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ABSTRACT Molecular dynamics simulations and the gener-
ation of ad hoc chemical libraries are playing an increasingly
important and recognized role in structure-based virtual screen-
ing. These approaches are important for treating target flexibility
and improving the drug discovery pipeline. In this article | will
comment on these two topics and put them into perspective.
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ABBREVIATIONS

ADMET adsorption, distribution, metabolism, excretion,
toxicity

MM-GBSA  molecular mechanics Generalized Born surface
area

MM-PBSA  molecular mechanics Poisson Boltzmann surface
area

SBVS structure-based virtual screening

INTRODUCTION

Designing small molecules with the desired biological activity
has long been a desirable but challenging goal. In principle, a
deep understanding of the structure and biological function of
a target macromolecule, combined with the use of appropri-
ate computational tools able to model the interaction of
potential ligands in their binding site, would allow the predic-
tion of biologically active molecules before an experiment is
made. In practice, the success of the prediction is often ham-
pered by the complexity of biological macromolecules and by
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the partial ability of commonly used computational drug
design tools to accurately predict active candidates. There-
fore, it is not surprising that modeling in drug design is a very
active and evolving research field.

Virtual screening is one of the most popular compu-
tational approaches for the rapid assessment of large
libraries of chemical structures, being able to rationally
guide the selection of new biologically active hits.
Structure-based virtual screening (SBVS) is usually
achieved by using molecular docking tools able to iden-
tify complementary orientations of small molecules in
the binding site of a target macromolecule and to eval-
uate the generated docked poses with scoring functions
for ligand binding strength prediction (1).

Despite the many approximations, such as the use of ap-
proximated scoring functions, the neglect of the entropic term,
and the use of rigid receptor structures, we are now in a
situation in which SBVS has demonstrated notable potential
in discovering biologically active hits (2). Nevertheless, there is
pressing need for improving SBVS performance, and for
devising new SBVS strategies and approaches able to deliver
biologically active compounds with improved potential in
both the screen-to-hit and the subsequent hit-to-lead process-
es. In this perspective article I will discuss two topics that are
playing an increasingly important role in SBVS, namely the
importance of target flexibility via molecular dynamics simu-
lations, and the important role of assembling ad /oc chemical
libraries for SBVS. As exemplified in Fig. 1, both topics
present important and often interconnected “variables” that
need to be considered and properly “tuned” in order to
achieve valid starting structures for drug discovery.

THE IMPORTANCE OF TARGET FLEXIBILITY
AND THE ROLE OF MOLECULAR DYNAMICS

While in the last 10 years SBVS methods have been im-
proved with respect to the accuracy and efficiency of the
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Fig. I “Hot features” affecting the quality of SBVS results can be tuned like in a “mixer”: ADMET, adsorption, distribution, metabolism, excretion,
toxicology; DIV, chemical diversity; PHARM, pharmacophores; HTL, hit-to-lead; SF scoring functions; MD, molecular dynamics; HPC; high-performance

computing; NMR, nuclear magnetic resonance.

available algorithms for pose prediction and ligand scoring,
many drawbacks and limitations still exist. For example,
scoring functions often fail to estimate ligand binding ener-
gles In reasonable agreement with experiment (3-5). Such
limitation heavily impacts the selection of molecules for the
subsequent biological assays, because the top-fraction of the
ranked list turns out to be generally populated by a number
of false-positive compounds that are not always easy to
detect (6,7). More rigorous free-energy calculations for esti-
mating protein-ligand binding affinities may play a decisive
role in overcoming this limitation (8,9). For example, in the
last years the use of molecular mechanics Poisson
Boltzmann surface area (MM-PBSA) and molecular me-
chanics Generalized Born surface area (MM-GBSA)
methods in rescoring docking solutions has been investigat-
ed, and computational schemes have been proposed and
applied to test their ability in predicting ligand binding
affinities and refining docking poses (10,11 and references
therein). These scoring methods have also been integrated
with docking and made compatible with automated virtual
screening workflows, as for example in the BEAR (Binding
Estimation After Refinement) post-docking tool (12). Vali-
dation experiments performed on different biological targets
showed that, in a number of cases, the MM-PBSA and MM-
GBSA scoring functions were able to provide higher enrich-
ment factors with respect to those obtained with other scoring
functions implemented in standard high-throughput docking
methods (10,11 and references therein).

Besides scoring, one of the most serious challenges in
SBVS is how to handle target flexibility. In fact, although
docking methods are now able to treat ligand flexibility,
most docking methods still consider the protein as a rigid
structure, often leading to inaccurate energy evaluation and
poor binding mode prediction. This is mainly due to the
large number of rotatable bonds (target backbone and side

chain bonds) that should be considered in a fully flexible
docking approach, which results in high computational costs
and limited conformational sampling. Substantial progress
in virtual screening will require a deeper understanding of
the dynamics of macromolecular complex formation. A
practical shortcut that is often used to improve docking
calculations is to use multiple fixed receptor conformations,
either experimentally determined by crystallography or
NMR, or computationally generated (13). Conceptually,
docking ligands on multiple protein conformations finds
justification from the notion that ligands may select one
complementary conformation of the protein out of a pool
of pre-existing, different conformations of the protein. In
several cases, this approach has led to experimentally vali-
dated predictions (14—18, and references therein). However,
the use of multiple protein conformations not always pro-
vided better results, for example in terms of enrichment of
known ligands with respect to molecular decoys (19), indi-
cating that the performances are target-dependent and
suggesting that more robust approaches to treat conforma-
tional flexibility are probably needed.

One promising possibility to improve conformational
sampling in virtual screening is to combine docking with
molecular dynamics (MD) simulations. Molecular dynamics
has been widely used for investigating macromolecular
structures and ligand binding processes. Although MD sim-
ulations have inherent approximations, such as the assump-
tion of an additive force field, harmonic terms, the common
use of cut-offs in van der Waals and electrostatic interac-
tions, and the use of fixed charges, this technique has proved
useful in modeling protein-ligand complexes, refining ho-
mology models, performing conformational analyses,
highlighting time-dependent structural features relevant for
binding, and predicting protein conformational changes
(20,21). Modeling of dynamic molecular features relevant
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for binding, not currently achievable with current SBVS
methods, could improve the accuracy of predictions of novel
bioactive compounds, and may give useful insights into the
molecular interactions that the ligands establish with their
target protein before further experiments are made. Con-
formational sampling of protein-ligand complexes with MD
may reveal new binding modes, predict new protein confor-
mations, and may highlight allosteric effects that in turn
affect target activity and protein-ligand interactions. More-
over, they can highlight cryptic binding sites, that are not
immediately obvious from the analysis of crystal structures,
but that can turn out to be druggable and therefore useful
for drug discovery.

Recently, a relaxed complex scheme (RCS) approach in
which potential ligands are docked into multiple protein
conformations extracted from a MD trajectory has been
proposed (22). In this approach, each potential ligand is
associated with a whole spectrum of energy scores, one for
each protein conformation used for docking. In other ap-
proaches, MD simulations have been started from one or
more docked complexes and then run for a certain simula-
tion time, using various computational protocols. The
resulting MD trajectories have been used ?) to evaluate
ligand-induced conformational changes, #) to assess whether
the docked orientation is reasonably stable over time, and izz)
to perform binding free energy predictions (10,11,23). Con-
ceptually, this last approach implies that ligands may not
only be able to select pre-existing conformational states of
the protein, as pointed out above, but also to induce ligand-
dependent conformational changes as a result of conforma-
tional induced-fit effects arising from the molecular dynam-
ics of the complex. A major issue of this approach is how to
make the (generally high) computational costs of MD simu-
lations compatible with the dimensions of a typical SBVS, in
which libraries containing a huge number of compounds are
usually screened. We recently proposed that the refinement
of docked complexes by means of an energy minimization
and a short molecular dynamics simulation, followed by
MM-PBSA and/or MM-GBSA binding free energy predic-
tions on the refined complexes, is a useful strategy to post-
process docking solutions (for a review, see (10)). This ap-
proach is the one implemented in the automated workflow
BEAR (12). It should be emphasized that biological process-
es occur on generally long time scales, and an accurate
conformational sampling of protein-ligand complexes would
require extended, and sometimes impractical, simulation
times. A number of possible solutions to this issue, based
on ‘enhanced sampling” methods, have been proposed (24).
These include replica exchange MD (REMD), accelerated
MD, umbrella sampling, and coarse-grained MD. In addi-
tion, parallel and distributed computing is providing un-
precedented resources to run MD simulations the length
that was not affordable before. Noteworthy, the advent of
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GPUs is making it possible to run longer explicit solvent MD
simulations in exceedingly short times. Therefore, MD sim-
ulations are likely to play an increasingly important
role in SBVS and drug discovery in general. Future
implementations of enhanced sampling MD methods in
SBVS workflows will be of particular interest, and these in
turn will take advantage of the power of high-performance
computing systems like GPUs. Likewise, further improve-
ments in force fields, in particular in the development of
polarizable force fields (25), will likely lead to a better
description of the dynamical aspects of protein-ligand struc-
tures and therefore to an improved agreement with exper-
imental binding affinities. Recently, considerable attention
has been given to the comparison between experiment and
simulation for macromolecules, allowing a more thorough
force field validation and, ultimately, a higher accuracy in
modeling protein structures and protein complexes (26,27).
In particular, while comparisons between MD simulations
and solution state NMR experiments has been especially
useful in force field validation (28,29), the use of NMR data
may also be prospected for testing and improving virtual
screening methods (30). It is common practice to test the
accuracy of a docking protocol by performing re-docking
experiments of a co-crystallized ligand, using the RMSD to
a crystal binding pose as the sole measure of docking quality.
If these validations were extended to NMR data, this might
then highlight multiple, sometimes unexpected, binding
modes. Such analyses might therefore help capturing the
dynamic aspects of the protein-ligand interaction.

THE IMPORTANCE OF AD HOC CHEMICAL
LIBRARIES IN SBVS

Several chemical libraries and public domain chemistry
databases for SBVS investigations are available (31,32).
One of the most exploited strategies in SBVS is the use of
collections of commercially available compounds (33). Once
the best hits are selected, these can be forwarded directly to
biological testing without the need of chemical synthesis.
Alternatively, chemical libraries for SBVS can be prepared
by assembling collections of virtual compounds based on
validated synthetic protocols and available starting mate-
rials. These libraries are encoded using a list of reactants
that is a superset of that used in the actual synthesis, there-
fore greatly increasing the chemical space covered by the
virtual compounds compared to the synthesized compounds
(34,35). Because the virtual hits are annotated with a vali-
dated synthetic protocol, the chemistry turnaround time is
expected to be shorter. This allows researchers to drive the
SBVS process toward compounds that can be readily syn-
thesized, and for which a rapid exploration of structure-
activity relationships is possible.



Structure-Based Virtual Screening

1461

Chemical libraries typically used in SBVS contain from
thousands to million compounds. Of particular importance is
the preparation of the chemical library. For each compound,
different tautomers, enantiomers and possible 1onization states
at physiological pH should be included. Moreover, a confor-
mational analysis may be conducted on all structures, and the
database may include conformers within a certain energy
threshold from the global energy minimum. It is important
to note that all the operations described above increase signif-
icantly the number of structures included in the database,
making the subsequent SBVS process more computationally
demanding. In these cases, filtering the database prior to
SBVS with ad hoc pharmacophores may be advisable in order
to rationally reduce the number of compounds to be
processed in the following steps (36). In this context, building
pharmacophore models from three-dimensional structures of
the target protein(s) is a valuable approach to account for key
elements of protein-ligand binding interactions (37-39). By
explicitly requesting structural features or molecular proper-
ties deemed important for binding, such an approach is able
to remove compounds that do not possess the requested
features. Pharmacophores are problem-dependent and
should be built on the basis of specific requirements (40).
When the objective is the identification of new and chemically
diverse biologically active hits from large libraries of com-
pounds, it may be advisable to screen with pharmacophores
encoding few but key and conserved features absolutely re-
quired for binding. Then, the resulting filtered compounds are
forwarded to SBVS workflows for further screening and
narrower selection (41). Conversely, if the aim is to find
compounds with a desired selectivity profile, more specific
features (for example interactions with less conserved portions
of the binding site, excluded volumes, or desired nature of
intermolecular interactions) should be included (39,42). In
both cases, it may be useful to include ligand-specific features
encoded into more than one crystal structure.

Evaluating drug-like properties of compounds in a chem-
ical library is another crucial aspect. Given that biological
activity and ADMET properties often tend to have diamet-
rically opposed relationship with physicochemical proper-
ties, optimizing i vitro potency and ADMET properties is
usually a daunting task (43). For this reason, it is becoming
increasingly recognized that selecting hits with lower molec-
ular weight, even with lower @ witro potency (for example
micromolar instead of nanomolar or subnanomolar) but
with favorable drug-like properties, might give more
chances of developing an orally administered drug. Given
the considerable difficulty of optimizing ADMET properties
in drug discovery, physicochemical properties of the com-
pounds in the chemical libraries should be carefully evalu-
ated and considered early in the SBVS process.

When building a chemical library for SBVS, compounds
with poor drug-like properties should be filtered out, in

order to exclude a priori compounds with clearly unfavorable
pharmacokinetic properties. Moreover, properties that
could interfere with the subsequent i vitro and n vivo exper-
imentation, like compound solubility, the presence of highly
reactive groups or groups that appear as frequent hitters
(promiscuous compounds) in many biochemical high-
throughput screens should be taken into account. In this
way, the risk of selecting compounds with poor absorption
and permeation, or compounds whose biological inactivity
could be attributed to insolubility in the assay medium or
low membrane permeation, as well as compounds whose
biological activity derives from unspecific mechanisms, may
be reduced. Several drug- and lead-likeness simple rules are
available for this purpose (44). Moreover, a number of
studies have examined the relationship between computed
molecular properties and i vivo and in vitro ADMET prop-
erties (45). In silico modeling of ADMET properties will play
an increasingly important role in chemical library design
and screening (46). Very recently, it was suggested that
exploiting pharmacological similarity can provide useful
insight into potential safety liabilities that are neither iden-
tified by pure chemical similarity nor by risk assessment on
individual targets (47). The Biosim web server has thus been
developed to aid in the prediction of specific off-targets and
to highlight potential safety liabilities via pharmacological
similarity concepts (47). It is expected that further improve-
ments of the performance of ADMET predictions will gen-
erate better predictive models and, ultimately, more
promising compounds to be passed to @ silico screening.
Importantly, strategies specifically devised to better inte-
grate ADMET predictions and SBVS methods may syner-
gistically improve the quality of the generated hits and make
the subsequent drug optimization process less difficult.
Another problem, often underestimated, in drug devel-
opment is that a candidate drug should have negligible (or at
least controlled) off-target effects. In silico approaches have
been put forward to predict off-target and/or multi-target
activities as well as drug repositioning (15,48,49). In line
with this direction, the public-private PHACTS consortium
(www.openphacts.org) is building an Open Pharmacological
Space for providing a comprehensive framework of chemi-
cal, biological and pharmacological information on drugs
and small molecules for screening. This semantically
enriched and fully interoperable platform will deliver infor-
mation on small molecules and their pharmacological pro-
files, including pharmacokinetics and ADMET data as well
as on biological targets and pathways. When the platform
will be made available, it may provide valuable information
for generating focused libraries of ad hoc compounds based
on these concepts to be used in virtual screening. One final
comment is worth for the chemical diversity of the library,
an important feature that influences SBVS results. If the aim
is to find a number of chemically diverse hits, it is generally
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advisable to remove from the library compounds with sim-
ilar structures, in order to avoid populating the top positions
of the ranked lists with compounds carrying a similar struc-
tural information content (e.g. compounds typically differing
for substituents or isosteric replacements) (50). This makes
the selection of chemically diverse candidates less difficult.
However, it should be noted that when SBVS methods are
used for hit expansion or analog searching, chemical diver-
sity should be limited and generally restricted to the desired
classes of compounds (51).

Although it has become generally easy to find biologically
active compounds (although usually not ultra potent) for a
given macromolecular target using SBVS techniques, it
should be emphasized that the optimization of the resulting
hits in the subsequent hit-to-lead process remains generally
difficult (51). This poses a major problem in academia and
pharmaceutical companies, because a large number of poten-
tially interesting hit candidates are discovered but then remain
largely unexplored. Major obstacles that hamper compound’s
follow up include difficult synthetic schemes and undesirable
ADMET properties. As for synthetic difficulties, virtual syn-
thesis and retrosynthetic schemes should be evaluated already
during the analysis of the SBVS results, in order to select,
among the pool of potential ligands present in the ranked lists,
those that are more amenable to optimization. A better con-
vergence of virtual screening (and modeling in general) with
practical experimental tools and techniques may provide a
more sustained success. Approaches such as diversity-oriented
synthesis, click-type assembly of ligands into the protein bind-
ing site, and biologically-oriented synthesis, are examples in
this direction (52,53). One final obstacle to the prosecution of
the hit-to-lead optimization process, which is especially recog-
nized by pharma companies, is that the identified hits may not
possess enough structural novelty to warrant patentability.
This is one case in which a careful design of the chemical
library used for in silico screening may play a decisive role, for
example by assembling compounds from fragments using
chemical diversity and novelty criteria.
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