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The number of proteins with a known three-dimen-
sional structure is increasing rapidly, and structures pro-
duced by structural genomics initiatives are beginning to
become publicly available1,2. The increase in the number
of structural targets is in part due to improvements in
techniques for structure determination, such as high-
throughput X-ray crystallography3. With large-scale
structure-determination projects driven by genomics
consortia, many current target proteins have been
selected for their therapeutic potential.

Computational methodologies have become a crucial
component of many drug discovery programmes,
from hit identification to lead optimization and
beyond4–6, and approaches such as ligand-4 or structure-
based virtual screening7 techniques are widely used in
many discovery efforts. One key methodology —
docking of small molecules to protein binding sites —
was pioneered during the early 1980s8, and remains a
highly active area of research7. When only the structure
of a target and its active or binding site is available,
high-throughput docking is primarily used as a hit-
identification tool. However, similar calculations are
often also used later on during lead optimization,
when modifications to known active structures can
quickly be tested in computer models before compound

synthesis. Furthermore, docking can also contribute to
the analysis of drug metabolism using structures such
as cytochrome P450 isoforms9,10.

Here, we review basic concepts and specific features of
small-molecule–protein docking methods and several
selected applications, with particular emphasis on hit
identification and lead optimization, but do not specifi-
cally review protein–protein docking, which is less rele-
vant for small-molecule drug discovery. We attempt to
distinguish between the problems of docking com-
pounds into target sites and of scoring docked conforma-
tions, because the available data indicate that numerous
robust and accurate docking algorithms are available,
whereas imperfections of scoring functions continue to
be a major limiting factor.

An introduction to docking
The docking process involves the prediction of ligand
conformation and orientation (or posing) within a
targeted binding site (BOX 1). In general, there are two
aims of docking studies: accurate structural modelling
and correct prediction of activity. However, the identifi-
cation of molecular features that are responsible for
specific biological recognition, or the prediction of
compound modifications that improve potency, are
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POSING

The process of determining
whether a given conformation
and orientation of a ligand fits
the active site. This is usually a
fuzzy procedure that returns
many alternative results.

SCORING

Both posing and ranking involve
scoring. The pose score is often
a rough measure of the fit of a
ligand into the active site. The
rank score is generally more
complex and might attempt to
estimate binding energies.

RANKING

A more advanced process than
pose scoring that typically takes
several results from an initial
scoring phase and re-evaluates
them. This process usually
attempts to estimate the free
energy of binding as accurately
as possible.Although the posing
phase might use simple energy
calculations (electrostatic and
van der Waals), ranking
procedures typically involve more
elaborate calculations (perhaps
including properties such as
entropy or explicit solvation).

complex issues that are often difficult to understand and
— even more so — to simulate on a computer.

In view of these challenges, docking is generally
devised as a multi-step process in which each step intro-
duces one or more additional degrees of complexity11.
The process begins with the application of docking
algorithms that POSE small molecules in the active site.
This in itself is challenging, as even relatively simple
organic molecules can contain many conformational
degrees of freedom. Sampling these degrees of freedom
must be performed with sufficient accuracy to identify
the conformation that best matches the receptor struc-
ture, and must be fast enough to permit the evaluation
of thousands of compounds in a given docking run.
Algorithms are complemented by SCORING FUNCTIONS that
are designed to predict the biological activity through
the evaluation of interactions between compounds and
potential targets. Early scoring functions evaluated
compound fits on the basis of calculations of approxi-
mate shape and electrostatic complementarities.
Relatively simple scoring functions continue to be
heavily used, at least during the early stages of docking
simulations. Pre-selected conformers are often further
evaluated using more complex scoring schemes with
more detailed treatment of electrostatic and van der
Waals interactions, and inclusion of at least some solva-
tion or entropic effects7. It should also be noted that
ligand-binding events are driven by a combination of
enthalpic and entropic effects, and that either entropy
or enthalpy can dominate specific interactions. This
often presents a conceptual problem for contemporary
scoring functions (discussed below), because most of
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them are much more focused on capturing energetic
than entropic effects.

In addition to problems associated with scoring of
compound conformations, other complications exist that
make it challenging to accurately predict binding confor-
mations and compound activity. These include, among
others, limited resolution of crystallographic targets,
inherent flexibility, induced fit or other conformational
changes that occur on binding, and the participation of
water molecules in protein–ligand interactions.Without
doubt, the docking process is scientifically complex.

Molecular representations for docking
To evaluate various docking methods, it is important to
consider how the protein and ligand are represented.
There are three basic representations of the receptor:
atomic, surface and grid12.Among these, atomic represen-
tation is generally only used in conjunction with a poten-
tial energy function13 and often only during final RANKING

procedures (because of the computational complexity of
evaluating pair-wise atomic interactions).

Surface-based docking programs are typically, but
not exclusively, used in protein–protein docking14,15.
Connolly’s early work on molecular surface representa-
tions is mainly responsible for spawning much of the
research in this area16,17. These methods attempt to align
points on surfaces by minimizing the angle between the
surfaces of opposing molecules18. Therefore, a rigid
body approximation is still the standard for many
protein–protein docking techniques.

The use of potential energy grids was pioneered by
Goodford19, and various docking programs use such
grid representations for energy calculations. The basic
idea is to store information about the receptor’s ener-
getic contributions on grid points so that it only needs
to be read during ligand scoring. In the most basic
form, grid points store two types of potentials: electro-
static and van der Waals (BOX 2). FIGURE 1 shows a repre-
sentative grid for capturing electrostatic potentials, and
FIG. 2 illustrates the electrostatic potential of a bound
inhibitor mapped on its molecular surface.

Search methods and molecular flexibility
This section focuses on algorithms used to treat ligand
flexibility and, to some extent, protein flexibility.
Treatment of ligand flexibility can be divided into three
basic categories11: systematic methods (incremental con-
struction, conformational search, databases); random or
stochastic methods (Monte Carlo, genetic algorithms,
tabu search); and simulation methods (molecular
dynamics, energy minimization). A summary of the
search approaches implemented in widely used docking
programs is presented in BOX 3.

Systematic search. These algorithms try to explore all the
degrees of freedom in a molecule, but ultimately face the
problem of combinatorial explosion20 (BOX 4). Therefore,
ligands are often incrementally grown into active sites.
A stepwise or incremental search can be accomplished in
different ways — for example, by docking various molec-
ular fragments into the active-site region and linking

Box 1 | Theoretical aspects of docking  

For an enzyme and inhibitor, docking aims at correct prediction of the structure of the
complex [E+I] = [EI] under equilibrium conditions (see figure and equation 1).

The figure illustrates the binding of inhibitor Dmp323 to HIV protease and is based on
solution structures (PDB code: 1BVE). Multiple structures of enzyme–inhibitor
complexes revealed only limited structural variations.

The free energy of binding (∆G) is related to binding affinity by equations 2 and 3:

Prediction of the correct structure (posing) of the [E+I] complex does not require
information about K

A
. However, prediction of biological activity (ranking) requires this

information; scoring terms can therefore be divided in the following fashion. When
considering the term [EI], the following factors are important: steric, electrostatic,
hydrogen bonding, inhibitor strain (if flexible) and enzyme strain. When considering the
equilibrium shown in equation 1, the following factors are also important: desolvation,
rotational entropy and translational entropy.
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stage, energy minimization is performed after each
new addition28.

Another method of systematic search is the use of
libraries of pre-generated conformations. Library confor-
mations are typically only calculated once and the search
problem is therefore reduced to a rigid body docking
procedure. For example, FLOG29 generates database con-
formations on the basis of distance geometry. Once
acceptable conformations have been generated, the algo-
rithm explores them in a manner similar to DOCK11,29.

Random search. These algorithms (often called stochastic
methods) operate by making random changes to either a
single ligand or a population of ligands.A newly obtained
ligand is evaluated on the basis of a pre-defined proba-
bility function. Two popular random approaches are
Monte Carlo and genetic algorithms (BOX 5). Alternative
implementations of Monte Carlo search have been
reported30,31, including a popular form in AutoDock30. By
contrast, several other programs (including DOCK and
GOLD) have implemented genetic algorithms32–34.

The basic idea of a tabu search algorithm is to take
into consideration already explored areas of conforma-
tional space35,36. To determine whether a molecular con-
formation is accepted or not, the root mean square
deviation is calculated between current molecular
coordinates and every molecule’s previously recorded
conformation. For example, PRO_LEADS makes use
of a tabu search algorithm35.

Simulation methods. Molecular dynamics is currently
the most popular simulation approach. However, molec-
ular dynamics simulations are often unable to cross
high-energy barriers within feasible simulation time
periods, and therefore might only accommodate ligands
in local minima of the energy surface11. Therefore, an
attempt is often made to simulate different parts of a
protein–ligand system at different temperatures37.
Another strategy for addressing the local minima prob-
lem is starting molecular dynamics calculations from
different ligand positions. In contrast to molecular
dynamics, energy minimization methods are rarely used
as stand-alone search techniques, as only local energy
minima can be reached, but often complement other
search methods, including Monte Carlo38. DOCK per-
forms a minimization step after each fragment addition,
followed by a final minimization before scoring.

Protein flexibility. The treatment of protein flexibility is
less advanced than that of ligand flexibility, but various
approaches have been applied to flexibly model at least
part of the target39, including molecular dynamics and
Monte Carlo calculations31–33, rotamer libaries40,41 and
protein ensemble grids42. The idea behind using amino-
acid side-chain rotamer libraries is to model protein
conformational space on the basis of a limited number
of experimentally observed and preferred side-chain
conformations40. To reduce the number of discrete pro-
tein conformations arising from combinations of
rotamers, a dead-end elimination algorithm is often
used41. This algorithm recursively removes side-chain

them covalently (which is most popular as a de novo
ligand-design strategy) or, alternatively, by dividing
docked ligands into rigid (core fragment) and flexible
parts (side chains). In the latter case, once the rigid cores
have been defined, they are docked into the active site.
Next, flexible regions are added in an incremental
fashion21–23. For example, DOCK 4.024 poses the core
fragment by steric complementarity, and flexible side
chains are grown one bond at a time by systematically
exploring each bond’s POSE SPACE. A pruning algorithm is
applied to remove unfavourable conformations early
on, thereby reducing the complexity of the problem24,25.
FlexX differs from DOCK in that the placement of the
rigid core fragment is based on interaction geometries
between fragments and receptor groups22,26. Interacting
groups are primarily hydrogen-bond donors and accep-
tors, as well as hydrophobic groups. FlexX further differs
from DOCK in that it uses a pose-clustering algorithm
to classify the docked poses22,27.

The Hammerhead algorithm28, in common with other
incremental search algorithms, also divides ligands into
fragments. However, Hammerhead docks each fragment
and then rebuilds the ligand from fragments that have
acceptable initial scores. During the fragment-growing

POSE SPACE

All degrees of freedom involved
in the process of placing one
molecule relative to another.
For example, for two rigid
molecules the pose space simply
consists of relative orientations.
When one of the molecules, the
ligand, is allowed to be flexible,
the pose space comprises both
the conformational space of the
ligand and orientational space
of ligand and receptor.
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Box 2 | Standard potential energy functions  

The electrostatic potential energy is represented as a pair-
wise summation of Coulombic interactions, as described
in equation 1:

In equation 1, N is the number of atoms in molecules A
and B, respectively, and q the charge on each atom.

The van der Waals potential energy for the general
treatment of non-bonded interactions is often modelled
by a Lennard–Jones 12–6 function, as shown in
equation 2:

In equation 2, ε is the well depth of the potential and σ is
the collision diameter of the respective atoms i and j.

The figure shows a representation of the Lennard–Jones
12–6 function. The exp(12) term of the equation is
responsible for small-distance repulsion, whereas the
exp(6) provides an attractive term which approaches
zero as the distance between the two atoms increases.
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energy (such as steric strain induced by binding). FIGURE 3

illustrates force-field modelling of non-bonded inter-
actions involved in molecular recognition. Most force-
field scoring functions only consider a single protein
conformation, which makes it possible to omit the calcu-
lation of internal protein energy, which greatly simplifies
scoring.Various force-field scoring functions are based
on different force field parameter sets. For example, G-
Score26 is based on the Tripos force field26 and AutoDock45

on the AMBER force field46. However, functional
forms are usually similar, as shown in supplementary
information S1 (table).

Interactions between ligand and receptor are most
often described by using van der Waals and electro-
static energy terms. The van der Waals energy term is
given by a Lennard–Jones potential function (BOX 2).
The parameters of the Lennard–Jones potential vary
depending on the desired ‘hardness’ of the potential.
Higher terms, such as a 12–6 Lennard–Jones potential of
D-Score26 , result in increasingly repulsive potentials
and will be less forgiving of close contacts between
receptor and ligand atoms. Accordingly, lower terms,
such as the 8–4 Lennard–Jones potential of G-score26,
make the potential softer. Electrostatic terms are
accounted for by a Coulombic formulation with a dis-
tance-dependent dielectric function that lessens the
contribution from charge–charge interactions. The
functional form of the internal ligand energy is typi-
cally very similar to the protein–ligand interaction
energy, and also includes van der Waals contributions
and/or electrostatic terms.

Standard force-field scoring functions have major
limitations, because they were originally formulated to
model enthalpic gas-phase contributions to structure
and energetics, and do not include solvation and
entropic terms. Force-field-based scoring is further com-
plicated by the fact that it generally requires the introduc-
tion of cut-off distances for the treatment of non-bonded
interactions, which are more or less arbitrarily chosen

conformations that do not contribute to a minimum-
energy structure. Another method of treating protein
flexibility is to use ensembles of protein conformations
(rather than a single one) as the target for docking42 and
to map these ensembles on a grid representation. One
approach generates an average potential energy grid of
the ensemble, as first implemented in DOCK42; another
maps various receptor potentials to each grid point and
subsequently scores ligand conformations against each
set of receptor potentials19.

Scoring
The evaluation and ranking of predicted ligand confor-
mations is a crucial aspect of structure-based virtual
screening. Even when binding conformations are cor-
rectly predicted, the calculations ultimately do not
succeed if they do not differentiate correct poses from
incorrect ones, and if ‘true’ ligands cannot be identified.
So, the design of reliable scoring functions and schemes is
of fundamental importance. Free-energy simulation
techniques have been developed for quantitative model-
ling of protein–ligand interactions and the prediction of
binding affinity43,44. However, these expensive calculations
remain impractical for the evaluation of large numbers of
protein–ligand complexes and are not always accurate.
Scoring functions implemented in docking programs
make various assumptions and simplifications in the
evaluation of modelled complexes and do not fully
account for a number of physical phenomena that deter-
mine molecular recognition — for example, entropic
effects. Essentially, three types or classes of scoring func-
tions are currently applied: FORCE-FIELD-based, empirical
and knowledge-based  scoring functions. BOX 6 summa-
rizes a number of currently used scoring functions, details
of which will be discussed in the following section.

Force-field-based scoring. Molecular mechanics force
fields usually quantify the sum of two energies, the
receptor–ligand interaction energy and internal ligand

FORCE-FIELD

A function expressing the
energy of a system as a sum of
diverse molecular mechanics 
(or other) terms.

a b

Figure 1 | Grid representations. a | Shown is a surface plot of a grid capturing the electrostatic potential of HIV protease (PDB
code: 1BVE) around its active site (with bound inhibitor Dmp323). Red and blue indicate areas of negative and positive
electrostatic potential, respectively. b | Shows a ‘cut-away’ electrostatic potential grid of the enzyme around the bound inhibitor
(not included in the calculation).
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which is used for peptide docking, explicitly takes ligand
desolvation into account, and desolvation energies are
calculated using a continuum electrostatic model52,53.
However, terms currently used to approximate entropy
or desolvation energy provide only incomplete descrip-
tions of these effects on protein–ligand binding.

Knowledge-based scoring functions. In essence, know-
ledge-based scoring functions are designed to reproduce
experimental structures rather than binding energies. In
knowledge-based functions, as shown in supplementary
information S3 (table), protein–ligand complexes are
modelled using relatively simple atomic interaction-pair
potentials. A number of atom-type interactions are
defined depending on their molecular environment. So,
in common with empirical methods, knowledge-based
scoring functions attempt to implicitly capture binding
effects that are difficult to model explicitly. Popular
implementations of such functions include POTENTIAL OF

MEAN FORCE (PMF)54–56 and DrugScore57, which also
includes solvent-accessibility corrections to pair-wise
potentials. SMoG58 is another scoring function belong-
ing to this class that utilizes pair-wise atom potentials to
evaluate protein–ligand interactions. A major attraction
of many knowledge-based scoring functions is their
computational simplicity, which permits efficient
screening of large compound databases. A disadvantage
is that their derivation is essentially based on informa-
tion implicitly encoded in limited sets of protein–ligand
complex structures.

Consensus scoring. Given the imperfections of current
scoring functions, a recent trend in this field has been the
introduction of consensus scoring schemes59. Consensus
scoring combines information from different scores to
balance errors in single scores and improve the proba-
bility of identifying ‘true’ ligands. An exemplary
implementation of consensus scoring is X-CSCORE60,
which combines GOLD-like, DOCK-like, ChemScore,
PMF and FlexX scoring functions. However, the potential

and complicate the accurate treatment of long-range
effects involved in binding.

Recent extensions of force-field-based scoring
functions include a TORSIONAL ENTROPY term for ligands in
G-Score and the inclusion of explicit protein–ligand
hydrogen-bonding terms in Gold47 and AutoDock45. The
latter terms are thought to increase the potential of
specific molecular recognition. Hydrogen-bonding
terms are often designed in noticeably different ways. For
example, G-Score includes different hydrogen-bonding
terms depending on the nature and geometry of the
interaction. By contrast, AutoDock represents all of
the hydrogen bonds by a 12–10 Lennard–Jones
potential with a directional component, as shown in
supplementary information S1 (table).

Empirical scoring functions. These scoring functions are
fit to reproduce experimental data, such as binding ener-
gies and/or conformations, as a sum of several parame-
terized functions, as first proposed by Böhm48. The
design of empirical scoring functions is based on the idea
that binding energies can be approximated by a sum of
individual uncorrelated terms. The coefficients of the
various terms are obtained from REGRESSION ANALYSIS using
experimentally determined binding energies and, poten-
tially, X-ray structural information. Representative
examples of empirical scoring functions are given in
supplementary information S2 (table). The functional
forms are often simpler than force-field scoring func-
tions, although many of the individual contributing
terms have counterparts in the force-field molecular
mechanics terms. The appeal of empirical functions is
that their terms are often simple to evaluate, but they are
based on approximations similar to force-field functions.
A disadvantage of these methods is their dependence on
the molecular data sets used to perform regression
analyses and fitting. This often yields different weighting
factors for the various terms. As a consequence, terms
from differently fitted scoring functions cannot easily be
recombined into a new scoring function.

In empirical scoring functions, terms accounting
for non-bonded interactions can be implemented in
rather different ways. For example, in the early LUDI
formulation48, the hydrogen-bonding term is separated
into neutral hydrogen bonds and ionic hydrogen bonds,
whereas ChemScore49 does not differentiate between
different types of hydrogen bonds. Furthermore, the
LUDI function calculates hydrophobic contributions on
the basis of a representation of molecular surface area,
whereas ChemScore evaluates contacts between
hydrophobic atom pairs. F-Score adds an additional term
to account for aromatic interactions50.

Empirical scoring functions can include non-
enthalpic contributions such as the so-called rotor term,
which approximates entropy penalties on binding from a
weighted sum of the number of rotatable bonds in lig-
ands. ChemScore implements ligand rotational entropy
in a more complicated form that describes the molecular
environment surrounding each rotatable bond. More
complex functions begin to address solvation and desol-
vation effects. For example, the Fresno scoring function51,

TORSIONAL ENTROPY

Entropy associated with a
rotatable bond in a molecule.
Immobilization of a rotatable
bond on binding leads to loss 
of its torsional (or rotational)
entropy.

REGRESSION ANALYSIS

Determination of parameter
values for a chosen (linear or
nonlinear) function to best fit 
a set of observations.

POTENTIAL OF MEAN FORCE

(PMF). In the context of docking
and scoring, PMFs are derived
from statistical analysis of
experimentally observed
distributions and frequencies of
specific atom-pair interactions
in a large collection of
protein–ligand structures.
Interaction potentials between
each atom pair in two molecules
(for example, ligand and
protein) approximate the free
energy of each pair-wise
interaction as a function of
inter-atomic distance.

Ile50 Ile50

Asp25Asp25

Figure 2 | Electrostatic potential of a bound inhibitor.
Inhibitor Dmp323 is shown in complex with HIV protease (PDB
code: 1BVE). The electrostatic potential of the symmetrical
inhibitor in its binding conformation was mapped on its
calculated molecular surface. Residues Ile50 and Asp25 from
each monomer in HIV protease stabilize inhibitor binding.
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improved the results over AutoDock. These findings also
illustrated the difficulty in finding correct poses for
highly flexible ligands.

Charifson et al.59 showed that most conventional
scoring functions were able to place ~50% of active
(<100 nM) compounds within the top 1,000 of the
score lists but that less active (~1 µM) compounds were
much more difficult to identify. Chemscore, the DOCK
energy and PLP scores performed well for all three bind-
ing sites that were analysed. In this study, a consensus
scoring scheme was applied that combined results from
each scoring function and was found to further improve
prediction accuracy. In a similar study, Wang et al.66

analysed more than 100 protein–ligand complexes. The
best scoring conformations from PLP, F-Score, LigScore
and DrugScore were within 2 Å in 70–80% of the test
cases. In this study, the quality of scoring schemes was
found to be more or less independent of the type of
active site. However, scoring functions that relied purely
on force-field or knowledge-based potentials consis-
tently performed worse in identifying correct poses than
functions that used additional terms accounting for
hydrophobic effects.

The FRED program uses a Gaussian function for
docking67 to generate a smooth and easily searchable
energy surface, and allows a wide latitude for errors in
positioning protein atoms. Pre-generation of multiple
ligand conformers is a suitable technique when this ‘soft’
and error-tolerant function is used, but the method has
limited accuracy in ranking ligands correctly (and
therefore requires more detailed follow-up scoring). In
a comparison of FRED and Glide scoring schemes68,
cyclooxygenase-2, oestrogen receptor, mitogen-activated
kinase, gyrase B, thrombin, gelatinase-A and neur-
aminidase binding sites were used as test cases. As
expected, ‘hard’ functions such as the one in Glide per-
formed overall better than the softer scoring function in
FRED. However, FRED was found to produce accurate
results for lipophilic binding sites, especially when
hydrophobic effects outweighed electrostatic and hydro-
gen-bonding interactions. Scoring functions therefore
respond differently to specific features in binding sites.

Posing versus scoring. Are calculation errors more asso-
ciated with predicting binding conformations or with
scoring them? Ligand flexibility has a greater effect on
predicting structures correctly than size or polarity69,
which clearly relates to posing. However, the ability to dis-
criminate docked conformations of ‘fantasy’ ligands from
‘true’ones depends crucially on scoring. Clearly, it is often
difficult to distinguish between inadequate conforma-
tional searching and flawed scoring, and relatively few
studies have been designed to dissect these effects. In a
parallel application of various programs70, DOCK, FlexX
and GOLD displayed a clear tendency for ligands to score
better when using X-ray conformations than any incor-
rectly modelled conformation, whereas CDOCKER
often scored correct structures worse, thereby indicating
shortcomings of its scoring function. In terms of
structural accuracy, GOLD and Glide produced over-
all satisfactory results for a set of 69 complexes. In a

value of consensus scoring might be limited, if terms in
different scoring functions are significantly correlated,
which could amplify calculation errors, rather than
balance them.

Evaluating scoring schemes. Perez et al.61 compared force-
field scoring with a combined PMF knowledge-based
function. In this study, force-field terms generally per-
formed better than PMF, but steric contributions sig-
nificantly outweighed electrostatic terms. Correct ligand
poses were found in nearly 80% of the cases studied when
the force-field function was used, but the success rate
dropped to 56% when cross-docking experiments were
performed. In an effort to better understand incorrectly
calculated effects, LINEAR DISCRIMINANT ANALYSIS was applied;
the results indicated that better adjusted molecular vol-
ume and hydrogen bonding terms were likely to further
improve force-field scoring. In the PMF function, volume
and attractive dispersion effects were not considered.

Good et al.62 compared several docking protocols.
When PHARMACOPHORE constraints and conformational
flexibility were taken into account, simple contact scores
outperformed force-field treatment (even when over-
estimated electrostatic effects were ignored). More
complex functions implemented in Prometheus63 and
GOLD64 performed better in well-defined active sites, but
simpler schemes such as the DOCK contact energy per-
formed best in more complex and less well-understood
binding sites.

Sotriffer et al.65 compared DrugScore (knowledge-
based) with AutoDock (force-field-based) and found
that these two scoring methods had very similar abilities
in predicting the correct binding modes for 158 com-
plexes. For rigid molecules, 90–100% of cases were
predicted correctly. However, as the number of rotatable
bonds (and molecular flexibility) increased, the success
rate dropped to 44–80%, and DrugScore only marginally

LINEAR DISCRIMINANT

ANALYSIS

Mathematical analysis based on
two classes of data and two
independent variables (a, b) that
attempts to find a line that best
separates the data. This line is
orthogonal to the discriminant
function that is a linear
combination of the original
variables, in this case: F = c

a
a +

c
b
b (c

a
, c

b
; coefficients).

PHARMACOPHORE

The spatial arrangement of atoms
or groups in a molecule known
or predicted to be responsible for
specific biological activity.

Box 3 | Flexible ligand-search methods  

Random/stochastic

• AutoDock (MC)30

• MOE-Dock (MC, TS)133

• GOLD (GA)64

• PRO_LEADS (TS)35

Systematic

• DOCK (incremental)24

• FlexX (incremental)50

• Glide (incremental)134

• Hammerhead (incremental)28

• FLOG (database)135

Simulation

• DOCK

• Glide

• MOE-Dock

• AutoDock

• Hammerhead
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across many different protein families, regardless of their
complexity and sophistication. Binding sites and recogni-
tion processes have unique features that ultimately render
protein–ligand interactions specific (FIG. 4), which in turn
might often require ‘tuning’of scoring schemes on a case-
by-case basis. A good example of re-evaluating scoring
schemes and adjusting to differences between active sites
is provided by a comparison of knowledge-based scoring
of various structural classes75. When plotting docking
scores versus the logarithm of binding constants, it was
observed that slopes and intercepts significantly differed
for structurally distinct active sites.

Structure-based virtual screening
General caveats. Regardless of the functions applied,
scores are known to scale poorly with molecular mass
and the number of rotatable bonds in compounds76.
Large molecules can form many hypothetical interac-
tions in binding sites and therefore have the tendency to
generate better scores than smaller compounds. On the
other hand, the entropy penalty for immobilization of
rotatable bonds, which is frequently not taken into
account, scales with the number of such bonds. As a
result, if entropy penalties are included, flexible molecules
tend to score lower than more rigid ones. Furthermore,
the internal strain energy of a molecular pose is generally
approximated using a single unbound conformation of
the ligand as a reference, which has significant limitations
in estimating entropy and enthalpy losses on binding.
These limitations generally add to imperfections of
scoring functions and make it more difficult to accu-
rately rank test molecules on the basis of computed
binding-site interactions.

The general nature and preparation of active sites
also affects the quality of ligand positions and scores.
Hydrophobic binding sites such as are found in, for
example, HIV protease are likely to be more promising
targets than sites that are more hydrophilic, or binding
events involving distinct electrostatic interactions as seen,
for example, in metallo-enzymes. This is mainly due to
the fact that binding to hydrophobic sites can be well
approximated by a calculation of shape complementarity
between ligand and receptor, for which robust method-
ologies have existed since the early days of docking8,77.
The calculation of shape complementarity implicitly
takes hydrophobic effects into account; however, a large
(and sometimes the largest) contribution to the
hydrophobic effect comes from desolvation of hydro-
phobic ligands (such as in HIV protease), which is not
adequately accounted for in docking scores and can be
significantly underestimated relative to other scoring
terms in some active sites. Furthermore, precise model-
ling and scoring of electrostatic interactions continues to
be a major challenge for contemporary scoring functions.
As mentioned above, simple Coulombic models are still
applied for these purposes in a number of cases and have
the tendency to grossly overestimate charge–charge
interactions or create artificial ones.

In addition, the placement of water molecules that
are either structurally important or directly involved in
binding interactions, and assumed rigidity of side-chain

recent re-parameterization of GOLD, two scoring
schemes, GOLDSCORE and ChemScore, were com-
pared and applied in a consensus scoring appproach47.
Both functions yielded similar scoring accuracy
(65–85%). Accurate prediction of relative binding
affinities depended on finding correct binding confor-
mations. As an alternative to consensus scoring, genetic-
algorithm-based scoring terms were introduced to better
distinguish correct ligands from ‘noise’ compounds71. On
the basis of these investigations, the conclusion can be
drawn that accurate modelling of binding conforma-
tions is necessary but insufficient for correct ligand
scoring and ranking. Given the success rates of various
efforts at structure prediction, as discussed above, it
seems that imperfections in scoring functions continue
to be a major limiting factor.

Improving scoring functions. How can one further
improve the quality of scoring functions? As indicated
earlier, a current trend in the field is to focus on the inclu-
sion of various solvation52,72,73 and rotational entropy69

contributions. Scoring functions accounting for such
contributions are more accurate than, for example, stan-
dard force-field functions, but are also computationally
expensive, which challenges high-throughput docking.
More importantly, however, the often-made observation
that alternative scoring functions perform rather differ-
ently on multiple targets — for example, the GOLD
validation set74 — suggests that it might be difficult to
develop scoring functions that perform equally well
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i = 1
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Box 4 | The problem of combinatorial explosion

For systematic conformational search, the number of
possible molecular conformations is represented by
equation 1:

In equation 1, N is the number of rotatable bonds and θ
i,j

is the size of the incremental rotational angle j for bond i.
To avoid exhaustive search calculations, many
conformational search algorithms use an incremental
construction approach to grow a ligand within an active
site that consists of three basic steps:
• Core fragment selection.
• Core fragment placement.
• Incremental ligand construction.
During the first step, the ligand is divided into a rigid 
core fragment and flexible side chains. Subsequently,
these side chains are further divided at each new rotatable
bond, as shown in the figure.

During the second and third steps, core fragments are
placed and side chains are incrementally attached with
rotational degrees of freedom sampled. As discussed in
the text, popular algorithms often differ in the way that
these processes are carried out.
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why structure-based virtual screening actually ‘works’.
The principal reasons are that computational screening is
an enrichment process; that accurately calculated energies
and scores are not necessarily required for meaningful
compound selection; and that appropriate selection
strategies compensate for some methodological short-
comings. For example, in a typical docking study, a large
compound database will probably be reduced to a short-
list of preferred candidates, perhaps ~100 or so. To enrich
this selection with compounds that have a high proba-
bility of being active, de-selection of inappropriate com-
pounds (which most of the database compounds are) is
as important as finding the most promising candidates.
Importantly, de-selection of inappropriate compounds is
more easily achieved than selection within the accuracy
limitations of the calculations.Also, some binding events,
such as those dominated by shape complementarity, can
be treated well given the approximations of posing and
scoring. Furthermore, as long as active compounds are
found in the shortlist, their relative ranking becomes less
important. Simply put, an active compound within the
top-five scoring compounds will be as good as one within
the top 50, as long as these compounds are tested, which
further compensates for limitations of scoring. In addi-
tion, it is also a rather common practice to subject a
reasonably small number of pre-selected candidates (for
example, 100–500) to visual inspection, which adds
another dimension to the selection process (that is,
chemical intuition, knowledge and experience)81. So,
although virtual screening inevitably produces false-
positives and -negatives, rationalizing the analysis as an
enrichment process helps to explain its successes.

Even very fast docking and scoring methods typically
require several to tens of seconds per compound for a
fully flexible search and therefore become prohibitive in
the presence of millions of database compounds. As a
result, complex posing and scoring schemes are often
carried out only after the source database has been signifi-
cantly reduced in size by the application of de-selection or
filtering methods.

Structures of target sites. The choice and preparation
of the structural model of a targeted binding site are
important variables. Experimentally determined (X-ray
or nuclear magnetic resonance) structures are generally
preferred. However, as the number of proteins of phar-
maceutical interest has grown faster than the number
whose structures have been determined, homology
modelling has risen in popularity. A recent study com-
pared the quality of docking results when either crystal
structures of HOLO- or APO-ENZYMES or homology models
were used as templates82. Perhaps surprisingly, homol-
ogy models yielded enrichments factors of ten or better
in eight of ten test cases studied, and apo-enzymes and
homology modelled structures performed comparably
well. However, by far the best performance was observed
when ligand-bound protein conformations were used as
starting points. The study demonstrated that even subtle
protein conformational changes that result from ligand
binding were sufficient to significantly influence the
quality of docking results. Nevertheless, homology

conformations within a binding site, can dramatically
influence posing of test compounds78. Clearly, whenever
conformational changes are involved in binding, rigidly
defined binding sites are limited in their predictive poten-
tial. Finally, it has been observed that structure-based
virtual screening often selects compounds that are bio-
logically promiscuous and are therefore termed ‘frequent
hitters79,80. The fairly unspecific inhibition by such com-
pounds can, at least in part, be attributed to dominating
hydrophobic character and aggregation effects that tend
to favour their detection in both docking simulations and
screening assays (albeit for different reasons).

Selection strategies. Considering the many approxi-
mations and limitations involved in system set-up,
posing and scoring, one might ask the question of

HOLO-, APO-ENZYME

Holo-: ligand-bound form of
an enzyme; apo-: uncomplexed
form. The original definitions
referred to enzymes and
cofactors, rather than ligands,
but ligands and cofactors are
often synonymously used.

Box 5 | Search techniques  

Monte Carlo algorithm in its basic form:

• Generate an initial configuration of a ligand in an active site consisting of a random
conformation, translation and rotation.

• Score the initial configuration.

• Generate a new configuration and score it.

• Use a Metropolis criterion (see below) to determine whether the new configuration is
retained.

• Repeat previous steps until the desired number of configurations is obtained.

Metropolis criterion
If a new solution scores better than the previous one, it is immediately accepted. If the
configuration is not a new minimum, a Boltzmann-based probability function is applied.
If the solution passes the probability function test, it is accepted; if not, the configuration
is rejected.

Molecular dynamics
Molecular dynamics is a simulation technique that solves Newton’s equation of motion for
an atomic system: F

i
= m

i
a

i
, in which F is force, m is mass and a is acceleration. The force

on each atom is calculated from a change in potential energy (usually based on molecular
mechanics terms) between current and new positions: F

i
= –(dE/r

i
), in which r is distance.

Atomic forces and masses are then used to determine atomic positions over series of very
small time steps: F

i 
= m

i
(d2r

i
/dt2), in which t is time. This provides a trajectory of changes

in atomic positions over time. Practically, it is easier to determine time-dependent atomic
positions by first calculating accelerations a

i
from forces and masses, then velocities v

i
from

a
i
= dv

i
/dt and, ultimately, positions from velocities v

i
= dr

i
/dt.

Genetic algorithms
Genetic algorithms are a class of computational problem-solving approaches that adapt
the principles of biological competition and population dynamics. Model parameters are
encoded in a ‘chromosome’ and stochastically varied. Chromosomes yield possible
solutions to a given problem and are evaluated by a fitness function. The chromosomes
that correspond to the best intermediate solutions are subjected to crossover and
mutation operations analogous to gene recombination and mutation to produce the next
generation. For docking applications, the genetic algorithm solution is an ensemble of
possible ligand conformations.

Tabu search algorithm in its basic form:

• Make n small random changes to the current conformation.

• Rank each change according to the value of the chosen fitness function.

• Determine which changes are ‘tabu’ (that is, previously rejected conformations).

• If the best modification has a lower value than any other accepted so far, accept it, even
if it is in the ‘tabu’; otherwise, accept the best ‘non-tabu’ change.

• Add the accepted change to the ‘tabu’ list and record its score.

• Go to the first step.
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Hit identification. The ultimate measure of success for
the methods discussed above is their ability to produce
significant hit rates while reducing the number of com-
pounds that need to be tested. A number of successful
case studies have been published over the years that
demonstrate the potential of the approach (one also
needs to take into account that many successful applica-
tions in pharmaceutical settings are unlikely to be dis-
closed). TABLE 1 summarizes recent case studies on a
wide variety of targets that have produced some impres-
sive results. It is interesting to note that nearly all groups
performed pre-filtering and used two-dimensional
similarity methods and shape or drug-like filters to
reduce the number of database compounds for the
time-consuming steps of flexible docking, elaborate
scoring and visual analysis. Hits with at least low-micro-
molar potency were usually found, often without biasing
search calculations towards previously identified hits.
The results also mirror the general trend that hits in the
micromolar range are much more frequently identified
than nanomolar hits in these calculations (this is similar
to the situation in biological screening). Major reasons
for this are that newly identified active compounds are
rarely optimized for potency against a given target and
that nanomolar potency is typically only obtained after
chemical modification in the course of hit-to-lead
transition and lead optimization.

Structure-based lead optimization
In addition to hit identification, docking techniques are
increasingly used to support lead optimization efforts.
Here, the scenario changes: to facilitate a hit-to-lead
transition, the compound potency typically has to be
increased by two to three orders of magnitude and rela-
tively small chemical modifications can lead to signifi-
cant changes in binding. The requirement to estimate
the effects of relatively small chemical changes further
complicates the calculations and therefore distinguishing
a micromolar compound from a nanomolar analogue
often requires much greater accuracy than typical dock-
ing and scoring can provide. However, once hits or leads
have been co-crystallized with their targets and exact
binding conformations have been established, docking
of analogues can be facilitated by the application of algo-
rithms such as ‘anchored search’24 that model compound
modifications on pre-defined core fragments of leads.
These ‘conservatively’ predicted complexes usually
involve only a limited number of analogues, and so alter-
native and consensus scoring schemes can be easily
explored. Typical structure-based analogue design is
illustrated in FIG. 5.At the very least, automated analogue
design and evaluation makes it possible to quickly elimi-
nate molecules that are too large or do not satisfy binding
constraints, and shifts focus towards more promising
synthetic candidates. For example, a series of caspase-3
inhibitors was optimized starting from a co-crystal
structure with salicylic acid88. Modelling of analogues
resulted in a compound with 20-nM potency whose
modelled structure was experimentally confirmed.
Going beyond a one-by-one evaluation of analogues,
combining docking and design of analogue libraries

models built in the presence of high sequence similarity
provided reasonable docking templates. A similar study
was undertaken to examine the value of homology
modelling within the protein kinase family76. Here, the
quality of calculated poses was found to correlate well
with ligand enrichment factors. Again, crystal structures
of ligand-bound target sites provided the best results
when used as templates. The importance of protein
conformation was recently also demonstrated by
cross-docking studies on trypsin, thrombin and HIV-1
protease69. Error rates in docking of ligands to apo-
binding sites correlated with the magnitude of protein
structural change observed as a result of binding.

Pre-screening: three-dimensional filtering. In addition to
conventional one/two-dimensional filters such as the
rule-of-five83, three-dimensional filter functions have
been implemented to efficiently pre-screen very large
databases and reduce the final number of docking and
scoring steps. For example, shape similarity methods can
be applied for filtering. The heuristic is based on identify-
ing similar molecular shapes on the basis of signatures,
triplets, quartets or higher-order groups of atoms84–86.
However, these shape filters are usually limited to pre-
screening of databases that contain single molecular con-
formations, which can be a source of false-negatives.
In addition, pharmacophore-based screening can be
carried out where pre-defined chemical and geometric
features in compounds are matched87. Signatures and bit
strings derived from triplets of distances84 and surface
triplets and histograms85 have been be used to identify
preferred candidates. Recently, a ray-tracing-based
approach86 has been applied to calculate shape signatures
of molecules for database searching. These types of
descriptors are also highly conformation-dependent and
therefore limited in their predictive value when only a
single (hypothetical) molecular conformation is used.

Box 6 | Types of scoring functions  

Force-field-based

• D-Score26

• G-Score26

• GOLD47

• AutoDock45

• DOCK24

Empirical

• LUDI92,93

• F-Score50

• ChemScore49

• SCORE131,132

• Fresno51

• X-SCORE60

Knowledge-based

• PMF54–56

• DrugScore57

• SMoG58
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binding of selected functional groups. Other algorithms
that grow and score compounds within binding sites are
implemented in programs such as Groupbuild94,
GenStar95, Grow96 and Growmol97. A known limitation
of such approaches is the difficulty of computationally
estimating the synthetic accessibility of ‘designer’ mole-
cules. However, the SYNOPSIS program represents a
recent effort to couple de novo and synthetic design98.
For example, a mini-library containing only 28 com-
pounds was selected from 373 million possible candidate
molecules in a study targeting HIV reverse transcriptase
(HIV-RT). This was achieved by use of a genetic algo-
rithm to simultaneously evaluate conformational and
synthetic parameters embedded in a fitness function. Of
the 28 selected compounds, 18 could be synthesized and
of these molecules, 10 were found to be active below 100
µM. In another study, carbonic anhydrase inhibitors

provides a particularly promising route to lead optimiza-
tion. This has been well demonstrated by a study on
cathepsin D that produced low-nM inhibitors by itera-
tive anchored docking calculations and targeted library
design89. This approach is attractive because docking and
scoring are no longer challenged to predict a ‘home run’
modification to a lead, but rather to prioritize sites and
groups for experimental modification (which is well
within the accuracy limits of the calculations).

De novo design. An early method for the de novo design
of compounds in active sites is multiple-copy simulta-
neous search (MCSS)90,91. Many small fragments are
docked and simultaneously minimized within an active
site. After scoring and sorting, preferred fragments are
combined into larger molecules. Much like LUDI92,93,
results of MCSS can provide a map of likely sub-sites for

a b

c

E
ne

rg
y

Distance (rij)

d van der Waals

E
ne

rg
y

Distance (rij)

H-bond

E
ne

rg
y

Distance (rij)

Electrostatic

φ

Figure 3 | Modelling molecular recognition. a | Structure of p38 mitogen-activated protein kinase with bound inhibitor BIRB796
(PDB code: 1KV2). The inhibitor is shown with its electrostatic potential surface. b | Enlarged view of the active site. c | Close-
up view of the interaction between residue Glu71 and BIRB796. Hydrogen bonding (H-bond) and van der Waals  interactions
are colour-coded red and green, respectively. d | Schematic representation of functions used to model pair-wise interactions
that contribute to binding. Interactions are calculated as a function of the distance (rij) between two atoms i and j. Left of part d:
van der Waals interaction given by a 12–6 Lennard–Jones potential (note the smoother attractive part of the potential compared to
hydrogen bond term). Middle of part d: hydrogen-bond potential given by a ‘harder’ 12–10 Lennard–Jones potential (see also BOX 2).
This term is angle-dependent (as indicated in c). Right of part d: electrostatic potential for two like (blue) or opposite (black) charges of
same magnitude calculated using a distance-dependent dielectric constant of 4r.
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Active-site analysis. Graphical computational analysis of
binding sites has greatly contributed to structure-based
drug design since its early days. Docking and simulation
techniques have also been applied to analyse features of
the active site, including various hydrophobic and
hydrophilic molecular fields that can identify promising
areas for ligand docking and/or de novo design112. Surface
maps and molecular fields are mostly stored on grids that
are used to semi-quantitatively compare active sites in
homologous enzymes to explore differences in speci-
ficity112. The evaluation of potential interactions in active
sites can complement docking analyses. Another recent
approach generates structural interaction fingerprints
(SIFts) that allow pre-screening for potential ligands in
databases prior to docking113. In an exploration of the
active site of trypanothione reductase, 44 diverse
inhibitors were initially docked and the resulting confor-
mations were sampled and used to train a scoring func-
tion for this enzyme114. Then 2,500 novel compounds
were docked into the active site and evaluated using this
scoring scheme; 13 compounds were selected for testing
and 9 were found to be active.

Active-site analysis techniques can also be applied in
combination with quantitative methods. For example,
in a study of factor Xa, QSAR models were established for
a series of amidino inhibitors115.A total of 120 analogues
were then docked into active sites using four crystal struc-
tures and the resulting molecular alignments were used
to calculate molecular fields. The resulting fields guided
the design of analogue libraries. In a similar vein, 133
known factor Xa inhibitors were docked, scored and sub-
jected to regression analysis116. Scoring terms were fitted
to experimental binding energies to develop a factor Xa-
specific scoring scheme. Applying this scheme, 80% of
known inhibitors could be retrieved from a compound
library with only a 15% false-positive rate116.

Absorption, distribution, metabolism and excretion
properties. Docking techniques are currently also applied
to aid in structure-based absorption, distribution, metab-
olism and excretion (ADME) evaluation. Cytochrome

were constructed using a Monte Carlo combinatorial
growth algorithm and a knowledge-based scoring
scheme75. From ~100,000 theoretical candidates, only
two compounds were selected for synthesis but both
exhibited sub-nM potency.

Simulations. Free-energy simulations are applicable to
evaluate limited numbers of analogues; for example, a
series of thrombin inhibitors99.Various approximations
have been proposed for reducing the complexity of per-
turbation calculations for these purposes. For example,
the OwFeg method performs a free-energy simulation
over bound and unbound states of ligands but maps
energy changes to a grid100, which greatly simplifies calcu-
lations for transforming one functional group into
another. Grid points that are energetically relevant for
various chemical modifications can be monitored during
analogue design. Moreover, linear response approxima-
tions that utilize ligand-interaction energies with the pro-
tein and solvent environment are now more commonly
applied in lead optimization101. These methods require
the availability of at least a few experimental data points
across the range of activities considered to be significant.
A quantitative structure–activity relationship (QSAR) is
applied to combine non-bonded interactions that occur
within the simulated system.Linear response methods have
been shown to provide some promising results in ana-
logue design studies on β-secretase102,103, HIV-RT104–107,
factor Xa108 and the oestrogen receptor109.

Molecular mechanics Poisson–Boltzmann surface
area (MM/PBSA)110 calculations are another molecular-
dynamics-based simulation technique involving both
force-field and solvation terms that are important for
binding. Solvation effects are estimated using a contin-
uum Poisson–Boltzmann model52. A major difference
between MM/PBSA and linear response methods is the
treatment of the ligand in its unbound state: MM/PBSA
uses NORMAL MODE analysis to calculate enthalpic and
entropic contributions to the ligand free energy.
The methodology was recently applied in analyses of
neuraminidase111 and cathepsin D53 inhibitors.

NORMAL MODE

An oscillation in which all
particles of a system move with
the same frequency and phase.
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Figure 4 | Complexity of protein–ligand interactions. The figure shows a schematic illustration of various interaction
components that need to be considered to predict the structure and binding energetics of two compounds within the same active
site. In this case, the natural cofactor of cyclic-AMP-dependent kinase (PDB code: 1atp), Mg ATP, is compared with the ATP-
binding site-directed inhibitor staurosporine. To correctly predict staurosporine as an inhibitor in a docking study, relative weights in
energy functions for the treatment of hydrophobic (indoles), hydrogen bonding (lactam ring) and ionic (aliphatic amine salt bridge,
Mg-phosphate + protein chelation) interactions must be appropriately adjusted to balance their effects. Finding preferred scoring
conditions for a specific target is a non-trivial process and often involves many trial-and-error runs.
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energies. For efficient compound selection, relying solely
on computed scores is currently not sufficient; experi-
ence and intuition are often still a key to success. Taking
this into account, further progress can be made in estab-
lishing more advanced scoring schemes, even if it is not
possible to develop conceptually novel scoring functions
in the near future. Importantly, scoring schemes can be
advanced by modifying molecular systems used for
benchmarking, calibrating selected functions for specific
applications, or determining the most relevant scoring
ranges. Scientific foundations for such efforts have
already been laid, as described in the following section.

The statistical analysis of score distributions resulting
from docking of large compound databases into differ-
ent target sites has enabled scoring ranges to be deter-
mined that are most likely to reflect ‘nonspecific’ binding
events123. Similarly, docking of compound collections
into arbitrarily selected (or random) targets can provide
information about background or ‘noise’ scoring levels,
regardless of the scoring functions that are applied. This
type of strategy has its roots in earlier investigations
designed to determine similarity measures for ligands on
the basis of docking against panels of at least partly irrel-
evant receptor sites124. Compound ranking has also been
improved by the classification of databases into groups of
similar molecules prior to docking and final selection of
only the best scoring representative of each group125.
Another knowledge-based approach is the use of three-
dimensional similarity information from co-crystallized
ligands as an additional constraint or scoring term126.

Scoring schemes can also be improved by tailoring
them to a specific target site, to designed sites or to
multiple related receptors. For example, altered binding

P450 isoforms are major drug-metabolizing enzymes and
have become focal points in the study of rapid metabo-
lism and drug–drug interactions117,118. Several groups
have therefore developed structure-based approaches for
the prediction of compounds that would be metabolized
by or inhibit P450s, and various homology models of
human P450 isoforms have been generated for these
purposes as templates for docking to predict drug
metabolism9,119–122. Recently, a crystal structure was
determined of a human P450 isoform in complex with
warfarin10. The inhibitor binds proximally to the
iron–porphyrin system in the enzyme but had no direct
interaction with the cofactor. These structural insights
should help to further refine docking studies on human
P450s and increase their predictive value.

Perspectives
Many of the examples and applications discussed in this
review indicate that the scoring and reliable ranking of
test compounds continue to be major bottlenecks in
structure-based virtual screening and lead optimization.
Despite a plethora of already available scoring functions,
further progress will be required to better account for
and balance entropic effects and electrostatic interac-
tions. Many current limitations are the result of the
assumption that implemented solvation or entropic and
electrostatic terms are generally applicable and transfer-
able to different protein systems. However, structure-
based screening calculations have produced impressive
results and many novel hits. These successes are at least
in part due to the fact that virtual-screening campaigns
mostly aim at the enrichment of active compounds,
rather than, for example, accurate calculation of binding

Table 1 | Comparisons of docking/scoring methods and virtual screening results

Method Number of structures Proteins and families

Selected docking studies focusing on structural accuracy

Comparison of 13 34 PDB structures; 100–300 compounds per activity range Kinases, dehydro-
docking scores61 genases, HIV protease

Comparison of 11 100 protein–ligand complexes
scoring functions66

AutoDock, DrugScore65 41 protein–ligand complexes

LibDock, PLP276 1,000 kinase inhibitors Kinases

Examples of successful structure-based virtual screens

DOCK136 Crystal structure; 200,000 compounds; 1,000 top-scoring BCR-ABL tyrosine 
clustered; rule-of-five; 15 compounds tested; 3 hits (0.4 µM) kinase

DOCK137 Homology model; 250,000 NCI compounds; rigid docking Thymidine 
(50,000 orientations per ligand); 444 ligands flexibly docked; phosphorylase
13 tested; 3 hits (<100 µM)

FlexX138 800,000 ACD compounds reduced to 856; 9 hits; (0.25–256 µM) tRNA-guanine 
transglycosylase

DOCK81 1,700-fold enrichment over actual HTS; 1.7 µM inhibitor through VS Phosphatase-1B

FlexX139 ACD search, 1 hit (43 µM) IGF1/IGF-BP-5

DOCK140 Homology model; 400,000 compounds; 12 test; one hit (80 nM) Protein kinase CK2

Catalyst/DOCK87 4,000 ACD compounds; pharmacophore search; 24 tested; Plasmodium falciparum
12 in µM range across 6 mutants DHFR

DOCK141 Homology model; 200,000 NCI compounds; 35 tested; 7 hits BCL2/BCL-XL
(1.6–14 µM)

ACD, Available Chemicals Directory; BCL, B-cell lymphoma protein; DHFR, dihydrofolate reductase; HTS, high-throughput screening;
IGF, insulin-like growth factor; NCI, National Cancer Institute; VS, virtual screening.
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provides an opportunity for the de novo identification
of active compounds, without bias towards known hits
or leads. From an algorithmic point of view, contem-
porary posing and scoring methodologies are rather
diverse. The interplay between docking and scoring
functions is fairly complex, but it is often easier to
produce reliable models of bound ligands than to dis-
tinguish ‘true’ ligands from false-positives. As also
discussed in this article, further improvement of scoring
and compound ranking schemes does not necessarily
depend on the development of novel scoring functions.
Furthermore, compound filter functions, two- or
three-dimensional similarity-based methods and phar-
macophore models are frequently combined with
docking to reduce the number of candidate com-
pounds for fairly complex scoring calculations.
Although docking and scoring relies on many approxi-
mations, the application of these techniques during
lead optimization, often in concert with other compu-
tational methods, already extends more traditional
approaches to structure-based design.

sites that emphasize distinct chemical features can be
applied to specifically analyse or calibrate electrostatic
contributions, hydrophobic interactions or solvation
energies of scoring functions, as has been demonstrated
in docking studies on structures of mutated T4 lysozyme
active sites127. Moreover, relatively simple scoring terms
might be selected and refined for a specific type of bind-
ing site128. Such tailored scoring terms can produce accu-
rate results but are, of course, not transferable. Finally,
docking against protein families is likely to improve the
predictive value of calculations focusing on single tar-
gets129 and help identify specific inhibitors. This has been
illustrated, for example, by the design of novel antipara-
sitic agents by combining virtual screening against a target
family with structure-based compound library design130.

Concluding remarks
Docking calculations have been applied in pharmaceu-
tical research for nearly two decades. Virtual screening
on protein templates, which differs from molecular
similarity- and ligand-based virtual screening methods,
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Figure 5 | Design of specific inhibitors. The active site of cyclooxygenase-2 (COX2) (PDB code: 1cx2) is shown in complex with ibu-
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