to Database
Mining’’. The section is concluded by a chapter of D.J. Abraham on ‘‘Drug Discovery
from an Academic Perspective’’.

The series editors would like to thank Tudor Oprea for his enthusiasm to organize
this volume and to work with such a fine selection of authors. We also want to express
our gratitude to Frank Weinreich from Wiley-VCH for his valuable contributions to this
project.

September 2004 Raimund Mannhold, Düsseldorf
Hugo Kubinyi, Weisenheim am Sand
Gerd Folkers, Zürich
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1
Introduction to Chemoinformatics in Drug Discovery –
A Personal View

Garland R. Marshall

1.1
Introduction

The first issue to be discussed is the definition of the topic. What is chemoinformatics
and why should you care? There is no clear definition, although a consensus view appears
to be emerging. ‘‘Chemoinformatics is the mixing of those information resources to
transform data into information and information into knowledge for the intended
purpose of making better decisions faster in the area of drug lead identification and
organization’’ according to one view [1]. Hann and Green suggest that chemoinformatics
is simply a new name for an old problem [2], a viewpoint I share. There are sufficient
reviews [3–6] and even a book by Leach and Gillet [7] with the topic as their focus that
there is little doubt what is meant, despite the absence of a precise definition that is
generally accepted.

One aspect of a new emphasis is the sheer magnitude of chemical information that
must be processed. For example, Chemical Abstracts Service adds over three-quarters
of a million new compounds to its database annually, for which large amounts of
physical and chemical property data are available. Some groups generate hundreds
of thousands to millions of compounds on a regular basis through combinatorial
chemistry that are screened for biological activity. Even more compounds are generated
and screened in silico in the search for a magic bullet for a given disease. Either one of
the two processes for generating information about chemistry has its own limitations.
Experimental approaches have practical limitations despite automation; each in vitro
bioassay utilizes a finite amount of reagents including valuable cloned and expressed
receptors. Computational chemistry has to establish relevant criteria by which to select
compounds of interest for synthesis and testing. The accuracy of prediction of affinities
with current methodology is just now approaching sufficient accuracy to be of utility.

Let me emphasize the magnitude of the problem with a simple example. I was once
asked to estimate the number of compounds covered by a typical issued patent for a
drug of commercial interest. The patent that I selected to analyze was for enalapril, a
prominent prodrug ACE inhibitor with a well-established commercial market. Given
the parameters as outlined in the patent covering enalapril, an estimation of the
total number of compounds included in the generic claim for enalaprilat, the active
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ingredient, was made. The following is the reference formula as described by the patent
and simplified with R6 = OH, and R2 and R7 = H:

R C C NH CH C

O

N C C R6

O R1 R3 R4 R5 O

R2 R7

R2, R7 = H

R6 = OH

R C C
H

NH CH C

O

N C
H

C OH

O R1 R3 R4 R5 O

Thus, one can simply enumerate the members of each class of substituent and
combine them combinatorially. The following details the manner in which the number
of each substituent was determined with the help of Chris Ho (Marshall and Ho,
unpublished).

Substituent R: R is described as a lower alkoxy. The patent states that substituents are
‘‘otherwise represented by any of the variables including straight and branched
chain hydrocarbon radicals from one to six carbon atoms, for example, methyl,
ethyl, isopentyl, hexyl or vinyl, allyl, butenyl and the like.’’ DBMAKER [8] was
used to generate a database of compounds containing any combination of one
to six carbon atoms, interspersed with occasional double and triple bonds, as
well as all possible branching patterns. Constraints were employed to forbid
the generation of chemically impossible constructs. Concord 3.01 [9] was used
to generate and validate the chemical integrity of all compounds. 290 unique
substituents were generated as a minimal estimate.

Substituent R3: This substituent is identical to substituent R, only that it is an alkyl
instead of an alkoxy. Again, 290 unique substituents of six or fewer carbon atoms
were generated.
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Substituent R1: R1 is described as a substituted lower alkyl wherein the substituent
is a phenyl group. The patent is vague with regard to where this phenyl group
should reside. If the phenyl group always resides at the carbon farthest away
from the main chain, then again, 290 different substituents will result. However,
if the phenyl group can reside anywhere along the 1- to 6-member chain, then
approximately 1000 substituents are chemically and sterically possible.

Substituents R4 & R5: These two substituents are described by the patent as being
lower alkyl groups, which may be linked to form a cyclic 4- to 6-membered ring
in this position. This produces two scenarios: if these groups remain unlinked,
then, as before, 290 substituents are found at each position.

To determine the number of possible compounds when R4 and R5 are cyclized, a
different approach was used. The patent states, ‘‘R4 and R5 when joined through the
carbon and nitrogen atoms to which they are attached form a 4- to 6-membered ring’’.
Preferred ring has the formula:

N

COOH

The patent is again vague in describing the generation of these cyclic systems.
However, given that R4 and R5 are each 1–6 carbon alkyl groups with various
branching patterns that are linked together, what results is a 4- to 6-membered ring
system that may contain none, one or two side chains depending upon how R4 and R5
are connected. The overall requirement is that the total number of atoms comprising
this ring system be less than or equal to 12.

To construct these ring systems, two databases were generated. The first database
(‘‘ring database’’) contained three compounds – a 4-, 5- and 6-membered ring as
specified by the patent. The second database (‘‘side-chain database’’) was constructed
by cleaving each of the 290 alkyl compounds in half. One would assume that the first
half of the alkyl chain would generate the ring, leaving the second half to dangle and
form a side chain. A program DBCROSS (Ho, unpublished) was then used to join
one compound from the ring database with up to two structures from the side-chain
database at chemically appropriate substitution sites. Again, the overall requirement
was that the number of atoms be less than or equal to 12. Approximately 4100 different
cyclic systems were generated in this manner.

Total number of compounds

R C
H H

C NH CH C

O

N C
H

C OH

O OR1 R3 R4 R5

290290
4100 - when R4 & R5 cycl 

2901000

290
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Summation (290)(1000)(290)(290)(290) = 7.07 · 1012 R4/R5 noncyclic
(290)(1000)(290)(4100) = 3.44 · 1011 R4/R5 cyclized

Sum = 7.41 · 1012 → 3 chiral centers (carbons where R1, R3 and R5 are attached to
the backbone) in this molecule: X 8 = 5.93 · 1013 or more than 59 trillion compounds
included in the patent.
Note: If the phenyl group of substituent R1 is limited to the position farthest from
the parent chain, then the number of compounds drops to 1.72 · 1013 or more than 17
trillion compounds included in the patent.

Actually, the number of compounds included in the patent is severalfold larger as
esters of enalaprilat such as enalapril were also included. Of the 100 trillion or so
compounds included in the patent, how many could be predicted to lack druglike
properties (molecular weight too large? logP too high?)? How many would be predicted
to be inactive on the basis of the known structure-activity data available on angiotensin-
converting enzyme (ACE) inhibitors such as captopril? How many would be predicted
to be inactive now that a crystal structure of a complex of ACE with an inhibitor
has been published? Given the structure-activity relationships (SAR) available on the
inhibitors, what could one determine regarding the active site of ACE? What novel
classes of compound could be suggested on the basis of the SAR of inhibitors? On
the basis of the new crystal structure of the complex? Do the most potent compounds
share a set of properties that can be identified and used to optimize a novel lead
structure? Can a predictive equation relating properties and affinity for the isolated
enzyme be established? Can a similar equation relating properties and in vitro bioassay
effectiveness be established? These are representative questions facing the current drug
design community and one focus of chemoinformatics.

One significant tool that is employed is molecular modeling. Because I have been
involved more directly with computational chemistry and molecular modeling, there is
a certain bias in my perspective. This is the reason I have used ‘‘A Personal View’’ as
part of the title. I have also chosen a historical presentation and focused largely on those
contributions that significantly impacted my thinking. This approach, of course, has its
own limitation, and I apologize to my colleagues for any distortions or omissions.

1.2
Historical Evolution

With the advent of computers and the ability to store and retrieve chemical information,
serious efforts to compile relevant databases and construct information retrieval
systems began. One of the first efforts to have a substantial long-term impact was
to collect the crystal structure information for small molecules by Olga Kennard. The
Cambridge Structural Database (CSD) stores crystal structures of small molecules and
provides a fertile resource for geometrical data on molecular fragments for calibration
of force fields and validation of results from computational chemistry [10, 11]. As
protein crystallography gained momentum, the need for a common repository of
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macromolecular structural data led to the Protein Data Base (PDB) originally located at
Brookhaven National Laboratories [12]. These efforts focused on the accumulation and
organization of experimental results on the three-dimensional structure of molecules,
both large and small. Todd Wipke recognized the need for a chemical information
system to handle the increasing numbers of small molecules generated in industry, and
thus MDL and MACCS were born.

With the advent of computers and the availability of oscilloscopes, the idea of
displaying a three-dimensional structure of the screen was obvious with rotation
providing depth cueing. Cyrus Levinthal and colleagues utilized the primitive computer
graphics facilities at MIT to generate rotating images of proteins and nucleic acids to
provide insight into the three-dimensional aspects of these structures without having
to build physical models. His paper in Scientific American in 1965 was sensational
and inspired others (including myself [13]) to explore computer graphics (1966/1967)
as a means of coping with the 3D nature of chemistry. Physical models (Dreiding
stick figures, CPK models, etc.) were useful accepted tools for medicinal chemists, but
physical overlap of two or more compounds was difficult and exploration of the potential
energy surface hard to correlate with a given conformation of a physical model.

As more and more chemical data accumulated with its implicit information content,
a multitude of approaches began to extract useful information. Certainly, the shape
and variability in geometry of molecular fragments from CSD was mined to provide
fragments of functional groups for a variety of purposes. As series of compounds were
tested for biological activity in a given assay, the desire to distill the essence of the
chemical requirements for such activity to guide optimization was generated. Initially,
the efforts focused on congeneric series as the common scaffold presumably eliminated
the molecular alignment problem with the assumption that all molecules bound with
a common orientation of the scaffold. This was the intellectual basis of the Hansch
approach (quantitative structure-activity relationships, QSAR), in which substituent
parameters from physical chemistry were used to correlate chemical properties with
biological activity for a series of compounds with the same substitution pattern on the
congeneric scaffold [14, 15].

1.3
Known versus Unknown Targets

Intellectually, the application of molecular modeling has dichotomized into those
methods dealing with biological systems where no structural information at the atomic
level is known, the unknown receptor, and those systems that have become relatively
common, where a three-dimensional structure is know from crystallography or NMR
spectroscopy. The Washington University group has spent most of its efforts over the
last three decades focused on the common problem encountered where one has little
structural information. Others, such as Peter Goodford and Tak Kuntz, have taken the
lead in developing approaches to therapeutic targets where the structure of the target
was available at atomic resolution. The seminal work of Goodford and colleagues [16] on
designing inhibitors of the 2,3-diphosphorylglycerate (DPG) binding site on hemoglobin
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(a) (b)

Fig. 1.1 (a) Active site of Mn superoxide dismutase (three histidine and one aspartic
acid ligand to manganese) and (b) M40403, synthetic enzyme with 5 nitrogens (yellow)
and two chloride (green) ligands.

for the treatment of sickle-cell disease certainly stimulated many others to obtain crystal
structures of their therapeutic target. The most dramatic example of computer-aided
drug design of which I am aware is the development of superoxide dismutase mimetics
of below 500 molecular weight by Dennis Riley of Metaphore Pharmaceuticals. By
understanding the redox chemistry of manganese superoxide reductase, Riley was able
to design a totally novel pentaazacrown scaffold complexed with manganese (Figure 1.1)
that catalyzes the conversion of superoxide to hydrogen peroxide at diffusion-controlled
rates [17, 18]. This is the first example of a synthetic enzyme with a catalytic rate equal to
or better than nature’s best. The advances in molecular biology provided the means of
cloning and expressing proteins in sufficient quantities to screen a variety of conditions
for crystallization. Thus, it is almost expected that a crystal structure is available for
any therapeutic target of interest. Unfortunately, many therapeutic targets such as
G-protein-coupled receptors are still significant challenges to structural biology.

1.4
Graph Theory and Molecular Numerology

Considerable literature developed around the ability of numerical indices derived from
graph theoretical considerations to correlate with SAR data. This was a source of mystery
to me for some time. A colleague, Ioan Motoc, from Romania, with experience in this
arena and a very strong intellect, helped me understand the ability of various indices to
be useful parameters in QSAR equations [19–21]. Ioan correlated various indices with
more physically relevant (at least to me) variables such as surface area and molecular
volume. Since computational time was at a premium during the early days of QSAR
and such indices could be calculated with minimal computations, they played a useful
role and continue to be used. As a chemist, however, I am much more comfortable with
parameters such as surface area or volume.


