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Structure-based virtual screening:

an overview
Paul D. Lyne

Enormous advances in genomics have resulted in a large increase in the
number of potential therapeutic targets that are available for investigation.
This growth in potential targets has increased the demand for reliable
target validation, as well as technologies that can identify rapidly several
quality lead candidates. Virtual screening, and in particular receptor-
based virtual screening, has emerged as a reliable, inexpensive method
for identifying leads. Although still an evolving method, advances in
computational techniques have enabled virtual screening to have a
positive impact on the discovery process. Here, the current strengths and
weaknesses of the technology are discussed, and emphasis is placed on
aspects of the work-flow of a virtual screening campaign, from preparation
through to post-screening analysis.

v The pharmaceutical industry is under ever-
increasing pressure to increase its success rate
in bringing drugs to the market. It is estimated
that on average it can take 14 years to bring a
compound from hit identification through to
an approved drug [1], and the costs associated
with this process are enormous, with the bulk
of the expense being incurred in the develop-
ment phase of the value chain. Current efforts
within the industry are directed at reducing
the hit-to-drug timeline, increasing the num-
ber of quality candidate drugs that make the
transition from discovery to clinical develop-
ment, and decreasing the attrition rate (cur-
rently 90%) of candidate drugs in the clinical
stages of the value chain. As a consequence,
there has been an increased investment in
discovery in technologies aimed at achieving
these goals. This includes investments in
functional genomics [2], for improved identifi-
cation and validation of therapeutic targets;
in HTS [3] and combinatorial chemistry [4]
for hit identification; in both experimental
[5] and predictive ADME methods [6]; and in
structural biology (X-ray [7] and NMR [8]) for
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the identification of hits and for rational-based
evolution of hits to candidate drugs.

A background to virtual screening:
Virtual screening is another technology that
is gaining increasing use in discovery [9]. It is
seen as a complementary approach to experi-
mental screening (HTS), and when coupled
with structural biology, promises to increase
the number, and enhance the success, of pro-
jects in the lead identification stage of the dis-
covery process. There are many tools available
for performing these computational analyses
and broadly speaking they can be categorized
as being either ligand-based or receptor-based.
For ligand-based methods, the strategy is to
use information provided by a compound or
set of compounds that are known to bind to
the desired target and to use this to identify
other compounds in the corporate database
or external databases with similar properties.
This can be done by a variety of methods, in-
cluding similarity and substructure searching
[10], pharmacophore matching [11] or 3D
shape matching [12].

When the structure of the target protein is
known, receptor-based computational meth-
ods can be employed. These involve explicit
molecular docking of each ligand into the
binding site of the target, producing a predicted
binding mode for each database compound,
together with a measure of the quality of the
fit of the compound in the target binding site.
This information is then used to rank the
compounds with a view to selecting and ex-
perimentally testing a small subset for bio-
logical activity. The current state-of-the-art of
structure-based virtual screening is reviewed,
and general approaches, successes and pitfalls
associated with the technology are highlighted.
This provides a general overview of structure-
based screening approaches and strategies,
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Fig. 1. A pictorial description of the workflow of a virtual
screening run against a specific target. The typical workflow
consists of a preparation phase for the database and the target,
followed by a molecular docking phase, and concludes with the
post-processing and compound selection phases. The molecular
docking portion of the screen is categorized according to the
approach employed. This is not an exhaustive list of molecular
docking tools, but includes examples of common docking tools
that could be employed. In the post-processing phase, several
approaches that might be used are listed. Some or all of these
might be applied in any given screen.

with relevant references to the literature if further details
are required [13].

The screening process

Structure-based virtual screening encompasses a variety of
sequential computational phases, including target and
database preparation, docking and post-docking analysis,
and prioritization of compounds for testing (Fig. 1). The
successful application of virtual screening depends on
sound implementation of a wide range of computational
techniques in each phase of the screen, which will be
discussed in turn.
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Database and target preparation

Database preparation

In the initial stages of a virtual screening project it is
necessary to prepare the database of compounds to be
screened. The source of the database typically corresponds
to a corporate collection of physically available compounds,
or a database of compounds available externally from chem-
ical vendors [e.g. the MDL® Available Chemicals Directory
(ACD) from MDL Information Systems; http://www.mdli.
com)]. An additional source that is sometimes considered
for virtual screening is an in silico virtual library corre-
sponding to compounds constructed from a list of reagents
and a database of known chemistries. The members of
such an in silico library are readily synthesizable and could
easily be produced once they have been selected from a
virtual screen. In the case of a corporate or external collec-
tion, the initial database is reduced in size by applying sev-
eral physical and chemical filters, in an attempt to have a
database of compounds that have physical properties and
chemical functionality consistent with the majority of
known drugs. For in silico libraries, these factors should
already have been taken into consideration during the
design of the libraries. Common filtering protocols for
‘drug-likeness’ [6] that are applied to compound databases
are variations of Lipinski’s rule-of-five [14], which is an em-
pirical set of rules based on molecular weight, lipophilicity
and hydrophobicity, that provides a simple profile for
orally bioavailable compounds. Other physical filters could
include a limit on the number of rotatable bonds in the
molecules or the polar surface area [15]. Additional filters
are often applied at this stage to remove compounds con-
taining specific chemical substructures associated with poor
chemical stability or toxicity [9]. All of these filtering pro-
tocols are computationally inexpensive and can be applied
rapidly to a large database (of the order of 105-106 com-
pounds).

The essence of structure-based virtual screening is to
simulate molecular recognition events. Therefore, special
care needs to be made when expanding the database from
its initial form [in SMILES (http://www.daylight.com) rep-
resentation for example] to a database with 3D co-ordinates.
Moreover, physically relevant ionization and tautomeric
states need to be assigned to compounds in the database.
Often compounds are registered in a database as a tautomer
that is not necessarily the most relevant state of the mol-
ecule. Similarly, balanced tautomeric equilibria might exist
at the pH of the experimental assay, and thus all the rel-
evant tautomers need to be considered because there is no
way of knowing a priori which tautomer is most likely to
bind to the receptor. The stereochemistry of chiral centers
are often not known before generation of the 3D database
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Table 1. Common docking tools for virtual screening

Method Ligand flexibility sampling

Dock [29] Incremental build
FlexX [28] Incremental build
Slide [30] Conformational ensembles
Fred (Openeye Software) Conformational ensembles
Gold [25] Genetic algorithm

Exhaustive search
Genetic algorithm
Monte Carlo

Glide (Schrodinger)
AutoDock [26]
LigandFit (Accelrys)

ICM [27] Pseudo-Brownian sampling and
local minimization
QXP [23] Monte Carlo

Scoring function

Suitability for large-scale
virtual screening®

Force field or contact score High
Empirical score High
Empirical score High
Gaussian score or empirical scores High
Empirical score Low
Empirical score Low
Force field Low
Empirical score Low
Mixed force field and empirical Low
score
Force field Low

*Qualitative assessments of the suitability of the methods to screen 100K compounds on 8 processors within few days. Methods designated as having low suitability
for 100Ks of compounds should be considered suitable for 10K compounds under similar conditions, or would require considerably more computer power to be
applied to 100Ks of compounds. Openeye Software, http://www.eyesopen.com; Schrodinger, http://www.schrodinger.com; Accelrys, http://www.accelrys.com.

and so it is necessary to generate enantiomers arising from
chiral centers in the molecules.

There are several methods available for the generation of
the 3D structure of a molecule [e.g. Corina [16], Concord
and Confort (both Tripos; http://www.tripos.com) or
Converter (Accelrys; htt://www.accelrys.com)]. Depending
on the docking tool that will be used in the screen, it
might also be necessary to assign partial charges to the
compounds in the database. Typically, Gasteiger charges
[17] are used, although newer, presumably more accurate
charge sets, such as MMFF94 charges [18], are sometimes
chosen. Other problems arise from geometric isomerism,
such as asymmetrically substituted tertiary amines or
amidines, inversion at tetrahedral nitrogen (treated as for
chiral centers), and alicyclic ring flips.

Target preparation

The preparation of the active site is dependent on the
docking tools being used. Some methods require the addi-
tion of hydrogens and care should be taken to ensure that
this is done sensibly, avoiding atomic clashes. The appro-
priate protonation states of ionizable residues in the active
site need to be determined and the correct tautomer for
histidines should be assigned. It is recommended that after
the addition of hydrogen atoms to the protein, the posi-
tions of the hydrogens are relaxed by energy minimization
to avoid any steric clashes that have been introduced.

The positioning of hydrogen atoms on hydroxyl groups
in the active site should also be examined and altered if
necessary. In some instances, tightly bound crystallo-
graphic waters might need to be maintained for the virtual
screen. These can be identified from the X-ray structure of

the protein or with the use of analysis tools, such as
Relibase+ [19], if several X-ray complexes of the target are
available, to select the conserved water positions. In addi-
tion, programs such as Whatcheck can be used to identify
errors in crystallographic structures arising from incorrect
assignment of side-chain amide nitrogen and oxygen posi-
tions and from incorrectly oriented histidine rings [20].

Molecular docking

The next phase of the screening process involves docking
each molecule in the database into the binding site of the
target. The docking process consists of sampling the co-
ordinate space of the binding site and scoring each possible
ligand pose, which is then taken as the predicted binding
mode for that compound. There are a large number of
docking programs available for use in virtual screening and
they differ in the sampling algorithms used, the handling
of ligand and protein flexibility, the scoring functions they
employ, and the cpu time required to dock a molecule to a
given target. In Table 1, several commonly used docking
methods are listed along with the types of sampling and
scoring algorithms used, and an indication of their suit-
ability for large-scale virtual screening.

Ligand flexibility

The conformation of a compound bound to a target might
be different from the conformation of the unbound form
in solution. In general, the free state in solution can be
thought of as an ensemble of conformations of which a
small subset is pertinent to the bound form. It is therefore
crucial to consider the conformational flexibility of the
compounds during the docking process. This can be achieved

www.drugdiscoverytoday.com 1049



reviews | research focus

by pre-computing a database that contains several con-
formers of each compound to be screened. There are several
software packages [Confort, Omega (Openeye Scientific
Software; http://www.eyesopen.com) and Catalyst (Accelrys)]
that are available to generate large conformational data-
bases rapidly, and then each conformer can be rigidly
docked into the target binding site. Examples of methods
that work with configurational ensembles [21,22] are
Dock, Fred and Slide. Alternatively, the majority of dock-
ing programs explore the conformational flexibility of the
compounds as the calculation proceeds, through a variety
of docking algorithms. The size of conformational space
for a ligand is directly related to the number of rotatable
bonds present in the ligand, and efficient algorithms need
to be devised to handle the combinatorics of this problem.
There are several computational strategies that are used
by current docking methods, and although it is not the
intention to detail all the methods available, the major
approaches are discussed with some common docking
methods mentioned as examples (other specific methods
are reviewed elsewhere in the literature [13]).

One approach to exploring conformational space of a
ligand is to use Monte Carlo or simulated annealing meth-
ods [23,24], but these methods are often time-consuming
and not suitable for large-scale virtual screening. An alter-
native approach is to use a genetic algorithm to generate
conformers for a ligand. This approach has been success-
fully employed in the program GOLD [25], and Morris
et al. [26] have employed a Lamarckian genetic algorithm
in the most recent version of AutoDock. Genetic algorithm
approaches are also time-consuming and necessitate the
extensive use of parallel processing to be applied realisti-
cally in virtual screening of large databases. The ICM pro-
gram [27] uses pseudo-Brownian sampling, coupled with
local minimization to explore the conformational space of
the ligand in the binding site. Sets of minima are stored in
a history list that is used to promote efficient sampling.

Incremental growth methods are another strategy
applied by docking methods [28,29] for exploring the
flexibility of a ligand in a target binding site. These involve
dividing the molecule into small fragments and incremen-
tally building the molecule in the binding site. One of the
more efficient docking methods currently available, FlexX
[28], uses a fragment-based approach and a set of low-en-
ergy torsion angles derived from the Cambridge Structural
Database (CSD; http://www.ccdc.cam.ac.uk) for each single
bond. This restricts the conformational sampling needed
for each rotatable bond in the molecule. In a similar man-
ner, GOLD enables customization of the torsional energy
contributions via statistical analysis of torsion angle distri-
butions observed in the CSD.
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In the docking program Glide (Schrodinger; http://www.
schrodinger.com), the ligand flexibility is treated by
exhaustive enumeration of the rotamer states for each
rotatable bond coupled to a heuristic screen that rapidly
eliminates conformations deemed unsuitable for binding
to a receptor.

Target flexibility

An aspect of the docking problem that has not been dis-
cussed is the flexibility of the protein target. The majority
of docking tools currently make the assumption that the
protein target is held fixed in its crystal structure confor-
mation. This is usually an inaccurate approximation but is
generally a necessary one because of the increased com-
plexity, and consequently the computational cost, that is
required to accurately sample the flexibility of the binding
site. There are some programs that attempt to take into
account protein flexibility to a certain degree, such as Slide
[30], which enables the motion and relaxation of binding-
site sidechains in response to the presence of a docked
ligand. Most efforts to incorporate protein flexibility try
to make use of an ensemble of protein structures, which
can be obtained from several high-resolution structures of
the same target bound to different ligands, or in the apo
form.

An alternative source of ensembles of target structures
could be from an NMR structural study of the target. In the
absence of experimental information, the conformational
ensemble could be derived from a molecular dynamics
simulation, although there are issues related to the extent
of the sampling produced by simulations [31]. Several pro-
grams exist that have adopted these types of approaches
[32]. A promising recent modification of the FlexX
program, FlexE [33], incorporates information on the con-
formational flexibility of a target from several available
crystal structures, using the fixed co-ordinates of struc-
turally conserved residues and rotamer libraries for flexible
sidechains in the binding site. The program AutoDock has
also been used to investigate several strategies for incorpo-
rating protein mobility using an ensemble of protein struc-
tures to generate Boltzmann-weighted grids with which to
generate the docking function [34].

As an alternative to using the ensemble of structures to
generate a composite structure, the screening process could
be conducted on each individual structure (or a subset)
of the target, with a view to identifying all the ligands that
bound to at least one conformational form of the protein.
Naturally, this would be computationally expensive if
there are many structures of the target available, but
might be feasible if a small number of structures are being
considered.
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Scoring

Once a pose has been generated for a compound in the
binding site it needs to be scored to rank the quality of the
pose with respect to other poses for the compound, and
with respect to other molecules in the database. There is a
wide choice of scoring functions available [35], and they
can be categorized as being physical-based (force-field),
empirical or knowledge-based.

The physical-based scoring functions are based on
atomic force fields, such as Amber [36] or CHARMM [37].
These force-fields, when employed with free energy pertur-
bation (FEP) or thermodynamic integration (TI) methods
[38], are generally accurate at estimating binding free
energies. For the purposes of molecular docking, the com-
putational time associated with FEP and Tl methods is pro-
hibitive because of the vast amount of sampling required
and the inclusion of explicit solvent. Typically for docking,
the physical-based scoring functions (e.g. Dock [29] and
QXP [23]) employ force-fields in a minimalistic manner
on a grid with no explicit solvent to obtain a single-
point energy value, which is used as the score for the
pose. Empirical-based scoring functions based on physico-
chemical properties such as hydrogen-bond counts (e.g.
FlexX [28], SCORE [39], VALIDATE [40], Chemscore [41],
Ludi [42] and PLP [43]), use an additive approximation
to estimate the binding free energy. The overall binding
free energy is composed of several free energy terms
corresponding to hydrogen bonding, hydrophobic interac-
tions, entropic changes and, in some cases, interactions
with metal ions. The coefficients of each term in the
sum are derived from fitting to known experimental
binding energies for a variety of different protein-ligand
complexes. These empirical-based scoring functions
are fast and are therefore often employed by docking
algorithms.

Recently, several scoring functions have been developed
that use knowledge-based functions. This is an approach
that has been borrowed from the field of protein folding
[44]. In this case, the scoring functions are derived from
the structures of protein-ligand complexes using statistical
mechanics. The binding free energy of the complex is
given by a sum of free energies (potentials of mean force)
of interatomic contacts calculated from the frequencies of
these interatomic distances in a database of experimental
structures from statistical mechanics methods. Examples
of knowledge-based scoring functions include PMF [45],
Bleep [46], SMoG [47] and Drugscore [48]. Knowledge-
based potentials are as accurate as empirical-based meth-
ods on standard test sets and are also fast to compute.
Empirical-based methods rely on the availability of pro-
tein-ligand complexes with known binding affinity, and
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consequently they have been derived based on a relatively
small set (~100) of publicly available complexes. Knowledge-
based methods, by contrast, do not require binding affinity
data and so are free to use the information available in pro-
tein-ligand complexes deposited in the public (~1000) or
proprietary databases. Consequently, the expectation is
that knowledge-based functions, when compared with
empirical-based methods, are less biased and more readily
transferred to systems that have not been used in the
development of the scoring function. However, they do
require structural data and, at present, they are limited by
a paucity of suitable information, which can lead to mini-
mal differentiation of atom types. For example, a nitrogen
atom can exist in several highly different contexts — anionic,
cationic, trigonal, tetrahedral and so on - but in certain
implementations has been represented by a single atom
type. A possible advantage of knowledge-based methods
(and to some extent physical methods) is the ability to
address some modes of interaction that could escape inclu-
sion in empirical approaches, such as aromatic-Cl—O=C
interactions, or cation-Ttinteractions.

Post-analysis

A molecular docking screen of a large compound database
against a receptor yields a vast amount of data comprising
the predicted binding pose for each compound, along with
the predicted binding affinity of that ligand for the target.
It is conceivable that one could choose a list of compounds
to be tested based upon the rank ordering of these
compounds without further analysis; however, there are
several reasons why this might be unwise. First, it is well
known that current scoring functions used in virtual
screening campaigns are often inadequate at predicting the
true binding affinity of a ligand for a receptor. A recent
study [49] of the performance of several scoring functions
of varying complexity, for predicting the binding affinities
of several ligands to p38 MAP kinase, highlighted the
inadequacies of some common scoring functions (PLP,
Chemscore and Dock), with little or no correlation
found between the predicted and experimental binding
affinities. These findings have been corroborated for
similar studies on several in-house projects at AstraZeneca
using Chemscore, Gold and PMF. Although there have
been reports of progress in the area of scoring-function
development [48,50], the accurate or reliable prediction
of binding affinities coupled with the computational
speed characteristics required remain elusive. Nonetheless,
there are several post-analysis strategies that can be em-
ployed to minimize the number of false positives in the
selection list and to propagate the true hits to the top of
the list.
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Additional scoring

One popular strategy is to use the concept of consensus
scoring [51]. In this approach, a given docking function is
used to generate the top-ranked poses for the compounds
in the target receptor, and then multiple scoring functions
are used to score the top-ranked pose. Only the top-ranked
compounds common to each scoring function (the con-
sensus score) are chosen for biological testing. This ap-
proach has been shown to improve the enrichment of true
hit outputs from a virtual screen [51-53]. Nonetheless, care
still needs to be taken when applying the consensus scor-
ing approach. The performance of individual scoring func-
tions should be assessed when possible so that the most
appropriate combination of scoring functions are chosen
for each specific system. Additionally, there are several
ways that the consensus can be applied [54]. An evaluation
of several docking methods found that invariably the
methods were able to identify the correct binding pose but
usually could not rank this pose as the top binding pose
for the ligand [55]. It is therefore more prudent to perform
consensus scoring, not only on the top pose, but on a
larger set of poses for each ligand. This approach was
recently used by Stahl and Rarey in an evaluation of the
performance of various scoring functions for virtual
screening [53].

The deficiencies of current scoring functions can be
traced back to an inadequate description of the physics of
the interaction between a ligand and the target. The incor-
poration of solvation energies and more rigorous descrip-
tions of the electrostatic interactions of the system are
sometimes used as a post-processing tool to aid in re-rank-
ing the list from a molecular docking screen. The impor-
tance of accurate descriptions of electrostatic interactions
for the accurate determination of ligand—protein binding
affinities is well established [56]. Most rigorous approaches
to describing the electrostatics of protein-ligand com-
plexes solve the Poisson-Boltzmann equation for the sys-
tem, which unfortunately, because of the computational
cost of the calculations, is impractical for the number of
ligand—protein poses scored in a typical virtual-screening
experiment. An elegant solution to the Poisson-Boltzmann
equation based on Gaussian functions has been proposed
and implemented in the program ZAP (Openeye Scientific
Software) [57]. This is an extremely rapid and accurate
method for solving the Poisson-Boltzmann equation and
thus it is feasible to use ZAP as a post-processing tool for
the output from a molecular docking screen. Alternative
approaches to include solvation corrections involve pre-
computing desolvation estimates for the ligands in the
database. This type of approach has been implemented in
the program Dock, which can be modified to include a
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desolvation penalty to the scoring function based on pre-
calculated Amsol energies; this has been reported to im-
prove the quality of the ranking compared to the original
scoring function used in Dock [58].

Geometric analysis

Geometric analysis can also be used in the post-processing
phase [59]. This can include calculations to determine the
surface complementarity of the ligand and protein for each
docked molecule; the percentage of ligand surface area that
remains exposed in the predicted complex (with particular
attention paid to exposed hydrophobic regions); and the
total amount of surface area of the ligand and protein that
are buried in the complex. Another form of geometric post-
analysis relies on an interrogation of the structural aspects
of the docked protein-ligand complexes, such as the re-
quirement of a specific hydrogen-bonding interaction be-
tween the ligand and the protein. If particular interactions
between potential ligands and the protein are known to be
desirable (for example a hydrogen-bond donor interaction
with the catalytic aspartates of aspartyl proteases [60]) and
a docking method was employed that does not make use
of biased sampling, then an analysis of all the docked poses
retaining only those that enable certain key interactions
can also be useful in reducing the number of false positives
in the final selected list. Finally, before making a selection
for experimental testing, the compounds are inspected vi-
sually by the modeller, making sure that the interactions
between the ligand and the protein make sense, and that
the bound conformation of the ligand is reasonable. This
can be identified visually or by comparison with known
conformations from the CSD. There is a lack of commer-
cially available software that is suitable for browsing
through large lists of data from a virtual screen that en-
ables simultaneous visual inspection and interrogation of
various aspects of the data (i.e. the score and various lig-
and properties), which result in several in-house solutions.
An exception to this is the molecular browser package
VIDA (Openeye Scientific Software), which enables simul-
taneous visual and graphical analysis of large compound
lists and data.

In all the post-analysis cases discussed here it is strongly
advisable to use, when possible, a set of known ligands
(preferably with known binding modes and affinities) to
calibrate the virtual screening methodology.

Strategies for virtual screening

Ultimately, structure-based virtual screening is knowledge-
driven and thus there are several rational approaches that
can be applied to any specific screening project. Certainly
it is feasible to take a prepared 3D database and dock each



DDT Vol. 7, No. 20 October 2002

member to the receptor, and follow
this up with careful post-analysis to
make a final selection of compounds
to be tested. Often, however, there is
additional information available that
could be used rapidly to reduce the
number of compounds before they are
screened with a time-consuming dock-
ing method. This tiered approach to
virtual screening, beyond the normal
filtering applied in the preparation of
the database, is particularly useful when
the size of the prepared screening data-
base is large (up to a million or more
compounds). Several computational
and structural strategies are shown in
Fig. 2.

One approach is to screen the large
database initially with a fast docking
tool such as Fred (Openeye Scientific
Software), Slide (in biased site point
mode) or Dock (using critical clusters).
In the case where the binding site is
small or predominantly hydrophobic
in nature (where shape complementar-
ity is expected to be especially impor-
tant), Fred (a shape-based method) can
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Fig. 2. In any virtual screening campaign, several strategies might be employed. Shown
here are two contrasting approaches to such a campaign. One strategy is to take a direct
approach to the screen, whereby the prepared database is docked into the target using a
certain molecular docking tool. An alternative strategy is to take a tiered approach,
whereby several fast computational techniques are initially applied to the database to
produce an enriched subset of compounds that are then docked by one or several
molecular docking methods. In the case of several docking methods being used, the
analysis of the poses could be over all the hits produced by each of the methods (red
arrows), or over only those ‘hits’ that have been found by all the methods (the
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rapidly eliminate compounds in the database that do not
have shapes that are complementary to the binding site
under consideration. The resultant reduced database can
then be processed through atom-based molecular docking
screens, using higher fidelity, but substantially slower,

throughput methods.

The chemical landscape of the binding-site can be

used to derive functional-group maps
or hot-spots for protein-ligand interac-
tion, which can then be used as bind-
ing-site pharmacophores. The programs
Dock and Slide can make use of these
binding-site pharmacophores in the
target to screen out rapidly compounds
in the database that do not have
appropriate chemical functionality to
satisfy a percentage of the hot-spots
that are present in the protein binding
site. The binding site pharmacophore
could be derived from an analysis of
X-ray complexes of known inhibitors
bound to the protein, or from compu-
tational tools such as GRID [61], MCSS
[62] or Superstar [63].

Another source for pharmacophoric screening is not
based directly on the 3D structure of the target but capital-
izes on in-house knowledge of the chemical motifs that are
useful for a specific target class, such as kinases or metallo-
enzymes. These motifs can be encoded in SMARTS or SLNs
and used to screen the initial database for a subset of
compounds to be docked. An example could be to include

Table 2. Recent successes of structure-based virtual screening

approaches

Target Method Ref.
Carbonic anhydrase Il FlexX [64]
Ptplb DOCK [65]
Estrogen receptor PRO_LEADS [66]
Thrombin PRO_LEADS  [66]
Factor Xa PRO_LEADS [66]

Thymidylate synthase
Retinoic acid receptor
Farnesyl transferase
Kinesin

Hypoxanthine-guanine-xanthine phosphoribosyl tansferase

DNA gyrase

HIV-1 RNA transactivation response element

DOCK [67]
ICM [68]
EUDOC [69]
DOCK [70]
DOCK [71]
LUDI [72]
ICM [73]
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compounds that have specific zinc-binding groups when
performing a virtual screen on a zinc containing metallo-
enzyme, which was a strategy successfully used in a screen
for inhibitors of carbonic anhydrase Il [64].

If an inhibitor or set of inhibitors for the protein target
is known, a powerful shape-based tool, ROCS (Openeye
Scientific Software), can be used to rapidly reduce the
database to compounds that have similar 3D shapes to the
known inhibitors. This approach could be combined with
the hot-spot analysis described above to produce a phar-
macophore-shape based filter for the initial database.
Another factor influencing the strategy adopted is the
nature and scope of the experimental validation of the out-
put. For example, NMR shift-mapping requires the identifi-
cation of small candidates of restricted functionality
that will potentially bind only weakly (10-3 to 10-5m), and
consequently the choice of scoring method is important in
attempt to minimize false negatives.

Although any of these approaches could be applied,
the most appropriate one for the problem in-hand should
be chosen. It is often useful to apply many of these ap-
proaches to the same problem and then to consider only
the subset of the database that satisfied all of the binding-
site based filters. All of these tiers of the virtual screening
process are aimed at enriching the final database that is
docked before post-analysis.

Outlook

In recent years there have been several published successes
for structure-based virtual screening and these are listed in
Table 2. The technology is maturing into a viable method
for the identification of hits and is being considered as an
essential part of the armory available for enriching the lead
identification phase of the value chain for the pharmaceu-
tical industry. This review emphasizes that virtual screen-
ing is more than just a molecular docking exercise but is
also dependent upon the care taken in the preparation of
the input and the analysis of the output. The main issue
that continues to impede the progress of the field concerns
the quality of the scoring functions employed. It could be
argued that for the purposes of virtual screening, a scoring
function does not necessarily have to rank true hits cor-
rectly, but it should be able to discriminate true hits from
non-binders. Although there has been undoubted success
with virtual screening, the false-positive rate remains high.
This shortcoming could be a tolerable consequence of
being able to reduce the number of compounds that need
to be tested from hundreds of thousands to just hundreds.
However, in the instance of screening massive virtual
libraries of the order of millions or billions of compounds,
the current false-positive ratio implies that a much larger
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number of compounds would need to be tested (10000s)
to enable a comfortable margin for error. Irrespective of the
wisdom of attempting a virtual screen of millions or bil-
lions of compounds (because only a small area of chemical
space is relevant for a given target), efforts to improve the
quality of the scoring function and/or the techniques used
in the post-screening analysis are needed to progress this
technology further.
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