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In the late 1980’s, the advent of random high-throughput screening
(HTS) as a means of finding novel lead compounds introduced
substantial changes in the way pharmaceutical companies view their
compound collections.  Since most in-house collections came primarily
from either traditional synthetic techniques or targeted acquisitions, the
size of these collections tended to be rather modest.  The success of
random HTS at finding novel leads relies on assaying large numbers,
typically in the hundreds of thousands of compounds.1 From an
analysis of 56 HT screens carried out on a variety of enzyme, G-protein
coupled receptor, ion channel, and receptor targets, Spencer2

concluded that an average of one quality lead series is identified for
every 120,000 compounds assayed.  The link between deriving leads
from HTS and the size of the compound collection screened led to a
substantial increase in the number of compounds purchased from
outside sources.  Lipinski3 has suggested that this increased reliance
on leads derived from HTS also led to the pursuit of compounds with
less than optimal physicochemical properties, and hence to more
difficulty in lead optimization and clinical development.  

Experience has shown that improving the oral bioavailability of a
compound already optimized for potency is the most time consuming,
labor intensive, and variable part of the preclinical drug discovery
process.4 These observations led to the creation of the ‘Rule of 5’.5

Lipinski5 compared drug-like compounds (compounds with USAN or
INN names extracted from the World Drug Index) with compounds not
presumed to be drug-like (those found in the ACD) and determined that
compounds with excessive logP, molecular weight (MW), and H-bond
donors or acceptors were more likely to have solubility and or
permeability problems that would lead to poor oral bioavailability.
Since the publication of the ‘Rule of 5,’ there have been many
additional studies aimed at distinguishing between drugs and
non-drugs,6-7 characterizing the properties of drug-like databases,8-11

and predicting oral bioavailability.12-14 From these exercises, one would
hope to define the appropriate chemical space from which leads should
be derived.

Proudfoot15 has performed an analysis of drugs launched in 2000 and
their corresponding lead structures and demonstrated that leads are
very similar to the final drugs, both in terms of structure and simple
physical properties.  For the 29 series of compounds in that study, the

leads and drugs were generally within 25% of the MW and one logP
unit of each other.  Many of the ‘leads’ in this study were actually
marketed drugs.  This result is consistent with an earlier and larger
analysis by Oprea,16 which underscored the importance of starting with
the best compounds to minimize clinical attrition rates.  Higher-quality
leads should ultimately give rise to clinical candidates with higher
success rates.  Since most, if not all, drugs bear a striking similarity to
the leads from which they were derived, both in terms of structure and
physicochemical properties, the question arises: which compounds
should be added to the screening collection and what are appropriate
physical properties?

For our study, drug and drug-like compounds were derived from the
MDDR-99.2 database.17 The MDDR database contains compounds
targeted and tested for potential therapeutic value that were compiled
from various journals, meetings, and patent literature.  Given the
extremely complex nature of drug development, this database
represents a “snapshot” of compounds in development.  The MDDR
database contains a total of 105,084 compounds.  About 95,151 of
these compounds fall into the class of “Biological Testing.”  For our
purposes, we are only interested in small molecule compounds that are
labeled as “Launched,” indicating that they have gained FDA approval.
We eliminated all compounds for which no therapeutic activity class
was given, as well as compounds considered to be diagnostics, topical
agents, peptides, or not targeted toward a specific disease state.  This
process reduced the MDDR database to a data set containing 882
compounds.  A similar analysis of the top 200 selling drugs, based on
total US prescriptions for 2001, resulted in a data set of 138
compounds.18

For each of the compounds in the data sets, we computed a number of
properties that have been shown to be important for characterizing
leads and drug-like molecules, such as Andrews’ binding energy, polar
surface area (PSA), rotatable bond counts, logP, molecular weight, and
the number of H-bond donors and acceptors.  Andrews’ binding energy
can be thought of as an empirical measure of molecular complexity.19

The relevance of these properties to the processes of solubility,
permeability, and absorption has been reviewed.20,21 The properties
described are also more amenable to change via chemical synthesis.
The calculations for each property are summarized in Table 1.  
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Table 1.  Molecular Properties of "Launched" Compounds.

Property Launched Top Selling 
Compounds         Compounds

Entries 882 138

ClogP 2.4 2.1

%ClogP > 5 13.5 8.7

%Rule-of-5 Violations 10.4 5.8

Polar Surface Area (Å2) 136.0 134.0

%PSA > 200 Å2 18.6 16.7

MW (AMU) 359.7 357.0

%MW > 500 11.2 10.1

No. H-Bond Acceptors 4.3 4.3

No. H-Bond Donors 2.0 2.0

No. Rotatable Bonds 6.9 6.7

%Rotatable Bonds > 10 16.2 14.5

Andrews’ BE (kcal/mol) 11.7 11.3

While average values for the given properties are useful, it is also
important to consider how compounds fare when they possess
out-of-range values.  For a ‘Rule of 5’ type analysis, this would include
both ClogP > 5 and MW > 500.  Analysis has also shown that a large
PSA4,21 (greater than 150-200 Å2) or rotatable bonds14 beyond 10 can
lead to dramatically decreased permeability and oral bioavailability.
The percentage of compounds that fall outside of these cutoff values is
also reported in Table 1.  Only eight of the top 200 selling small
molecule drugs in 2001 violated two or more ‘Rule of 5’ parameters.
Five of these compounds are known substrates for transporters, one is
a pro-drug, and two require soft-gel formulations.

Implications for Combinatorial Library Design

How do the current results affect our thinking toward suitable properties
for combinatorial library design and the chemical space of appropriate
leads for optimization?  Combinatorial libraries should be populated
with compounds that have their physical properties distributed around
the values in Table 1.  Perhaps more important is ensuring that
excessive numbers of compounds do not lie outside the property cut off
ranges above, as these compounds will likely experience significant
development issues.  In designing combinatorial libraries, the chemist
is often faced with manipulating many variables and having to select
from a large number of possible inputs.  A thoughtful strategy should
include paying close attention to the properties of the final products, as
this will have the greatest impact on the future success of any lead
optimization program.
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