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Integrating virtual screening in lead discovery

Tudor | Oprea®* and Hans Matter®

Target- and ligand-based virtual screening have emerged as
resource-saving techniques that have been successfully applied
to identify novel chemotypes in biologically active molecules.
Eight confirmed virtual screening hits have recently been
described and are discussed in this review, with focus on the
workflow. These are then evaluated in the light of
pharmacokinetics prediction (e.g. Caco-2 permeability,
cytochrome P450 inhibition and hERG binding). We anticipate
problems for five of these hits (e.g. cardiac toxicity), which
warrant further experiments. Future challenges include dynamic
tautomer/protonation treatment for both ligands and targets and
improved pre- and post- virtual screening filters.
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Abbreviations

ADMET absorption, distribution, metabolism, excretion and toxicity
BBB blood-brain barrier

CATS chemically advanced template search
CK2 casein kinase Il

ERa estrogen receptor o

hERG human ether-a-go-go related gene

LBVS ligand-based virtual screening

PDB Protein Data Bank

P-gp P-glycoprotein

PPB plasma protein binding

QSAR quantitative structure—activity relationship
TBVS target-based virtual screening

TGT tRNA-guanine transglycosylase

TR thyroid hormone receptor

u-li urotensin I

VCAM-1 vascular cell adhesion molecule-1

VDss volume of distribution at steady state

Vs virtual screening

Introduction

Economic pressure to deliver ‘best-in-class’ drugs on the
market, which partly explains the ‘innovation deficit’ [1]

of the pharmaceutical industry, forces drug discovery
scientists to develop computational alternatives that lead
to the identification of isosteric molecular scaffolds that
move beyond the sampling of local chemical spaces.
Computational chemistry has partially fulfilled its promise
[2], but the reality of drug-receptor interactions, at the
molecular level, continues to be too complex to provide a
failsafe 7z silico technology for drug discovery [3]: entropy
and the dielectric constant are just two examples of sub-
jects continuously debated among experts. The challenges
of i silico drug discovery include the evaluation of multi-
ple binding modes, of accessible conformational states for
both ligand and receptor, of affinity and selectivity versus
efficacy, plasma protein binding, metabolic stability (site
of reactivity and turn-over), absorption, distribution and
excretion, as well as 7z vivo versus in vitro properties of
model compounds, while seeking a favorable intellectual
property position (see also Figure 1). These difficulties are
hardly surmountable by any single computer-aided mole-
cular design software to date.

The key decision step of selecting higher quality com-
pounds has shifted from the drug candidate to the lead
optimization and even lead identification stages [4], and we
are witnessing an increased integration of 77 sifico technol-
ogies that sift through enormous numbers of virtual che-
micals based on ‘soft modeling’ quantitative structure—
activity relationship (QSAR) techniques [5] that estimate
properties deemed important for orally available drugs
(Figure 1). The ‘fail early’ strategy (i.e. the effort to
terminate projects as early as possible, before significant
investments are made in a given project) places a signifi-
cant responsibility, and thus an increased demand in pre-
diction quality for all virtual screening (VS) technologies.
Recently established [6,7], VS is regarded as a complement
to bioactivity screening [8]. For cases where structural
information about the target is available from either fact
orinference, we can consider target-based virtual screening
(TBVS); all other cases can be defined as ligand-based
virtual screening (LBVS). VS technologies appeared in
1997 and became mainstream after 2000 (Figure 2). A
literature search shows 211 CAPLUS entries in 2002 and
2003, of which 34 appear to indicate some ‘success’. This
paper briefly outlines the TBVS and LBVS methodologies,
highlighting eight of the successful VS applications, with
focus on the workflow and pharmacokinetics, or ADMET
(absorption, distribution, metabolism, excretion and toxi-
city) evaluation. We then discuss future challenges.

Target-based virtual screening
Given a 3D structure of the target, TBVS relies on

docking and scoring to provide potential candidates for
further analysis [9°]. AutoDock [10], DOCK [11], FlexX
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Virtual screening, seen as an integrative approach to address a multiple response surface optimization problem. Properties related to physical
chemistry, to chemical reactivity, to pharmacology and physiology require optimization for novel chemotypes, should the outcome result in a launched
drug. The increased difficulty of finding such optima is suggested by darker backgrounds.

[12], FRED [13], GOLD [14] and ICM [15] are some of
the most used docking programs in the field. Most of
these programs can dock libraries of single structures or
even multiconformer libraries, and are thus suitable for
high-throughput searches. Regardless of the choice of
the docking software, one is limited in TBVS by the
ability to score the ligands in an appropriate manner.
There are four major categories of scoring functions.
First, knowledge-based methods [16-18] use Boltz-
mann-weighted potentials of mean force derived from
statistical analyses of ligand-receptor inter-atomic con-
tacts, based on available complexes in the Protein Data
Bank (PDB) [19]. SMoG [20], Muegge’s [21], and Drug-
Score [22] are implementations of this approach. Second,
‘master equation’ approaches [23] estimate the energetic
contributions of various interaction types in a semiquan-
titative manner [24-26]. Third, regression-based [27,28]

Figure 2

methods take advantage of the available biological
activity for training sets of ligand-receptor complexes
extracted from the PDB [29-32]. Finally, Poisson-Boltz-
mann equation solvers that address electrostatics incor-
porating solvent effects [33]. Consensus scoring [34] can
be used when a particular scheme fails. We recently
showed that pharmacokinetic awareness [3] can be inte-
grated into a regression-based scoring scheme [35°],
using VolSurf [36].

Ligand-based virtual screening

Given a bioactive (rigid) conformer derived from struc-
tural methods (X-ray and NMR), or from molecular
modeling, LBVS can rank novel ligands by 3D similarity
searching or by pharmacophore pattern matching. Both
methods rely on appropriate software to query large
databases of virtual or existing chemicals.
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Histogram analysis of VS publications indexed by the Chemical Abstracts Service between 1997 and 2003. Database used, CAPLUS; search
date, March 19, 2004; search limited to 2003; keywords, ‘virtual screening’ — 359 entries (blue bars), ‘success’ in this subset returned 52 entries

(red bars). SciFinder Scholar 2002, © American Chemical Society.
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Pharmacophore identification and matching

In the pharmacophore concept [37], all ligands, regardless
of chemotype, present similar steric and electrostatic
features that are recognized at the target binding site
and are responsible for the biological activity. Built on
Marshall’s active analog approach [38], pharmacophore
perception methods — discussed in a book edited by
Giiner [39] — apply several criteria for validation and
searching. Known actives include at least one rigid repre-
sentative, which becomes the template structure, and
pharmacophore features must apply to at least one (class
of) conformer(s) from each active ligand, while negative
features (e.g. restricted steric volumes) should apply
mostly to inactive molecules. Some methods, for example
ALMOND [40], correlate pharmacophoric patterns with
biologic activity using statistical methods.

3D-shape and similarity searching

In this paradigm, molecules with similar features have
similar biologic activity [41]. Tanimoto’s ‘distance-
between-patterns’ [42] (symmetric) and Tversky’s asym-
metric ‘contrast model’ [43] are the basis for similarity
measure [44—47]. Chemical similarity relates to the frame-
work of a descriptor system and to that of an object or class
of objects [48], and depends on the choice of molecular
descriptors [49], the choice of the weighting scheme(s)
and on the similarity coefficient itself. In 3D-similarity
LBVS, the database queries start compare molecules
(steric, electrostatic similarity) with the 3D information
derived from known actives (derived from fact or infer-
ence). ROCS (rapid overlay of chemical structures), a
shape-based superposition and database search tool from
OpenEye (http://www.eyesopen.com), uses a Gaussian
representation of the molecular volume [50] and has

Figure 3

several options (e.g. chemical fragment weighted force-
fields) that merge elements of 2D-similarity into LBVS.

Successful applications of target-based
virtual screening

Novel, potent and selective CK2 (casein kinase II) inhi-
bitors [51°] were obtained by screening a subset (ca.
400 000 molecules) of the Novartis database using DOCK
[11]. The A'TP binding site of a human CK2a was inferred
via homology modeling (X-ray structure of Zea mays
CK2a, PDB entry 1DAW). Filters related to molecular
weight, to the number of rotatable bonds, and to unde-
sired substructures were applied before TBVS. Protona-
tion states were adjusted using a rule-based method. The
compounds with best DOCK scores were further refined
using known pharmacophore information (e.g. hydrogen
bonds to the kinase hinge region). All acceptable com-
pounds were re-evaluated using SCORE [52]. The best
compounds were finally inspected before submitting a
total of 12 compounds for biologic screening. The best
rigid inhibitor has an ICsy of 80 nM (Compound 1,
Figure 3). Novel BCR-ABL tyrosine kinase inhibitors
were identified with a related TBVS workflow [53], using
DOCK [11] and a database of 200 000 commercially
available compounds. The top 1000 candidates, as ranked
by the DOCK energy score, were analyzed before select-
ing 15 structurally diverse compounds. Eight of these
show ICsq values of 10-200 uM.

Human carbonic anhydrase II inhibitors were identified
[54°] using a set of hierarchical filters and the FlexX
docking engine [12], applied to a database of ~100 000
compounds. The TBVS workflow started with a pre-
selection based on privileged functional groups from an
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Chemical structures for successful TBVS runs, categorized by target; see text for details.
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analysis of available ligand and protein structural data,
followed by pharmacophore searching using a pharmaco-
phore derived from a protein binding site. The similarity
of candidates with known ligands was used to re-rank the
VS hitlist from this step. The top 100 compounds after
this step were subject to flexible docking using FlexX.
After affinity prediction analysis, 13 compounds were
tested. Three molecules exhibited subnanomolar range
affinities (e.g. 2), as well as novel chemotypes. Further-
more, the binding modes inferred from docking were
experimentally validated by crystallizing two of these
inhibitors. A similar workflow, but starting with an initial
database of 800 000 molecules, was applied [55] to iden-
tify lead structures for tRNA-guanine transglycosylase
(T'G'T) based on an X-ray structure analysis of a previous
micromolar inhibitor. Given its unexpected binding
mode, three differing target-based pharmacophore
hypotheses were generated and employed in TBVS.
The most acceptable compounds were docked into one
of the two alternating T'G'T binding site conformers using
FlexX. Of the final set of nine molecules with micromolar
and submicromolar activities, one commercially available
structure (ICsy = 250 nM) is shown (3).

When screening nuclear hormone receptor targets for
antagonists, one typically starts by inferring the antago-
nist-binding conformation of the target from one of the
antagonist-bound estrogen receptor o (ERa) structures.
ICM [15] was used in a TBVS study [56] to identify
thyroid hormone receptor (‘TR) antagonists, starting from
the antagonist-bound conformation of TR, built from the
raloxifene-bound ERa (PDB code 1ERR). The TBVS

Figure 4

workflow started with the Lipinski’s ‘rule of five’ [57]
filtering on a database of ca. 250 000 structures, followed
by rigid ICM docking. Because known ERa antagonists
exhibit steric bulk in a certain receptor area (helix H12),
only the top 1000 ligands that had exhibited this type of
steric bulk were examined further. After flexible receptor/
ligand ICM docking, the top 300 hits were manually
inspected, and a set of 100 candidates was subjectively
selected for biologic screening. Fourteen of 75 tested
molecules were found to antagonize this receptor with
ICsq values ranging from 1.5 to 30 uM. One of the best
ligands from this run was used to design a follow-up virtual
library. After synthesis, some of these second generation
antagonists showed submicromolar activities (e.g. 4).
Additional TBVS successes are discussed in this issue [58].

Successful applications of ligand-based
virtual screening

CATS (chemically advanced template search) [59], a
topologically-based pharmacophore screening method,
has the ability to perform ‘scaffold-hopping’ (i.e. to iden-
tify isofunctional structures that differ in chemotype).
When using mibefradil, a known T-type calcium channel
blocker (ICs9 = 1.7 uM) as a query, CATS identified one
significant hit (clopimozid; 5, Figure 4) with an ICsq <
1 uM, among the top 12 ranked molecules. The same
technique, CATS [59], was applied to identify structu-
rally novel glycogen synthase kinase-3 inhibitors [60],
first by identifying the oxadiazol-pyridyl moiecty, a new
chemotype, then by synthesizing additional analogs.
Compounds with inhibitory activity below 1 pM were
identified (e.g. 6).
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Chemical structures for successful LBVS runs, categorized by target; see text for details.
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Pharmacophore-searching techniques have also resulted
in several successful LBVS applications. Potent and novel
integrin o4P1 antagonists were identified [61°] using
Catalyst [62], employing a pharmacophore query obtained
from a tetrapeptide inhibitor. The fibronectin-derived
semi-synthetic peptide, a strong binder to 041 (IC50 =
0.6 nM), was modeled to match the X-ray structure of the
related integrin-binding region of vascular cell adhesion
molecule-1 (VCAM-1, PDB entry code 1VCA). The com-
putational screen identified 12 matches from a virtual
library of 8624 molecules that satisfied the model and
additional synthetic filters. All synthesized molecules
were found to inhibit the interaction between a4B1 and
VCAM-1, with the most potent candidate showing an ICs
value of 1.3 nM, comparable to the starting compound (7).

A similar LBVS workflow was followed to identify non-
peptidic urotensin II (U-II) receptor antagonists, using a
G-protein coupled receptor-biased subset of the Aventis
database [63°]. Based on an alanine-scan of U-II that
resulted in 25 peptide analogs, combined with NMR
studies of U-II and of an active peptide, a pharmacophore
model was derived from the NMR-derived solution struc-
ture of U-II, using three pharmacophore elements: Trp-7
and Tyr-9 (hydrophobes), and Lys-8 (positive charge). In
addition to these three features, the shape of the message
sequence was included in the pharmacophore. Subse-
quent VS returned six different scaffold classes, with

the most active U-II receptor antagonist showing an
1Csq value of 400 nM (8).

Virtual screening hits: a critical
pharmacokinetics evaluation

The eight papers reviewed above highlight issues related
to higher binding affinity and chemotype novelty, when
presenting their VS workflow and success. Although some
of these authors have industrial affiliation or connections,
there is no discussion of measured or inferred pharmaco-
kinetic properties of these compounds. Because this and
another recent review on computer-aided drug discovery
[64] advocate the iz silico evaluation of VS hits for phar-
macokinetic properties, we discuss the above eight struc-

Table 1

353

tures (designated by their numbers in Table 1) in the light
of in silico evaluations performed with software available
from Molecular Discovery (http://www.moldiscovery.
com). We are aware that there are different software tools
for ADMET prediction, but it is beyond the scope of this
review to discuss this area (see this issue for a review on
this topic [65]). ADME'T prediction for these VS hits is
based only on models derived using three programs
(MetaSite, VolSurf and Almond — see below), but a
consensus approach might increase the reliability of pre-
dictions. Software and models for iz silico profiling are
usually chosen based on internal experience (e.g. predic-
tion reliability for in-house data), consistency of the
approach and its integration into current drug discovery
workflows. The early iz silico profiling for liabilities is
intended to increase awareness (i.e. to provide a ‘compu-
tational alert’ [57]) regarding issues that might require
attention in later (e.g. lead optimization) stages. They
require experimental profiling and appropriate adjust-
ment of models to represent the chemotype of interest,
and are intended to prioritize experimental procedures
that would rule out (or confirm) these problems — to
avoid late-phase failures. Therefore, all computational
results summarized in Table 1 should be regarded as
potential, not actual problems for these compounds. Each
property evaluated iz si/ico for the eight VS hits and
summarized in Table 1 is briefly outlined below:

Cytochrome P450 (CYP) inhibition and substrate
prediction

Binding for the two most important isozymes in drug
metabolism (CYP2D6 and CYP3A4) was evaluated with
Metasite 1.8, using over 100 known substrates and inhi-
bitors for each isozyme, as well as 3D models built from
crystallographic data [66] using homology modeling. A
similar procedure was described for CYP2C9 [67,68°].
Substrate hydrogens are ranked in terms of site of meta-
bolism probability [69] using heme Fe proximity, while a
docking-based procedure evaluates the ability of poten-
tial inhibitors to bind anywhere in the CYP binding site
(G Cruciani, personal communication). In Table 1, results
can be interpreted as follows: ‘potent’ implies that the

Pharmacokinetic property predictions for the molecules depicted in Figures 3 and 4; see text for details.

ID Target ICs5o CYP2D6 CYP3A4 P-gp BBB Caco-2 Water DMSO PPB VDss hERG
(nM) inhibitor inhibitor substr. perm. perm. sol. sol. (%) (I/kg) binding
1 CK-2 80 Weak Potent No n.p. n.p. Yes n.p. 60.91 0.9 Potent
2 CA-lI 0.6 Weak Potent No No n.p. n.p. No 37.7 0.7 Potent
3 TGT 2700 Weak Weak No No n.p. Less No 38.98 0.3 Potent
4 TR 750 Weak Weak n.p. No Yes Yes Yes 92.85 2.9 Potent
5 T-channel <1000 Potent n.p. Yes n.p. Yes Yes Yes 99 6.6 V. weak
6 GSK-3 390 Weak Potent Yes n.p. Yes Yes Yes 86.78 1.7 Weak
7 VLA-4 1 Weak Weak n.p. No n.p. Yes Less 83.7 3 Potent
8 U-Il rec. 400 Weak Weak n.p. Yes Yes Yes Yes 99 8.9 V. weak

DMSO, dimethyl sulfoxide; n.p, not predicted.
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compound is predicted to have a binding affinity to that
isozyme of less than 1 puM, i.e. it is expected to be a
relatively potent inhibitor, while ‘weak’ implies inhibi-
tion occurs in the micromolar range. For this, and all other
predictions in Table 1, ‘n.p.” (not predicted) refers to a
high degree of ambiguity regarding the prediction — thus,
no prediction is offered. Four of the 8 VS hits might be
potent inhibitors: (5). for CYP2D6, and 1, 2 and 6 for
CYP3A4. None of the compounds were predicted to be
substrates.

P-glycoprotein substrate predictions

These were performed using Almond 3.2, pharmacophore
pattern analysis software that combines molecular inter-
action field distances with energies [40], using a model
initially derived from P-glycoprotein (P-gp) ATPase
activity [70]. This model contains 100 drugs (60 known
substrates, and 40 non-binders), each evaluated over 100
diverse conformations (G. Cruciani, personal communi-
cation). T'wo of the VS hits (5 and 6) are estimated to be
P-gp substrates, three molecules are ambiguous, and
another three are estimated not to be substrates.

Blood-brain barrier permeability

This and all the remaining predictions in Table 1 were
performed using VolSurf 4.0 [36], software that condenses
three-dimensional molecular interaction field information
into two-dimensional descriptors. VolSurf applications to
drug discovery were recently reviewed [71°]. Blood—brain
barrier (BBB) permeability is predicted from a discriminant
analysis model [72]. Four of the VS hits appear not to
permeate the brain (2, 4 and 7); (8) is predicted to pene-
trate, while the prediction for three molecules is uncertain.

Caco-2 permeability prediction

This was based on an experimental model (Caco-2 cells
monolayer) that evaluates the intestinal absorption of drugs
[73], and was derived from known literature datasets (see
[74] fora comprehensive review). We estimate that four out
of eight VS hits will cross the intestinal barrier, while the
prediction for four molecules (1, 3 and 7) is ambiguous.
Molecule 8 contains a highly basic, permanently charged
benzamidine group, but VolSurf handles only neutral
molecules. Thus, VolSurf predictions for Caco-2 and
BBB permeability (as well as solubility and other proper-
ties) for charged species should be treated with care.

Water solubility prediction

This is based on various literature datasets [75,76], and is
comparable to other models [71°]. Except for compounds
2 (ambiguous) and 3 (less soluble), all VS hits are pre-
dicted to be suitable for development.

DMSO solubility prediction

This is based on experimental determinations from the
University of Perugia [77]. Four out of the eight VS hits
appear to have suitable DMSO solubility, while com-

pounds 2 and 3 are predicted to be insoluble. Compound
1 is ambiguous, while 7 appears to be less soluble.

Plasma protein binding prediction

"This is based on collected plasma protein binding (PPB)
percentage values for therapeutic drugs from the litera-
ture [78°]. In this VolSurf model, values predicted to be
95% or higher are equivalent (due to model inaccuracy for
high PPB values), whereas lower values (a desired feature
in drugs) are more accurate [71°]. Only two out of eight VS
hits (5 and 8) are expected to show high percentage PPB,
whereas the other six appear to be suitable for further
development.

Volume of distribution

"This is a drug-disposition parameter relating the amount
of drug in the body to the concentration of the drug in the
blood (or tissue), which tries to address the ‘how often’
question in the therapeutic dose regimen. The VD
(volume of distribution at steady state, the most com-
monly accepted abbreviation for volume distribution in
pharmacokinetics literature) prediction model is similar
to that from Pfizer [79,80]. Three compounds (1, 3) have
good VDy, values, three have marginally good values (4, 6
and 7), while two might pose problems later on (5 and 8).

Human ether-a-go-go related gene

Human ether-a-go-go related gene (hERG) encodes a Kt
channel that is implicated in the fatal arrhythmia known
as torsade de pointes. It appears to be the molecular target
responsible for the cardiac toxicity of a wide range of
therapeutic drugs [81]. The hERG binding VolSurf
model is based on over 200 drugs collected from literature
[82°,83,84], and is similar to work performed at Roche
[85°°]. On the basis of this model, it appears that only two
molecules, 5 (a Ca®"-channel blocker) and 8, are very
weak hERG binders; one is a weak binder 6; while five
compounds (1, 4 and 7) are flagged for possible cardiac
toxicity.

The above property forecasts are given as an example of
the possible applications of multiple response optimiza-
tion. hERG binding is the most critical of these properties
because potent binding to this K* channel may be lethal
[81]. The next most important property is CYP2D6
inhibition, because this isozyme does not appear to be
inducible and yet is responsible for metabolizing one-fifth
of known drugs. Only three VS hits (6, 7 and perhaps 5)
appear to satisfy these critical properties, but P-gp efflux
may have to be evaluated for two of these compounds (5
and 6).

The quality of ADMET predictions relates to our ability
to estimate highly charged molecules (e.g. i vitro and
in vivo studies show that permanently charged molecules
have a very low tendency to permeate across intestinal
and other biological barriers via passive diffusion). This

Current Opinion in Chemical Biology 2004, 8:349-358
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behaviour is not properly estimated by #z si/ico models.
Similar observations have been made using current soft-
ware to predict solubility for charged molecules. We
expect advances in this area, as more tailored ADMET
prediction software that gives proper treatment to
charged functional groups will yield improved predictiv-
ity. Consensus predictions, using different software tools,
might highlight such discrepancies. Since the success rate
for predictions is not 100%, we do not exclude any of the
VS hits from further considerations after iz si/ico profiling.
Instead, we propose to experimentally test for potential
liabilities early in the decision tree and use this knowl-
edge to potentially build a more specific model during
lead optimization.

Conclusions and future challenges

There is no general solution for TBVS or LBVS. Every
prospective application requires understanding and tun-
ing of key parameters. The user should apply all available
information to generate and validate the models (e.g.
binding site in TBVS, bioactive conformation in LLBVS),
then define the workflow accordingly. Filters of increas-
ing complexity (and reduced computational speed)
should be applied as the VS proceeds [86]. Filters can
significantly reduce the number of candidates for screen-
ing by eliminating structures with undesired chemo-
tyopes, by applying limits to certain physico-chemical
properties (e.g. rule-of-five [57]), or criteria derived by
observing the property distribution in drug-related data-
bases [87].

"TBVS campaigns require database filtering and target
preparation, pre-docking filters, docking, post-docking
analysis and prioritization of compounds for testing
[88]. LBVS campaigns require careful validation of the
pharmacophore/3D-shape pattern, seamless link to 3D-
database searching, rapid feature detection and the inclu-
sion of sterically forbidden regions, access to multiple

Figure 5

conformers per molecule and multiple models (patterns)
evaluation [89°].

A key challenge in VS is the appropriate treatment of
ionization and tautomerization states in the input data.
There is currently no software that performs the required
corrections in an automatic fashion, although OpenEye
has announced plans for incorporating tools for static
protein pK, and dynamic protein pK, prediction, as well
as for ligand tautomer enumeration [90]. Docking the
correct ligand tautomer requires dynamic protein pK,
prediction, since tautomers are influenced by environ-
ment. This leaves open the issue of tautomerism during
LBVS. Because the ligands are evaluated in ‘gas phase’
during pharmacophore or 3D-shape analyses, the user
may have to enumerate tautomers and ions for each of
the screening candidates. Other challenges in the field
relate to ligand/target flexibility, the choice of force-
fields, partial charges, solvent, dielectric constant and
to the exploration of multiple binding modes.

The greatest challenge remains the simultaneous opti-
mization of both binding affinity and pharmacokinetic
properties [3] (see Figures 1,5). The difficulty consists in
addressing the appropriate molecular determinants that
define the desired compound characteristics, in a consis-
tent manner. For example, both hydrophobicity and
hydrogen bonds contribute to binding affinity and to
passive permeability. The question remains, in what
proportion are they contributing to each property? One
solution is the development of an integrated software
framework that monitors ligand (or library) alterations in
the context of ‘fitness landscape’ (via docking and scoring,
or perhaps via 3D-shape/pharmacophore matching). We
have illustrated the incorporation of VolSurf — a phar-
macokinetics prediction tool par excellence, into a 'TBVS
environment [35°] that is amenable to high-throughput
pharmacokinetics prediction [91]. It is conceivable that,

Pharmacodynamics

—

Pharmacokinetics

Historically, potency was
optimized first; pharmacokinetics
was optimized in later stages

Both potency and pharmacokinetics
can be optimized simultaneously

—

Pharmacodynamics

Pharmacokinetics
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The paradigm shift in lead discovery oriented VS: Reducing the number of evaluation steps while finding an optimum in multiple property spaces.

Modified from [3] with permission.
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in the next decade, such integrated methods will become
mainstream.
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