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Preface

Computer-aided drug design is an indispensable approach for accelerating and economizing
the costly and time-consuming process of drug discovery and development. In the recent
years, there has been a spurt in the protein and ligand structure data. This has led to a surge
in the number of databases and bioinformatics tools to manage and process the available
data. Optimal application of the vast array of available computational tools is crucial for the
discovery and design of novel drugs.

The aim of this volume on Computational Drug Discovery and Design is to provide
methods and techniques for identification of drug target, binding sites prediction, high-
throughput virtual screening, lead discovery and optimization, and prediction of pharma-
cokinetic properties using computer-based methodologies. This volume includes an over-
view of the possible techniques of the available computational tools, developing prediction
models for drug target prediction and de novo design of ligands. Structure-based drug
designing, fragment-based drug designing, molecular docking, and scoring functions for
assessing protein-ligand docking protocols have been outlined with practical examples.
Phylogenetic analysis for protein functional site prediction has been described. Virtual
screening and microarray studies for identification of potential compounds for drug discov-
ery have been described using examples. The use of molecular dynamics simulation for
virtual ligand screening, studying the protein-ligand interaction, estimating ligand binding
free energy, and calculating the thermodynamic properties of bound water has been pre-
sented with stepwise protocols. In silico screening of pharmacokinetic and toxicity proper-
ties of potential drugs has been demonstrated. The currently available algorithms and
software for protein-protein docking have been discussed with latest examples. Protocols
for quantitative structure-activity relationship have been described. Computational
approaches for the prediction of protein dynamics and protein aggregation have been
presented with relevant protocols. The important methods of enhanced molecular dynamics
have been analyzed with the help of practical procedure description. In silico analysis for
inclusion of solvent in docking studies has been described with detailed methodology. We
have also included a chapter on data analytics protocol, which is useful to summarize
independent studies on drug designing.

There is abundant literature available on bioinformatics. However, there is very limited
literature which will provide a step-by-step approach to utilize the various bioinformatics
tools. In this volume, we present a stepwise description of the protocols for the use of
bioinformatics tools in drug discovery and design. This volume will assist graduate and
postgraduate students, researchers, and scholars working in the fields of drug discovery and
design, pharmacology, bioinformatics, chemoinformatics, computational biology, medicinal
chemistry, molecular biology, and systems biology to effectively utilize computational
methodologies in the discovery and design of novel drugs.
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We would like to express our heartfelt gratitude to the series editor John Walker for his
valuable advice and support during every stage of development of this book. We thank all the
authors who contributed to this book in a timely manner and shared their practical knowl-
edge by providing stepwise methodology for the utilization of bioinformatics tools for drug
discovery and design. We hope that this volume will be helpful to both novice in the field of
bioinformatics and scientists actively engaged in drug discovery research.
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Chapter 1

Computer-Aided Drug Design: An Overview

Alan Talevi

Abstract

The term drug design describes the search of novel compounds with biological activity, on a systematic
basis. In its most common form, it involves modification of a known active scaffold or linking known active
scaffolds, although de novo drug design (i.e., from scratch) is also possible. Though highly interrelated,
identification of active scaffolds should be conceptually separated from drug design. Traditionally, the drug
design process has focused on the molecular determinants of the interactions between the drug and its
known or intended molecular target. Nevertheless, current drug design also takes into consideration other
relevant processes than influence drug efficacy and safety (e.g., bioavailability, metabolic stability, interac-
tion with antitargets).
This chapter provides an overview on possible approaches to identify active scaffolds (including in silico

approximations to approach that task) and computational methods to guide the subsequent optimization
process. It also discusses in which situations each of the overviewed techniques is more appropriate.

Key words ADMET, Anti-target, Computer-aided drug design, Ligand-based approaches, Molecular
optimization, Pharmacophore, QSAR, Structure-based approaches, Target-based approaches, Virtual
screening

1 Introduction

The term drug design describes the search of novel compounds
with biological activity, on a systematic, rational basis. Basically, it
relies on experimental information of the intendedmolecular target
or a similar biomolecule (direct drug design) and/or known bin-
ders of such target (indirect drug design). Lately, however, the idea
of using direct or indirect structural information on relevant anti-
targets has gained increasing attention to improve ligand selectivity
and reduce off-target interactions, leading to enhanced safety and
even improved pharmacokinetic profile [1–4]. In other words,
modern drug design not only relies on available molecular infor-
mation on the proposed molecular targets but also on the informa-
tion on antitargets.

In its most common form, drug design involves modification of
a known active scaffold (molecular optimization) or linking known

Mohini Gore and Umesh B. Jagtap (eds.), Computational Drug Discovery and Design, Methods in Molecular Biology, vol. 1762,
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active scaffolds, although de novo drug design (i.e., from scratch) is
of course also possible (e.g., fragment growing approximations). In
any case, a starting point or seed is required to build up or optimize
the active compound. Computer-aided methods have gained a
prominent role in both stages of modern drug discovery: searching
for starting points and making rational decisions regarding which
chemical modifications are more convenient to introduce to them.

Whereas in silico or virtual screening (VS) (i.e., using compu-
tational methods to explore vast collections of chemicals and iden-
tify novel active scaffolds) represents a rational way of finding
starting points to implement a drug design campaign, it should
be conceptually separated from drug design. Drug design is intrin-
sically and unequivocally related to finding molecular novelty, that
is, novel chemical entities. Novelty is the key, underlying drug
design. In contrast, in silico screening, which can be and usually is
coupled with drug design, typically explores the known chemical
universe in search of new active motifs. The novelty in virtual
screening is not in the chemistry of the emerging hits, but in
uncovering an unknown, hidden association between known che-
micals and a given biological activity. There are, however, many
alternatives to in silico screening to discover such association.

Besides its rationality, an attractive aspect of computer-aided
drug design is its accessibility. The technology gap between high-
and low-income countries is smaller for computer-aided drug dis-
covery than for any other process or approach in the drug discovery
cycle. This is in part because many computational resources and
applications have been made publicly available, and many compu-
tational tools used in the field run fairly smoothly in any modern
personal computer.

It should be emphasized, though, that several constrains oper-
ate on the process of drug design. First, synthetic feasibility of the
designed compounds should not be neglected [5]. A proposed
compound might not be synthetically attainable due to universal
technical reasons (lack of a given synthetic route) or to local limita-
tions (e.g., lack of access to required technology and/or reactants,
expensive synthesis). Equally important is the fact that drug discov-
ery is a challenging multiobjective problem, where numerous phar-
maceutically relevant objectives should be simultaneously
addressed [6], a problem further complicated by the fact that,
occasionally, some of those objectives might be conflicting, result-
ing in very complex solution spaces. For example, it is in general
accepted that higher selectivity leads to safer medications; however,
efficacious treatments for complex disorders might require multi-
target therapeutic agents which, by definition, are not exquisitely
selective [7]. On the other hand, as implicit in the famous Lipinski’s
rule of five and similar rules of thumb [8], a certain degree of
aqueous solubility is often pursued to assure absorption, but an
excessive solubility could be detrimental to absorption and
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biodistribution. Introduction of lipophilic substituents into ade-
quate positions of a ligand often translates into a gain in potency
[8], and certain degree of lipophilicity is also desirable in central
nervous system medications to achieve brain bioavailability
[9]. However, high lipophilicity conspires against both drug disso-
lution [10] and metabolic stability [11]. The key word in drug
design seems to be balance, which explains why multiobjective
optimization methods have gained such popularity in the field in
the past years [6, 12].

A scheme illustrating the complex interplay between some
pharmaceutically important drug properties is shown in Fig. 1.
Naturally, the scheme is an oversimplification. The nature of the
relationship between two properties might not be linear and many
counterexamples to the illustrated relationships can be found, e.g.,
while it is accepted that lipophilicity has a positive impact on cell
permeability, excessively high lipophilic drugs might become
sequestered inside the cell, with little improvement on permeability
across biological barriers (prominently, endothelial and epithelial
tissues) [13], thus determining a parabolic relationship between
lipophilicity and permeability. In general, hit identification is
potency-driven, preferring ligands with affinities in the nM range.
Whereas potent ligands are undoubtedly pursued in some cases

Fig. 1 A complex, conflicting interplay is observed between pharmaceutically relevant properties that are
taken into consideration when facing a drug design project. An inverse, possibly conflicting relationship
between two properties is indicated by a dashed line. Oppositely, a direct, favorable relationship is shown with
a continuous line
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(e.g., to treat anti-infectious diseases), the most potent ligand
might not be the first choice if trying to restore sensitive physio-
logic systems (e.g., the brain or the heart) to its normal function-
ing, since highly potent ligands will tend to impair normal
functioning and produce intolerable side effects.

This chapter overviews the computational approaches that can
be used to find novel active chemotypes and guide the subsequent
molecular optimization. General principles of rational drug design
are also tangentially visited.

2 Where to Start—The Value of Novelty

A critical question when conceiving a drug discovery project is
where to start. Obviously, any target-driven drug discovery project
today starts by choosing one (single-target agents) or more (tai-
lored multitarget agents) drug targets. What makes a good drug
target? First, it must be disease-modifying. Second, it must be
druggable, that is, it should be modulated by binding a small
molecule or, according to some authors, a biologic [14, 15]. If no
ligand is known to bind the potential target, druggability predic-
tion can be performed, which generally involves examining the
target surface for binding sites, or checking the existence of similar
proteins which have already proven to be druggable
[16–18]. Other desirable features include assayability, differential
expression throughout the body and a favorable intellectual prop-
erty situation (no competitors focused working on the same
target!) [14].

Second, if we exclude entirely de novo approximations, where
forcefully one should begin from a model of the molecular target,
any other approach requires a starting (and hopefully novel) active
scaffold (ligand) into which chemical modifications are introduced.

Leaving aside serendipitous discoveries (which are of course
useful but unsystematic), hints on potential active scaffolds of
natural origin can be found in traditional medicine. Alternatively,
one might resort to information on the natural ligand of an
intended molecular target to start a drug design project.

At this point, it is worth emphasizing that chemical structural
novelty is a key factor in the pharmaceutical sector. Novelty is a
fundamental requisite to obtain intellectual property rights on an
invention (and thus exclusivity). And although recently drug repur-
posing (finding new medical uses to already known drugs) has
raised considerable interest within the health community, it also
faces nontrivial intellectual property, regulatory, and commercial
challenges [19, 20]. Accordingly, the search of novel active chemo-
types remains a priority within the pharmaceutical industry due to
their intellectual property potential.
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High-throughput screening (HTS) methods are among the
most frequent approaches to explore the vast universe of known
chemicals in search of novel active scaffolds. It is the modern
version of the traditional trial-and-error, “exhaustive” screening.
The rationality of HTS lies in the integration of automation and
miniaturization to the screening process, which results in efficient
exploration of the chemical space [21]. Moreover, the approach has
been greatly improved by the design of target-focused libraries [22]
and the recognition of privileged scaffolds [23] (molecular frame-
works/building blocks that are present in many biologically active
ligands against a diverse array of targets). However, it should be
mentioned that HTS requires very expensive technological plat-
forms which are not frequently found in the academic sector or
low- and middle-income countries.

In contrast, VS requires considerably more accessible technol-
ogy, with many resources being completely publicly available, from
specialized software to online chemical repositories. The term VS
refers to the application of a diversity of computational approaches
to rank digital chemical collections or libraries in order to establish
which compounds are more likely to obtain favorable results when
experimentally tested through in vitro and/or animal models. They
have been conceived to minimize the volume of experimental test-
ing and optimize the results, thus being advantageous in terms of
cost-efficiency, bioethics, and environmental impact.

VS approaches can be essentially classified in two categories:
structure-based (or direct or target-based) and ligand-based
(or indirect) approximations.

Molecular docking is prominently used for structure-based
VS. Starting from an experimental structure of the target (or, at
worst, a homolog from other species or another protein belonging
to the same family, i.e., comparative or homology modeling), the
binding event is simulated and a scoring function is used to predict,
for the most likely binding poses, the free energy difference due to
the binding of the screened compounds to the target. While rigid
(computationally undemanding) or more accurate, flexible (com-
putationally demanding) approximations are possible, docking can
be considered a computationally demanding VS approach in com-
parison with ligand-based methods. A search/sampling algorithm
is used to generate a diversity of ligand-binding orientations (rigid-
body approximations) or ligand binding orientations and confor-
mations (flexible approximations). A major obstacle for the imple-
mentation of structure-based VS approaches comes from the fact
that the structures of many validated drug targets have not yet been
solved experimentally. Another caveat of docking relates to the
empirical nature of scoring functions, which in general, depending
on the type of scoring function, include a variable degree of param-
eterization. This limits the reliability of the method, plagued by a
high incidence of false positives [24]. Since the scoring functions
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are parameterized/trained against a number of experimentally
determined binding affinities or experimental structures, the per-
formance of the docking approach tends to be highly system-
dependent and scores are, at best, weakly predictive of affinities
[25]. Results are sometimes improved when different scoring func-
tions are combined into a consensus score [25]. A persistent prob-
lem of the scoring function is the elusive entropic contribution to
free-energy [24, 26] which is ignored in many cases or very approx-
imately estimated in others. The reader should remember that,
upon the binding event, the ligand will lose translational, rota-
tional, and conformational freedom, whereas the target will mostly
lose conformational freedom. The contributions of desolvation and
water molecules mediating ligand–protein interactions (which also
impact the initial and final entropy of the system) should not be
neglected either [27, 28], but often are. Free energy simulations,
which employ molecular dynamics or Monte Carlo simulations,
provide a much more rigorous solution to binding free-energy
estimation [24, 29, 30]. The emergence of low cost parallel com-
puting is starting to relegate docking to the role of a prescreening
tool, in favor of molecular dynamics-based VS [24, 29]. See Fig. 2
for a caption of a ligand–protein interaction simulation.

Ligand-based approximations may be applied whenever a
model of the target structure is not available or to complement
structure-based approximations. Concisely, ligand-based screening
methods can be classified into similarity searches, machine learning
approaches (prominently, supervised machine learning used in the
frame of the Quantitive Structure–Activity Relationhip—QSAR—
theory) and superposition approximations [31–33]. These techni-
ques differ in a number of factors, from their requisites to their
active enrichment or scaffold hopping.

Similarity search employs molecular fingerprints obtained from
2D or 3D molecular representations, comparing database com-
pounds with one or more reference molecules in a pairwise manner.
Remarkably, only one reference molecule (e.g., the physiologic
ligand of a target protein) is required to implement a similarity-
based VS campaign. Similarity searches are frequently the only
option to explore the chemical universe for active compounds
when lacking experimental knowledge on the target or related
proteins, or when the number of known ligands is too small and
impedes using supervised machine learning approaches.

Supervised machine learning approaches operate by building
models from example inputs to make data-driven predictions on the
database compounds. Machine learning approximations require
several learning or calibration examples. The general model devel-
opment protocol involves dataset compilation and curation (see
Note 1); splitting the dataset into representative training (calibra-
tion) and test (validation) sets (whenever the size of the database
allows it) (see Note 2); choosing which molecular descriptors
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should be included into the model (see Note 3); weighing the
contribution of such descriptors to the modeled activity; validating
the model internally and externally and; checking the applicability
domain of themodel whenever a prediction ismade [34].Molecular
diversity of the training samples is critical for VS applications of
supervised machine learning: the molecular diversity of the calibra-
tion examples is directly correlated with a wide applicability domain
of the resulting model.

Fig. 2 Snapshots from a molecular dynamics simulation of the interaction
between anticonvulsant sulfamides and carbonic anhydrase. Note the
significant conformational changes induced by the ligand binding event
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Finally, superposition techniques are conformation-dependent
methods that analyze how well a compound superposes onto a
reference compound or, more frequently, how well they fit a fuzzy
model (pharmacophore) in which functional groups are stripped
off their exact chemical nature to become generic chemical proper-
ties relevant for the ligand–target interaction (hydrophobic points,
H-bond donor, H-bond acceptors, charged groups, etc.). The
pharmacophore is thus a geometric, 3D arrangement of generic,
abstract features which are essential for the drug–target recognition
event. Some approaches that have been used for pharmacophore
generation can also include negative features (features that conspire
against biological activity) in the model. In contrast with docking,
which considers the key features required for drug–target interac-
tion in a direct manner, superposition techniques do the same in an
indirect way, by inferring such features from known ligands. Super-
imposition methods are, by far, the most visual, easy to interpret
and physicochemically intuitive ligand-based approaches. The pro-
cess is facilitated if the modeler counts on an active rigid analog
with limited conformational freedom. Usually, though, one may
resort to flexible alignment (superimposition) of a set of flexible
ligands, either generating a set of low energy conformations and
considering each conformer of each ligand in turn or exploring
conformational space on the fly, i.e., the conformational search is
performed simultaneously to the pattern identification stage (align-
ment stage) [35, 36]. It should be noted that, when applying
pharmacophore-based VS, orientation sampling is probably as
important as conformational sampling, since chemical diversity is
expected in the screened chemical library and defining an orienta-
tion criteria is thus nontrivial. It should also be mentioned that
structure-based pharmacophores are also possible [37].

Which in silico screening method should be chosen to start a
rational drug discovery project? Of course, as indicated in the
preceding paragraphs, the selection is restricted by the available
data (structure-based approaches require experimentally solved
3D structure of the target or similar target; supervised machine
learning requires a minimum of calibration samples, and so on.).
But even if the technical requirements to implement any approach
were met. . .is there a single approach that universally, consistently
outperforms the remaining ones? Is there a method of first choice?

As a rule, the more complex approximations (structure-based
approaches and, then, pharmacophore superposition) are the most
advantageous in terms of scaffold hopping (they retrieve more
molecular diverse hits), while simpler approaches are computation-
ally more efficient while simultaneously achieving good active
enrichment metrics [38]. Furthermore, structure-based approaches
and pharmacophores explain, in an explicit or implicit way, respec-
tively, the molecular basis of ligand–target interaction. They are
visual and easily interpretable, two points which are not covered
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by other approximations. These advantages should not be under-
estimated. Not only are they important from an epistemological
perspective (they provide results and explanations), they also pro-
vide a visual support to their predictions and visual support is
extremely important to communicate results to nonspecialized
audiences (e.g., scientific collaborators from other fields, investors).
Having said so, one should have in mind that the efficacy of a given
technique is highly dependent on the chosen molecular target.
Regarding VS approaches, a gold standard has not been found
yet, a fact that explains the need of rigorous in silico validation
before moving to VS and subsequent wet experiments. Some vali-
dation approaches are briefly discussed (see Note 4).

Frequently, different techniques are complementary in nature
[39] and the simplest methods have surprisingly good outcomes in
some cases. This allows the definition of hybrid protocols combin-
ing simple and complex approximations either serially or in parallel
[40] (Fig. 3); serial combined approaches tend to provide robust
solutions.

A final and important step to prune the hits emerging from
systematic screening involves filtering out promiscuous com-
pounds, unspecific inhibitors and reactive compounds, such as
PAINS and REOS filters [41, 42].

Fig. 3 While in parallel VS hybrid methods result in combination of complemen-
tary sets of hits (thus retrieving more chemical diversity), serial hybrid methods
tend to produce more robust, consensus hit sets
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3 The Actual Design: Hit to Lead and Beyond

Let us assume that one or more hits have emerged from systematic
(wet or in silico) screening (or, maybe, that a starting active scaffold
has been obtained from natural ligands of the intended target or
from traditional medicine or from a serendipitous observation).
The actual drug design process starts here, and involves introdu-
cing changes to the active scaffold in order to optimize the interac-
tion with the target thus gaining potency, and/or to provide
selectivity in relation to nontargeted similar proteins (e.g., nontar-
geted isoforms). Today, the optimization of other pharmaceutically
relevant properties (e.g., chemical and biological stability) is also
considered. Hits emerging from VS are usually active in the μM
range (or, at best, in the high nM range) [43, 44]. A similar scenario
has been observed in HTS campaigns [45]. Molecular optimization
will usually decrease the dissociation (affinity) constant in about
two orders of magnitude. From the 1990s onward, however, the
pharmaceutical sector has understood that potency is not the only
property to take into consideration, a realization that was expressed
in the adoption of the “fail early, fail cheap” philosophy with the
inclusion of in silico in vitro absorption, distribution, metabolism,
excretion, and toxicity (ADMET) filters in the early stages of drug
discovery [46, 47] and the emergent interest in low affinity ligands
within certain therapeutic categories [48]. Classical optimization
strategies include extension, ring variations, ring expansion or con-
traction, bioisosteric replacement and rigidification. In the case of
(complex) active compounds of natural origin, simplification is also
explored.

With the exception of similarity methods, which are of no use
for optimization purposes, all the other approaches described in
Subheading 2 of the chapter can be used to guide optimization. If
the structure of the intended target has been solved, docking and
structure-based pharmacophores are the first choices to guide opti-
mization. They are the only methods that allow exploring, in a
rational manner and without the need of trial and error learning,
interactions with regions of the target that have not been exploited
with previously known ligands. Among ligand-based approxima-
tions, pharmacophore superposition is the friendliest approach to
molecular optimization. However, the QSAR approach is also suit-
able for design purposes, guiding the substitutions made onto the
active scaffold; moreover, the inverse QSAR approach (in which,
from molecular descriptors, new molecules having the desired
activity could be “recovered”) are also suitable for design of de
novo molecules [49–51]. It should be noted that, while classifica-
tion models are useful for VS campaigns, since they can compensate
model errors related to data compiled from different laboratories,
outlier compounds and mislabeled data points [34], when the
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QSAR model is meant for optimization purposes regression mod-
eling can be particularly useful, since the training dataset is usually
synthesized inhouse and experimentally tested in the same labora-
tory. Furthermore, whereas VS applications require chemically
diverse datasets, QSAR models used in optimization campaigns
would typically display a narrower applicability domain, since they
are obtained from a set of compounds with a common scaffold
which has been modified to explore the surrounding chemical
space.

4 In Silico ADMET Filters and Antitargets

From the 1990s onward, the search of more potent derivatives of
an active scaffold has been balanced with early detection of poten-
tial bioavailability and toxicity issues. As a result, in silico and
in vitro ADME filters are now fully integrated in the early stages
of drug discovery and development. Such strategy has resulted in an
impressive reduction of project termination rates related to ADME
issues [46, 47] though pharmacokinetics and bioavailability still
represent a significant cause for attrition at Phase I clinical trials
[52–54]. Toxicology failures (both at preclinical and clinical stage)
represent one of the key challenges still facing the pharmaceutical
industry [52–54].

The earliest ADME filters involved simple rules of thumb
derived from distribution analysis of physicochemical properties
of drugs having or lacking a desired behavior. Lipinski’s rule of
five at Pfizer pioneered this kind of analysis [8], which was later
followed by other similar rules related to the prediction of drug
bioavailability, such as Veber’s [55]. This trend was also explored in
relation to toxicity, e.g., the “3/75” rule [56]. Later, however,
arguments have been raised against rigid implementations of
these kinds of rules [57], and the possible advantages of moving
beyond the “rule of five” chemical space for difficult targets have
been emphasized [58, 59], as well as notable systematic exceptions
to this rule (e.g., natural products) [59, 60]. Lipinski himself, when
first reporting his famous rule, recognized that acceptable drug
absorption depended on the triad “potency–permeability–solubi-
lity”, and that his computational alert did not factor in drug
potency (a point of his analysis that is often overlooked) [8]; he
also recognized the potential contribution of drug formulation to
oral bioavailability, a contribution that can be addressed today
through in silico tools [61].

It has been suggested that control of physicochemical proper-
ties is unlikely to have a significant effect on attrition rates; more-
over, if a safety issue results from the primary drug target
mechanism or from specific off-target interactions (e.g., hERG
channel blockade), it is unlikely that physicochemical properties
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would be predictive of toxicity [52]. A similar point could be made
regarding prediction of bioavailability issues linked to specific inter-
actions with enzymes (e.g., CYP450 enzymes) or transporters
(e.g., ABC efflux transporters). In these cases, using previously
discussed computational tools (docking, pharmacophores, QSAR
models) in connection with the antitarget concept could be more
advantageous.

The use of more complex (yet simple) multiparameter algo-
rithms that address the interplay of physicochemical properties
could also prove rewarding [12].

5 Final Remarks

We have presented an overview of the most relevant methods used
in computer-aided drug design. While human beings (and scientist
in particular) are naturally inclined to a way of thinking based on
pattern recognition and identification of generalities, successful
drug design comprises such a complex interplay between a number
of objectives (e.g., efficacy, safety, and desired physicochemical
properties) that the drug designer should beware oversimplification
and dogmatic principles, which may lead not only to bad decisions,
but also to loss of opportunities and novelty.

As the name itself suggests, drug design per se resembles an
attentive artisan craftwork. The screening stages and the application
of ADMET-related computational alerts, in contrast, involve more
automated decisions, compatible with the idea of efficient explora-
tion and fast pruning of a vast chemical universe. Fast pruning
usually leads, however, to an over reduced chemical space. Flexible
decision rules should be preferred over rigid ones, since they
expand the borders of the more frequently explored regions of
the chemical universe.

The decision to stop a drug candidate for toxicological or
pharmacokinetic reasons involves complex and subtle judgements
that should take into consideration cost–benefit analysis and avail-
able options to compensate the predicted difficulties (e.g, formula-
tion alternatives, targeted-drug carriers). It is advised to be careful
with excessive automation, to favor critical case-by-case decision-
making as much as possible and to consider difficulties in a multi-
disciplinary way, including contributions of different professionals
involved in the drug discovery cycle at each stage of the drug
project.

6 Notes

1. Compiling and curating a dataset is one of the most important
steps in supervised machine learning. The dataset will be used
to infer the model and to validate it. The inferred model will
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only be as good as the biological or biochemical data from
which it is derived: the unknown noise in the training data is
one of the factors that influence the generalization error. It is
accepted that biochemical data (e.g., dissociation constants) are
cleaner than biological data. The activities of all the training
instances should be of comparable quality. Ideally, they should
have been measured in the same laboratory under the same
conditions, so that variability in the measured biological or
biochemical activity only (or mostly) reflects treatment varia-
bility. This requirement is often accomplished when building
models for optimization purposes from a series of inhouse
synthesized compounds, but rarely met when building models
for VS purposes (in this case, the need of a large and diverse
training set frequently leads to compile experimental data from
different laboratories).

Data distribution should be studied in order to avoid
poorly populated regions within the studied chemical space as
well as highly populated narrow intervals: extrapolation is for-
bidden but intrapolation in regions which are poorly populated
by training examples is also risky. The dependent variable
should span at least two or three orders of magnitude, from
the least to the most active compound, and it should be
(if possible) uniformly distributed across the range of activity
(rarely achieved). The inclusion of leverage points (outliers,
i.e., data exceptions represented by extreme values in the
descriptor or response space which is not due to measurement
or labelling errors) is discouraged.

Conscientiously curate the dataset: read data sources care-
fully and remove training examples extracted from inadequate
or dubious experimental protocols. There are currently several
databases that compile experimental data for small molecules
(e.g., ChEMBL); such resources are manually curated from
primary scientific literature. ChEMBL developers flag activity
values that are outside a range typical for a given activity type,
possibly missing data and suspected or confirmed author
errors. Classification models can be used to alleviate the influ-
ence of data heterogeneity; they are useful for VS applications
but less practical for models intended for optimization
purposes.

Not only experimental data but also chemical structures
should be curated. Do not underestimate the importance of
this step: it is quite common that medicinal chemistry papers
and chemical databases include structural mistakes. Remove
those data points that are usually not handled by conventional
cheminfomatic techniques: inorganic and some organometallic
compounds, counterions, salts and mixtures (there exist molec-
ular descriptors, however, that can be used to characterize ionic
species if the dataset molecules are charged at the biologically
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relevant pH and it is thus suspected that molecular charge can
influence drug–target interactions). Duplicates should also be
removed to avoid exaggerated incidence of a single compound
on the model. Some chemical functions and moieties that can
be represented in multiple ways should be standardized: aro-
matic rings, nitro groups, etc. Tautomeric groups should also
be curated. Many of the previous steps can be performed in an
automated manner by specialized software applications (e.g.,
ChemAxon’s Standardizer). It is advisable, though, to manu-
ally verify a random subset of the resulting curated molecular
structures to ensure everything has gone well. Also note that
some software applications used for molecular descriptor cal-
culation impose restrictions to the molecular representations
that can be input (e.g., explicit or implicit hydrogens, and
aromatic rings).

2. Once the dataset has been compiled, it is typically split into a
training set (to calibrate the model) and an independent test set
(which will be used to estimate the model’s predictive ability).
Partitioning the dataset is not a trivial task. Often, training and
test sets are obtained through random sampling or activity
range algorithms. These approaches are especially appropriate
when training and test sets are comparable in size, but better
results are expected with more rational partitioning procedures
such as sphere exclusion algorithms when test sets are small in
comparison with the corresponding training sets. This is the
typical situation: only 10–20% of the dataset is usually reserved
for the test set. If active and inactive compounds are included in
the training set, it is preferred that both categories are balanced
in order to avoid bias toward the prediction of the overrepre-
sented category.

3. Molecular descriptors are numerical variables that reflect chem-
ical information encoded within a symbolic representation of a
chemical compound. There is an extensive diversity of descrip-
tors available to reflect different aspects of a molecule, from
simple functional group counts to time-demanding quantum
descriptors. Two fundamental aspects can be considered at this
stage. First, the throughput speed associated to different kinds
of descriptors. Second, the interpretability of each type of
descriptor. If the models are intended to be used to screen
large collections of chemicals, the selected molecular descrip-
tors should ideally be easy to compute. If the model is expected
to describe structure–activity relationships of a reduced num-
ber of chemically similar compounds, more computationally
demanding descriptors could be afforded.

If 3D descriptors are considered, an interesting question is
what conformation should be used to compute the correspon-
dent descriptor values. An ideal solution to account for the
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conformation dependency would be to determine the bound
(also called bioactive) conformation and the conformational
energy. Defining the bound conformation is a difficult and
time-consuming task. Bound conformations of ligands can be
obtained experimentally by NMR or X-ray crystallography, but
the number of ligands which have not been cocrystallized with
the target protein greatly exceeds the number that have. Crys-
tal structures also have limitations, from data acquisition and
data refinement errors to the potential inadequacy of crystal
structures to represent the conformational ensemble in solu-
tion. Precious clues on the active conformation can be obtained
when rigid ligands with restricted conformational freedom are
available. When no clues on the bioactive conformation can be
inferred from experimental data or rigid ligands, the modeler
has no alternative but to sample the potential energy surface of
the ligands; a number of methods (all of them computationally
demanding) are available for such purpose, including system-
atic search, stochastic approaches, and molecular dynamics.
Very frequently very rough approximations are performed in
this stage, from using the presumed global energy minimum or
a local energy minimum (which is not representative of the
bioactive conformation) to energy minimization procedures
in vacuum that neglect solvent effects. Note that the strain
energy is characteristically below 10 kcal/mol, but there are
exceptions.

In most applications, a subset of descriptors will be chosen
from a relatively large pool of descriptors. There is a diversity of
methods to proceed with descriptor selection (genetic algo-
rithms, stepwise approaches, replacement method, and many
others). What number of descriptors should be allowed into
the model? In our experience, at least 10 training compounds
per independent variable is a good choice to control the gener-
alization error, avoiding overfitting. Some authors propose
that, for noisy data, an optimal trade-off between approxima-
tion and estimation errors is achieved if the number of para-
meters in the model is around the cubic root of the number of
training examples (this is the most conservative approach that
we have so far heard). In any case, overfitting can be retrospec-
tively controlled with adequate validation protocols.

4. With the sole exception of similarity searches, which are not
subjected to in silico validation (direct experimental validation
of the predictions is performed) all the other described
approaches (structure-based approximations, machine learning
and pharmacophores) should be validated in silico, although
how the validation process is executed depends on each tech-
nique. In the case of docking, for instance, the most frequent
validation criteria include a method’s ability to reproduce the
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correct bound conformation of a ligand–protein complex
(redocking), its ability to assign better scores to high affinity
ligands than to decoys (the Directory of Useful Decoys is a
practical resource to obtain such decoys) and the ability to
produce scores that show some correlation with the measured
affinities of known ligands.

Regarding validation of supervised machine learning tech-
niques, it can be classified in internal and external validation. In
the internal validation approaches, the training set itself is used
to assess the model stability and predictive power; in external
validation, a holdout sample absolutely independent from the
training set is used to test the predictive ability. Though there is a
diversity of techniques used for internal validation purposes, the
most frequent are cross-validation and Y-randomization. In
cross-validation, different proportions of training examples are
iteratively held out from the training set used for model devel-
opment; the model is thus regenerated without the removed
examples and the regenerated model is applied to predict the
dependent variable for the held out compound/s. The process is
repeated at least until every training compound has been
removed from the training set once. When only one compound
is held out in each cross-validation round, we will speak of leave-
one-out cross validation. If larger subsets of training samples are
removed in each round, we will speak of leave-group-out, mul-
tifold cross-validation, leave-many-out cross-validation, or
leave-some-out cross-validation. Obviously, the more com-
pounds removed per cycle, the more challenging the cross-
validation test. Cross-validation in general and leave-one-out
cross-validation in particular tend to be overoptimistic.
Y-randomization involves scrambling the value of the experi-
mental/observed dependent across the training instances, thus
abolishing the relationship between the response and themolec-
ular structure. Since the response is now randomly assigned to
the training cases, poor statistical parameters are expected to be
found if the model is regenerated from the scrambled data.

With regard to external validation, i.e., using an indepen-
dent test set to establish the model predictive power, it has been
regarded as the most rigorous validation step, although some
conditions should be met for the results to be reliable: the test
sample should be representative of the training sample; at least
20 hold out examples are advised when the test set is randomly
chosen from the dataset, and, if possible, at least 50. Some
authors suggest that only internal validation is advised for
small (<50 examples) datasets. In that case not only valuable
and scarce training cases would be lost if resorting to external
validation, but the reduced test set will give dubious results. In
that scenario, leave-group-out using folds comprising 30% of
the training set has provided robust results across several small
datasets.
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Chapter 2

Prediction of Human Drug Targets and Their Interactions
Using Machine Learning Methods: Current and Future
Perspectives

Abhigyan Nath, Priyanka Kumari, and Radha Chaube

Abstract

Identification of drug targets and drug target interactions are important steps in the drug-discovery
pipeline. Successful computational prediction methods can reduce the cost and time demanded by the
experimental methods. Knowledge of putative drug targets and their interactions can be very useful for
drug repurposing. Supervised machine learning methods have been very useful in drug target prediction
and in prediction of drug target interactions. Here, we describe the details for developing prediction models
using supervised learning techniques for human drug target prediction and their interactions.

Key words Drug target identification, Drug target interaction, Feature selection, Machine learning

1 Introduction

One of the salient steps in the drug-discovery pipeline is the identi-
fication of drug targets or druggable proteins. Druggable proteins
can be defined as those proteins which can be regulated by interac-
tion with a drug and whose interaction can be exploited to produce
a therapeutic effect. Majority of druggable targets belongs to the
G-protein coupled receptors, ion-channels, and kinases [1]. Tradi-
tionally microarrays [2] including both nucleic acid microarrays [3]
and protein microarrays [4, 5] are used for identification and vali-
dation of drug targets. Also one of the alternative suitable methods
is high throughput NMR-based screening for drug target interac-
tion [6]. Expression profiling, biochemical and cell based assays,
and cell and model organism based genetics which involves pertur-
bation of gene function are the three major methods for drug target
discovery [7]. Novel drug targets can be identified broadly under
three major levels—physiological, mechanistic, and genetic
levels [8].
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Experimental methods for drug target identification and
drug–target interaction are costly and time consuming. A compu-
tational predictor at the human proteome level will be of great
importance for the pharmaceutical industry. Computational meth-
ods can also expedite the process of drug target identification by
reducing the time consumed in the experimental methods.

The three important challenges that are being tackled in the
drug-discovery pipeline are the drug target identification/predic-
tion, drug–target interaction prediction, and prediction of drug
binding residues. Accurate and most significant prediction methods
can facilitate in reducing the target search space. The prediction of
drug–target interaction is a challenging task as it presents a situa-
tion of many to many mapping (i.e., a single drug can interact with
many targets and vice versa). Furthermore, the prediction of drug
binding residues is also an inevitable job in target identification
study. Availability of very limited number of target structures in
repositories directs most of the studies to adopt sequence feature
extraction based prediction [9–11], however a structure based
analysis of druggable pockets using physicochemical properties
have also been reported [12]. A similar druggable microenviron-
ment analysis resulted in the development of DrugFEATURE
[13]. There are only few validated and well-proven drug target
prediction methods available. Further reliable improvements and
innovative methods can be used to increase the prediction rate in
drug target discovery. Discovery of a large number of putative drug
targets and their interactions with known drugs are still a basic need
of medicinal sciences for curing life-threatening diseases. Compu-
tational methods can reduce the cost and time which is involved in
drug target identification. The promiscuity of drug–target interac-
tions makes it difficult to develop machine learning based classifica-
tion models. Prediction of new drug targets and drug target
interactions can open new doors for drug discovery and drug
repurposing for a given disease. The drug targets and their interac-
tions may facilitate the understanding of drug action at molecular
level and increase the success rate of drug discovery. The major
steps for prediction of drug targets and their interactions are shown
in Figs. 1 and 2, respectively.

2 Materials

2.1 Machine

Learning Platforms

For the development of machine learning models, there are many
open source platforms like WEKA [14], KNIME [15], RapidMiner
[16], H2O [17], and Scikit-learn [18]. WEKA, KNIME, RapidMi-
ner, and Scikit-learn provide a plethora of data preprocessing,
classification, and clustering algorithms, while H2O is mostly dedi-
cated to deep learning neural networks. H2O can be implemented
in both R and python. Graphical User Interface (GUI) facility is

22 Abhigyan Nath et al.



available in WKEA, KNIME, and Rapidminer which makes it easy
to experiment with a large number data processing and machine
learning algorithms.

One of the common formats consisting of feature values for a
group of instances, which is almost supported by all the above-
mentioned machine-learning platforms, is the Attribute-Relation
File Format (ARFF). The ARFF file consists of header and data
part. The header part consists of title, name of the relation, a list of
attributes (features) with their types and the data part consists of
the values of the calculated features with the class information for
each instance. In Fig. 3 we have presented dummy ARFF file
consisting of features for two classes—drug targets and nontargets
with four features (Molecular weight, mean hydrophobicity, aro-
matic amino acid composition, and charged amino acid
composition).

Dataset consisting of 
known drug targets 
and non drug targets

Fixed length representation of the protein sequences by 
calculating measurable properties such as amino acid 
composition, dipeptide composition, physicochemical 
properties, pseudo amino acid composition etc.

Training using machine 
learning algorithms

Selection of best 
prediction model

Performance evaluation using K-fold cross 
validation or Leave one out cross validation 
or by training/testing set split

Fig. 1 Schematic representation of the steps for drug target prediction
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Training using machine learning algorithms

Selection of best 
prediction model

Performance evaluation using K-fold cross
validation or Leave one out cross validation or 
by training/testing set split

Confirmed Drug–target pairs (positive examples)
and unknown drug-target pairs (negative 
examples)

Drug -features Target -features

Fig. 2 Schematic representation of the steps for drug–target interaction prediction

Fig. 3 The structure of an ARFF file
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2.2 Databases

for Creating

the Dataset

A number of databases are now available consisting of specialized
information about drug and their targets. For example DrugBank
[19] consists of information about drug–target relationships; like-
wise Matador [20] also consists of direct and indirect drug–target
relationships. Similarly SuperTarget [20] and Therapeutic Target
Database (TTD) [21] also have high quality information about
drug–target relationships. Along with the drug–target relationship
data, Integrity [22] provides associated disease information also.
Potential Drug Target Database (PDTD) [23] augments the infor-
mation of drug–target relationship with structural data of the target
while BindingDB [24] is one of the major databases consisting of
experimentally derived protein–ligand binding affinities.

2.3 Tools

and Servers

for the Calculation

of Features

A number of stand-alone programs and web servers are available
which can be used to generate a variety of features of protein targets
and non targets. PROFEAT [25, 26] is one of the oldest web
servers capable of calculating structural and physicochemical prop-
erties from proteins sequences. PseAAC-builder [27] which is a
stand-alone program and PseAAC [28] a web server are dedicated
to the generation of various modes of pseudo amino acid composi-
tion [29]. Pse-in-One [30] which is a web server providing services
for the calculation of pseudo components for proteins as well as
nucleic acids. Complimentary to other programs ProtDcal [31] can
also be used for generating a number of numerical descriptors from
protein sequences as well as from 3D structures. Apart from the
above mentioned stand-alone programs and web servers, propy
[32] and protr [33], a python and an R package respectively may
be implemented for the calculation of a large number of attributes
as per the need of the problem. Various types of molecular descrip-
tors of molecular compounds can also be easily computed using
web servers like PaDEL [34], MODEL [35], and Mold2
[36]. These calculated features can be used as features in developing
prediction models for drug–target interactions.

3 Methods

3.1 Dataset Creation For any supervised learning algorithm there should be a labeled
dataset, i.e., data instances along with their classes. The foremost
requirement for training a supervised learning algorithm is the
availability of a benchmark dataset having proper representation
of the various classes (in case of binary classification—positive and
negative classes), but seldom it is so. A dataset is said to be imbal-
anced when the number of data points (instances/examples)
belonging to a particular class overwhelms the number of data
points of the other class. In the case of human drug target predic-
tion the number of instances belonging to the drug target is less as
compared to the non targets. In such cases the machine learning
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algorithms have difficulty in learning the concepts of the minority
class (drug targets) as compared to the majority class (nondrug
targets) (see Note 1). The generated classifier behaves like a major-
ity class classifier. For handling the imbalance data problem two
types of approaches can be applied (1) intrinsic approaches
(2) extrinsic approach. The intrinsic approaches involves the adap-
tion in machine learning algorithms for handling the class imbal-
ance, while extrinsic approaches are algorithm independent and
involves changes in the dataset to handle class imbalance, a popular
example is SMOTE [37] and its variants. Known drug targets are
considered as the positive class while proteins which are not con-
firmed as targets are considered as non drug targets (negative class).
Likewise confirmed/ known drug–target pairs are considered posi-
tive examples and unknown drug–target pairs are considered as
negative examples.

3.2 Feature

Engineering

The machine learning algorithm requires a fixed length representa-
tion of the protein sequences. Many packages and web servers are
now available which can be used to calculate the various measurable
properties from the protein sequences. In [9] authors have calcu-
lated amino acid composition, dipeptide composition, and amino
acid property group to discriminate between human drug targets
and non targets. Apart from simple sequence features, sophisticated
features like pseudo amino acid composition can also be calculated
with the help of various programs as mentioned in Subheading 2.

3.3 Feature Selection Certain learning algorithms may perform worse, when learning con-
cepts to discriminate between classes formhighdimensional data, this
situation is knownas the “curse of dimensionality.”The aimof feature
selection algorithms is to select a minimum set of features while
achieving maximum classification accuracy (see Note 2). Using a
reduced feature set provides many advantages as reduced training
time, model simplification, and reduction in overfitting. Feature
selection can be stated as:Given a set of predicted/calculated features
(attributes) F and a target variable (class) “C.” Findminimum of set f
achieving maximum classification of C. In majority of cases feature
selection improves the performance of classification algorithm.

There are basically two main approaches for feature selection
(1) Wrapper approach (2) Filter approach. In wrapper approach,
one keeps adding features using a certain classifier until no further
improvement can be achieved (forward search) or one can start
with the full feature set and keeps on removing one feature at a time
until no further improvement is recorded. Alternatively one can use
both adding and removing features in two phases. Filter methods
are independent of classifier but uses association of features with the
target class for feature selection [38].
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3.4 Performance

Evaluation

Various threshold dependent and threshold independent perfor-
mance evaluation metrics can be used for judging the performance
of the machine learning algorithms (see Note 3).

Sensitivity: This can be defined as % of correctly predicted drug
targets.

Sensitivity ¼ TP

TPþ FNð Þ � 100 ð1Þ

Specificity: This can be defined as % of correctly predicted
nondrug targets.

Specificity ¼ TN

TNþ FPð Þ � 100 ð2Þ

Accuracy: This can be defined as the % of correctly predicted
drug targets and nondrug targets.

Accuracy ¼ TPþ TN
�
TPþ FPþ TNþ FN

�� 100 ð3Þ

Matthews Correlation Coefficient (MCC): For binary classi-
fication problems it’s a useful performance evaluation metric. Its
values ranges from �1 to +1 (worse to best).

MCC ¼ TP� TNð Þ � FP� FNð Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TPþ FNð Þ TPþ FPð Þ TNþ FPð Þ TNþ FNð Þp ð4Þ

Youden’s index: This performance evaluation metric gives an
indication about the model’s ability to avoid failures. Higher values
are better.

Y ¼ Sensitivity � 1� Specificityð Þ ð5Þ
Area under the Curve (AUC): The area under the receiver

operation characteristic curves know as AUC and can be used to
summarize the ROC by a single numerical quantity. Its values
ranges from 0 to 1 and is threshold independent [39].

g -means: This is the geometric mean of sensitivity and
specificity

g�means ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sensitivty � Specificity

p
ð6Þ

3.5 Conclusion

and Future Perspective

Machine learning methods have advantage over sequence align-
ment based methods as they can take into account of the hidden
similarities between features for generating successful prediction
models. Sequence feature generation step should account to cover
as much as possible of chemical and genomic space. Protein–pro-
tein interaction data notably from databases like STRING [40],
BioGRID [41] and Human Protein Reference Databases(HPRD)
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[42], subcellular location, knowledge of functional domains, gene
expression profiles can be incorporated as useful features. A variety
of network properties (like betweenness and connectivity) can also
be calculated which can be used as features along with other
sequence and structure based features. Integrating different types
of attributes/features should result in more accurate predictors.
Most of the machine learning techniques are black-box prediction
methods which does not allow to interpret the relationship between
attributes used in developing the classification methods, rule based
prediction methods can compensate for this shortcoming. It is
imperative to accurately develop computational methods for pre-
dicting drug targets which is one of the preliminary stages of drug
development pipelines which will facilitate to reap benefits in the
later stages of the pipeline.

The human drug target space is enormous and a prediction
system which can sensitively predict drug targets is needed.
Machine learning methods can augment wet lab methods. With
the advent of big data technologies, the vast chemical and genomic
space could be mined more successfully and efficiently. As develop-
ment in the field of machine learning continues to grow, the future
of prediction of drug targets and their interaction is promising.

4 Notes

1. The human drug target classification presents a case of imbal-
ance data problem where the number of human drug targets is
far less than the nondrug targets. Using an algorithmwhich can
take into account data imbalance will be more suitable, alterna-
tively datasets can be balanced using SMOTE and its variants.

2. In some cases it is useful to standardize/normalize the features
for better learning for certain machine learning algorithms.

3. There are two major ways to evaluate the performance of
machine learning algorithms: K fold cross-validation and train-
ing/testing set split based evaluation. The two common ver-
sions of cross-validation are the tenfold cross-validation and
fivefold cross-validation. Leave one out cross-validation
(LOOCV) is a special case of K fold cross-validation where
K ¼ n (total number of samples in the dataset). In K fold
cross-validation, the dataset is broken into K subsets, then
each subset is used once as a testing set while the remaining
(K-1) subsets are used for building the prediction model. In
LOOCVeach sample is kept once for testing while the model is
built upon the rest of the samples. If the data is plentiful, then
both tenfold cross-validation and train/test split methods of
evaluation should be used.
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Chapter 3

Practices in Molecular Docking and Structure-Based
Virtual Screening

Ricardo N. dos Santos, Leonardo G. Ferreira, and Adriano D. Andricopulo

Abstract

Drug discovery has evolved significantly over the past two decades. Progress in key areas such as molecular
and structural biology has contributed to the elucidation of the three-dimensional structure and function of
a wide range of biological molecules of therapeutic interest. In this context, the integration of experimental
techniques, such as X-ray crystallography, and computational methods, such as molecular docking, has
promoted the emergence of several areas in drug discovery, such as structure-based drug design (SBDD).
SBDD strategies have been broadly used to identify, predict and optimize the activity of small molecules
toward a molecular target and have contributed to major scientific breakthroughs in pharmaceutical R&D.
This chapter outlines molecular docking and structure-based virtual screening (SBVS) protocols used to
predict the interaction of small molecules with the phosphatidylinositol-bisphosphate-kinase PI3Kδ, which
is a molecular target for hematological diseases. A detailed description of the molecular docking and SBVS
procedures and an evaluation of the results are provided.

Key words Autodock vina, Drug discovery, Molecular modeling, Structure-based drug design, X-ray
crystallography

1 Introduction

Modern drug research and development (R&D) relies on the dis-
covery of low-molecular weight compounds that interact with
disease-related biological macromolecules (known as receptors or
molecular targets) in a selectiveway.Although the number ofmolec-
ular targets that can be modulated by pharmacological agents is
estimated in approximately 10,000 gene products, only 4% of these
macromolecules are being investigated in drug discovery programs
[1]. In view of the potential that this unexplored space represents,
understanding the fundamentals that drive ligand–receptor interac-
tions is of critical importance to drug R&D [2]. In this context,
structure-based drug design (SBDD), that is, the use of structural
information ofmolecular targets to improve aspects related to ligand
binding, is a core approach in the pharmaceutical industry [3].

Mohini Gore and Umesh B. Jagtap (eds.), Computational Drug Discovery and Design, Methods in Molecular Biology, vol. 1762,
https://doi.org/10.1007/978-1-4939-7756-7_3, © Springer Science+Business Media, LLC, part of Springer Nature 2018

31

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-7756-7_3&domain=pdf


Over the past two decades, advances in SBDD have been
fostered by the integration of spectroscopic methods, such as
X-ray crystallography, and in silico techniques, such as molecular
dynamics, homology modeling and molecular docking [4]. The
synergistic use of these methodologies, particularly in the preclini-
cal phase of the R&D process, has enabled the determination of the
3D structures of many biological macromolecules along with the
accurate characterization of their binding site features, such as steric
and electrostatic properties. This valuable knowledge has been the
key to the understanding of ligand–receptor molecular recognition
phenomena [5]. By integrating these data with up-to-date technol-
ogies in pharmaceutical R&D, SBDD has successfully supported
the development of pioneering therapies for highly complex and
prevalent conditions [6].

The use of SBDD strategies enables the conception of ligands
with specific steric and electrostatic properties that will effectively
interact with a target pharmacological receptor [4, 5]. SBDD con-
sists of a cyclic process that begins with the resolution of the 3D
structure of the molecular target. Next, molecular modeling inves-
tigations are performed to find putative ligands. Subsequently,
promising compounds are commercially purchased or synthesized,
followed by experimental evaluation of potency, affinity, and selec-
tivity against the investigated receptor. Once active molecules are
identified, the 3D structure of the ligand–receptor complex is
determined, enabling the identification of the intermolecular inter-
actions that drive the molecular recognition process. Additionally,
determining the structure of the ligand–receptor complex enables
the construction of relationships between biological activity and
structural features [7]. Finally, taking into account these studies,
molecular optimization efforts are conducted to improve the ligand
properties, mainly those related to affinity, selectivity, and efficiency.

1.1 Molecular

Docking

Molecular docking is a broadly used SBDD technique. This tech-
nique is applied to predict the most likely 3D conformations of
small-molecule ligands within target binding sites and to provide
quantitative projections of the energy variations involved in the
intermolecular recognition event [8]. In addition, these quantita-
tive estimations of the binding energetics provide rankings for the
docked compounds, which is a useful parameter for selecting
ligands for experimental profiling. Molecular docking can be
divided into two distinct steps: exploration of the ligand conforma-
tional space within the binding cavity and estimation of the binding
energy for each predicted conformation [9, 10].

1.1.1 Conformational

Search

To explore the conformational space, molecular docking programs
modify the structural parameters of the ligands, such as dihedral
angles and translational and rotational degrees of freedom. Two
strategies are usually employed by conformational search
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algorithms: (1) systematic and (2) stochastic search methods
[11]. Systematic search strategies entail small changes in the struc-
tural parameters that alter the ligand conformation in a gradual
fashion [10]. By exploring the energy landscape of the conforma-
tional space, the algorithm converges to a conformation that cor-
responds to the minimum energy solution. Systematic search
algorithms are effective in probing the conformational space; how-
ever, a local minimum conformation can be provided instead of the
global minimum conformation. This shortcoming can be solved by
executing several searches simultaneously starting from a broad
range of different conformations. In addition, as systematic search
methods explore all combinations of the structural parameters, the
number of possible combinations grows exponentially with the
degrees of freedom of the ligand, leading to the so-called combina-
torial explosion. Docking packages such as FRED and DOCK
address this issue using incremental construction algorithms,
which gradually build the ligand structure into the binding site
[12, 13]. Incremental algorithms break down the ligand structure
in several fragments and then add each part sequentially in comple-
mentary regions of the binding site until the whole structure has
been reconstructed. The conformational search step is performed
individually for the added fragments, decreasing the degrees of
freedom to be probed and avoiding combinatorial explosion.

In contrast, stochastic methods explore the energy landscape by
randomly changing the ligand structural parameters [14]. Stochas-
tic algorithms generate sets of diverse solutions, exploring a broad
range of the conformational space. This approach is useful for
avoiding confining the conformations at local minima, thus increas-
ing the likelihood of generating global minimum solutions
[10, 14]. Genetic algorithms (GAs), one of the most successful
applications of stochastic search strategies, are implemented in
widely used programs such as AutoDock and GOLD
[15, 16]. Genetic algorithms apply the principles of natural selec-
tion by encoding the initial conformation of the ligand in a vector
termed the chromosome. Taking this chromosome as a starting
point, the algorithm generates an ensemble of conformations cov-
ering a wide range of the conformational space. Next, the chromo-
somes with the lowest energy values are selected as starting points
for the generation of the next ensemble of conformations. By
repeating the GA routine several times, the mean energy of the
population is diminished by transferring favorable structural fea-
tures from one generation of chromosomes to another, decreasing
the energy landscape to be probed [10, 16].

1.1.2 Estimation

of the Binding Energy

In addition to predicting the binding conformation of ligands,
molecular docking algorithms apply scoring functions to evaluate
the binding energy of the proposed solutions [17]. The energy
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variation that occurs during the formation of the ligand–receptor
complex is measured by the binding constant (Kd) and Gibbs free
energy (ΔGL) [18]. Scoring functions estimate these parameters
using three types of algorithms: (1) force-field-based, (2) empirical,
and (3) knowledge-based functions [19]. Those methods based on
force fields calculate the binding energy by summing bonded (bond
stretching, angle bending, and dihedral variation) and nonbonded
contributions (electrostatic and van der Waals interactions). Force-
field-based methods use ab initio calculations and the equations of
classical mechanics to estimate the contribution of each of these
terms to the total binding energy. Empirical scoring functions use
training sets consisting of protein–ligand complexes with known
binding affinities to generate statistical models. The terms used in
the derivation of the models consist of hydrogen-bonding, ionic
and non-polar interactions, as well as desolvation effects and entro-
pic contributions [20]. The accuracy of empirical scoring functions
depends directly on the quality of the data used to generate the
model. The other approach, knowledge-based scoring functions,
uses data from known ligand–receptor complexes to calculate pair-
wise energy potentials and generate a general equation [21]. These
potentials are constructed by taking into account the frequency
with which two different atoms are found to interact in a series of
ligand–receptor complexes. The different types of interactions are
classified and weighted according to their occurrence to generate
the final scoring function, which is a sum of these individual inter-
actions. In short, current molecular docking programs predict the
conformation of a small molecule within the target binding site
with reasonable accuracy, as confirmed by comparing complexes
predicted by different algorithms with their respective X-ray struc-
tures. The major limitation is the lack of a suitable function to
estimate desolvation contributions, entropic effects, and protein
flexibility with reasonable accuracy [22, 23].

1.2 Virtual Screening Virtual screening is the use of fast and cost-effective computational
methods to identify potentially active molecules from virtual data-
bases [24]. Exploring virtual compound collections is one of the
most widespread strategies in drug discovery, and several pharma-
cological agents can trace their origins to virtual screening efforts
[2, 6]. Strategies that rely on docking compounds from libraries
against a given molecular target are termed structure-based virtual
screening (SBVS) and are the focus of this chapter [24]. In addition
to the prediction of likely binding conformations, SBVS offers a
convenient method of ranking the docked molecules using scoring
functions. This classification criterion can be used solely or in
combination with other procedures for selecting promising mole-
cules for experimental profiling.

SBVS strategies usually rely on the following procedures:
(1) molecular target selection and preparation, (2) compound
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database selection, (3) molecular docking, and (4) analysis of
results. Careful analyses of the available information concerning
the structure and function of the investigated molecular
target along with its known ligands are highly recommended
when devising an SBVS workflow [25]. Once the molecular target
structure is selected, it undergoes important procedures aimed at
preparing it for molecular docking. Usually, these procedures con-
sist of adding hydrogen atoms (see Note 1), eliminating noncrys-
tallographic water molecules, assigning partial charges and
specifying protonation states for the amino acid residues [26].

The next critical step is the selection of the set of compounds
that will be used in the molecular docking studies. Usually, freely
available virtual databases that encompass a wide chemical diversity
are used [27]. In general, these compound repositories are interac-
tive interfaces that allow for the application of chemical filters to
search and select focused subsets representing a specific chemical
space. Molecules in these databases are stored as line notations
(e.g., SMILES, SMARTS, or InChI files), which are automatically
converted into 3D structures with appropriate ionization states,
partial charges, and stereochemistry once downloaded [13, 27].

The next phase consists of docking the selected compounds
into the target binding site. The conformational search routine
probes the energy landscape of each compound, and those com-
pounds ranked as promising hits are selected for post-docking
analysis, the next stage of this process. This procedure involves
visualizing the predicted ligand–receptor complexes and enables
the examination of critical features, such as binding conforma-
tions and intermolecular interactions. The analysis of these ele-
ments is useful for deciding on which of the top-scoring
compounds have to be prioritized for experimental studies
[8, 10, 24]. Another important aspect that can be evaluated by
visualizing the structures is whether the docking solutions for
known ligands match crystallographic conformations. This step
is important for assessing whether the docking simulations can
reproduce experimental data.

Considering the above-discussed principles, it is clear that
outlining robust molecular docking and SBVS campaigns is not
a straightforward task. Given the success achieved by these
approaches and the variety of programs, algorithms, and resources
available, a wide diversity of strategies can be employed. Next, we
will provide a detailed workflow that will introduce to the reader
the basic tasks for conducting a molecular docking and SBVS
effort.
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2 Materials

In this section, we will describe the computational tools that are
required to generate the molecular target and database inputs,
develop the molecular docking simulations and visualize the results.
In general, this step-by-step guide assumes that the readers will
develop their molecular docking and SBVS studies on a Unix-like
computer operating system (e.g., any version of Linux Ubuntu or
Mac OS X or later).

2.1 Initial Data

2.1.1 Molecular Target

3D Structures

Selecting a suitable 3D conformation of the molecular target, i.e.,
the spatial coordinates that define the relative position of each atom
within the structure, is a critical step in performing a molecular
docking study. One of the most commonly used sources of 3D
structural data for biological macromolecules, the Protein Data
Bank (PDB), incorporates structures determined by biophysical
methods such as X-ray crystallography, NMR spectroscopy, and
cryo-electron microscopy. PDB is freely accessible at http://www.
rcsb.org/ and will be used in this chapter to obtain the 3D struc-
ture of the molecular target [28].

2.1.2 Small-Molecule

Database

The other required component for a molecular docking effort is the
3D structure of the small molecules to be evaluated. The structure
of these compounds can be obtained from distinct sources. Several
virtual compound databases are freely available, and the selection of
these collections depends on the goals of each drug discovery
project. For example, focused databases enclosing a specific chemi-
cal space are available for specific classes of proteins. Other collec-
tions concentrate on specific sources of compounds, for example,
the NuBBE database compiles various natural products from
organisms that are native to Brazil (http://nubbe.iq.unesp.br/por
tal/nubbedb.html) [29]. On the other hand, when no information
is available about known active ligands or when the investigated
target is known for interacting with different chemical classes,
general libraries containing widely diverse chemotypes can be
used. This type of collection generally contains hundreds of
thousands (or millions) of entries [30, 31]. Some examples of
these general and large repositories are the ChemSpider (http://
www.chemspider.com/) and ZINC (http://zinc.docking.org/)
databases [32, 33].

2.2 Computational

Tools

In this section, we will introduce all programs that will be used in
this tutorial. Currently, there are numerous software programs and
tools available for use in each stage of the molecular docking
procedure. The tools enumerated here are well-established and
freely accessible programs (see Note2).
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2.2.1 AutoDock Vina AutoDock Vina, one of the most cited molecular docking software
programs, combines an efficient stochastic conformational search
algorithm and accurate and well-rated force-field-based and empir-
ical scoring functions [34]. The combination of its efficacy and
suitability for parallelization results in a low computational cost
making this program an attractive option for performing SBVS
studies against large compound libraries. Executable files and theo-
retical details about AutoDock Vina and its installation and use can
be accessed at http://vina.scripps.edu.

2.2.2 BKChem In addition to chemical databases, novel molecules can be drawn
from scratch using chemical drawing suites. Frequently, a series of
molecules known to be active against an investigated molecular
target are used as references to design novel compounds. BKChem
is an open-source chemical drawing program that provides a user-
friendly interface for generating 2D structures that can be used as
an initial sketch to build 3D conformations. The program is able to
assign important features such as specific protonation states and
chirality and can be accessed at http://bkchem.zirael.org [35].

2.2.3 Open Babel This toolbox is an open and collaborative resource broadly used to
interpret and interconvert a variety of chemical file extensions
[36]. Extremely convenient for converting chemical formats that
are not compatible with distinct programs, this platform allows for
a smooth and straightforward workflow along the molecular dock-
ing process. Open Babel includes other useful functionalities such
as filtering and searching routines, as well as generation of 3D
coordinates and prediction of protonation states. This resource is
available at http://openbabel.org.

2.2.4 UCSF Chimera UCSF Chimera is a molecular modeling software for visualization
and analysis of a wide range of data related to biomolecular systems
[37]. This software is able to handle 3D structures of macromole-
cules and small-molecule ligands, density maps, sequence align-
ments, molecular docking results, conformational ensembles, and
molecular dynamics trajectories. This resource is also suitable for
generating high-quality illustrations and animations for scientific
purposes. UCSF Chimera can be downloaded at http://www.cgl.
ucsf.edu/chimera.

3 Methods

To perform the molecular docking protocol described herein,
phosphatidylinositol-4,5-bisphosphate 3-kinase (PI3Kδ) was
selected [38–40]. PI3Ks play a key role in the regulation of several
signaling pathways related to fundamental cellular processes such as
differentiation, proliferation, metabolism, motility, and cell
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growth. These kinases catalyze the conversion of phosphatidylino-
sitol 4,5-bisphosphate (PIP2) to phosphatidylinositol 3,4,5-
trisphosphate (PIP3), which activates downstream intracellular sig-
naling cascades. PI3Kδ belongs to class I PI3Ks and is predomi-
nantly expressed in leukocytes; therefore, it represents a potential
target for the treatment of hematological diseases.

Idelalisib (Zydelig®, Gilead Sciences) is an inhibitor of PI3Kδ
that was recently approved by the FDA for the treatment of chronic
lymphocytic leukemia and indolent non-Hodgkin’s lymphomas
[41–44]. This chapter uses the idelalisib-PI3Kδ complex to run
the molecular docking protocol (see Note 3). First, we will predict
the binding mode of idelalisib to PI3Kδ. Next, we will use the same
system to run an SBVS against a large compound database. This
part of the chapter is intended to familiarize the reader with ele-
mentary tasks concerning chemical library acquisition, SBVS run-
ning, and analysis of results.

3.1 Characterization

of the Macromolecular

Target

The X-ray structure of the PI3K δ-idelalisib complex can be down-
loaded by entering the code 4XE0 in the search box of the PDB
interface (http://www.rcsb.org/) (see Note 3). Each PDB entry
contains information on experimental details, related literature, the
biological relevance of the macromolecule, and statistical indicators
on the quality of the 3Dmodel. Accordingly, on the first page of the
4XE0 entry, the Structure Summary tab (Macromolecules section)
shows that this macromolecular structure is formed by a polypep-
tide chain composed of 939 amino acid residues. The Small Mole-
cules section provides information about the presence of
low-molecular weight compounds as elements of the crystallo-
graphic complex. In this section, idelalisib is identified by its struc-
ture and IUPAC name. This inhibitor is distinguished within the
crystallographic structure by the code 40L.

Important points that should be noted when selecting a 3D
molecular model are the statistical parameters that indicate the
quality of the structure. Despite the existence of many other indi-
cators, the resolution of the X-ray structure is the key parameter
that measures the overall quality of the model. In a simple defini-
tion, the crystallographic resolution expresses how well detailed the
electron density map is that was used to specify the coordinates of
each atom in the 3D structure. Lower values mean a higher resolu-
tion and, consequently, higher accuracy in the assignment of the
atom coordinates. While structures with resolution under 1.5 Å are
particularly suited for molecular docking, lower-resolution models
(~3 Å) can be used as long as we keep in mind that uncertainty in
atom coordinates always increases with the value of the
resolution [45].

Returning to the Structure Summary tab and looking at the
Experimental Data and Validation section, we observe that
although 4XE0 has the acceptable value 2.43 Å, it is not a
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high-resolution X-ray structure. Nevertheless, this crystallographic
model is able to provide good molecular docking results as will be
demonstrated in the next sections [46, 47].

3.2 Single-Ligand

Docking

3.2.1 Generating

the Ligand

Now that we have an overall view of the system to be studied, we
can generate the input files to perform the molecular docking
analysis. First, open a text terminal (also known as the console) in
your OS, and use the following commands to generate a working
folder named Docking:

mkdir Docking

Next, move to this folder by typing:

cd Docking

Then generate a new 3D structure of the ligand idelalisib
(distinct from the crystallographic one) to use an equitable input
conformation for the docking analysis. Instead of directly drawing
the 3D structure of the ligand using a molecular editor, a safer
protocol is to sketch a 2D structure and then use this file to
automatically generate the 3D representation. This approach is
useful for handling compounds with large or intricate structures
that contain charged groups and asymmetric carbons, such as those
commonly found in natural products. In these cases, drawing 3D
structures from scratch can become a significant source of error.
Looking at the structure of idelalisib (Fig. 1a), we can use BKChem
to reproduce it in a 2D format. Open BKChem by typing bkchem on
the terminal. After drawing the full structure (with the correct
chirality), the generated data should be saved in mol extension by
selecting File ! Export ! Molfile and should be named ligand.mol
in the Docking directory. Finally, type the following command to
convert the idelalisib 2D structure into a pdb 3D model with
optimized geometry using Open Babel:

obabel -imol ligand.mol -h -opdb -O ligand.pdb --gen3d
–minimize

The generated 3D structure of the compound will be observed
in the UCSF Chimera environment. To do this, open chimera
through the installation icon, go to File ! Open, and select the
file ligand.pdb. Another way to open the file in Chimera is to type
the following in the terminal:

chimera ligand.pdb

3.2.2 Generating

the Receptor

Now, we will use the crystallographic structure of PI3Kδ to gener-
ate the input file for the receptor. In the Chimera interface, load the
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PI3Kδ structure by going to File ! Fetch by ID. In the newly
opened window, select PDB, type 4XE0 in the adjacent blank
form, and press the Fetch button, which will load the PI3Kδ struc-
ture. By pressing the left button of the mouse and moving the
cursor over the window, we can rotate the protein, observe its
secondary and tertiary structures, and examine the binding mode
of idelalisib (40L). Next, use the ligand coordinates to delimitate
the target binding site for the molecular docking simulations (see
Note 3). To do this, go to Select!Residue! 40L, and zoom in to
it by selecting Actions ! Focus. This step will generate the image
shown in Fig. 1b. Using the mouse to rotate the structure, identify
the sole asymmetrical carbon of idelalisib. Select this atom by
pressing Ctrl and the left mouse button. Find its coordinates by
going to Favorites ! Command Line and typing the following line
in the new Command field at the bottom of the Chimera interface:

getcrd selection

This action will generate a new line in the status bar (lower area
of the window). The status bar contains the description of the
selected atom followed by its X, Y, Z Cartesian coordinates. Record
these numbers in a footnote; they will be used to define the center
of the binding site. If selecting the asymmetrical carbon atom is
difficult, replace selection in the above command by ::40L@C19 to
obtain the same result. Finally, remove the crystallographic ligand
from the binding site by going to Select ! Residue ! 40L and
Actions ! Atoms/Bonds ! delete.

The binding site of PI3Kδ does not contain unusual residue
types or electronic states; however, these odd configurations can
occur in some crystallographic structures. It is advisable to always
verify the presence of uncommon representations and fix them
whenever required. This verification can be performed using the

Fig. 1 (a) Molecular structure of idelalisib. (b) View of the PI3Kδ enzyme (PDB ID: 4XE0)—idelalisib complex.
The protein backbone is in cartoon representation. The ligand and residues in the binding site are depicted as
sticks. Water molecules are illustrated as spheres
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Dock Prep tool available in Chimera, which can be accessed by
selecting Tools ! Structure Editing ! Dock Prep. Leaving enabled
all options except for Delete solvent, Delete non-complexes ions and
Add charges is the recommended setting. After choosing these
settings, a second window will allow the parameterization of the
protonation states. This option is useful when the system has
multiple protonation possibilities for the binding site residues. In
this case, we will keep the default protonation states. Select OK on
the current window, and when the next option becomes available,
save the generated receptor structure in the working directory as
receptor.mol2.

3.2.3 Running

the Molecular Docking

Simulation

Having prepared the ligand and receptor input files, we will dock
idelalisib into the binding cavity of PI3Kδ. Using Chimera, open
the 3D structure of idelalisib (ligand.pdb) and go to Tools !
Surface/Binding Analysis ! AutoDock Vina. A new window will
pop up with several options describing the parameters that will be
used for docking (Fig. 2a). In the Output file section, enter a name
for the file that will record the final docking results (e.g., run1) in
the previously created Docking folder, and click on Set Output
Location. In the Receptor and Ligand options, choose the receptor
and ligand to be used (these are 4XE0 and ligand.pdb, respectively).
Over the blank fields in the Receptor search area, enter the X, Y, Z
coordinates recorded in Subheading 3.2.2 in the Center item
(Fig. 2a). The next field, named Size, defines the length in Å of
each side of the box that will delimitate the binding site. The
optimal value for this parameter changes according to the volume
and geometry of the binding site of the system under study. In
general, this parameter should include all residues that could
engage in intermolecular interactions with the ligand; however, it
should not be excessively large because that could cause staggering
of the conformational search. A reasonable value to be selected in
our case is 15 for all axes.

After filling the parameters for the binding site, a wire-frame
box showing the selected binding site region will appear (Fig. 2a).
Next, we should consider the parameters for receptor and ligand
handling. First, the option Add hydrogens in Chimera should be
ignored, as we already set up protonation states during receptor
preparation. Furthermore, because Autodock Vina considers
hydrogen atoms bound exclusively to polar atoms to compute the
molecular interactions, enable Merge charges and remove non-polar
atoms andMerge charges and remove lone pairs in both Receptor and
Ligand options. Because we do not have chains with non-standard
residues, settings to Ignore chains of non-standard residues and
Ignore all non-standard residues have no effect and should be
ignored. In addition, we should consider the presence of the two
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Fig. 2 (a) Parameter setting for molecular docking using the UCSF Chimera plugin for AutoDock Vina. (b)
Predicted conformations for idelalisib in the PI3Kδ binding site. The protein backbone is in cartoon represen-
tation. The ligand, water and residues in the binding site are depicted as sticks



crystallographic water molecules in the binding site of PI3Kδ by
setting the option Ignore waters to false.

Finally, the section Advanced options is used to specify output
parameters, such as the maximum number of binding modes gen-
erated for each docking analysis, the extension of the conforma-
tional search procedures and the energy gap between the accepted
solutions. In general, setting higher values increases the probability
of finding likely solutions; however, it also increases computational
time. Therefore, we should always consider the available computa-
tional resources and the desired duration of the simulation to set
those parameters appropriately. Because we are dealing with only
one compound with low structural complexity, we can use the
maximum allowed values.

The Chimera interface to AutoDock Vina allows the molecular
docking to be run locally or to use a remote web server. Because
you downloaded Vina (http://vina.scripps.edu/download.html)
on your machine, use the local option at the Executable section,
and select the Vina program location using the Browse option.
Finally, run the molecular docking simulation by clicking OK.
This procedure will generate the runningmessage in the status bar.

3.2.4 Visualizing Results After running the molecular docking procedure, the ViewDock
window containing the scores of the predicted binding solutions
will open (Fig. 2b). Each 3D conformation can be observed by
clicking on the corresponding score. Each value corresponds to the
predicted binding energy, in kcal/mol, calculated by the AutoDock
Vina scoring function. Therefore, the more negative the value, the
higher the probability of the ligand–receptor interaction occurring
in experimental tests. Additionally, the hydrogen bonds for each of
the predicted ligand–receptor complexes can be observed in the
ViewDock window by selecting the following option: HBonds !
Add Count to Entire Receptor. In the new window, enable Label
H-bond with distance and Relax H-bond constraints, change the
parameter Line width to 10, and select inter-model in the section
Find these bonds on the right. Leave all the remaining options
disabled, and click OK. Next, to explicitly display the atoms of the
receptor binding site, go to Actions ! Atoms/Bonds ! show and
then to Actions ! Ribbon ! hide on the main menu of Chimera.

At this point, we should see a colorful line displaying the
ligand–receptor hydrogen bonds (Fig. 3a). If your simulation led
to the correct prediction, you should observe a distinct interaction
between the backbone valine 628 amino group and the ligand N3
nitrogen of the 7H–purine ring (Fig. 3a). Explore the other pre-
dicted conformations, and look for the interactions in each
complex.

Having identified all the predicted conformations, we can com-
pare these solutions with the crystallographic binding mode of
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idelalisib (see Note 3). To do this, open the original PI3Kδ struc-
ture in Chimera by going to File! Fetch by ID and writing its PDB
code (4XE0) at the blank field. If all steps were performed correctly,
the top-scoring conformation should be very similar to the crystal-
lographic one (root mean square deviation, RMSD ¼ 0.374 Å), as
shown in Fig. 3b.

Fig. 3 (a) Analysis of the hydrogen bond interactions for a predicted PI3Kδ-idelalisib complex. (b) Comparison
of the best docking solution (lowest energy) with the crystallographic conformation of idelalisib. The RMSD
between the predicted and experimental models is 0.374 Å. The protein backbone is in cartoon representation.
The ligand, water and residues in the binding site are depicted as sticks
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4 Virtual Screening

In this section, we will use multiple ligands in the molecular dock-
ing simulation to perform an SBVS protocol. Several compound
libraries covering a wide range of structural and physicochemical
features are available on the web. In this example, we will use the
NuBBE database to predict likely ligands for PI3Kδ.

4.1 Obtaining

the Compound Library

The front page of the NuBBE database (http://nubbe.iq.unesp.
br/portal/nubbedb.html) shows a form that allows the user to
search compounds based on specific characteristics (e.g., substruc-
ture, physicochemical properties, and source). First, we will select a
subset of compounds to be screened from the database. Leaving all
fields in the form blank, select Isolated from a microorganism in the
source section, and click on Search compound(s) located at the
bottom of the page. This procedure will generate a list of entries,
each one containing a set of information, such as the accession
code, structure and chemical class. Download the file containing
all the 3D molecular structures of this selected group of com-
pounds by clicking on the mol2 link in the results section. Extract
and copy the generated mol2 files to a new folder named VS inside
your working Docking directory. Next, open a terminal in this
folder.

4.2 Running

the Virtual Screening

The Chimera-Autodock Vina interface supports docking studies
using a single molecule at a time. To perform the SBVS with the
dataset containing multiple molecules downloaded from NuBBE,
we need to run Autodock Vina independently. First, generate a
configuration file for the docking parameters by creating a text
file using any editor (e.g., gedit) and copying the following data
inside:

center_x = -6.612

center_y = -13.356

center_z = 23.712

size_x = 15.00

size_y = 15.00

size_z = 15.00

energy_range = 3

exhaustiveness = 8

num_modes = 1

Note that these parameters are the same as those inserted in the
Chimera interface while running the molecular docking analyses
(Fig. 2a); however, only one conformation for each molecule
(num_modes ¼ 1) will be generated in this SBVS protocol. Save
this new file as conf.txt in the current folder (VS). Next, use the
following script to automate the docking procedure for all mole-
cules. To do this, create another text file, and copy the following
data inside:
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#! /bin/bash

mkdir results

for i in *.mol2; do

a="${i%.*}"

obabel -imol2 $i -opdbqt -O $a.pdbqt

vina --config conf.txt --receptor ../*.receptor.pdbqt --

ligand $a.pdbqt --out results/$a.docked.pdbqt

done

rm *.pdbqt

cat results/*.docked.pdbqt > all.docked.pdbqt

Save this new file as vs.sh in the VS folder in which the com-
pound dataset and the file conf.txt are located. Finally, run the
screening by executing the above-generated script with the follow-
ing command:

bash vs.sh

The calculations should take several minutes. At the end of the
process, the Auto Dock Vina algorithm will create a folder named
results containing the docked conformation for each molecule eval-
uated. In addition, this algorithm will generate a single file contain-
ing all docking results concatenated in a file named all.docked.pdbqt.
To analyze these results, go to Chimera, and open the receptor
structure saved in the Docking folder. To do this, go to File !
Open, and choose the file receptor.mol2. To visualize the SBVS
results using Chimera’s ViewDock tool, go to Tools ! Surface/
Binding Analysis ! ViewDock, and open the concatenated file all.
docked.pdbqt. Similar to the visual analyses performed for idelalisib,
a table with all predicted conformations and their energy values
allows the selection and exploration of each docking solution. The
Hbonds tool can be used again to identify the hydrogen bonds
formed in each ligand–receptor complex.

5 Further Considerations

Despite the capabilities of molecular docking in predicting the
conformation of a ligand in the target binding site, the calculated
interaction energy should not be considered a reliable estimation of
ligand–receptor affinity. Once docking programs use simple physi-
cal models that do not consider nonclassical phenomena (entropic,
desolvation, and quantic effects), their estimations of binding ener-
gies are rarely accurate. However, because the accuracy of this
measure is equal for all molecules in an SBVS study, the relative
energy ranking among conformations is valid and useful for distin-
guishing ligands with a high probability of binding to the target in
experimental tests.

Another fundamental aspect that should be considered when
searching for potential candidates for experimental evaluation is the
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physicochemical profile of each molecule. SBDD does not consider
pharmacokinetics aspects; therefore, estimation of properties such
as the partition coefficient (logP) and polar surface area (PSA) can
be used as a preliminary filter to remove compounds that are likely
to show permeability and solubility problems and, consequently,
poor pharmacokinetic profiles. Several computational tools are
freely available and should be used to estimate the physicochemical
properties of dataset molecules before performing an SBVS study
[48–50].

Another important aspect that should be considered is the
presence of crystallographic water molecules in the target binding
site. In some cases, these molecules are tightly bound to the molec-
ular target, requiring for their displacement the formation of at
least equally favorable ligand–receptor interactions. However, their
displacement is not required, as they can mediate specific ligand–re-
ceptor interactions, becoming a component of the binding site
themselves, which is the case for PI3Kδ. For crystallographic struc-
tures with high resolution, an interesting strategy is to perform
docking studies considering both situations—with and without
crystallographic water molecules. It should be noted that multiple
water molecules in the binding site can substantially increase the
complexity of the SBVS workflow since different combinations of
these molecules can be considered [51, 52].

6 Notes

1. In the protocol described in this chapter, the final structures
generated by the molecular docking program present implicit
non-polar hydrogen atoms. This result does not affect the
overall interpretation of the molecular interactions; however,
it is useful to recover all-atom 3D structures for use as inputs in
further computational studies (e.g., molecular dynamics simu-
lations). Full 3D structures in PDB format can be generated
from the final docking solutions by typing the following com-
mand in Open Babel:

obabel -ipdbqt molecule.pdbqt -h -opdb -O molecule.pdb

2. The software applications described in this workflow are all
free-of-charge and present detailed documentation on their
installation and use. Most of these applications are accessible
through package repositories for widely used UNIX-based
distributions and can be installed by typing a single command
in the terminal window. This is the case for BKChem, Open-
Babel, and AutoDock Vina. To verify the availability of the
Open Babel program in a Debian-based OS (e.g., Ubuntu),
enter the following command in the terminal:
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apt-cache search openbabel

Once the package is downloaded into the OS repository, it
can be installed by typing:

sudo apt-get install openbabel

Similarly, the same conveniences are available for Mac and
non-Debian-based Linux through MacPorts and yum tools,
respectively.

3. As a validation step for the methodology presented herein, it is
suggested to always try to reproduce crystallographic confor-
mations whenever they are available. In the absence of a crys-
tallographic binding conformation, one molecule from the
compound collection selected for the SBVS can be chosen for
a preliminary molecular docking run. This approach is useful
for generating the receptor input and providing an initial view
of the structural peculiarities of the system under investigation.
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Chapter 4

Phylogenetic and Other Conservation-Based Approaches
to Predict Protein Functional Sites

Heval Atas, Nurcan Tuncbag, and Tunca Doğan

Abstract

Proteins use their functional regions to exploit various activities, including binding to other proteins,
nucleic acids, or drugs. Functional sites of the proteins have a tendency to be more conserved than the rest
of the protein surface. Therefore, detection of the conserved residues using phylogenetic analysis is a
general approach to predict functionally critical residues. In this chapter, we describe some of the available
methods to predict functional sites and demonstrate a complete pipeline with tool alternatives at several
steps. We explain the standard procedure and all intermediate stages including homology detection with
BLAST search, multiple sequence alignment (MSA) and the construction of a phylogenetic tree for a given
query sequence. Additionally, we demonstrate the prediction results of these methods on a case study.
Finally, we discuss the possible challenges and bottlenecks throughout the pipeline. Our step-by-step
description about the functional site prediction could be a helpful resource for the researchers interested
in finding protein functional sites, to be used in drug discovery research.

Key words Drug discovery, Evolutionary conservation, Functional site, Multiple sequence alignment,
Phylogenetic analysis, Predictive approaches

1 Introduction

Proteins do not act in isolation, rather they interact with other
molecules such as proteins, nucleic acids and small molecules
through their functional sites. Therefore, identification of the func-
tional sites is crucial to determine the function and activity of
proteins in a cell, which eventually helps in site-specific drug design
to inhibit pathological effect of the disease-related protein interac-
tions. The Universal Protein Resource (UniProt) is a knowledge-
base that provides comprehensive protein sequence and
annotations, including functions [1]. The majority of the published
information about the properties of proteins are organized and
recorded in UniProt protein pages. These annotations cover both
the experimentally known information and the results of some
major computational (i.e., predictive) approaches. Functional sites
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on proteins can be determined by experimental approaches; how-
ever, it is challenging to identify those sites for all proteins due to
practical issues and high costs associated with experimental proce-
dures. Therefore, computational approaches have emerged for the
prediction of the functional sites (extensively reviewed in [2]). Most
of the frequently used computational approaches depend on the
information that functional sites are evolutionarily more conserved
than the rest of the protein surface. However, there are also other
sequence and structure based features that can be used to distin-
guish functional sites such as the secondary structure information,
solvent accessibility and structural conservation [3, 4]. Given that
the protein structure is more conserved than the sequence, struc-
tural comparison can recover more distant relationships across
proteins. In previous studies, a large scale comparison has been
applied to all known protein binding sites and shown that although
global structures of some protein complexes are different their
binding regions are structurally similar [2, 5, 6]. Sequence conser-
vation has been also used in combination with geometric features of
functional sites for prediction to improve the performance [7].

Determination of the conserved regions in a protein sequence
to predict functional residues starts with the multiple sequence
alignment (MSA) of the query protein sequence and its homologs
[4]. MSA reveals highly conserved positions on the input
sequences. Some methods first construct a phylogenetic tree on
the basis of the MSA results, instead of analyzing sequence conser-
vation directly from the MSA [8]. A phylogenetic tree represents
the evolutionary relationships between protein sequences, which
provides subfamily-specific mutations of protein families [9]. The
evolutionary trace (ET) method has been developed as the first
implementation of this idea, which does not use only identical
residues but also consider amino acid similarities [10]. As a kind
of more improved version of ET method, ConSurf also generates
phylogenetic trees of homologous sequences using the neighbor-
joining algorithm based on the MSA results and computes
position-specific conservation scores for each amino acid in the
sequence. Also, it retrieves structural information of proteins from
PDB if available [11, 12]. INTREPID, another functional site
prediction method, performs phylogenetic tree analysis in combi-
nation with a Jensen–Shannon divergence based positional conser-
vation score [4]. INTREPID has been extensively compared to ET
and ConSurf methods in predicting functional residues [13]. The
latest release of ET method as a database and web server is called
Universal Evolutionary Trace (UET) [14].

Apart from these methods, there are also machine learning-
based approaches such as PROFisis that identifies residues at pro-
tein–protein interaction (PPI) interfaces. This method uses PPI
information obtained from experimentally known 3D structures;
however, it does not require 3D structure of the query protein for
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the analysis. Instead, it uses predicted structural features of the
sequence, combined with the evolutionary information [15].

There is one more approach worth mentioning regarding the
prediction of functional sites, which is the coevolution-based
approach. At the residue level, coevolution simply refers to the
correlated changes across proteins that are important for the main-
tenance of the protein structure, function, and stability [16]. These
approaches also use MSA of a protein family to search coevolved
amino acids [17–19]. Among them, CoeViz provides a web server
to analyze coevolved residues in a protein [20].

In this chapter, we describe a procedure to predict functional
sites of proteins using phylogenetic analysis. We detail all steps
starting from searching for homologous sequences of the query
protein to performing MSA and finally predicting functionally
important residues with alternative selection of tools at different
steps (see Subheading 2). We discuss how to determine parameters
or options of each external tool (BLAST, Clustal Omega, etc.) and
what challenges might be experienced at different stages of the
functional site prediction procedure.

2 Methods

The procedure below describes a path that can be followed for
evaluating a protein in terms of identifying its functional sites with
alternative solutions. We illustrate the whole pipeline in Fig. 1 as a
flowchart where the input is the query protein sequence and the
output is the active site information. We need to note that the
methods reviewed in this chapter are predictive approaches; there-
fore, they may have false positives and false negatives besides the
true positives. Also, the results of the predictive methods may not
highly overlap with each other in some cases, due to the employ-
ment of different approaches.

A given protein sequence (PQ) can be computationally anno-
tated in terms of active/functional sites (i.e., the main focus of this
chapter), highly conserved functional regions (e.g., domains and
motifs) and sequence-wide generic annotations (e.g., protein
families, subcellular locations, biological processes). Below, we
describe the methods for functional site annotation:

2.1 Sequence

Homology Search

(BLAST)

Search the homologs of PQ using the UniProt BLAST tool (http://
www.uniprot.org/blast/) by entering PQ in FASTA format in the
sequence window and clicking run BLAST button. The parameters
of BLAST tool are explained in Note 1. The algorithm scans the
entire target database to find similar sequences to PQ and display
the results (i.e., homologous protein sequences in the target data-
base) ranked by similarities. The homologous sequences with the
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highest similarity values will be valuable for our purpose in the
result page. According to the observed similarity values:

(a) If the identity value between the first homolog(s) in the results
list and PQ is 100% and the protein lengths are the same, the
user can directly check the UniProt page of this protein
(by clicking on the UniProt accession number of the
corresponding protein) to observe the experimental and
computational annotations, since PQ and the resulting homo-
log will possess the exact same functional properties. If the
highest ranked homolog is a UniProtKB/Swiss-Prot database
protein (marked by yellow document symbol at the “status”
column in the BLAST results table), the functional informa-
tion in UniProt will be richer and more reliable, since the
protein entries in UniProtKB/Swiss-Prot are reviewed with
manual curation. At this point, the user is advised to continue
from Subheading 2.2.

(b) If the identity value is between 90 and 100% (together with a
very similar protein length), it will still be sufficient to transfer
generic whole-sequence and region based annotations from the
resulting protein to the query protein. The user can investigate
the UniProt protein page of the homologous protein(s) for
the generic functional annotations. However, active sites may
differ between the query and resulting sequences; as a result,

Fig. 1 The general flowchart to perform phylogenetic analysis to predict protein functional sites. The input is a
query sequence and the output is the active site information which are represented with parallelograms. The
processes and decisions involved in each approach is highlighted with a rectangular shade. Universal ET and
ConSurf are highlighted in light green, Trace Suite II in orange, and PROFisis in light blue. The common
processes and decisions across all these methods are shown in the intersection of the shaded rectangles
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transferring site specific annotations will not be possible. The
user is advised to continue from Subheading 2.3 following a
quick investigation in UniProt protein page of the similar
resulting protein, as described in Subheading 2.2.

(c) If the identity value is below 90%, it is still possible to transfer
the generic functions but not the site-specific ones; as a result,
following the procedure from Subheading 2.3 is advised.

2.2 Recorded Protein

Annotation (UniProt)

In a UniProt protein page (e.g., human Mast/stem cell growth
factor receptor KIT protein -UniProt id: P10721- at http://www.
uniprot.org/uniprot/P10721), sequence properties and annota-
tions are grouped under distinct titles (function, taxonomy, pathol-
ogy, PTMs, expression, interaction, structure, family and domain,
sequence, etc.). The left pane shows these titles for easy navigation
on the main part of the page. The sources of functional information
in UniProt are explained in Note 2.

Under the heading “Function,” various types of functional
information are listed. First of all, a paragraph made up of curated
free-text is given. This is a summary of relevant literature publica-
tions, references of which are given at the end of the paragraph.
Second, region and site specific information (e.g., catalytic, metal,
active, and binding sites) is listed in tables, together with the
respective positions of the corresponding regions/sites on the
sequence. Third, the annotated functions in terms of the Gene
Ontology (GO) system is given for the three main GO categories:
molecular function, biological process and the cellular component.
Clicking a functional GO term in this list opens up the details of the
corresponding functional term in the QuickGO web-service.
QuickGO is both a database and an easy to use browser for protein
GO annotations [21]. Furthermore, clicking “Complete GO anno-
tation...” button in the UniProt protein page will take the user to
the dedicated protein GO annotation page in QuickGO (e.g.,
QuickGO page of the human KIT protein: http://www.ebi.ac.
uk/QuickGO/GProtein?ac¼P10721).

Under “Family & domains” section, subheading “Phyloge-
nomic databases” displays the clickable links to the corresponding
pages in different phylogeny resources (eggNOG, GeneTree,
OMA, OrthoDB, etc.). Another subheading “Family and domain
databases” shows the information and links for the domains that
the corresponding proteins are known to—or predicted to—con-
tain, in various resources (InterPro, Pfam, SUPFAM, Gene3D,
etc.). Each domain/family entry in these databases is displayed
with a functional description and site-specific information
(if possible).

Near the top of the left pane there is the “feature viewer” button
and clicking on it will display the ProtVista tool to visualize all of the
annotated features of the protein (e.g., human KIT protein at
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Fig. 2 UniProt Feature Viewer interface for KIT protein. The horizontal line at the top represents the protein
sequence with markings at each hundredth residue. The gray area and the half-circles at each side of it
indicates the area zoomed in. The user can change the size and position of the zoomed-in area by dragging the
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http://www.uniprot.org/uniprot/P10721#showFeaturesViewer).
In this mode, the features are grouped under certain blocks (e.g.,
“Domain & sites”), which corresponds to the sections in the main
UniProt protein pages. Clicking on the titles of these blocks will
reveal a more detailed view with subheadings. A snapshot from
“feature viewer” for human KIT protein is shown in Fig. 2.

(a) Clicking on “Domains & sites” will show functional domains,
regions and motifs; along with residue specific features. The
viewer displays the position of a feature on the protein
sequence by placing boxes/nodes at different positions along
the horizontal axis. Clicking on a box will reveal a new table,
showing the properties of that feature.

(b) Clicking on “Mutagenesis” will show the site specific muta-
tion information. This title will only be visible if there is
mutation information for that protein in the literature that is
recorded in UniProt. When any mutation locating box is
clicked, the opened table will display the description, mutation
states and the evidence containing the relevant literature
publications.

(c) Finally, clicking “Variants” will show detailed site-specific var-
iation information, obtained from the literature and from
other biological data resources. Position indicating circles are
colored according to the quality of the variation (i.e., disease,

�

Fig. 2 (continued) half-circles at each direction. At the top left, there are buttons for downloading the
displayed information in different formats, highlighting a selected region on the sequence, resetting the
view to the default and for zooming-in and out. Each horizontal block on the tool interface displays a specific
type of protein feature. Each block is a drop down menu that displays the sub-features upon clicking on the
name of the main feature (e.g., clicking on “Domains & sites” block reveals domain, region, active site, metal
binding, binding site, etc.). In order to indicate the exact position of a feature on the sequence, a colored node
is placed at the corresponding position on the horizontal axis. The color, shape, and width of the node/box is
respective to the type and the length of the feature (i.e., site-based features span only one residue; however,
region-based features such as domains may span hundreds of residues). For example, there is an active site
at the 792nd position of the KIT protein sequence. Clicking on the node of a feature will display two properties:
(1) a yellow vertical line will highlight that position along all of the feature blocks (e.g., the line shown in the
figure), which enables the observation of the correspondence between different types of features on the
sequence, and (2) a table displaying the details of the corresponding feature annotation such as the
description, the source of information and etc. At the bottom of the feature viewer, information about variants
is shown. The detailed view of variants block displays 20 different amino acids on the vertical axis, which
indicates the substituted amino acid at a specific position in the corresponding protein. The circular nodes that
indicate variations are colored according to the known or predicted effect of the variation (e.g., red for known
disease causing variants, different shades of blue for predicted deleterious effects, green for known
nondisease association, and yellow for initiation, stop loss or gain). For example, for the human KIT protein,
it has been recorded that a recorded variant has a glycine instead of an aspartic acid at the 52nd position. The
source of this information is the COSMIC database, the tissue of this sample is the large-intestine and the
effect of this variation was predicted to be mostly benign

Phylogenetics-Based Prediction of Functional Sites 57

http://www.uniprot.org/uniprot/P10721#showFeaturesViewer


nondisease, deleterious/benign). Clicking on the circles will
again reveal a table displaying the description of the effect,
variation states, the source database where the information is
obtained from (e.g., COSMIC) and the associated disease
with clickable links to the corresponding disease databases
(e.g., OMIM). When any feature defining node/box is
clicked, the column corresponding to the location of the
feature on the sequence is highlighted all the way on the
vertical axis. This enables the user to observe if a recorded
variation is corresponding to an active site, or a structural unit
on the protein.

It is possible to observe all of the recorded features of a
protein in one place using UniProt protein pages and its
visualizer the feature viewer tool. Both the information
curated from the literature and the information imported
from other biological resources are extensively referenced. So
that, the user can check the source data repository or publica-
tion for a more detailed investigation. When taxonomic infor-
mation (i.e., organism) matches between PQ and the observed
protein (along with conditions that the observed protein is
100% identical to PQ and their sequence lengths are the same),
all of the recorded features (including variants and mutagene-
sis) are applied to PQ as well, since they are basically the same
protein.

This way, the known active site information has been
observed for PQ; however, for some of the proteins this infor-
mation is incomplete. In this case, the user is advised to
continue from Subheading 2.3 to complement the observed
sequence features with predictions.

2.3 Multiple

Sequence Alignment

(Clustal Omega)

In order to uncover the potential active/critical sites in PQ, a
conservation-based approach, multiple sequence alignment
(MSA), will be performed. To perform MSA for PQ, select the
similar sequences (i.e., BLAST hits) by checking the boxes at the
first column of the UniProt BLAST results. However, sequences
that are 100% identical to the query protein are often lead to
overestimation of critically important residues. Due to this reason,
these sequences will be left out. Once the sequences are selected
(including PQ) click Align button to start the MSA using the
integrated Clustal Omega program. It is also possible to run MSA
in UniProt by entering the sequences manually on the Align inter-
face (http://www.uniprot.org/align/) or using Clustal Omega
tool interface (http://www.ebi.ac.uk/Tools/msa/clustalo/),
where the user is able to change the parameters of the tool
(see Note 3).

The resulting page display the output MSA with site-specific
conservation information for each position in the alignment with
symbols: “*”, “:”, “.”, and “”, indicating that all residues at the
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corresponding position are: identical (i.e., fully conserved), conser-
vation between different amino acid groups of highly similar prop-
erties, conservation between different amino acid groups of low
similarity and no similarity, respectively.

Various sequence feature options are given (active site, domain,
helix, chain, etc.) at the left pane and checking the corresponding
boxes enable displaying these features on the aligned sequences
with distinct colors. It is possible to easily observe the site specific
information on the aligned sequences and to infer the properties of
PQ by observing if the same amino acid presents in the feature
carrying column on the outputMSA. Clustal Omega tool generates
a guide tree from the output of the MSA, which is useful to observe
the inferred evolutionary relationship between the aligned
sequences.

As mentioned above theMSA parameters can be adjusted when
the procedure is run using the Clustal Omega interface (http://
www.ebi.ac.uk/Tools/msa/clustalo/). FASTA formatted
sequences of to be aligned proteins can be copy-pasted to the
sequence window. The results page is similar to the UniProt Align
tool interface. It is possible to download the phylogenetic tree,
which is constructed using the resulting MSA.

As a result of MSA, the functional positions can be inferred on
PQ. In the case of no (or limited) functional region/site informa-
tion due to either low conservation or the lack of region/site
specific annotation for the aligned sequences, it may still possible
to identify potential active sites on the sequences using MSA out-
puts via evolutionary tracing methods or by trying alternative
approaches, explained starting from Subheading 2.4.

2.4 Evolutionary

Trace (TraceSuite II)

Search functionally important sites via TraceSuite II web server
(http://mordred.bioc.cam.ac.uk/~jiye/evoltrace/evoltrace.html)
either by uploading or by copy-pasting the MSA output. It is
optional to enter PDB id(s) belong to the protein structure of PQ,
if this information is available. If so, place PQ at the top of the
alignment and change its FASTA header to “>PDBid”, where
PDBid should be replaced with the actual 4 digit PDB structure
entry identifier of the protein. If there is no PDB annotation for PQ

but there is a BLAST resulting protein that satisfy the conditions
explained in Subheading 2.1, item a, then its PDB id can also be
used here. When provided, the structural information will help
determining the functional residues according to their location
(i.e., as either at the core or on the surface of the proteins).

After hitting the start trace button, the algorithm displays the
results page following the run. In this page, there are two types of
output: (1) a partitioned phylogenetic tree, and (2) the evolution-
ary trace demonstrating the inferred active sites on the partitions of
aligned sequences, where the buried residues are highlighted. It is
also possible to display the evolutionary trace mapped to each

Phylogenetics-Based Prediction of Functional Sites 59

http://www.ebi.ac.uk/Tools/msa/clustalo/
http://www.ebi.ac.uk/Tools/msa/clustalo/
http://mordred.bioc.cam.ac.uk/~jiye/evoltrace/evoltrace.html


structure (only available if the structural information is given at the
input level), for each partition with highlighted buried/exposed
residues (see Note 4). Clicking the given PDB id at the bottom of
the results page will reveal the evolutionary trace mappings for
different partitions on the corresponding structure. Residue posi-
tions in the output needs to be checked to match with the positions
in the query sequence PQ (see Note 5). However, it is easier to
follow the positions of the annotated residues on the structures. At
the “evolutionary trace mapped to each structure” page, clicking
on “Molscript input file” will display the list of buried/exposed
residues with their respective positions on the structure. One
important note here is that, the annotated residue positions on
the structure and the query sequence usually does not match
since the crystal structures are only available for some parts of
protein sequences. It is possible to observe the position of a residue
on the crystallized structure (as opposed to the position on the
whole protein sequence), using the PDB service (e.g., residues
position information for the crystal structure of KIT protein:
https://www.rcsb.org/pdb/explore/remediatedSequence.do?
structureId¼1T46).

Partitions illustrated in the output are referred from the con-
structed phylogenetic tree on which each partition is labelled with a
vertical line. Prediction is more stringent in the first partition, as
there are more classes of homologs compared to the second parti-
tion. From the first partition to the last partition, more residues are
labelled as important. In TraceSuite II, residues vary among distant
homologs (homologs across the classes obtained from the parti-
tioning) rank better than the residues vary among close homologs
(homologs within the same class) in the phylogenetic tree. At the
evolutionary trace output on the main results page, the buried
residues are marked according the tenth partition, which is the
main interest.

Up to this point, we have demonstrated a workflow to infer
functional sites on a query sequence. Below, the alternative ways to
obtain similar information using all-in-one tools, are explained.

2.5 All-in-One Web

Servers for Functional

Site Prediction

(a) Universal Evolutionary Trace (ET)
Universal ET tool works with the same principle as Trace-

Suite II; however, it either takes an amino acid sequence in
FASTA format, a UniProt accession, a PDB identifier or a
PDB structure file as an input, and calculates the functionally
important residues following a methodology similar to the
one described above. Universal ET stores the precomputed
evolutionary traces for UniProt protein records and PDB
structure records; as a result, when queried with accessions/
ids the system is able to display the precomputed results
without any computation, which accelerates the analysis.
Entering protein structure information at the input level
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(if available) will improve the functional importance inference
in most cases.

Search PQ in Universal ET by first selecting “Amino acid
sequence in FASTA format” and entering its sequence to the
corresponding field and click Run trace button (http://mam
moth.bcm.tmc.edu/uet/). A progress page will be displayed
and refreshed every 10 s, which includes information on each
step of the procedure. After the run is finished, the results page
displays the query sequence in a way that each residue is
colored according the functional importance, using the color
range in the visible light spectrum (i.e., red: more important,
green: mid-range, and blue/purple: less important). It is also
possible to visualize the ET ranks as histograms by clicking the
corresponding button (Fig. 3). The results page also displays
the generated phylogenetic tree in circular or rectangular
layout. It is also possible to download all of the intermediate
and resulting files in a compressed file. Here, the residues that
are predicted to be important are the inferred functional sites
for PQ. The user may move on to the Subheading 2.5, item b
for more predictions.

(b) ConSurf
The second alternative method, ConSurf, accepts either a

sequence or an MSA or a phylogenetic tree as input. As a
result, ConSurf can be employed at any step of the workflow
described above. Below, the methodology is described for
sequence queries.

Query PQ via ConSurf web server (http://consurf.tau.ac.
il/2016/) by entering its sequence and selecting “Amino-
Acids” (it is also possible to analyze nucleotides) as the
sequence type. If there is a known protein structure in PDB
for the query sequence, it can be added in the next step either
by entering PDB id or uploading the PDB file. If the query is a
protein sequence without a known 3D structure, it can be
predicted via MODELLER in the presence of a license key
(optional). In the following step, paste the query sequence
into the box in FASTA format for ConSurf to run MSA (the
sequence will be extracted directly from PDB file if 3D

�

Fig. 3 Human KIT protein and its predicted functional sites. The selected region of KIT protein involving
imatinib binding sites (residues between 594 and 812) is represented in three blocks and the results of four
computational methods are aligned with the query sequence, on the horizontal axis. Blue colored residues on
the query sequence shows the experimentally known imatinib binding sites. The predicted buried and
conserved positions (i.e., functional sites) are highlighted with light gray in TraceSuite II output. Universal
ET outputs a histogram colored according to the importance of the residues, where the importance increases
from blue to red. ConSurf colors residues based on their conservation scores, as well. It also labels buried/
exposed and functional/structural residues. PROFisis displays the predicted protein binding sites, secondary
structures and solvent accessibilities on the query sequence
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structure information is added). When the method is ran
without structural information, the underlying algorithm
that complete the prediction task is ConSeq [22]. For this
example, use default parameters for homolog search. It is
possible to enter a job title and an e-mail address to get the
link of the results (optional). The number of homologous
sequences is a limitation for the Consurf run (see Note 6).
Clicking “Submit” button will start the analysis, which can
take from minutes to a few hours according to the query.

Submitting the job will open the job status page that
shows running parameters, run process, and running mes-
sages. When the job is completed, the results page will include
links for the final prediction results, input sequence data, the
MSA, phylogenetic tree, and additional links for high resolu-
tion figures including the protein structure. In the output, the
first option displays the conserved sites/regions, colored on
the sequence according to the conservation scores. In Con-
Surf a conservation scale from 1 to 9 was employed (with
distinct colors), where 1 represents the least and 9 represents
the most conserved residues. Additionally, ConSurf predicts if
the residues are buried or exposed to the solvent. Predictions
for functional residues (conserved and exposed) and structural
residues (conserved and buried) are also labelled with different
colors below the sequence (seeNote 4). It is important to note
that the sequence based output is provided only when the
structural information is not included at the input level. If
the structure information is added in the first place, the con-
servation predictions are shown as marked on the 3D struc-
ture. Furthermore, ConSurf produces a phylogenetic tree
using the MSA output. It is possible to download the whole
output as a zip file.

(c) Machine learning based approach (PROFisis)
Run the program for PQ via the PredictProtein (https://

www.predictprotein.org/) service, which normally requires
registration (seeNote 7). Enter the query amino acid sequence
and hit the PredictProtein button. When the results are gen-
erated, it will be displayed automatically on the screen. In the
output, predicted binding sites for protein interactions, sec-
ondary structure, solvent accessibility, transmembrane helices,
disordered and flexible region, disulfide bridges, subcellular
localization, gene ontology terms of proteins, and effect of
point mutations are shown. Results can be displayed separately
by clicking relevant part from the left panel or all-in-one by
clicking the “Dashboard.” In the figure, place the cursor over
the interested region to observe the annotation details includ-
ing the annotated residues, sequence length, type of the pre-
diction and its evidence, for the selected region. It is also
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possible to view the results in html or xml format by clicking
the corresponding boxes on the upper right-hand corner and
to export the graphical output to an image. Results can be
reached any time from “My Predictions” button after logging
in to the system.

There are also stand alone tools such as INTREPID that can be
used by downloading and installing their packages, instead of doing
interactive analysis via web servers. Users having advanced knowl-
edge in scripting may refer to these tools and run them on their
local computers.

3 Case Study: Human KIT Protein and Its Predicted Functional Sites

As an example, human KIT protein (UniProt accession: P10721) is
chosen to illustrate the functional site prediction procedure using
the defined work-flow (including TraceSuite II), Consurf, Univer-
sal Evolutionary Trace and PROFisis. KIT protein, which is a kinase
inhibitor, has a crystal structure in a bound state with imatinib (i.e.,
an anticancer drug) in PDB (id: 1t46). Using this structure and
KIT’s sequence, we aimed to find the residues in contact with the
drug molecule (i.e., functional sites). The residues having contact
with imatinib are experimentally known; however, we have only
used this information in order to compare the prediction results
with the known sites.

At the beginning of the analysis we have obtained the sequence
of the KIT protein from the UniProt database and assumed that
this is an unknown sequence. Then, we searched for the homologs
of our query using KIT protein’s sequence via UniProt BLAST tool
with default parameters. The top ranked result of the BLAST
analysis was naturally the actual KIT protein record in UniProt.
After that, the homologous sequences found at the BLAST analysis
(except the hits with 100% identity to the query and the fragment
sequences) are analyzed with MSA using the Align tool in UniProt.
The output MSA was investigated manually by highlighting the
known functional sites on the aligned sequences. Following MSA
analysis, fasta formatted output MSA was given to TraceSuite II
together with the structural information (by changing the FASTA
header of the query sequence to “>1t46” in the MSA output). The
results of TraceSuite II (i.e., the evolutionary trace mapped on
sequences and on the given structure, and the constructed phylo-
genetic tree) have been investigated. Finally, human KIT protein
was analyzed with ConSurf, Universal Evolutionary Trace, and
PROFisis, by directly entering its sequence to the corresponding
web-services. In ConSurf analysis, the structural information was
not given at the input.
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We used the original graphical output of each web server to
prepare Fig. 3. In this figure, the first row displays the query
sequence with highlighted experimentally known drug binding
sites. This is followed in successive rows by the results of the
functional site prediction methods explained in this chapter (i.e.,
Tracesuite II, Universal ET, ConSurf, and PROFisis). In Fig. 3, we
only illustrated the residues between the positions 594 and
812 (in three blocks), since imatinib is known to bind to the
residues in this region. TraceSuite II gives the output on the
residues of the given structure by highlighting buried and con-
served residues in light gray. If the exposed and conserved residues
are of interest, they can be browsed at the resulting evolutionary
trace, which was mapped to the given structure. Universal Evolu-
tionary Trace method provided a histogram that was colored
according to the importance of each residue. ConSurf was used in
the sequence input mode (ConSeq tool) and provided conservation
scores along with exposed vs. buried and functional vs. structural
residue predictions. For PROFisis, binding sites, secondary struc-
tures, and solvent accessibilities are shown at different rows.

As shown in Fig. 3, all methods recover most of the imatinib
interacting binding sites located on KIT protein, except PROFisis.
As observed, most of the methods gave high scores to the residues
around the actual binding sites, as well. There can be two possible
reasons behind this: (1) the residues at the proximity of binding
sites may also play roles in binding; as a result, they are conserved,
and (2) the predictive approaches often consider the properties of
the neighbors of the corresponding residue while calculating con-
servation/importance, which results in a smoothed scoring curve.
Apart from that, the tested methods also predicted a few additional
residues on the sequence, whichmay be targets for other molecules,
located in the core region or just false positive hits.

4 Notes

1. The parameters of BLAST are as follows: The first option is the
target database. In this menu, BLAST search database can be
selected as either UniProtKB (as a whole or divided to taxo-
nomic nodes, or including only reviewed sequences in
UniPRotKB/Swiss-Prot) or UniRef (i.e., sequence clusters at
different similarity levels, which is useful for eliminating redun-
dant sequences) or UniParc (i.e., sequence archive is the largest
set possible including the deleted sequences as well, not advised
to be used unless for specific objectives). The second parameter
option is the E-value threshold, which is a threshold statistical
measure indicating the number of returned matches. E-values
lower than 0.1 are generally accepted as significantly similar
hits. It is also possible to select a higher E-value to enlarge the
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size of results, while less significant hits can be discarded by
unchecking their boxes, before the MSA procedure. The third
option is the selection of the similarity matrix. A similarity
matrix assigns scores to each amino acid pair combination,
proportional to the probability of observing the corresponding
substitution in the nature. BLOSUM62 is the generally
accepted matrix to detect weak similarities between protein
sequences. BLOSUM80 performs better in finding highly sim-
ilar proteins and BLOSUM45 is a better choice to detect highly
distant sequences. Auto option can be selected in order for the
algorithm to decide for the best matrix for the query sequence.
The fourth parameter option is for filtering low complexity
regions in proteins, to avoid false matches specific to those
regions. If the query protein is known to include low complex-
ity regions, this filter can be selected to obtain more specific
results. The fifth option is for switching the allowance of gaps,
where the default selection is “yes.” The last option is for
limiting the number of returned hits. Usually, 250 hits or less
is sufficient to build a MSA.

2. The sources of protein annotations in UniProt include: (1) -
in-house manual curation, (2) in-house automated predictions,
and (3) imports from external resources. This way, UniProt
aims to provide comprehensive information on the properties
of proteins. However, included data does not cover the results
of most of the external predictive approaches available in the
literature. Due to this reason, it is natural to observe differences
between the information in UniProt and the results of a pre-
diction method (e.g., functional site information obtained
from different resources in our case study). UniProt aims to
incorporate only the most reliable annotations backed up by
strong evidence; as a result, a predictive approach may provide
relatively higher coverage on a query protein, where a portion
of its predictions can also be false positives. Nevertheless, pre-
dicted information obtained from other resources can be eval-
uated along with UniProt annotations. For example, predicted
active residues can be compared to mutagenesis and variation
information provided in UniProt protein pages, which can be
utilized to infer disease relations and for drug targeting.

3. The parameters of Clustal Omega are as follows: The first
option is the selection of the input data as protein, DNA or
RNA. The second one is the output format, which can be
selected among Clustal, Pearson, MSF, PHYLIP and etc.
“More options” button will reveal the parameters about the
tool such as the number of iterations at different steps of the
algorithm (e.g., sequence alignment and tree generation).
Higher number of iterations will refine the results with the
cost of longer computation times. Usually the default values
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will provide a good balance between results’ quality and run
times.

One important point about running MSA procedure is the
similarity between input sequences, which should neither be
too high nor too low. Results of a BLAST search may constitute
a good list for a MSA; nevertheless, 100% identical sequences
to the BLAST query should be removed from the list. How-
ever, this operation cannot remove the sequences among the
BLAST results that are identical to each other (i.e., not identi-
cal to the BLAST query sequence). To solve this problem,
BLAST operation can be carried out using UniRef90 instead
of UniProtKB, as the target database. This way, the results will
include only one sequence from each 90% similarity cluster.
Afterward, MSA can be run with these BLAST results with
default parameters. This alternative operation is especially
recommended when BLAST returns many highly identical
sequences when ran against UniProtKB database.

4. In addition to conservation predictions, both Consurf and
TraceSuite II label residues based on whether they are buried
or exposed. However, this information does not tell about if
the buried residue is located on the protein surface or in the
core region. Functional site residues are located in the surface
of the protein and have tendency to be buried. Residues that
are important for the stability of the protein are located in the
core region. To discriminate if the residue is located in the core
or in the surface region, 3D structure information is necessary
and the accessible surface area calculations need to be per-
formed. The sequence based version of ConSurf titled: “Con-
Seq” aims to obtain a distinction between structural and
functional residues (apart from exposed vs. buried) using neu-
ral networks; however, the performance of this type of predic-
tion was reported to be relatively low [22].

5. Residue numbers in the output of TraceSuite II is labelled
according to the partitioned MSA results, which may not rep-
resent the correct residue positions of the query protein. In this
case, user needs to traceback and relabel the residue numbers
accordingly.

6. One limitation of Consurf is that it does not run for less than
50 homologous sequences.

7. It is possible to run the PROFisis tool without registering and
logging in using this link: https://ppopen.informatik.tu-
muenchen.de/. However, in this mode it is not possible to
store the results of the analysis. In some cases PROFisis inaccu-
rately displays the positions of the predicted binding sites on
the graphical results, it is advised to check the precise positions
of the predicted sites either from the text based output or by
dragging the mouse cursor over the binding site representing
diamond shaped nodes on the graphical output.
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Chapter 5

De Novo Design of Ligands Using Computational Methods

Venkatesan Suryanarayanan, Umesh Panwar, Ishwar Chandra,
and Sanjeev Kumar Singh

Abstract

De novo design technique is complementary to high-throughput virtual screening and is believed to
contribute in pharmaceutical development of novel drugs with desired properties at a very low cost and
time-efficient manner. In this chapter, we outline the basic de novo design concepts based on computational
methods with an example.

Key words ADME, De novo ligand design, Drug discovery, Molecular docking, Molecular modeling,
Synthetic feasibility, VEGFR2

1 Introduction

The process of drug discovery has evolved manifold from adventi-
tious invention to more rational approaches. From the past three
decades computer-aided drug discovery/design (CADD) has
played a key role in the development of therapeutically important
small molecules [1, 2]. The explosion of the genomics data post-
sequencing and the three-dimensional crystallography structures of
various proteins (receptors/targets) has expedited the discovery of
medicinally significant small molecules. Structure-based drug
design and ligand-based drug design with the aid of different
computational techniques like virtual screening, molecular dock-
ing, molecular dynamics simulation, in silico adsorption, distribu-
tion, metabolism, excretion, and toxicity (ADMET) evaluations are
the primarily used methods for finding potential drug candidates.
De novo drug design is a computational technique wherein novel
molecular structures with desired pharmacological properties are
generated from the beginning or scratch. De novo in Latin literally
means “from new,” “afresh,” or “a new-fangled.” Besides finding
new molecules it is also used to produce novel molecular scaffolds
and bioisosteric equivalent for already determined or undesired
fragments. It not only generates chemical starting points/
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hypotheses but also enables to secure intellectual property rights
and in the identification of new molecules significantly eliciting a
response to targets which till now have not been the focus of drug
discovery efforts. The classes of computational methods for the de
novo design are mentioned below [3–6]:

(a) Fragment
positioning
methods

Identifies a specific position of atom or fragment in
binding sites

(b) Site point
connection methods

Identifies a unique site location for placing
fragments in the binding sites

(c) Fragment
connection methods

Connects the fragments at particular position
within binding sites

(d) Library
construction
methods

Builds a library of fragments with desirable
information

(e) Molecule growth
methods

Keep atoms or fragments at different places within
binding sites of target and growing them by
joining with other atoms/fragments with
various coordinations

(f) Random
connection methods

Connect the fragments in random way

For fruitful candidate design, three paradigms acknowledged
by de novo design program are (1) structure construction of the
candidate compounds (atom/fragment based), (2) evaluation of
the molecule class, i.e., its fitness (based on 3D receptor-ligand
docking and scoring or ligand-based similarity measure) and
(3) methodically examining the search space or difficulty of optimi-
zation (based on depth-first/breadth first search, evolutionary
algorithms, exhaustive structure enumeration). These constitute
the modern de novo design approach to implement the chemical
structure generation process [7, 8].

Complete data linked to ligand receptor interaction forms the
primary target constraints for the candidate compounds as these
input are used in scoring the property evaluation of the generated
structures. The designed compound with some target affinity and
drug-likeness is proposed. Clusters of the virtual structures are
accompanied by simulated organic synthesis steps in order to
draw prospective synthesis route for each generated structures.
Shape constraints and noncovalent ligand–receptor interactions
especially the hydrogen bonding forms the principal interaction
site [9]. Atom-based or fragment-based methods are used to
assemble the molecules based on the receptor interaction sites.
Fragment-based approach narrows the search space effectively.
Moreover, if fragment molecules frequently arise in drug molecules
then drug-likeness of designed compounds will be high. Fragments
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matching the interaction sites are grown and linked based on the
connecting rules. Predicted ligands are ranked by estimated
binding energy, structural complication and synthetic viability
[3, 10, 11]. Successful application of de novo drug design has
been studied in thrombin inhibitors, thymidylate synthase inhibi-
tors, carbonic anhydrase II inhibitors, antitrypanosomiasis, estro-
gen receptor antagonists, and antifungal and some antiviral agents
[12–22].

In this chapter, we portray the basic idea of de novo design
strategy to design an effective potent drug like candidate against the
biological targets. The art of de novo design is epitomized with an
example of vascular endothelial growth factor receptor-2 (VEGFR-
2) tyrosine kinase inhibitors build using computational methods.
An elementary scheme of de novo drug design is represented in
schematic diagram, shown in Fig. 1.

2 Materials

1. RCSB protein Data Bank (PDB) to obtain protein structure.

2. Chimera1.9 for refinement of ligand and receptor structure
and also for molecular visualization and interaction analysis.

3. Modeller 9.15 for adding missing residues.

4. LigBuilder V2.0 to design new molecules.

5. FAF-Drugs2 to examine absorption, distribution, metabolism,
and toxicity of the molecules.

Fig. 1 (a) Schematic representation of de novo drug design methods and (b) de novo design strategy in
LigBuilder V2.0
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6. Chemically advanced template search (CATS) for scaffold
hopping.

7. AutoDock Vina 1.1.2 for molecular docking.

8. Gromacs 4.5.5 to study the dynamic stability of the docked
compounds.

3 Methods

The basic idea of general process of de novo drug design using
computational approaches has been presented here for the devel-
opment of potentially effective inhibitor against vascular endothe-
lial growth factor receptor-2 (VEGFR-2) tyrosine kinase
[23, 24]. Besides, some of designed compounds through de novo
design software are listed in Table 1. In the past couple of years,
many of de novo design packages have been created with more
futuristic arts in drug discovery and development, represented in
Table 2. In addition, some more facts could be utilized for better
enhancement of de novo design approaches (see Notes 1 and 2).

3.1 Generation

of VEGFR-2 Tyrosine

Kinase Inhibitors Using

De Novo Design

Strategy

3.1.1 Preliminary

Requirements

Here, a case study of de novo designed inhibitors for the biological
target vascular endothelial growth factor receptor-2 (VEGFR-2)
tyrosine kinase using LigBuilder V2.0 is presented, which utilizes
fragment-based algorithm for constructing new chemical inhibi-
tors. The X-ray crystallographic coordinates of human VEGFR-
2 tyrosine kinase domain with pyrrolopyrimidine inhibitor was
retrieved from the Protein Data Bank (PDB code: 3VHE) [23].

3.1.2 Preprocessing

of Targeted Protein

Preprocessing of targeted protein was successfully employed to
assign missing hydrogens, for removing unnecessary water mole-
cules and for the separation of protein–ligand along with charge
calculation by Gasteiger using Chimera 1.9, and also for adding
the missing residues and side chains by Modeller 9.15 [78, 79]
(see Note 3).

3.1.3 Binding Site

Prediction and Ligand

Generation

The design of the fresh ligand is based on the active site information
in the 3D structure of receptor. LigBuilder V2.0 [60], which is a
cavity detection method, was utilized to determine the binding
sites. Next the LigBuilder V2.0’s function “Extract” was carried
out to generate the seeds in the form of pyrrolo[3,2-d]pyrimidine,
benzene, and urea from the original ligand. Finally, the linking
mode strategy of BUILD was applied to create new designs of
molecules from prepositioned to positioned seed structure with
different pieces. This process was continued until all the fragments
in each piece were linked by rational bonds into a single molecule.
Later the evaluation of protein–ligand binding affinity using an
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Table 1
Examples of various generated compounds through de novo design approaches

S. No. Structure of compound Target Software used Reference

1 Thrombin
inhibitors

Automated combinatorial
docking and LUDI

[25]

2 Antifungal MCSS and Ludi [8]

3 HIV-1 RT SYNOPSIS [8]

4 CDK4
inhibitors

Legend, LUDI, leapfrog [8]

5 HIV protease BREED [26]

6 Human
Cannabinoid
Receptor
1 inhibitors

TOPAS [27]

(continued)
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Table 1
(continued)

S. No. Structure of compound Target Software used Reference

7 HDAC
inhibitors

PhDD (Pharmacophore-
based de novo design
method of drug-like
molecules)

[28]

8 CDK2
inhibitors

PhDD (Pharmacophore-
based de novo design
method of drug-like
molecules)

[28]

9 Integrase
inhibitors

PhDD (Pharmacophore-
based de novo design
method of drug-like
molecules)

[28]

10 PfDHODH
inhibitors

SPROUT [29]

11 FKBP-12
ligands

LUDI [30]

12 Trypsin
inhibitors

DOGS
(Design of Genuine

Structures)

[31]

(continued)
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Table 1
(continued)

S. No. Structure of compound Target Software used Reference

13 PPARα agonist SQUIRREL
(sophisticated

QUantification of
InteRaction

RELationships)

[32]

14 PPARα agonist SQUIRREL
(sophisticated
QUantification of
InteRaction
RELationships)

[32]

15 Hypothetical
inhibitors for
COX-2

LigBuilder [33]

16 Hypothetical
inhibitors for
COX-2

LigBuilder [33]

17 5HT1B

antagonist
NovoFLAP [34]
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Table 2
List of De novo design software or programs.

S. No.

De novo design
software or
program

Year of
publication Concept of function

Receptor
(R)/Ligand
(L) based Reference

1 HSITE or 2D
skeletons

1989 Steric constraints and hydrogen bonds R [35]

2 3D skeletons 1990 Steric constraints and hydrogen bonds R [36]

3 Diamond lattice 1990 Steric constraints and hydrogen bonds R [36]

4 Legend 1991 Force field R [37]

5 Builder v1 1992 Combinatorial searching based on
empirical scoring

R [38]

6 LUDI 1992 Combinatorial searching based on
empirical scoring

R [39]

7 NEWLEAD 1993 Steric constraints R [40]

8 GroupBuild 1993 Force field R [41]

9 SPLICE 1993 Steric constraints R [42]

10 GenStar 1993 Steric constraints R [43]

11 CONCEPTS 1993 Empirical scoring R [44]

12 SPROUT 1993 Solvent accessible surface, electrostatic
and hydrophobic interactions,
hydrogen bond

R [45]

13 MCSS & hook 1994 Nonpolar interactions with van der
Waals potential

R [46]

14 GrowMol 1994 Empirical scoring R [47]

15 Chemical genesis 1995 Combined score of shape, grid based,
and scalar constraints

R and L [48]

16 PRO_LIGAND 1995 Empirical scoring R and L [49]

17 DLD 1995 Potential energy function without
electrostatic interactions

R [50]

18 SMoG 1996 Knowledge based scoring R [51]

19 CONCERTS 1996 Force field R [52]

20 RASSE 1996 Force field using chemical rules R [53]

21 PRO_SELECT 1997 Empirical scoring R [54]

22 Skelgen 1997 Geometric and chemical constraints R [55]

23 Nachbar 1998 QSAR prediction based on target
specific topology descriptor

L [56]

24 Globus 1999 Molecular similarity function L [57]

(continued)

78 Venkatesan Suryanarayanan et al.



Table 2
(continued)

S. No.

De novo design
software or
program

Year of
publication Concept of function

Receptor
(R)/Ligand
(L) based Reference

25 DycoBlock 1999 Force field and solvent accessible
surface

R [58]

26 LEA 2000 QSAR prediction based on 3D
descriptors

L [59]

27 LigBuilder 2000 Empirical scoring R [60]

28 TOPAS 2000 Molecular similarity function L [61]

29 F-DycoBlock 2001 Force field and solvent accessible
surface

R [62]

30 ADAPT 2001 Based on weighted sum of dock score,
clogP, MM, number of rotatable
bonds and hydrogen bonds

R [63]

31 Pellegrini & field 2003 QSAR prediction based on target
specific

R [64]

32 SYNOPSIS 2003 Electrical dipole moment and
empirically derived HIV-RT scoring

R [65]

33 CoG 2004 Molecular similarity scoring L [66]

35 Nikitin 2005 Hydrogen bond, grid based
electrostatic interaction

R [67]

36 LEAD3D 2005 Molecular docking with independent
property

R [68]

37 Flux 2006 Stochastic searching with ligand-based
similarity scoring

L [69, 70]

38 GANDI 2008 Force field R and L [71]

39 COLIBREE 2008 Based on chemical advance template
search topological pharmacophore
similarity

L [72]

40 SQUIRReLnovo 2008 Shape and pharmacophoric features
based generation

L [32]

41 Hecht & Fogel 2009 GOLD fitness scoring L [73]

42 MED-hybridise 2009 MED sumo score R [74]

43 MEGA 2009 Multi objective fitness scoring R [75]

44 AutoGrow 2009 Molecular docking score R [76]

45 NovoFLAP 2010 Ligand-based scoring with structural
and pharmacophoric features

L [34]

46 PhDD 2010 Pharmacophore-based de novo design L [28]

(continued)
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empirical scoring function (SCORE 2.0) [80] and bioavailability by
a set of chemical rules with parameters: molecular weight, logP,
H-bond donor, H-bond acceptor, 160–500,�0.4–5.6, 2–10, and
2–10 was performed.

3.1.4 ADMET Prediction,

Scaffold Hopping,

Molecular Docking,

and Simulation Studies

FAF-Drugs2, an open source web server appliance was used for
investigating the ADMET properties of the designed molecules
[81] (see Note 4). All pharmacokinetic properties were set up
within the acceptable range of Lipinski’s rule of five. Scaffold
hopping was executed using “Chemically advanced template search
(CATS)” to identify matching compounds [82], where two known
VEGFR-2 tyrosine kinase inhibitors Sorafenib and Axitinib were
used as template structures. Further, the newly designed molecules
along with known candidate Sorafenib were taken into the molec-
ular docking platform with the receptor VEGFR-2 tyrosine kinase
and the binding energy was calculated using AutoDock Vina 1.1.2
[83] (seeNote 5). Finally, the top ranked protein–ligand complexes
based on the lowest binding energy were simulated for 50 ns to
explore the dynamic behavior and its interatomic interactions that
facilitate the complex stability using Gromacs 4.5.5 software [84].
Thus, top four chemical entities were provided which were novel
compounds toward the target VEGRF-2 tyrosine kinase for anti-
cancer drug design (see Note 6–8).

4 Notes

1. The nature of search algorithm from a variety of de novo design
software could provide different kinds of molecules with
detailed knowledge of chemical properties. It is possible to
get an optimized compound with improved activity and func-
tionality with a different framework than the existing.

2. Several software are available which are free, while others are
commercial [85–88]. These could predict the active sites or
druggable pockets within the target (protein).

Table 2
(continued)

S. No.

De novo design
software or
program

Year of
publication Concept of function

Receptor
(R)/Ligand
(L) based Reference

47 DOGS 2010 Ligand-based scoring with structural
and pharmacophoric features

L [31]

48 iScreen 2011 Based on molecular docking R [77]
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3. Targeted protein’s preprocessing and refinement can be per-
form by other tools like Schrodinger Protein preparation wiz-
ard (https://www.schrodinger.com/protein-preparation-
wizard) and 3D refine web server (http://sysbio.rnet.mis
souri.edu/3Drefine/) [89–91].

4. The physical–chemical and pharmaceutical properties [92] can
also be predicted for de novo designed ligands using some tools
like QikProp (https://www.schrodinger.com/qikprop) [93],
TOPKAT (http://accelrys.com/products/collaborative-sci
ence/biovia-discovery-studio/qsar-admet-and-predictive-toxi
cology.html) [94] SwissADME (https://www.swissadme.ch)
[95] and admetSAR (http://lmmd.ecust.edu.cn:8000/)
[96]. These tools are effective and possess wide range of prop-
erties to predict more insights on the ligands.

5. Prior to docking study, the newly designed compounds could
be prepared using LigPrep utility of Schrodinger’s package
[89, 97], which produces all feasible tautomeric, stereochemi-
cal, and ionization variants of the participation molecules fol-
lowed by energy minimization to achieve structures with
optimized geometry.

6. The synthetic accessibility of a compound can be predicted
with the help of several computational approaches such as
myPresto—Medicinally Yielding PRotein Engineering Simula-
TOr program suite (http://presto.protein.osaka-u.ac.jp/
myPresto4/) and SYLVIA (https://www.mn-am.com/
products/sylvia) [98].

7. Prediction of binding free energy of the newly designed against
protein target through MM/GBSA [Molecular Mechanics
Generalized Born Surface Area continuum solvation] would
give higher clarity than docking scores in silico or in vitro
processing [99]

8. Characterization of newly designed ligands through Density
functional theory calculation on chemical properties such as
molecular electrostatic potential (MESP), highest occupied
molecular orbitals (HOMOs) and lowest unoccupied molecu-
lar orbitals (LUMOs), and aqueous solvation energy would
provide key mechanistic insights on ligands which will we
very useful in screening the newly designed ligands before
further processing [100].
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Chapter 6

Molecular Dynamics Simulation and Prediction
of Druggable Binding Sites

Tianhua Feng and Khaled Barakat

Abstract

Binding site identification and druggability evaluation are two essential steps in structure-based drug
design. A druggable binding site tends to have high binding affinity to drug-like molecules. Predicting
such sites can have a significant impact on a drug design campaign. This chapter focuses on summarizing the
different methods that are used to predict druggable binding sites. The chapter also discusses the impor-
tance of including protein flexibility in the search process and the use of molecular dynamics simulations to
address this aspect. Case studies from the literature are also summarized and discussed. We hope that this
chapter would provide an overview on the different methods employed in binding site identification
evaluation.

Key words Conformational ensemble, Cosolvent molecular dynamic simulation, Druggability, Hot
spot, Protein flexibility

1 Introduction

Proteins are dynamical entities in nature. They interact with each
other or with small molecule compounds to execute their function
or to transfer a signal [1]. These interactions usually take place
through hot spots on the surface of the proteins [2]. In many
cases these hot spots cluster into one region, forming a binding
site, which can specifically fit the interacting partner. These binding
sites have been always considered as attractive targets to develop
target-specific drugs [3–5]. However, not every binding site is
suitable to develop a drug. One should think about the druggability
of a binding site prior to searching for a compound that can fit
within the site [6]. Druggability of binding sites emerged in the
recent years [7] and was first defined as the ability of a protein
linked to a particular disease to bind a small drug-like molecule with
high affinity and specificity [8, 9].

Although using an automated approach to predict the “drugg-
ability” of a binding site is still difficult [10], computational
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methods are becoming more promising in this aspect. These
computational methods are usually composed of two subsequent
stages, namely, identifying the binding site and, subsequently, char-
acterizing its druggability [10, 11]. The site identification phase
aims at analyzing the distribution of all hot spots on the target, and
employs both structure-based methods and sequence-based meth-
ods. On the other hand, the druggability of a binding site can be
characterized different druggability indexes, as described below.

In general, binding sites can be classified into three major types.
The first includes catalytic sites or enzymatic binding sites
[12]. These binding sites usually possess specific catalytic functions,
allowing it to interact with a substrate and execute chemical reac-
tions, transforming the substrate into a new product. The second
class comprises allosteric binding sites [13–18], which are not
inducing any catalytic activity, however, interacting with these
sites can indirectly impact the function, dynamics, or distribution
of conformations of the target, which can indirectly modulate its
activity [19]. The third and the most complicated class of binding
sites are usually termed as cryptic binding sites. They are almost
hidden and rarely can appear on the surface of the protein. They
usually occupy a small portion of the conformational ensemble of
the target and are only partly detectable in the unbound target
[20]. Identifying cryptic sites may require a great deal of structural
and conformational analysis of the target (Fig. 1).

Binding site recognition methods can hardly identify all poten-
tial binding sites, especially, if the search process involves only a
single static structure. An experimental crystal structure is an aver-
age in time and space of protein dynamics. A binding site can be
easily hidden in a crystal structure, and can be only identified when
its dynamical properties are taken into account. In this context, the
flexibility of the target plays a significant role in binding site forma-
tion and identification [21] and studying these conformational
dynamics is an essential step in this process. One way to study and
reveal these dynamics is to use molecular dynamics (MD)

Fig. 1 Different types of binding sites include (a) the active site, (b) allosteric site, which can change their
conformation before (pink) and after (blue) binding with allosteric modular, and (c) cryptic binding site, which
can occasionally open (blue)
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simulations [22]. The snapshots extracted from the MD trajectory
represent multiple conformers of the protein structure, involving
both backbone and side chain dynamics. These extracted confor-
mations can reveal hidden spots within a crystal structure.

This chapter focuses on binding site identification approaches,
with an emphasis on structure-based methods. It also discusses the
use of MD simulations in identifying these sites, understanding
their dynamicity and evaluating their druggability. Finally a few
case studies are summarized, followed by a summary and conclu-
sion of our findings. We hope this chapter would shed light on
recent advances in this hot area and will be of great use for inter-
ested researchers.

2 Binding Site Identification and Druggability Evaluation Methods

As mentioned above, the prediction of druggable binding sites
involves two stages. Firstly, one should identify all potential binding
sites within and on the surface of the target structure. This is
followed by the ranking of these sites in terms of their druggability.

2.1 Binding Site

Identification Methods

The last few years witnessed the development of a few reliable
structure-based methods to identify binding sites [23]. These
structural methods can be categorized into two main classes,
geometric-based methods (e.g., PASS [24], POCKET [25], Lig-
Site [26]), and energy-based methods (e.g., GRID [27],
Q-SiteFinder [28]) (see Note 1). Several reviews comprehensively
describe these two approaches [10, 11, 23, 29], though they will be
briefly summarized below.

2.1.1 Geometric-Based

Methods

Geometric-based methods recognize a binding site based on its
geometric parameters. Two example parameters that are commonly
used in this aspect are the depth and surface area of the binding site.
In this context, Hajduk et al. defined a term, called pocket com-
pactness, as the ratio of the pocket volume to the pocket surface
area [3]. The optimal value for this parameter is usually in the range
of 0.4. Larger values correspond to more spherical shaped pockets
and smaller values represent more elongated shaped pockets. The
residual composition of a binding site, which includes polarization,
charges, and H-bonds, are also important geometrical parameters
to characterize binding sites. By using these various parameters one
can identify potential binding sites and provide further druggability
assessment (Fig. 2).

For protein–protein interactions (PPIs), the geometric descrip-
tors are usually smaller compared to those of catalytic/active sites,
which are usually formed by major, large, and deep binding clefts.
An important study in this regard is the work by Bourgeas et al.
They extracted the best descriptors, geometrical parameters, and
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residue properties for PPIs, and used this information to guide their
search for binding sites in heterodimer complexes [30]. The 2P2I
database gathers geometry information of interfaces, which comes
from known druggable PPIs’ interfaces. They summarize several
different properties of these interfaces after compared with general
PPI interfaces. The druggable PPIs’ interfaces are smaller, more
hydrophobic, and composed by fewer pockets. Additionally, the
druggable PPIs interfaces have less salt bridges and charged resi-
dues, but more hydrogen bonds at the interface [30].

2.1.2 Energy-Based

Methods

Energy-based methods employ molecular docking as the main tool
to identify and characterize the binding sites on proteins. These
methods dock multiple probes to potential pockets and calculate
their binding free energies. These predicted energies reflect the
strength of the interactions of these probes within the target
[31]. Fragment-based mapping algorithm (FTMAP) is a popular
energy-based method. FTMAP was a developed version of its pre-
decessor, computational solvent mapping (CS-map) [32].

FTMAP uses a diverse library of 16 small organic molecules as
probes to search the whole target protein surface for potential
binding sites [7, 33]. These small organic probes have different

Fig. 2 Geometric-based binding site identification mechanism. The approach
scans the grid points outside the protein for protein–solvent–protein and surfa-
ce–solvent–surface events. When the regions reach the threshold of require-
ment, they can be labeled as potential binding sites
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hydrophobicity and hydrogen bond capacities, allowing them to
interact with many parts on the protein surface. A fast Fourier
transform correlation approach is implemented to sample millions
of receptor–probe complexes. These complexes are clustered within
the same probe type, and the generated clusters are ranked based on
their binding energies. The method extracts top-ranking clusters
from different types of probe and regroups them again. The con-
sensus sites (CSs) represent putative hot spots, where multiple
probes congregate. The CSs containing the largest number of
probe clusters are considered the main hot spots (Fig. 3)
[31]. The FTMAP method has been developed as web server,
which is linked to the protein data bank (PDB) and generates a
file containing the CSs and their congregated probes for a given
target [34].

2.2 Druggability

Evaluation Methods

Once a binding site is identified, the next stage focuses on the
evaluation of its druggability. In general, this is usually accom-
plished by analyzing the binding site using various geometrical
descriptors and binding free energy analysis. All these calculations
are summarized in what is termed as a druggability index. A drugg-
ability index, ID, provides a measure of the potential of a given
binding site to accommodate a small-molecule candidate drug.

Fig. 3 Probe-based binding site identification mechanism. Different types of drug-like fragments dock
randomly on the protein surface. The first clusters are ranked based on their binding free energy. After the
second turn of clustering, multiple types of fragments are gathering around the consensus sites (CS)
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Most of the current methods search for a binding site using a
static protein structure and the calculated values of the various
geometrical descriptors contribute to the final value of the drugg-
ability index. Typical ID values are in the range of �3.0 to 0.0
[8]. Binding pockets with an ID greater than �1.0 are having a
high potential for being druggable, whereas pockets with an ID less
than �1.5 are having a low potential for small-molecule drugg-
ability [8]. The druggability index can be calculated using the
Eq. (1):

ID ¼
XN

i¼1

aiX i þ bi log Xið Þ½ � ð1Þ

WhereN is the number of the active-site descriptors used, Xi is
the ith descriptor, and ai and bi are coefficients (obtained from
fitting to experimental data) for the linear and logarithmic terms
of the ith parameter, respectively [8].

Cheng et al. defined the terms, “curvature” and “lipophilicity,”
which reflect the shape of the binding site and its hydrophobicity,
respectively. These two parameters indicate the maximal binding
affinity for drug-like compounds [35–37]. Other binding sites’
identification methods use different geometrical descriptors. An
example is the Dscore method, which forms a linear function of
three pocket properties: size, enclosure (akin to an average degree
of buriedness), and hydrophilicity [11, 38]. Another druggability
evaluation method, which originated from NMR-Based fragment
screening, try to mimic the hit rates concept, This hit rate method
relies on the assumption that sites that bind with a higher propor-
tion of fragments are also more likely to deliver high-affinity, non-
covalent drug-like leads [3]. The FTMAP is an example of such
methods and it can estimate the maximal binding affinity, while
evaluating the druggability of a given target toward a particular
compound.

2.3 Importance

of Protein Flexibility

All the methods described above do not take the protein flexibility
into account, making them very limited in identifying and studying
complicated and hidden binding sites (see Note 2). For example,
many studies have shown that the druggability index can vary
significantly, when calculating the same index for the same target,
but for a different state (i.e., free vs. bound structures) [8]. This is
clearly demonstrated in highly dynamical proteins [39]. For exam-
ple, the unbound Bcl-xL protein cannot accommodate the Bak
peptide, which is normally associated with a low druggability
index (ID ¼ �2.0). On the contrary, the bound conformation is
much wider and deeper, which is reflected by a much higher drugg-
ability index (ID ¼ �0.5) (Fig. 4) [8].
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Amore complicated example is the discovery of a hidden trench
in HIV integrase, which is not accessible within the available crystal
structure [40]. Other examples include the identification of
uncharacterized binding sites on the Cruzain, a therapeutic target
for Chagas’ disease [41] and the identification of novel transient
allosteric binding sites in Ras proteins, a hallmark of diverse
cancers [42].

All these examples emphasize the importance of introducing
protein flexibility in the search process for a binding site. In this
context, MD simulations can be used to explore the dynamicity of
the target protein [43, 44]. The method became very popular in
studying protein structures and in extracting conformational
ensembles of these targets. These simulations can be carried out
in the context of the solvent, ions, and various physiological para-
meters. In this way, one will not only able to identify and under-
stand the flexibility of a given binding site, but will be also able to
explore its interaction with water molecules and ions. Moreover, by
analyzing the MD trajectory, one can also measure the persistence
of the binding site, duration of the hydrogen bonds, and varying
depth and width of the binding site.

2.4 Generation

of Conformation

Ensemble

A conformational ensemble is a group of structures from the same
target with different conformations, reflecting the flexibility of the
backbone and side chains. In the early 1990s, Pang and Kozikowski
made the first attempt to extract multiple conformations of the
acetycholinesterase enzyme from MD trajectories. Since this
moment, MD simulations become the most common way to gen-
erate such structural ensembles [45]. The depth and the shape of a
given protein pocket can be assessed during the simulation and
transient cavities can be identified and explored [44].

Fig. 4 Structure of Bcl-xL in (a) unbound (orange surface, PDB ID: 2LP8) and (b) bound (blue surface)
conformation. The Bak peptide (green ribbon, side chains show) is detected with the Bcl-xL by using NMR
(PDB ID: 2LPC) and superimposed onto the unbound conformation. Based on the geometric feature, the
binding site can be recognized as high druggability in bound conformation (a). However, the same binding site
of unbound Bcl-xL is identified as low druggability in (b). Generated by Maestro
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The generation of a conformational ensemble involves two
steps. First is to run an MD simulation on the target structure to
generate a trajectory. This atomic trajectory can be either a single
extensive trajectory, coming from a single simulation, or multiple
trajectories combined together to form a single long trajectory
[23]. The two approaches can lead to different outcomes, and it
seems that using multiple simulations can provide more improved
conformational sampling over the use of a single MD
trajectory [31].

The next step, involves the clustering of the long trajectory
obtained from the simulation. This clustering step not only identi-
fies representative conformations for the target protein, but is also
used to reduce the computational time in subsequent binding site
evaluation steps [38]. The most common way for clustering protein
conformations is using RMSD-based methods. Other methods
may also involve principal component analysis (PCA) [46], non-
negative matrix factorization (NMF) [47], and independent com-
ponent analysis (ICA) [46, 48].

2.5 The Sampling

Problem

In many cases and depending on the plasticity of the target, a
binding site that is not obviously present in a crystal structure
may appear after a short simulation time. For example, Eyrisch
and Helms identified transient pockets on the protein surface
after 10 ns of MD simulation [20]. However, in most cases, con-
ventional MD simulations cannot access these sites, and a signifi-
cantly long MD simulation may be required to sample the
conformational space of the target (see Notes 3 and 4). This is
mainly due to the entrapment of the protein structure in a local
minimum within the energy surface and not being able to cross the
high-energy barriers separating these minima (Fig. 5) [49].

In this case, one has two options: running a very long MD
simulation (in the 100 s of ns scale) or using other MD simulations
methods that are designed to solve this sampling problem such as
Replica Exchange MD (REMD) [50], accelerated Molecular
Dynamic (aMD) [49, 51], Free Energy Perturbation (FEP),
Metadynamics-Based Methods, and Steered Molecular Dynamic
(SMD) [21]. These methods can provide significant improvement
over conventional MD methods, although they require huge
computational resources. A good sampling of the protein structure
is important to identify binding sites. If the sampling is not suffi-
ciently done to fully explore all possible target conformations, one
may miss a very valuable binding site on the target. Many reviews
have focused on these different MD methods, and interested read-
ers are directed to these references [21, 22, 52–54].

2.6 Cosolvent

Molecular Dynamics

Simulations

Flooding a protein structure with different probes during MD
simulations emerged as a new way to detect binding sites while
taking into account their flexibility. A promising example of such
methods is the cosolvent MD simulation approach. In this method,
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the protein structure is soaked in different concentrations of differ-
ent explicit solvents, allowing these solvent molecules to diffuse and
interact with hot spots on the protein surface. In this way, cosolvent
MD simulations have two major advantages over the traditional
binding site recognition methods, described above. First, cosolvent
MD simulations do not require a training set to run. Meaning that,
the method can be applied to all types of protein structures, with-
out a prior knowledge about similar protein structures or potential
binding sites [55]. The second and, perhaps, the most important
feature of cosolvent MD simulations is that it fully accommodates
protein flexibility, solvent effects and many other parameters during
the simulation (see Note 5).

The used organic solvents can have different chemical proper-
ties and shapes, allowing the study of different possible interactions
with the protein and also helping in predicating the maximum
binding affinity for any identified binding site [1, 7, 9, 10]. During
a typical simulation the different solvent molecules are spontane-
ously distributed and concentrated around possible binding sites.
The elapsed time for solvent molecules to occupy the binding site is
directly related to its druggability [9]. In this context, the identified
binding sites are ranked by the occupation time and the increase in
the local density of the interacting organic molecules. The drugg-
ability is also assessed by the maximum binding affinity as predicted

Fig. 5 The free-energy surface of protein. The local and global minimums are separated by free-energy
barriers. During the MD simulations, conformations of targeted protein are sampled. The conformations
cannot pass some large barriers and have to gather around local minimums. Because protein does not reach
global minimum, the MD simulations are insufficient sampling
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from these interactions [35]. The maximum binding affinity can be
obtained by calculating the associated free energy, ΔGi. It counts
the number of times the different solvents are attracted to a given
hot spot and compares with expected value.

ΔGi ¼ �kBT In Ni=Noð Þ ð2Þ
In Eq. (2), kB is the Boltzmann constant, T is the temperature,

Ni represents the observed solvent population, whileNo represents
the expected value.

Different studies using the cosolvent MD simulation technique
helped in identifying new binding sites and identified the limita-
tions of the method. For example, in 2009, Seco et al. performed
MD simulations on five different proteins, dissolved in explicit
binary solvents, 20% isopropanol–water (volume/volume). They
were able to identify the binding sites on the target proteins and
evaluate their druggability [9]. However, they also pointed out to
the effect of the simulation time as well as the low diffusion rate of
the solvents on the binding site prediction. In particular, they
concluded that a low diffusion rate can limit solvent exchange and
can also prevent the solvent probes from diffusing into cavities and
gaps within the protein structure [9, 56].

2.7 Site

Identification by

Ligand Competitive

Saturation

Guvench et al. developed a more refined MD-based method,
namely the site identification by ligand competitive saturation
(SILCS). The method uses explicit ternary solvents, comprising
benzene, isopropanol, and water. The objective of combining
these different solvent molecules was to provide a precise division
of affinity properties among hydrophobic groups, aromatic groups,
hydrogen bond donors, and hydrogen bond acceptors
[57, 58]. They validated the SILCS method using a full flexible
simulation for Bcl-6. While including different solvent molecules
improved the prediction of interaction energies, it did not over-
come the diffusions’ limitation [36]. Raman et al. brought up an
improvement to the SILCS method in 2013, where more diverse
solvent molecules were used [59].

A related approach, with some distinct technical details, is
called MixMD and involved an explicitly binary solvent, 50% acet-
onitrile–water (weight/weight). In enhanced method, Lexa et al.
added isopropanol too into theMixMD approach and tested on five
proteins. They indicated multiple short MD simulations might be
more efficient in sampling binding sites than few but long MD
simulations [58]. These two methods have been successfully
applied to ligand design and reproducing crystallographic binding
sites of small organic molecules [56].

A similar method, named MDmix, employed two binary sol-
vent systems, 20% acetonitrile–water and 20% isopropanol–water
(volume/volume). Two proteins were tested, namely, the heat
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shock protein 90 N-terminal domain (Hsp90) and the HIV-1
protease (HIVpr). MDmix method showed more accurate interac-
tion map and provided affordable water displaceability predictions
compared with normal energy-based methods, such as Grid
[27, 56].

2.8 WaterMap WaterMap is another MD-based approach for binding site identifi-
cation. The method employs explicit water as the only solvent
molecules interacting with the protein. WaterMap relies on the
tendency for druggable binding sites to have a higher density of
thermodynamic unstable hydration sites. Accordingly, the method
uses statistical analysis techniques to identify these locations within
a given target [60].

3 Cases Studies

Following the description of the different MD-based methods for
binding site identification, the next section will provide recent case
studies from the literature.

3.1 A Catalytic Site

Problem: Viral

Neuraminidase

As mentioned above, catalytic active sites are the primary type of
druggable targets in drug development and they always have signif-
icant geometric features over allosteric sites. Neuraminidase
enzymes represent an example of such targets and are usually
targeted as the antigenic determinants on the surface of the influ-
enza virus. Neuraminidase has one catalytic site that cleaves sialic
acid and promotes new virus particles release [61]. Oseltamivir and
zanamivir are both effective orthosteric inhibitors that bind to the
active site (Fig. 6).

Neuraminidase exhibits a high degree of selectivity among
structurally similar compounds. The N1 subtype specifically binds

Fig. 6 2D chemical structure of oseltamivir (a) and zanamivir (b). They are both orthosteric inhibitors bind to
the active site of neuraminidase. Generated by Maestro
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with Tamiflu and mutations at the binding site can cause resistance
against the drug. Therefore, enhancing drug selectivity and search-
ing for novel binding sites are important research areas for influenza
treatment. In the search for new binding sites in Neuraminidase for
the H5N1 strain, Landon et al. combined extended explicit solvent
molecular dynamics (MD) and computational solvent mapping
(CS-Map) techniques to identify putative “hot-spots” within flexi-
ble binding regions of N1 neuraminidase. They used representative
conformations of the N1 binding region as extracted from the
clustering of 40 ns MD trajectories. They then employed CS-Map
to assess the ability of small solvent-sized molecules to bind close to
the sialic acid binding region. Mapping analyses of the dominant
MD conformations revealed the presence of additional hot spot
around binding region. Hot spot analysis provided further support
for the feasibility of developing high-affinity inhibitors that were
capable of binding to these regions, which appeared to be unique to
the N1 strain [62]. Furthermore, MD simulations also revealed the
function of crystal water molecules in the active site. Interestingly,
Landon et al. found that more potent ligands did not interact
strongly with these cocrystallized water molecules [61, 62]. They
were also able to study the effects of mutations on the interactions
with these compounds [63].

3.2 An Allosteric Site

Problem: G-Protein

Coupled Receptor

(GPCR)

G-protein coupled receptors (GPCRs) are major targets for drug
development [64]. They are associated with approximately 30% of
current drugs and are linked to many diseases related to cardiovas-
cular and central nervous systems and cancer [31, 33, 64,
65]. GPCRs are transmembrane proteins with a conservative topol-
ogy composition, comprising of seven transmembrane alpha-
helixes, and highly dynamics structure [33, 66]. Ivetac and
McCammon used an ensemble-based approach combined with
the FTMAP algorithm to study binding sites in two different
GPCRs, namely, the β1 (β1AR) and the β2 (β2AR) adrenergic recep-
tors. They used Coarse-Grain MD simulations to rapidly assemble
the protein–lipid complexes. Then, they extracted a conformational
ensemble for the proteins from six independent 40 ns long conven-
tional MD simulations for each complex. The final protein struc-
tures involved 14 dominant conformations, representing the whole
240 ns MD simulation. Five allosteric binding sites, four of which
are conserved within the two complexes were detected through this
investigation. Site-1 and Site-4 were located at the extracellular and
intracellular mouth of the proteins and were exposed to the solvent
environment. On the other hand, the protein–lipid interface
contained site-2, site-3, and site-5. Site-5 was observed only in
the β2AR structure, which emphasized its value as a selective
β2AR-targeted pocket [31].
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3.3 A Cryptic Site

Problem: Bcl-xL

Protein

As discussed above, a cryptic site is defined as a hidden binding site
when the protein is in the free/unbound state [20, 21]. Cimer-
mancic et al. used machine learning to predict new cryptic sites
based on the features of available cryptic sites [67]. These features
included their amino acid sequences, structures, and dynamical
attributes. Their major finding was that cryptic sites tend to be as
conserved in evaluation as traditional binding pockets but are also
less hydrophobic and more flexible [67]. Oleinikovas et al. char-
acterized several additional characteristics for cryptic sites. They
concluded that the appearance of a cryptic site does not correspond
to a local minimum in the computed conformational free energy
landscape. They also found that temperature-based enhanced sam-
pling approaches, such as Parallel Tempering, do not improve the
situation, as the entropic term does not help in the opening of these
sites. Interestingly, they found that a conventional MD simulation
can occasionally lead to the opening of a cryptic site [9, 21].

As the Bcl-2 family of proteins, Bcl-xL is a key regulator of
programmed cell death [68]. MD simulations were performed on
the apo-Bcl-xL structure in water and in cosolvent to detect bind-
ing sites on the protein. In water, the binding site of the apo-Bcl-xL
had relatively minor conformational changes. Simulations of three
holo-Bcl-xL structures in water, however, showed that the protein
exhibited significant dynamic transition of conformations, includ-
ing burying of several solvent exposed hydrophobic residues in the
binding groove. In contrast, the apo-Bcl-xL in cosolvent, the
hydrophobic surface tends to exposing itself to the interface,
which is similar to the tendency in the crystal complex of Bcl-xL.
However, the free energy differences of the Bcl-xL conformations
obtained from both solation methods were small, which indicates
the perturbation of cosolvent molecules is acceptable to Bcl-xL
structure in relatively short MD simulations [58]. Furthermore,
the novel binding hot spots that were revealed by cosolvent MD
simulation did not find in the cocrystallized complex [39]. Taken
together, this study suggested that cosolvent is very capable
method in identifying cryptic sites, particularly, for flexible and
hydrophobic targets.

4 Conclusion

The surface of a protein target encompasses many hot spots. These
spots are essential in mediating the interactions between the target
protein and other proteins as well as small molecule drugs. A
binding site is formed by the grouping of these hot spots within
the surface of the protein. There are many types of such sites. The
most complicated ones include cryptic and allosteric sites. Both
types do not induce direct effects on the activity of the target
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protein; however, they indirectly influence the activity by inducing
conformational changes within the protein structure.

Identifying these sites and evaluating their druggability is very
complicated. Current tools employ both geometrical-based and
energy-based approaches to identify a binding site and assess its
druggability. While these methods can easily study catalytic sites,
they can poorly identify and study more complicated sites. This is
mainly due to the fact that they rely on a static structure of the
target protein, while an accurate prediction of these sites requires
the accommodation of protein flexibility during the binding site
search process. It also requires studying the structural dynamics of
the different hot spots for a protonated time scale.

In this context, molecular dynamics (MD) simulations became
an important tool in structure-based drug design to understand
backbone and side chain flexibilities for a given target. MD simula-
tions can be combined with current binding site identification tools
to study every single snapshot. This approach led to the successful
identification of novel sites in important targets.

This chapter focuses on overviewing the different methods
used to identify and evaluate binding sites within a given target. It
also highlights the importance of incorporating protein flexibility
within the search process and the use of MD simulation in this
process.

5 Notes

1. Traditional binding site identification methods can be classified
into either geometrical-based or energy-based methods. These
methods employ a static structure of the target protein and
identify hot spots on its surface.

2. Accounting for the protein flexibility can significantly improve
the binding site identification outcomes. Molecular dynamics
(MD) simulations is a reliable tool to explore the protein
dynamics and help identify cryptic sites that are now obviously
shown in a crystal structure.

3. Despite the great benefit of using MD simulations to accom-
modate for protein flexibility, MD simulations are limited. The
main limitation of MD is due to its reliance on a force field to
describe the atomic interactions within the simulated system.
This is a classical representation of the system, which only
allows the study of the atoms movements, without any refer-
ence to their electronic dynamics. Although this simplification
improves the computational speed for MD simulations and also
allows the expansion of its size, this approximation does not
allow the simulation of bond breakage and bond formation
reactions.
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4. Theoretically, multiple short MD simulations are better than
one extensive MD simulation. This is mainly because multiple
MD simulations can search different directions of the confor-
mational space.

5. Cosolvent MD simulations use small molecules to search for
potential binding sites. These molecular probes can help us in
revealing buried binding sites.
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Chapter 7

Virtual Ligand Screening Using PL-PatchSurfer2,
a Molecular Surface-Based Protein–Ligand Docking Method

Woong-Hee Shin and Daisuke Kihara

Abstract

Virtual screening is a computational technique for predicting a potent binding compound for a receptor
protein from a ligand library. It has been a widely used in the drug discovery field to reduce the efforts of
medicinal chemists to find hit compounds by experiments.
Here, we introduce our novel structure-based virtual screening program, PL-PatchSurfer, which uses

molecular surface representation with the three-dimensional Zernike descriptors, which is an effective
mathematical representation for identifying physicochemical complementarities between local surfaces of
a target protein and a ligand. The advantage of the surface-patch description is its tolerance on a receptor
and compound structure variation. PL-PatchSurfer2 achieves higher accuracy on apo form and computa-
tionally modeled receptor structures than conventional structure-based virtual screening programs. Thus,
PL-PatchSurfer2 opens up an opportunity for targets that do not have their crystal structures. The program
is provided as a stand-alone program at http://kiharalab.org/plps2. We also provide files for two ligand
libraries, ChEMBL and ZINC Drug-like.

Key words Drug discovery, Molecular surface, Protein–ligand interaction, Three-dimensional Zer-
nike descriptor, Virtual screening, 3DZD

1 Introduction

Virtual screening is a computational technique that searches active
compounds for a target protein from a large virtual compound
library [1]. It has been widely used to help the efforts of medicinal
chemists to experimentally test and synthesize a large number of
compounds by reducing the chemical space to explore. The tech-
nique is classified into two categories: ligand-based virtual screen-
ing (LBVS) and structure-based virtual screening (SBVS). LBVS
compares the compounds in library with known drugs that have
been previously discovered. Therefore, to use LBVS, prior knowl-
edge of the known drugs is required. LBVS methods compare
ligands in their 1D [2, 3], 2D [4, 5], or 3D structure representa-
tions [6, 7]. On the other hand, SBVS methods use the 3D
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structure of a target receptor protein and compute complementa-
rities between the ligand binding pocket of the receptor and ligands
in a library. The fit of a ligand to the binding pocket of the receptor
is measured by estimating the binding energy in protein–ligand
docking [8–10] or by evaluating geometrical matching of pharma-
cophores [11, 12]. One of the most widely used classes of SBVS
methods is protein–ligand docking. In protein–ligand docking,
interaction between a receptor and a ligand is evaluated by sampling
binding poses of the ligand in the pocket and calculating the
binding affinity of the poses. Generally the binding affinity is com-
puted with a pairwise atom-based energy function.

Here, we explain how to use our novel SBVS method,
PL-PatchSurfer2 [13]. Instead of employing an atomic-based inter-
action description, this program adopts molecular surface descrip-
tion. Four physicochemical features of molecules, both a receptor
and ligands, are calculated and assigned on the surface: geometric
shape, the electrostatic potential, hydrogen bonding ability (donors
or acceptors), and the hydrophobicity. The complementarity
between a pocket and a ligand is calculated by comparing chemical
characters of local surface patches. A schematic illustration of
PL-PatchSurfer2 is shown in Fig. 1.

The chemical features on each surface patch of a receptor and
ligands are converted to three-dimensional Zernike descriptors
(3DZD). 3DZD is a rotationally invariant representation of a 3D
function in the Euclidean space (i.e., physicochemical properties
mapped on the 3D molecular surface), which is essentially a vector

Fig. 1 Illustration of PL-PatchSurfer2. Multiple three-dimensional conformations of ligands are generated by
OMEGA. The surfaces of each ligand in a conformation and a receptor pocket are divided into patches. Local
surface patches between the binding pocket of the protein and ligands are matched and the ligands are
ranked in an ascending order of their scores
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of coefficients from a series expansion of the 3D function into 3D
Zernike basis function [14]. Our group has applied 3DZD to solve
various structural biology problems, such as ligand similarity calcu-
lation [15], pocket–pocket comparison [16], electron microscopy
density map comparison [17], and protein–protein docking
[18]. An asset of PL-PatchSurfer2 is that it is tolerant to conforma-
tional changes of a receptor protein. Thus, the program showed
better performance than conventional protein–ligand docking pro-
grams including AutoDock Vina [13], when the receptor structure
is computationally modeled or in an apo-form, which can be sub-
stantially different from the ligand-bound form of the protein.

2 Materials

PL-PatchSurfer2 is available for academic users at our lab website,
http://kiharalab.org/plps2/ (Fig. 2). The program and associated
files are compressed in a file named PLPS.tar.gz and can be down-
loaded from a link shown as label 1 in Fig. 2. To decompress the
file, in a GUI interface, right-click and select an option for decom-
press or double click to decompress the file. In Linux command
line, type tar –zxf PLPS.tar.gz. All binary files are for the Linux OS.

Decompressing the file creates a directory named PL-PatchSur-
fer2. In the directory, there are four directories and README file.
apbs_tool gives utilities to run APBS [19], which will be described
later, bin and scripts contain executable files and python scripts to

Fig. 2 The PL-PatchSurfer2 webpage
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run PL-PatchSurfer2, and example provides a step-by-step example
of a virtual screening process. The details of the required program
and input file will be described in next section.

On the PL-PatchSurfer2 webpage, pregenerated ligand library
files are also made available (Label 2 of Fig. 2). druglike.tar.gz and
chembl.tar.gz contain preprocessed files for ~120,000 and ~80,000
compounds, respectively. The libraries can be used for a virtual
screening after decompressing file by typing tar –zxf druglike.tar.
gz or chembl.tar.gz. Descriptions of how to use themwill be given in
Methods.

2.1 Input Files

and Python Scripts

of PL-PatchSurfer2

PL-PatchSurfer2 requires a receptor structure file and ligands files
to be screened against. The input receptor structure file should be
in the PDB format without any hetero atoms in the HETATM
fields. To define a binding pocket of the protein, a cognate ligand
that is cocrystallized ligand should also be given in PDB format.
Ligand files need to be in the MOL2 format, which contains the
atom information, coordinates, and charge information. The final
output of the program is a text file that has a ranking of the
compounds.

To execute a virtual screening experiment, the following
Python scripts will be used, which locate in the scripts directory:

prepare_receptor.py: This script takes a protein PDB file and a
cognate ligand PDB file as inputs and generates an SSIC file
that contains patch information of the protein binding pocket.
The format of SSIC file is shown in Subheading 3.

prepare_ligands.py: This script reads ligand MOL2 files, generates
multiple conformations for each ligand using OMEGA [20],
and produces SSIC files of the ligands. SSIC is a PL-PatchSur-
fer specific file format and contains information of surface
patches of a molecule.

compare_seeds.py: As its name indicates, this script compares a
ligand-binding pocket of a receptor and a ligand conformation
by the Auction algorithm [21]. It takes SSIC files of the pocket
and the ligand as input.

rank_ligands.py: PL-PatchSurfer2 offers two scoring options that
evaluate the fit between a binding pocket and a ligand: The
Lowest Conformation Score (LCS) and The Boltzmann-
weighted Score (BS). LCS ranks ligands using the best scoring
conformation of a ligand, whereas BS sorts ligands by a
Boltzmann-weighted scoring scheme [13].

2.2 Required

Programs to Run

PL-PatchSurfer2

In order to run PL-PatchSurfer2, five external programs are
required: PDB2PQR, APBS, OPEN BABEL, XLOGP3, and
OMEGA. A brief explanation of each program is given below.
These programs can be replaced alternative ones with the same
function.
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APBS and PDB2PQR: APBS [19] calculates molecular surface and
the electrostatic potential on molecular surface by solving the
Poisson-Boltzmann equation. PDB2PQR convert a PDB file to
a PQR-format file, an input file of APBS by adding atom charge
and radius information to the PDB file. The programs can be
obtained from http://www.poissonboltzmann.org/.

XLOGP3: The aim of this program to estimate logP value of a
molecule [22] and assigns a logP value to each atom.
PL-PatchSurfer2 calculates a hydrophobic field [23] from
atomic logP values and assigns the field on a molecular surface.
XLOGP3 is downloadable at http://www.sioc-ccbg.ac.cn/
skins/ccbgwebsite/software/xlogp3/.

OMEGA: To consider ligand flexibility, we use OMEGA [20] to
generate multiple conformations of a ligand molecule from a
single MOL2 file. For academic users, a 1-year license is
offered, and the program can be obtained from http://
eyesopen.com.

OPEN BABEL [24]: This program is for converts file formats of
ligand files and used internally in the python scripts. It can be
downloaded from http://openbabel.org/

3 Methods

PL-PatchSurfer2 first computes SSIC files of a ligand binding
pocket of a receptor and ligands, which contain surface patch
information. The input receptor structure and ligand structures
need to be prepared in the PDB and in the MOL2 format, respec-
tively. Once the SSIC files are computed, the patches are compared
between the binding pocket and ligands and the ligands are ranked
by the score that evaluates compatibility between the pocket and
ligands. The overview of PL-PatchSurfer2 is illustrated in Fig. 3.

3.1 Receptor Binding

Pocket File

Preparation

To run PL-PatchSurfer2, an SSIC file of a ligand binding pocket of
a receptor protein needs to be prepared, which contains informa-
tion about the position, the distribution, and physicochemical
properties of surface patches represented in 3DZD. To prepare
the SSIC file, three files are required: a receptor structure PDB
file, a cognate ligand to define a binding pocket also in the PDB
format, and an input file, which lists file locations etc. A receptor
PDB file and a cognate ligand file can be obtained by any structure
viewer such as UCSF Chimera [25]. Otherwise, it can be obtained
using split_lig.py in the script directory in command window as
follows:

python split_lig.py [PDB file] [Chain ID] [Ligand ID]
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[PDB file] is a name of PDB file that has a receptor and a ligand
structure. [Chain ID] should be matched to a chain name in PDB
file, and [Ligand ID] should also be matched to a three-letter code
of a ligand in the PDB file. The script identifies ligand coordinates
in the PDB file and writes them in a file named xtal-lig.pdb. The
coordinates of the receptor structure without the ligand is written
in rec.pdb.

The current version of PL-PatchSurfer2 requires a cocrystal-
lized ligand structure with the receptor protein to define a receptor
binding pocket. If the receptor structure does not have a bound

Fig. 3 Flowchart of PL-PatchSurfer2. The Left side of the chart shows a process
for generating an SSIC file for a receptor, while the right side shows the ligand
library preparation steps. “split_lig.py” extracts a cocrystallized ligand from a
receptor PDB file. “prepare_receptor.py” detects a binding pocket from the
extracted ligand, runs APBS to calculate pocket surface and electrostatic poten-
tial, and generates a receptor SSIC file. On the ligand side, multiple conforma-
tions of a ligand are generated by OMEGA, atomic logP values are assigned by
XlogP3, and molecular surface and the electrostatic potential are calculated by
APBS. All these steps for ligand are executed in “prepare_ligand.py”. A comple-
mentarity between the receptor and the ligands are calculated by “compare_-
seeds.py.” “rank_ligands.py” gives the final result, a rank of the ligands in the
library
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ligand, such as a computationally modeled structure or an apo
structure, the user can provide a potential bound ligand from a
homologous protein structure found in the PDB database (see
Note 1) or provide a center position of the putative binding pocket
identified by a ligand binding site prediction program, such as
VisGrid [26] (see Note 1).

After splitting the receptor and the ligand into separate PDB
files, the SSIC file of the receptor is generated by running prepar-
e_receptor.py in the scripts directory:

python prepare_receptor.py [Input file]

An example of the input file is shown below (rec_prep.in in the
example directory):

PLPS_path ~/project/PL-PatchSurfer2/

PDB2PQR_path ~/apps/pdb2pqr

APBS_path /apps/apbs/apbs-1.4/bin

BABEL_path /usr/bin

receptor_file rec.pdb

ligand_file xtal-lig.pdb

The top line, PLPS_path, shows the path of PL-PatchSurfer2 is
installed. Similarly, following three lines designate the locations of
programs. They can be changed to match the user’s environment.
The last two lines, receptor_file and ligand_file are file names of the
receptor and its cognate ligand.

The output of this script is an SSIC format file named after the
input structure file. For example, if the PDB file’s name is rec.pdb,
then the output is named as rec.ssic. This file contains information
of patches: the coordinates of the patch center, 3DZDs of chemical
features (shape, electrostatic potential, hydrogen bonding, and
hydrophobicity), and the distribution of geodesic distance of
patches. An example of SSIC file is given below:

68 72 144 144 144

5.632 10.269 10.834

0 72 0.16617 0.00000 0.26899 0.27014 0.01290 0.01691 0.20478 0.21539 0.21553

0.04274 . . .

3 144 0.04947 0.00000 0.07677 0.07714 0.00725 0.00944 0.05392 0.05716 0.05732

0.02009 . . .

5 144 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

0.00000 . . .

6 144 0.00337 0.00000 0.00726 0.00726 0.00004 0.00006 0.01014 0.01017 0.01017

0.00022 . . .

68 0 12 10 8 13 5 5 13 8 14 17 17 21 20 15 22 21 25 23 24 20 24 24 28 26 21 30 28

27 28 32 30 27 30 37 31 35 29 28 31 27 26 32 24 21 20 22 22 17 24 27 23 22 19 25 18

17 24 27 16 13 16 12 11 13 17 18 21
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The first line indicates that the pocket is composed of
68 patches and chemical features, shape, electrostatic potential,
hydrogen bonding, and hydrophobicity, are converted to 72-,
144-, 144-, and 144-dimensional 3DZD vectors, respectively.
The second line is a (x, y, z) coordinate of the center of the patch.
The following four lines starting with 0 72, 3 144, 5 144, and 6 144
show 3DZD vectors of the geometric shape, the electrostatic
potential, the hydrogen bonding, and the hydrophobicity. The
last line, 11 13 17 18 21, is a histogram of geodesic distance between
the patch the patch center to the other patch centers of the pocket
with a bin size of 1.0 Å. convert_ssic_to_pdb.py helps visualizing
location of patches by generating PDB files that contains the coor-
dinates of patch centers (see Note 2).

3.2 Ligand File

Preparation

Similar to the receptor, input files for ligands should be prepared in
the SSIC format from their MOL2 format files. AMOL2 file can be
converted from a SMILES string, a one-dimensional representation
of a molecule, using OpenBabel [24]. Alternatively, it can be also
obtained from a public accessible library such as ZINC [27],
ChEMBL [28], and PubChem [29].

Ligands files are prepared using prepare_ligands.py in the scripts
directory, in the similar way as the receptor preparation:

python prepare_ligands.py [Input file]

The input file should have contents shown below (lig_prep.in in
example directory):

PLPS_path ~/project/PL-PatchSurfer2/

PDB2PQR_path ~/apps/pdb2pqr

APBS_path /apps/apbs/apbs-1.4/bin

BABEL_path /usr/bin

XLOGP3_path ~/apps/XLOGP3/bin/

OMEGA_path ~/apps/openeye/arch/Ubuntu-12.04-x64/omega

n_conf 50

ligand_file ZINC03833861.mol2

ligand_file ZINC03815630.mol2

Up to the fourth line from the top of the file are the locations of
the programs: PL-PatchSurfer2, PDB2PQR, APBS, and OPEN
BABEL. The fifth and the sixth lines show the locations of pro-
grams, XLOGP3 and OMEGA. n_conf is a parameter for OMEGA.
The program generates multiple conformations of a ligand to
reflect its flexibility and n_conf determines the maximum number
of conformations to be produced. Ligand MOL2 files are listed
after that, with ligand_file as a header of a line. There is no limit for
the number of ligands to process.
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Running the scripts will generate a directory, for each ligand in
the ligand list in the lig_prep.in file, each of which contains confor-
mation files in the PDB format and patch information files in the
SSIC format. Thus, the number of directories generated equals the
number of ligands in the library. Patches of a ligand conformation
are generated and distributed along the molecular surface as Fig. 4.
An example of a ligand SSIC file is given below. This is the same
format as a receptor SSIC file:

35 72 144 144 144

8.908 0.088 1.140

0 72 0.14882 0.00000 0.25880 0.25937 0.00286 0.00380 0.22792 0.23418 0.23420

0.01081. . .

3 144 0.03049 0.00000 0.05685 0.05688 0.00016 0.00043 0.05894 0.05928 0.05928

0.00070. . .

5 144 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

0.00000. . .

6 144 0.05316 0.00000 0.09245 0.09265 0.00102 0.00136 0.08142 0.08365 0.08366

0.00386. . .

35 0 4 4 20 7 5 20 28 25 23 23 29 8 20 24 28 28 16 13 12 18 12 14 19 8 12 18 14

28 31 27 16 29 5 17

3.3 Comparing

Patches

After generating SSIC files of a receptor and ligands, complemen-
tarities between are measured to find active ligands. In PL-Patch-
Surfer, the auction algorithm [21] is employed to match surface
patches between the protein and each ligand. To compare and
identify compatible surface patches between a receptor and ligands,
compare_seeds.py in scripts is executed as follows.

Fig. 4 Seed points of local surface patches distributed on the surface of a
compound, ZINC03815630. There are 35 patches and blue dots show the
centers of the patches (seed points)
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python compare_seeds.py [Input file]

PLPS_path ~/project/PL-PatchSurfer2/

receptor_file rec.ssic

n_conf 50

ligand_dir ZINC03833861

ligand_dir ZINC03815630

The structure of an input file is shown above. The first line
shows the location of PL-PatchSurfer2 is installed, and receptor_file
is a protein SSIC file prepared in the receptor preparation step.
n_conf is the number of maximum conformations for each ligand
and ligand_dir is a directory for ligand conformations and SSIC
files generated in the previous step.

Two types output files will be generated by executing the
python script. The first set of output files are named as a combina-
tion of a receptor name, ligand name, and the conformation num-
ber. For example, for a case that a receptor’s name is ERa and a
ligand’s name is estrogen, output file names will be ERa_estrogen_-
conf_01.dat for the first conformation of the ligand. If the user runs
this script with the same parameter as the provided example, the
output file name will be rec_ZINC03815630_conf_01.dat and so
on. They are saved in the directory of ligand conformations. An
example of the output file is illustrated below.

54 19 0.373 0.277 0.227 0.287 0.197 0.127 0.297 0.000 14.097

59 16 0.328 0.349 0.160 0.249 0.294 0.095 0.169 0.000 12.716

60 26 0.412 0.240 0.223 0.273 0.108 0.102 0.190 0.360 14.616

61 7 0.324 0.223 0.178 0.227 0.153 0.111 0.249 0.000 17.601

62 8 0.398 0.235 0.286 0.328 0.189 0.074 0.156 0.000 12.513

65 22 0.382 0.307 0.186 0.259 0.194 0.232 0.199 0.000 8.476

SUM: 8.807 AVG: 0.275 avgRP: 2.915 navgRP: 1.872 AVGSd 0.226 0.142 0.186 0.214

The first two columns except for the last line are patch indices
of the receptor protein and the ligand in a certain conformation
that are paired by the auction algorithm. The next four columns
show a total score of matched pairs, and three individual terms of
the score (weighted sum of 3DZD difference, geodesic distance
distribution difference, and geodesic distance difference between
matched pairs). Values in the next four columns show the 3DZD
differences (dissimilarity) of the two patches in terms of shape, the
electrostatic potential, hydrophobicity, and hydrogen bond term,
from left to right, respectively. The last column is the Euclidean
distance of the patch centers. The last line summarizes the score of
the two patches by averaging three scoring terms used in
PL-PatchSurfer2: 3DZD difference, geodesic distance difference,
and approximate position difference calculated by the geodesic
distance histogram [13].
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Another output is a summary file provided for each ligand
screened. It is named as a combination of the receptor file name
and the ligand name, for example, rec_ZINC03815630.dat. The file
lists the conformation of the ligand and the four scoring terms.

1 0.37611 0.18108 0.13645 0.45588

2 0.35956 0.18906 0.12975 0.50000

3 0.38208 0.18667 0.15510 0.47059

4 0.39500 0.19485 0.16095 0.42647

5 0.39779 0.19794 0.13975 0.50000

6 0.40681 0.19178 0.15785 0.47059

7 0.40150 0.19709 0.14375 0.50000

8 0.38156 0.19872 0.13715 0.47059

9 0.41342 0.18456 0.12550 0.47059

10 0.39468 0.19456 0.13200 0.50000

The first column is the conformation index. Following columns
are 3DZD difference, APPD (approximate position difference),
GRPD (geodesic distance difference), and size difference between
the pocket and a ligand in that conformation, respectively. The
overall score of a conformation is calculated as a weighted sum of
these four values.

3.4 Ranking Ligands The last step of PL-PatchSurfer2 is ranking ligands for the target
binding pocket in the receptor. The top ranked ligands are pre-
dicted to bind to the target binding pocket. The program provides
two options for scoring ligands: the lowest conformer score, which
ranks ligands based on the lowest scored conformer among con-
formations examined, and the Boltzmann weighted scoring, which
averages the scores given to different conformations of each ligand
by putting exponential weight to each conformation.

Boltzmann‐Weighted Score P ;Lð Þ

¼
PN conf

C

CS P ;Cð Þ � exp �β� CS P ;Cð Þ½ �
PN conf

C

exp �β� CS P ;Cð Þ½ �

where P, L, and C stand for pocket, ligand, and ligand in a certain
conformation, respectively. CS(P,C) is a Conformer Score, the score
between the pocket P and the ligand in the conformation C. Nconf

is the number of ligand conformations. β determines a weight to be
given to each conformer, which is set to 1.

To execute ranking of ligands, run rank_ligands.py in the scripts
directory as follows:

python rank_ligands.py [Input file]
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An example of an input file is illustrated below (lcs.in provided
in the example directory):

receptor_file rec.ssic

scoring_type lcs

ligand_dir ZINC03833861

ligand_dir ZINC03815630

output_file lcs.rank

receptor_file, ligand_dir, and output_file are the names of the
receptor SSIC file, the ligand conformation directories, and the
output file that has a ranked list of screened ligands. scoring_type
designates the type of the scoring function, either lcs or bs, for the
lowest conformer score or the Boltzmann-weighted score, selected
by the user.

The output file of bs scoring type has two columns. The first
column shows the name of the ligands, while the second column
shows the score of ligands. The ligands are sorted by the score in
the ascending order.

ZINC03815630 0.69811

ZINC03833861 0.70995

The output of lcs scoring function has three columns. Between
the columns of ligand names and the score is situated an additional
column which shows the index of the conformations of the ligand
that gave the lowest score.

ZINC03815630 1 0.66714

ZINC03833861 31 0.67820

3.5 Virtual Screening

Using Pregenerated

Ligand Sets

On theweb site of PL-PatchSurfer2 (http://kiharalab.org/plps2/),
we provide two pregenerated ligand sets: Drug-like (druglike.tar.gz)
and ChEMBL19 (chembl.tar.gz). Both sets are preselected sets
provided in the ZINC library (http://zinc.docking.org). The
Drug-like set is composed of ligands that satisfy “Lipinski’s Rule
of Five” [30], which are four chemical properties of compounds that
are suitable for drugs. The ChEMBL19 dataset was selected from
ChEMBL [28], which is an open compound library with bioactivity
information collected frommedicinal chemistry literature. The pre-
selection of the two datasets was performed using the SUBSET 1.0
algorithm [31]. The Drug-like dataset were filtered with 90% Tani-
moto similarity cutoff and the ChEMBL19 dataset were filtered
with 80% Tanimoto similarity cutoff. The Drug-like and
ChEMBL19 set have 123472 and 80159 compounds, respectively.

To use the database, decompress by a command tar –zxf [tar.gz
file]. In the directory, gen_input.pymakes input files for comparing

116 Woong-Hee Shin and Daisuke Kihara

http://kiharalab.org/plps2/
http://zinc.docking.org


patches and ranking ligands. Four parameters should be given to
run the python script.

python gen_input.py [Receptor SSIC] [PL-PatchSurfer2 path]

[Scoring function] [Rank file]

Receptor SSIC is the name of the pocket SSIC file. PL-Patch-
Surfer2 path is a location of the program. The user may choose type
of scoring function by typing lcs for lowest conformer or bs for
Boltzmann-weighted in [Scoring function]. [Rank file] is an output
file name that will contain the ranking of the ligands in the library. It
can be any file name the user wishes to have. The outputs of this
python script are compare_seeds.in and rank_ligands.in, which are
input files to run compare_seeds.py and rank_ligands.py, respectively.

3.6 Case Study In this section, we will show an example of virtual screening using
PL-PatchSurfer2. The target protein is a SRC kinase (PDB ID:
2SRC). SRC kinase phosphorylates tyrosine of other proteins
[32]. The activation of the SRC pathway is related to colon, liver,
lung, breast, and pancreatic cancer [33]. The three-dimensional
structure bound with phosphoaminophosphonic acid-adenylate
ester, an inhibitor of ATP-dependent phosphorylation, is shown
in Fig. 5. The active 60 compounds of this target were mixed with
1740 nonactive compounds in the library. The ratio between
actives and decoys are 1:29. Nonactive compounds were randomly
chosen from the DUD dataset [34]. In this example, the ligands
were scored and ranked by the lowest conformer scoring scheme.

Fig. 5 The crystal structure of human SRC kinase bound with
phosphoaminophosphonic acid-adenylate ester, an analog of ATP (PDB ID: 2SRC)
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Table 1 shows top 18 (1%) ranked ligands. Two-dimensional struc-
tures of the molecules are shown in Fig. 6. Among top 18 mole-
cules, 15 were active compounds. The enrichment factor at 1% (top
18 molecules) is 25 means that PL-PatchSurfer2 finds active com-
pounds 25 times more than random selection at top 1%.

4 Notes

1. PL-PatchSurfer2 requires a bound ligand in the receptor pro-
tein to define a binding pocket. However, computationally
modeled structures or receptors in their apo (ligand-free)
form do not have one. For a computational protein model, if
the model is built by homology modeling based on a template
protein that has a bound cognate ligand, superimpose the
modeled structure on to the template structure and use the

Table 1
Top 18 ligands ranked by the lowest conformer score

Rank Class ZINC ID Score

1 Active ZINC03815379 0.49045

2 Active ZINC03815551 0.51416

3 Active ZINC03815482 0.51647

4 Active ZINC03815493 0.53378

5 Active ZINC03815508 0.53546

6 Active ZINC03815483 0.53770

7 Active ZINC03815489 0.54398

8 Active ZINC03815307 0.54499

9 Active ZINC03815505 0.56146

10 Active ZINC03815507 0.56395

11 Active ZINC03815525 0.56614

12 Active ZINC03815490 0.56656

13 Decoy ZINC02196955 0.56680

14 Active ZINC03815503 0.56779

15 Active ZINC03832351 0.57083

16 Decoy ZINC03631303 0.57389

17 Decoy ZINC00766404 0.57602

18 Active ZINC03815545 0.57719
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cognate ligand of the template structure as the input parameter
used in Subheading 3.1.

If there are no homologous structures that have bound
ligand, or if apo-form of a binding pocket is used, provide the
binding pocket center position in pkt_cntr.pdb in the scripts
directory. Then, replace the line ligand_file in rec_prep.in
from xtal-lig.pdb to pkt_cntr.pdb.

2. To visualize the patch location on a binding pocket or on a
ligand molecule, PL-PatchSurfer2 provides convert_ssic_-
to_pdb.py in the scripts directory, a python script that extracts
seed point (center of patch) coordinates from the SSIC file.
Executing the script gives a PDB format file of seed point
coordinates:

python convert_ssic_to_pdb.py [SSIC file] [Output PDB

file]

Output PDB file can be any file name the user wish to use for an
output file. Use any molecular structure viewer, such as PyMol,
and load the output file and a three-dimensional structure file
of a molecule (a protein or a ligand), from which SSIC file was
generated, to visualize the seed position of patches distributed
on the molecular surface.

Fig. 6 Two-dimensional structures of top 1% ligands identified by PL-PatchSurfer2 for SRC kinase. The
number indicates the rank of the ligand assigned by PL-PatchSurfer2. ZINC ID is shown for each ligand. The
numbers in parentheses are the rank of ligands
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Chapter 8

Fragment-Based Ligand Designing

Shashank P. Katiyar, Vidhi Malik, Anjani Kumari, Kamya Singh,
and Durai Sundar

Abstract

Fragment-based drug design strategies have been used in drug discovery since it was first demonstrated
using experimental structural biology techniques such as nuclear magnetic resonance (NMR) and X-ray
crystallography. The underlying idea is that existing or new chemical entities with known desirable proper-
ties may serve both as tool compounds and as starting points for hit-to-lead expansion. Despite the recent
advancements, there remain challenges to overcome, such as assembly of the synthetically feasible struc-
tures, development of scoring functions to correlate structure and their activities, and fine tuning of the
promising molecules. This chapter first covers the theoretical background needed to understand the
concepts and the challenges related to the field of study, followed by the description of important protocols
and related software. Case studies are presented to demonstrate practical applications.

Key words 3D QSAR, De novo, Fragment growing, Fragment linking, High-throughput screening,
Ligand-based drug design, Structure-based drug design

1 Introduction

Fragment-based drug discovery has shown its potential with the
success stories of development of some early inhibitors like uroki-
nase inhibitors, p38 MAP kinase inhibitors, cyclic nucleotide phos-
phodiesterases inhibitors, and HSP90 inhibitors [1–4]. Number of
compounds developed by fragment based approach have success-
fully faced the Phase-I clinical trials. Contributing to the list are
(1) a factor Xa inhibitor from Lilly (LY-517717), (2) a Bcl-xL
inhibitor from Abbott (ABT263), (3) kinase inhibitor from Astex
(AT9283), (4) an HSP90 inhibitor from a collaboration between
Novartis and Vernalis (NVP-AUY-922), and (5) a PPAR agonist
from Plexxikon (PLX-204). De novo designing, on the other hand,
despite sharing the common characteristics with fragment-based
drug discovery has not shown same level of success. Many of the
concepts and objectives of de novo are similar to those of fragment-
based. First, both the approaches depend on the small chemical
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building material to start with and develop novel blocks with drug-
like properties. Next, developed blocks are screened for the initial
desired properties such as biological activity, pharmacokinetic prop-
erties at an initial stage of the project. Further, screened molecular
blocks with desirable properties are prolonged by either growing or
linking. A set of ligands with desirable properties can be obtained
by the iteration of the above steps. Hence frequently, the term de
novo or fragment-based drug designing are used interchangeably.
To avoid confusion, this chapter only uses the term de novo,
instead of using two separate names of similar approaches.

Computer aided de novo drug discovery process has comple-
mented the experimental combinatorial chemistry by providing
cost-effective and time saving approach to explore vast chemical
space. Cox-2, factor Xa, CDK4, carbonic anhydrase II, and HIV
protease are among few scientifically proven examples [5–9]. A de
novo molecule design software is challenged by virtually infinite
chemical search space to start with. The estimated number of
chemically feasible molecules is in order of 1060 to 101000 for the
selection of promising candidates [10–12]. Despite boost in
computational power and advent of high-throughput screening
(HTS), exhaustive searching is not feasible for such a large chemical
space. Hence, the search in de novo design process focuses on
principle of local optimization rather than concentrating on global
optimization and does not systematically construct, evaluate, and
compare each and every individual compound. In such case, the
covered space is called “practical” optimum. Therefore, most of the
software work in nondeterministic way and rely on stochastic struc-
ture optimization. As chemists from different background will most
likely consider different molecules as “lead molecule,” similarly
repeated runs from same software that rely on stochastic optimiza-
tion will generate different lead molecules. Hence, it becomes
important to include as much chemical structure search space as
possible. There are two important aspects of a de novo software;
search algorithm and the scoring function. In a way, search algo-
rithms mimic a medicinal chemist and a scoring function analogi-
cally performs as an assay to evaluate the activity. Ideally,
computational approaches or in silico experiments provide routes
that facilitate identification of high quality molecular structures
with easiest possible synthetic process. The chances of identifying
“promising candidate” without getting lost into the vast chemical
space depend on two design strategies: positive design and the
negative design strategy. Positive design strategy limits the search
space within small region of molecules with high probable drug-like
molecules. Negative design defines the “unwanted” region by
identifying adverse properties and unwanted structures [13, 14].

Once a library of potential molecules is generated, the mole-
cules can further be engineered to avoid issues that prevent a
chemical series from delivering low quality molecules. Such
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engineering techniques need to keep all the good properties of the
molecules to further identify and remove the unwanted properties.
Because a property of a molecule is often associated directly with its
associated functional groups and chains, parts of the molecules
responsible for the unwanted properties are either removed or
replaced with favorable parts. The process is called “rescaffolding”
or “scaffold hopping” when the central part of the molecule is
replaced with the other chemical motif [15–18]. Scaffold hopping
might be an anticipated outcome of a de novo process in order to
obtain a library of lead molecules with potentially improved
properties.

Identification of new lead molecule using the de novo experi-
ments can be advanced by two approaches: structure-based de novo
computational drug design (SBDND) and ligand-based de novo
drug design (LBDND). SBDND makes use of available tertiary
structure of the target protein, which can be solved experimentally
or computationally. SBDND can be achieved by either a ligand
growing or linking approach. In ligand growing method, a frag-
ment is docked into the binding site of target protein and extended
by adding favorable functional groups to it. The linking method is
similar but instead of docking one, multiple small fragments are
docked within and adjacent to the binding pocket of the target
molecule and linked with each other to form one complex mole-
cule. Availability of the target protein structure helps in screening
fragments at both the search and scoring steps. In the absence of
protein tertiary structure, the structure–activity relationship (SAR)
information about the existing active and inactive compounds can
be exploited using an approach called LBDND. Quantitative struc-
ture–activity relationships based on three-dimensional structures of
molecules (3D QSAR) is an important and widely used method in
LBDND. New Molecules are built using the fragment library con-
structed using known molecules with high biological activity.

This chapter focuses on both concepts of computer based
molecular de novo design methods and general protocols to per-
form the study based on SBDND. By discussing the case studies
involved in successful developments of lead and hit molecules, the
potential of this approach will be highlighted.

2 Concepts and Challenges

The basic concept behind identifying a new lead molecule is gen-
erating a new molecule using the fragment of existing active frag-
ments. Therefore, final product depends extensively, first on the
initial material and second on their rearrangement to create some-
thing new with different activity. Any de novo software or algo-
rithm must address three basic questions: assembly or clustering of
candidate fragments, evaluation of their features and activity, and
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sampling of the search space optimally. The performance of any
software depends on how well it performs these three basic opera-
tions. The biggest challenge lies in exploring the vast space gener-
ated as a result of combinatorial explosion by the number of
element types and their arrangement possibilities in 2D space, i.e.,
topology. Furthermore, the problem gets more complex when a
single topology has variety of conformations in 3D space. Hence, it
makes it impossible for any software to perform an exhaustive
search. The ability of a software to reduce the chemical space
without sacrificing on possible leads including other algorithmic
decisions ultimately decides its quality of outcome results. A de
novo drug design program face following constraints while devel-
oping underlying algorithms.

2.1 Design

Constraint: Primary

Target

The first design constraint to be encountered comes from the target
of interest. The type of input, specific for the biological target has to
be decided first [19]. This constraint is directly connected to the
quality assessment of the candidate fragments because the con-
straints extracted from fragments are used for the scoring of gen-
erated structures [20]. All the ligand–receptor-related information
contributes to the formation of primary target constraint. The
ligand–receptor-related information can be inferred by the explora-
tion of the receptor binding site to reveal possible ligand-binding
points or regions and extraction of complementarity information
between receptor and ligands. In doing so, the design process is
made biased toward specific region of primary target such as bind-
ing site based on the ligand–receptor interactions and key recep-
tor–ligand interactions. Analysis of electrostatic regions, hydrogen
bond (H-bond) donor and acceptor regions, hydrophilic and
hydrophobic regions, π–cation and π–anion interactions as well as
noncanonical interactions is critical to identify key ligand interac-
tions. Receptor regions having H-bonding potential are of special
interest due to the directional nature of H-bond acceptor and
donor, which often form key interaction sites. Aromatic stack pair-
ing at the catalytic site of proteins has been shown to play critical
role for the selectivity and specificity of a protein target toward a
particular type of molecules [21]. Aromatic residues play important
role in enhancing the affinity by both π–π or π–ionic interactions
and shape complementarity. These interactions allow the allocation
of ligand atoms with a defined orientation and with a complemen-
tarity within a small region of space. The accuracy of constraints
comes from the accuracy of the primary target structure. Therefore,
it is important to consider the most accurate target protein struc-
ture. In the absence of experimental structures, computationally
predicted structures of primary target can be used. However, there
remains greater scope for errors in computationally predicted struc-
tures; previous studies have reported its successful applications in
structure-based programs [22–24].
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In the absence of target structure, LBDND approach can be
used by gathering constraints from the known active and inactive
ligands of primary target [25]. Furthermore, ligands contain the
hidden information about the target binding pocket that can be
revealed by the superimposition of 3D ligand structures over each
other and generating a pseudoreceptor binding pocket image
[26]. Finally, 3D QSAR model based on selective and common
pharmacophores can be generated to quickly facilitate the search of
ligands [27].

There are many methods reported to explore the receptor
binding site for SBDND such as “rule based approach,” “grid-
based methodology,” and flooding of protein binding sites with
fragments [28–33].

2.2 Design

Constraint: Secondary

Target

A drug should not only be an active molecule but should also be
biologically active. Possession of suitable drug-like properties such
as absorption, distribution, metabolism, excretion, and toxicity
(ADMET properties) makes an active molecule to be biologically
active. Constrains other than those that define binding affinity are
considered secondary constraints. The overall de novo scoring is
adjusted accordingly based on the weightage of secondary con-
straints. The prediction models can be as simple as Lipinski’s rule
of five or as complex as deriving the bioavailability based on cell line
studies [34, 35].

2.3 Scoring Function Scoring functions are used (1) to control and direct the ligand
design process and (2) to estimate the binding affinity and rank
the generated novel molecules. The scoring function must be accu-
rate enough to avoid false positive and false negative selections from
the chemical space and fast enough to quickly explore the vast
chemical space at the same time. In SBDND, scoring functions
take advantage of available 3D coordinate information about the
target molecule and are very similar to those used for molecular
docking process. All the quality assessment scoring functions are
approximations and their algorithms can be classified into three
categories (1) explicit force-field methods, (2) empirical scoring
functions, and (3) knowledge based scoring functions. Explicit
force-field methods are computationally more demanding but are
expected to produce more accurate results. Empirical scoring func-
tions are based on the weightage sum of the receptor–ligand inter-
action types, where few interactions are favored over other and
unfavorable interactions leads to penalty. The interaction types
include the H-bonds, electrostatic interactions, hydrophobic inter-
actions, and also inclusion of aromatic interactions in recent years.
Empirical methods provide the computational speed without sacri-
ficing much on the accuracy, and are specifically effective in ranking
the molecules. Knowledge based scoring functions are based on the
statistical analysis between ligand–receptor complex structures.
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The existing receptor–ligand information is explored and exploited
to generate frequency database of each possible atom pairs and
models are trained using advanced statistical methods such as sup-
port vector machine and deep learning.

In the case of LBDND, the information is derived from the
structure–activity relationship data of known biologically active
molecules. The 3D-pharmacophore models are used to extract
the features of active molecules, responsible for the biological
activity. Using such pharmacophore, a pseudoreceptor model is
feasible to exploit to come up with a scoring function as an alterna-
tive to the SBDND [36, 37].

2.4 Structural

Sampling

To start the process of de novo ligand design, either a single atom
or a fragment or the library of fragments can work as building
block. Atom-based approach generates more diverse chemical
space as compared to the fragment based approach but also
increases the possible solutions and makes harder to choose the
right compounds. Therefore, increasing the chemical space can be
advantageous in the absence of diverse fragment library, otherwise,
increasing the chemical search space may require higher computa-
tion power. Fragment based design strategies, on the other hand,
limit the chemical search space and provide easier opportunity to
select the potential candidates. Such a reduction is called “mean-
ingful reduction,” if fragment library is diverse enough to cover
most of the fragments that occur in drug molecules. However, an
atom is a subset of fragment and there is no limit defined for the
size of a fragment. The general relationship is that smaller the
fragment size, bigger the combinatorial space problem. The struc-
tural sampling deals with the expansion of building blocks. There
are several approaches for the growth and expansion of the initial
seed fragment, such as linking, growing, random structure muta-
tions, lattice-based sampling, and graph-based sampling
[38–40]. Linking, growing, and random structure mutations are
used for the SBDND while in the absence of interactions site for
LBDND, graph-based sampling particular are of high significance
[41]. The most of LBDND depends on topological molecular
graph and evolutionary algorithms [42].

2.5 Combinatorial

Search Strategies

As discussed above, the smaller the fragment size, the bigger the
combinatorial explosion issue. Though larger fragment libraries
limit the search space, they also have their own limitation, as a
fragment library must be diverse enough. Under such contradic-
tory advantages, de novo design experiments have to tackle combi-
natorial explosion related problems. There is no optimal solution
available with right blend to fulfill both the demands. Combinato-
rial search algorithms are designed to offer practical solution by
giving up at least one of the advantages. There are three types
of algorithms used based on the input design: ‘Breath-first and
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depth-first search’, ‘Monte Carlo and Metropolis criterion’ and
‘Evolutionary algorithms’ [36, 39, 43, 44].

After the briefings on the concepts of de novo drug designing,
protocols and software related to de novo drug design are defined
further in this chapter.

3 Methodology

In silico drug designing methods are not restricted by the con-
straints that govern experimental approaches. The combination of
both these methods has led to the discovery of many lead mole-
cules. The strategy of drug discovery involves execution of multi-
step computational approaches (Fig. 1). Although many software
based on different algorithms are available, here we discuss only
selected widely popular software (MacroModel, LigBuilder, Qik-
Prop, etc.) used in representative steps of structure-based in silico
drug designing process.

3.1 Construction

of the Fragment

Libraries

Thorough sampling of the chemical space is highly dependent on
the fragments present in the library. Hence, successful lead genera-
tion requires construction of quality fragment libraries. Designing a
good fragment library depends on a number of factors like diversity,
complexity, selectivity, reactivity, solubility, and efficiency of the
fragments. Computational steps involved in generation of fragment
library are discussed below:

1. Selection of the two-dimensional atomic structure of the fragment
While selecting the 2D structure of the virtual fragments,

various points must be taken into account. There should be no
significant change in the properties of the fragment when it is
made a part of the molecule. Commercial availability of syn-
thetic intermediates or synthetic feasibility of the fragment
must be ensured. Sometimes, known ligands are deconstructed
as components for creating fragments.

2. Generation of the three-dimensional conformers
Use of rigid fragments during simulation studies of the

same gives rise to the need of generatingmultiple 3D structures
as the atomic structures are usually flexible [45]. Selection of
2D structure should be in a way that it has minimum number of
rotatable bonds eliminating the requirement of many simula-
tions due to large number of conformers. MacroModel has a
system conformational search module used for this purpose
[46]. After identification of conformers, energy minimization
of structure coordinates is performed.

3. Assignment of force field atom types to fragment atoms
The simulations of fragment–protein complex make use of

molecular mechanics force field. Hence, designating force field
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atom types helps in determining the parameters to be used for
each atom. If the protein is considered to be static and frag-
ments are treated rigid, only nonbonded parameters are
needed. Generally, for such a procedure, AMBER force field
is used [47]. Performance of AMBER for studying
protein–fragments interactions has already being reported
[48–51].

4. Distribution of charge
This step involves the calculation of point charges of atoms

for all the 3D conformers generated. Gaussian is used to

Fig. 1 Graphical depiction of the methodology for structure-based de novo drug
designing
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perform single point calculation as the geometry of the frag-
ment is already known [52].The combination of 6-31G(d) set
[53] and B3LYP method [54] is also used for hybrid function.

5. Execution of symmetry operation
In order to maintain the symmetry for the fragment plane

and to account for errors, the operation is done on the atomic
coordinates with their point charges.

6. Solvent treatment for simulation studies
Either continuum dielectric, cosimulated explicit water

molecules or solvent correction factor that is based on the
solvation energies can be used for treatment of the solvent.
This specific solvent correction procedure is aimed to simulate
the fragments in vacuo.

7. Creation of category field for the fragment
Extraction of the fragments from the library is facilitated by

adding various labels to categorize the fragments.

8. Storage of fragment in the database
Depending on the compatibility of the software used for

simulation studies of the fragment–protein complex, the frag-
ments are stored in the database in specific formats.

3.2 Screening

of Fragment Libraries

and Developing Leads

Through Fragment

Growing or Linking

After preparation of fragment libraries, the next step in the SBDND
is to analyze the binding pocket of target protein in order to build a
pharmacophore model and develop seed structures for construc-
tion of potential lead molecules. Experimentally determined high-
resolution structure of target molecule is a prerequisite to carry out
binding pocket analysis. If cocrystallized structure of protein–li-
gand complex exists, then it is an ideal structure to start with for
fragment library screening. In the absence of experimentally solved
structure, computational techniques can be employed to model the
structure of protein based on homology with crystal structures
deposited in PDB (Protein Data Bank) [55]. Though various soft-
ware are available for carrying out binding site analysis and genera-
tion of seed structure, we describe the different modules of
LigBuilder that can be used for the same [56]:

1. Binding pocket analysis of the target protein
Binding pocket analysis should not only aim at defining the

shape of the protein but also its hypothetical key interaction
sites. It should specify hydrogen bond acceptor, hydrogen
bond donor and hydrophobic interaction sites that can be
used to develop pharmacophore model. Derived pharmaco-
phore model can be used as a query structure for fragment
screening. POCKET is one of the modules of LigBuilder that is
designed to analyze the binding pocket of protein and generate
pharmacophore model of protein binding site. It uses a com-
mand line prompt and requires a parameter file as input that
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includes all the information required to run POCKET. Simple
command line for running POCKET is:

#Pocket parameter_file.index

Parameter file contains information about the input files,
i.e., LIGAND_FILE (Mol2 file of ligand of target protein),
RECEPTOR_FILE (PDB file of target protein) and PARA-
METER_DIRECTORY (path to directory “parameter” that
includes all force field parameters used by LigBuilder). It also
includes information about the program’s output such as
POCKET_ATOM_FILE (includes information about atoms
of the binding pocket), POCKET_GRID_FILE (contain infor-
mation about grids inside the binding pocket) and KEY_SI-
TE_FILE (describes the key interaction sites of binding
pocket).

2. Generation of seed from reference molecules
Successful drug discovery initially requires identification of

seed molecules for generation of lead compounds. Preparation
of seed is generally done by identification of the substructures
present in the active compounds. These desirable molecules are
not present in fragment libraries. The seed molecules are
arranged in a hierarchical manner to traverse the chemical
space completely. For this purpose a reference structure that
already has its biological activity established is used as an input.
The seeds are generated by the fragmentation of the reference
structure. This generation of seed molecules gives rise to an
initial set comprising of individual structures.

3. Construction of ligand molecule through fragment growing

GROW, a LigBuilder module, uses the seed structures and
binding pocket site information for the generation of ligand
molecule by growing seed structure through addition of frag-
ments from fragment library. It employs genetic algorithm for
evolution of fragments into lead-like molecules. Addition of
fragments to seed molecules yields initial structures that are
manipulated by fragment mutation or crossover for several
generations, to yield lead molecule similar to reference mole-
cule but with different scaffold and better interactions with
target molecule [56, 57]. Command line for running GROW
is:

#grow Parameter_file_for_grow.index

Parameter file for GROW includes information about all
the input files, output files, and setting up manipulations
related to growing, linking and mutation. It also includes
parameters required for running genetic algorithms like
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number of generation, size of population, number of
parent molecules, similarity cutoff, and percentage of elitism
(see Note 1).

4. Construction of ligand molecule through fragment linking
Fragment linking is useful in case of larger binding site and

involves the covalent linking of two or more fragments, placed
at distinct location within same binding pocket, via linkers
[58]. It is a powerful strategy for optimizing low affinity frag-
ment molecules into high affinity lead molecules. However, it is
difficult to obtain same binding mode of both fragments in the
final optimized product because of limitations of linker mole-
cule [59]. Similar to GROW module, LINK module of Lig-
Builder also uses seed structure to construct lead molecule but
unlike GROW, seed structure for LINK consist of more than
one small fragment. These fragments are linked by LINK into
single heavy molecule having higher affinity with target pro-
tein. LINK also uses genetic algorithm for evolution of frag-
ments into drug-like molecule by linking them with different
linker molecules. Simple command line to run LINK is:

#link link_parameter-file.index

Parameter file for LINK includes same constraints as the
one described for GROW (see Note 2). Ligand molecules
generated by LINK and GROW are reported in LIG file of
LigBuilder (see Note 3).

3.3 Evaluation

of Physicochemical

and Pharmacokinetic

Properties of Lead

Molecules

The structural and biological properties of the lead molecules must
be evaluated to identify the potential of the lead molecules. The
efforts directed toward creating synthetic molecules have greatly
been aided by the molecular descriptors calculated using various
tools. QikProp is one such prediction program that was developed
by Professor William L. Jorgensen. QikProp predicts descriptors of
physical significance and properties that are pharmaceutically rele-
vant [60]. It also provides with an option to compare the properties
of a molecule with those of already known drugs. Generated struc-
ture of de novo molecule is fed as an input to the QikProp tool.
Running QikProp module generates file containing property data,
structural information, and reference values. Analysis of the
descriptors is done on the basis of the recommended values to
perform screening of the lead compounds.

3.4 De novo Ligand

Design Software

Since the advent of de novo drug discovery, many computer pro-
grams have been used to aid the complex process. The main objec-
tive of all the software remains the same; however, their scoring
functions and sampling algorithms vary and keep evolving with
time to come up with an optimal solution between accuracy and
speed. Table 1 lists some of the widely used SBDND and LBDND
based de novo software.
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4 Case Studies

Various fragment based drug designing approaches have shifted the
focus of pharmaceutical industries and academia from high
throughput screening to structural biology based designing of
drug molecules. Several successful attempts of de novo designing
of ligand molecules have already been published in the last few
years. Some of them are discussed here to give a brief overview of
how one proceeds with drug designing studies.

4.1 Structure-Based

De Novo Design

Against COX-2

Cyclooxygenase-2 (COX-2) is an enzyme that catalyzes the forma-
tion of prostaglandins in a two-step process and has different active
sites to perform its cyclooxygenase and peroxidase activity. Two
isoforms of COX enzyme, COX-1 and COX-2, share high struc-
tural homology but engage in different roles. To be precise, COX-1
is involved in keeping housekeeping functions, whereas COX-2

Table 1
List of de novo structure-based and ligand-based lead designing software

Structure-based approach Ligand-based approach

Building
block Scoring function

Building
block Scoring function

LigMerge Fragment – NEWLEAD – –

LigBuilder Fragment Empirical scoring
function

PhDD Fragments Pharmacophore model

LEGEND Atom Force field TOPAS –

LUDI Fragment Empirical scoring
function

CoG – –

SPROUT Fragment SASA, electrostatic Flux – –

BREED Fragment – LEA3D Fragment Composite fitness function

AlleGrow Fragment Empirical and force
field

Globus Fragment All-atom-pairs-shortest-
path descriptor

SYNOPSI
S

Fragment Empirical Nachbar Fragment Target specific QSAR

iScreen Fragment LEA3D’s scoring
function

PRO_LIGAND – –

DycoBlock Fragment Force field and
SASA

SkelGen – –

GANDI Fragment Force field

Various software have been developed based on different objectives, and hence, their starting building material and the
scoring functions have also been mentioned
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induces inflammatory responses. Various anti-inflammatory drugs
like Bextra, Vioxx, Celebrex, and many more were designed to
inhibit COX-2 activity, but most of them additionally interact
with COX-1 and induces gastrointestinal and cardiovascular side
effects. Therefore, need for development of novel anti-
inflammatory drug molecules with high selectivity toward COX-2
emerges. To accomplish this, computational SBDND approach was
used by Dhanjal et al. [24].

SBDND approach requires structure of the target molecule and
small compound library. Structures of human COX enzymes were
not available in PDB. MODELLER v9.11 was used to model
COX-1 and COX-2 structure based on homology with template
molecule prostaglandin H2 synthase-1 of Ovis aries (PDBID:
1CQE) and Cox-2 of Mus musculus (PDBID: 1PXX). Modeled
protein structures were stabilized by 15 ns longmolecular dynamics
simulations (MDS) in aqueous environment using Desmond soft-
ware of Schrodinger suite [61]. An average representative structure
was obtained from stable trajectories of simulation. The next
requirement was to generate small compound library, which were
accomplished using LigBuilder. 3D structures of eleven COX-2
inhibitors were obtained from NCBI-PubChem database to pre-
pare seed structures using extract program of LigBuilder. Thirty-
seven seed structures generated by extract were then linked and
grown by build program into 1135 and 1522 potential lead mole-
cules respectively, drug-like properties of which was simultaneously
evaluated by software. Similarities between various derivatives were
found by calculating Tanimoto coefficients, which gives a set of
2657 unique drug-like molecules, out of which 35 top scoring
molecules were selected to check their binding affinity with
COX-2 protein.

Ligand molecules were prepared using LigPrep and protein
structure was prepared using protein preparation wizard of Schro-
dinger suite [62]. Glide XP docking protocol was used to dock
ligand molecules at COX-2 active site and compounds showing
binding efficiency greater than 8 kcal/mol were selected and
docked against COX-1 active site [63]. Two compounds showing
least binding affinity with COX-1 were selected for further analysis,
namely, C_773 (IUPAC name:5,5-dihydrogenio-3-[(1Z)-1-
[4-({3-hydroxy-4-[hydroxy(λ3-oxidanidylidene)methyl]phenyl}
carbamoyl)phenyl]prop-1-en-1-yl]-1H-1,2,4-triazol-2-ium) and
C_997 (IUPAC name: (3R)-3-carbamoyl-5-[(1Z)-1-{4-[(4-car-
boxy-3-hydroxyphenyl)carbamoyl]phenyl}prop-1-en-1-yl]-3H-
1,2,4-triazol-1-ium). Molecular dynamic simulations of both
docked complexes were carried out to get more realistic insight
into the protein–ligand interactions. Both ligands were interacting
with conserved residues that play a key role in reaction mechanism
of COX-2 enzyme, thereby suggesting their potential to specifically
block the function of COX-2 isoform of COX enzyme (Table 2).
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Binding free energy calculation of both ligand–protein complexes
were carried out using MM-GBSA, which gives binding free energy
estimation of �80.063 kcal/mol for C_773 and �73.791 kcal/
mol for C_997. Binding efficiency of predicted drug molecules
were also compared with already available anti-inflammatory drug
molecule (Bextra, Celebrex, and Vioxx) using same protocol
(Table 2). It was found that both predicted molecules show similar
binding affinity as those of already available drug molecules with
high specificity toward COX-2 enzyme.

Docking and simulation studies showed that the predicted
compounds were showing good affinity and selectivity toward
COX-2. This does not imply that predicted compounds are poten-
tial lead molecules until they satisfy all physicochemical and phar-
macokinetic properties of drug-like molecule. ADMET properties
of C_773 and C_997 were predicted using Qikprop tool of Schro-
dinger suite and webserver admetSAR. Both molecules passed all
five criteria of Lipinski’s rule and their solvent accessible surface
area (SASA) was within reference range suggested by QikProp.
Blood–brain barrier (BBB) permeability was also predicted negative
ensuring its administration safe for brain. Knowing that both pre-
dicted molecules satisfy all drug-likeliness properties, synthetic
accessibility of these compounds was also checked in order to rule
out the risk of failure at the time of chemical synthesis. “Synthetic
Accessibility” program of myPresto (Medicinally Yielding PRotein

Table 2
Docking scores of predicted compounds docked against COX-1 and COX-2 and three already
available drug molecules docked against COX-2

Ligand

Docking
score for
COX-2

Docking
score for
COX-1

Hydrogen bonds
interactions formed with
COX-2 residues after MDS

Hydrophobic interactions formed
with COX-2 residues after MDS

C_773 �10.298 �3.806 Asn 361and Phe 515 Phe 195, Gly 213, Val 214, Val
330, Val 335, Ile 363, Phe 367, Leu
370, Trp 373, Met 508, Val 509, Gly
512, Ser 516, Gly 519, Leu 520, Asn
523

C_997 �8.688 �3.435 Asn 361 and Met 508 Phe 195, His 212, Gly 213, Ile
363, Phe 367, Leu 370, Tyr
371, Phe 504, Gly 512, Ala 513, Ser
516, Gly 519, Leu 520, Asn 523

Valdecoxib �9.458 – – –

Celecoxib �9.878 – – –

Rofecoxib �9.767 – – –

Interactions formed by predicted molecules with COX-2 protein residues after molecular dynamic simulations are also

listed
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Engineering SimulaTOr) suite was used to calculate SA (synthetic
accessibility) score. SA score of 4.680 and 5.036 was obtained for
C_773 and C_997 respectively, indicating feasibility of their chem-
ical synthesis. This in silico study reported two de novo designed
potential anti-inflammatory drug molecules, which can be further
explored to check whether they have potential to overcome limita-
tions posed by clinically available drug molecules.

4.2 Computational

Fragment Based

Designing of p38

Inhibitor

With the discovery of p38 MAPK as the key factor in the produc-
tion of various pro-inflammatory molecules, numerous efforts were
focused toward designing p38 inhibitors. It became the focal point
for drug discovery as blocking of p38 exhibited the potential to
downregulate the pro-inflammatory mediators TNF-alpha,
IL-beta, and COX-2. Locus Pharmaceuticals tried to explore the
opportunity of regulating signal transduction process by targeting
p38 by fragment-based drug discovery method. The approach was
mainly aimed at creating a small molecule which was orally available
and nontoxic, and did not bind at the ATP site of p38.

The initial study results from two groups; Bayer and Boehrin-
ger Ingelheim (BI) intensely led to conflicting views at Locus on
whether to target the ATP site or not. The molecules discovered at
Bayer exemplified allosteric inhibitors that instead of binding at the
ATP site, were binding at the conserved DFG (Asp-Phe-Gly) motif.
Yet the compounds had poor in vivo profile due to planar hydro-
phobic nature. Subsequently the BI group reported increase in
solubility of DFG-binding molecules with the addition of
morpholino-ATP binding moiety to these compounds. In addition
to this BIRB-796 was shown to have low affinity for 11 other
kinases [64]. Thus, to work this out, Locus decided to test BIRB-
796 after synthesizing it. They ran point assays against panel of
kinases and the four isoforms of p38. Inhibition of all p38 isoforms
was observed and the other significant finding was that a key
hydrogen bond was formed between BIRB-796 and ATP-site.
This led to the proposal of a hypothesis that the lack of selectivity
might be resulting from this specific interaction. The idea was to
make a superior derivative of BIRB-796 with high affinity for ATP
site, but did not participate in the specific hydrogen bond
formation.

The technology that was used to discover fragments, which did
not make hydrogen bond with methionine in the ATP site but still
had high affinity for it, was called simulated annealing of chemical
potential (SACP). The technology was run on BI crystal structure
(PDB ID: 1KV2). SACP method involves Monte Carlo procedure
which ranks the binding affinity of different fragments in relative
order for a specific site in the protein. It is possible to generalize the
procedure as an automated protocol to identify hotspots in protein
that can make nonbonded interactions of high affinity. For the
algorithm, the only input is the structure of the protein and the
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fragments that are to be simulated. An illustrative protocol for the
same is given below [65]

1. Generating a random number (RanX) with values ranging from
0 to 1.

2. If RanX < 0.5, the fragment is inserted into the protein simu-
lation and if Ran X > 0.5, the fragment is deleted. Both these
cases are trial moves with a probability assigned to each
attempted insertion and attempted deletion.

The calculation of the probability involves energy of the
system (depends on insertion or deletion of the fragment),
chemical potential of the simulation cell (the only parameter
which can be adjusted), gas constant, and the temperature.
Adjustment of high value of the chemical potential dramatically
enhances the chances of inserting a fragment, whereas low
value tends to evacuate the fragments from the simulation
cell. For each value of the chemical potential approximately
five million simulation steps are performed.

3. Independent running of SACP on a panel of fragments is done
which gives distinct binding pattern for each fragment on the
protein.

4. The individual simulations are combined together to predict
fragment binding with high affinity, clustering of the fragments
and exclusion of water.

The simulation results of SACP predicted that diphenylether
and its derivatives will bind in the hinge region without forming a
hydrogen bond at the ATP site. On the basis of SACP results,
Locus performed experiments and found that p38 is blocked by
two closely related diphenylether molecules having different modes
of binding in ATP site although their affinity was comparable. This
made Locus sure of not targeting the ATP site, as none of the
compounds had isoform specificity.

The fragment-based protocols finally shifted their focus to
develop compounds that binds purely to DFG motif. Hence, the
goal was to create a low molecular weight (<450 Da), soluble,
nonplanar, DFG binding compound. The compound must also
have the potential to inhibit p38 in cell assays with submicromolar
efficacy. To achieve the same, they tried replacing one of the func-
tional groups to reduce the molecular weight of the Bayer com-
pound. The phenyl moiety in Bayer was found to mimic the
phenylalanine of the conserved DFG triplet which binds in the
p38 allosteric site. Predictions of the SACP simulations showed
that free binding of energy for some aliphatic heterocyclic com-
pounds were comparable to that of phenyl groups. They confirmed
the predictions of substituting the phenyl group by dioxothiomor-
pholine and diazepanone using inhibition assays and
cocrystallography.
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Yet the p38 project was a failure as it was shown that isoform
selective p38 inhibitor was less effective in treating rheumatoid
arthritis than methotrexate [66]. Finally, Locus felt that not more
than one order of magnitude in potency must be lost when going
from a protein inhibition assay to cell assay and addition of blood to
the cell assay must lead to only an additional loss of one order of
magnitude in potency.

4.3 Computational

Study for Structure-

Based Designing

of Novel Hepatitis C

Virus Helicase

Inhibitor

Hepatitis C virus (HCV) causes hepatitis C infection that could lead
to hepatic disorders such as cirrhosis subsequently progressing to
hepatocellular carcinoma. Current therapy includes direct antiviral
agents, which is associated with several side effects and are
expensive.

The case study is a pragmatic methodology for de novo based
ligand drug discovery to design potential inhibitors for HCV NS3
helicase [67]. The crystal structure PDB 1A1V that was cocrystal-
lized with DNA strand attached to the helicase domain was chosen
for the study.

The first step involved finding the binding site for ligand.
Therefore, the amino acids involved in the enzyme activity were
explored and Arg393 was found conserved. Arg393 plays a signifi-
cant role in enzymatic activity as mutation of this particular amino
acid caused unfavorable impact on the enzyme activity. The nucleic
acid was detached from the structure, due to which the neighbor-
ing residues came in direct contact to the solvent. Furthermore it
was found that at a distance of nearly 10 Å the sulfur atom of
Cys431 is in synergy with mercaptoethanol molecule of crystallized
H2O. This made it clear that Cys431 can covalently bond with a
suitable small molecule. By these observations it was proposed that
a molecule can be a potential inhibitor of helicase if it is interacting
with Arg393 in addition to making covalent bond with Cys431.

The Ligbuilder software was used to design the ligand. The first
step is to look for the binding site in the protein structure. Design
of ligand involves identification of seed molecule for generation of
lead compound. After which it constructs number of molecules by
linking the most suitable fragments to the growing structures. The
resultant series of structures were complex and difficult to obtain
synthetically. To solve this problem, screening of fragment library
was performed to select residues with least possibility to generate
chiral centers after the combining process. For lead molecule to
interact with the desired residue an atomic wall with no physical
properties was formed. This reduced the complexity of the resultant
structure, and it was able to interact with Arg393. Additionally
there was an interaction with A481 with no functional group
attached and in close proximity with Cys431. This represented a
suitable basic scaffold for further functionalization.

The in silico design process was optimized by employing a
different approach. A series of virtual libraries was created using
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Molecular Operating Environment (MOE). This was achieved by
altering the linking group between the two aromatic rings and at
the same time substituting one of the carboxylic groups with
Michael’s acceptor. The next step is to dock these molecules into
the binding site which was done using the software FLEXX. The
scoring was done on the potential of the molecule to interact with
the two arginine residues and to situate the vinyl ketone in such a
position that it is in close proximity to Cys431. The best structures
were presented with:

1. Michael’s acceptor located 5 Å away from the sulfur atom of
Cys431.

2. Addition of side chain with more interaction sites.

Further, to assess the stability of the protein–ligand complex
MDS was performed. The 1 ns simulation presented with a rela-
tively stable interaction. On the other hand it was observed that
there was steric hindrance due to the presence of aromatic ring
which led the compound to drift away from Cys431 almost 6–7 Å.
Hence a smaller heterocycle ring was needed to be found that could
replace benzene. Moreover in MDS it was observed that the linker
side chain was not beneficial, hence was detached in later molecules.
Finally, a pyrrole derivative was chosen as a potential inhibitor. The
structure presented following key interactions:

1. Formation of H bond between ester moiety and R393.

2. Formation of H bond between Arg481 and the carbonyl group
of the vinyl ketone.

3. In MDS distance between the sulfur of Cys431 and the
Michael’s acceptor of <4 Å was found to be stable.

4. Formation of H bond between NH of pyrrole and carbonyl
group of Val432 acted as a stabilizing factor.

The compound was synthesized to evaluate its activity in heli-
case assay.

5 Summary

Fragment based or de novo drug designing has proven to be an
indispensable tool in tedious and complex process of drug discov-
ery. In the past decade, computational de novo methods have
evolved to aid the process for time and cost saving. Computational
fragment screening provides an effective investigation of the chem-
ical space, and identification of more valuable hits as compared to
the traditional screening approach. Computational methods over-
come the limitations of the experimental approach by avoiding the
need of material, solubility concerns, and higher time and cost, but
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at the cost of accuracy. Here, we have discussed the challenges in de
novo drug discovery that leaves abundant space for innovation and
discovery in the future.

6 Notes

1. Growing of fragments using GROW module is a time-
consuming step, it employs genetic algorithm to evolve mole-
cules. Increasing the number of generation will increase the
computational time required; but at the same time, will gener-
ate molecules with high potency. Usually 10–20 generations of
genetic algorithm are enough for this step.

2. LINK module also utilizes genetic algorithm for linking mole-
cules and time consumed is proportional to the number of
generations assigned for genetic algorithm. Unlike GROW,
large number of generations ranging from 25,000 to 30,000
will be required which makes it more time-consuming step.

3. Ligand molecules generated by modules GROW and LINK are
in LIG format. PROCESS script provided in LigBuilder can be
used to analyze and filter generated ligands or can be used to
convert them to Mol2 format to analyze them using other
software like QikProp.
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Chapter 9

Molecular Dynamics as a Tool for Virtual Ligand Screening

Grégory Menchon, Laurent Maveyraud, and Georges Czaplicki

Abstract

Rational drug design is essential for new drugs to emerge, especially when the structure of a target protein
or catalytic enzyme is known experimentally. To that purpose, high-throughput virtual ligand screening
campaigns aim at discovering computationally new binding molecules or fragments to inhibit a particular
protein interaction or biological activity. The virtual ligand screening process often relies on docking
methods which allow predicting the binding of a molecule into a biological target structure with a correct
conformation and the best possible affinity. The docking method itself is not sufficient as it suffers from
several and crucial limitations (lack of protein flexibility information, no solvation effects, poor scoring
functions, and unreliable molecular affinity estimation).
At the interface of computer techniques and drug discovery, molecular dynamics (MD) allows introdu-

cing protein flexibility before or after a docking protocol, refining the structure of protein–drug complexes
in the presence of water, ions and even in membrane-like environments, and ranking complexes with more
accurate binding energy calculations. In this chapter we describe the up-to-date MD protocols that are
mandatory supporting tools in the virtual ligand screening (VS) process. Using docking in combination
with MD is one of the best computer-aided drug design protocols nowadays. It has proved its efficiency
through many examples, described below.

Key words Affinity, Clustering, Docking, Drug design, Interaction energy, Molecular dynamics,
Protein–ligand complex, Virtual screening

1 Introduction

Virtual ligand screening has become an important tool in the world
of rational drug design and early development process in the last
decades, but remains a very challenging task. The complexity of
such a research requires more and more accurate and sophisticated
computational techniques and material to achieve a successful
active and biologically relevant compound discovery program.

In contrast with an experimental high-throughput assay,
knowledge of the experimental 3D structure of a target protein or
enzyme (or at least a high quality model based on homologous
proteins) is a prerequisite to a rational approach in drug discovery.
This information is brought through the well-known NMR, X-ray
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crystallography, and molecular modeling approaches [1–16], and
more recently through the cryo-electron microscopy [17]. There is
no unique protocol or solution for dealing with a drug discovery
problem but the general workflow of a virtual ligand screening
campaign can be compared to a “funnel strategy” and usually starts
with a high-throughput docking experiment, with filtered and
enriched ligand libraries and a set of representative 3D protein
structures determined with the previously mentioned techniques.
See Fig. 1 for a general schematic overview of this procedure.
Computational docking allows finding the best position, orienta-
tion and theoretical affinity of a ligand in the binding pocket of a
target receptor [18–21]. However, docking methods also face
major issues, especially considering that the mechanisms of pro-
tein–ligand recognition and binding are dynamic processes.
Although flexible docking protocols easily predict different ligand
conformations, the docking protocols and output results cannot
account for full protein flexibility, induced-fit, and solvent effects,
nor for protein–ligand complex stability and accurate binding free
energy estimation. In that situation, flexible docking technique can

Fig. 1 A general schematic illustration of the funnel-like approach to drug discovery. This chapter deals with
virtual screening, representing the first step of this method
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be used to afford protein flexibility during the ligand binding event
but it is only limited to a small number of residues usually in the
proximity of the binding pocket. Thus, it cannot take into account
important conformational changes occurring during drug binding
(induced-fit effect) [22–25]. Furthermore, docking scoring func-
tions, which allow discriminating and ranking the compounds
according to their predicted binding affinity, are limited in accuracy
and can be often misleading [26–30]. MD is a powerful tool which
helps to overcome these critical limitations, and is generally imple-
mented before and after docking.

MD is a computational simulation of a complex biological
system which describes motions, interactions, and dynamics at the
atomic level by choosing a “force field” describing all the inter-
atomic interactions and by integrating the Newtonian equations
which give position and speed of atoms over time [31–34]. As
protein and protein–ligand motions would involve highly complex
and computationally expensive quantum mechanics (QM) calcula-
tions, MD aims at approximating these QM terms and movements
governed by probability functions through Newtonian physics and
by implementing force-fields that are parameterized to fit physico-
chemical knowledge obtained from experimental data. Before
docking, MD allows a conformational sampling and clustering of
a protein or enzyme to account for protein dynamics and the
conformational selection by a ligand [35, 36]. This allows facing
the limitations of a “static” experimental structure by docking
molecules to a representative set of protein’s conformations. In
some other cases where it is not obvious to find a proper binding
site, it allows the detection of cryptic or allosteric cavities that were
not present in the initial experimentally determined structure
[37]. MD is also used as a second-step filtering process to further
validate a protein–ligand complex obtained from docking by deter-
mining the stability of the complex from a trajectory, identifying
persistent interatomic interactions and by estimating the binding
free energy (Fig. 2). This more accurate protein-complex evalua-
tion and validation allows better ranking of the hit molecules and
further reduces the time and cost during experimental testing as
well as the number of false positives and negatives [38]. Finally, by
including the induced-fit and solvent effects, we can work with a
more realistic model, which may apply even to a membrane-like
environment in the case of membrane proteins [39]. These MD
procedures will be described in detail in Subheading 3.

Docking and MD approaches are highly complementary
computational methods for drug screening. But in a way similar
to docking, MD also faces its own limitations. The current issues
concern the high computational cost and approximations in the
force-fields used, even if considerable improvements have been
made in computer power and algorithmic efficiency [40–44]. Sub-
heading 3 will present protocols to prepare a protein and MD files,
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to launch an MD simulation, to analyze the MD trajectories, to
extract representative receptor structures and use them in docking
of a library of filtered molecules and finally to validate the putative
complexes by calculating their stability, detecting interatomic inter-
actions and by computing ligand affinity parameters.

In this chapter we describe the general virtual ligand screening
workflow by implementing docking coupled with MD simulations.
Each step, from the preparation of the receptor and ligand input
files to the validation of the complexes is described in detail and
gives the reader an overview of a complete and general strategy
which is broadly used by computational biologists to find new
binding molecules with pharmacological interest. We especially
emphasize the need to use the information on molecular flexibility
during a virtual screening procedure, which is mandatory to fully
explain and predict a binding event between a receptor and a
putative binding molecule.

2 Materials

The existing MD and VS software runs on a variety of platforms,
but in this chapter we will focus on the programs we have used in
our laboratory. Some of the other existing options will be given in
references, but this is not meant to be an exhaustive review. The
calculations have been performed on Desktop Workstations
operating under the Linux OS (Centos 6.6), equipped with NVidia
Titan Black GPU cards (http://www.nvidia.com/gtx-700-

Fig. 2 Example of stability analysis (RMSD vs time) for a stable molecule (blue)
and an unstable one (red) within a target protein, along a 10 ns MD trajectory
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graphics-cards/gtx-titan-black). The MD procedures outlined
below have been developed with the Amber 14 and AmberTools
13 suite of programs [45] but may work with other versions of the
software. Some of the data conversion was done with the Open-
Babel program (http://openbabel.org/wiki/Main_Page). The
docking has been performed with the AutoDock Vina program
[46] using the AutoDock Tools [47] as well as with the OpenEye
software suite (OpenEye Scientific Software, Santa Fe, NM, http://
www.eyesopen.com). Chemical structures were drawn with Mar-
vinSketch from ChemAxon (Marvin 6.1.5, 2013, http://www.
chemaxon.com). Visualization has been done with Pymol v.1.8
(https://www.pymol.org) and Vida v.4.3 (OpenEye).

3 Methods

The objective of this chapter is to describe in detail how to perform
virtual screening preserving the flexibility of both the receptor and
the ligand. The receptor’s flexibility is mimicked by docking to a
representative set of receptor’s structures, which can be obtained
from the clustering analysis of an MD trajectory. The ligand’s
flexibility depends on the number of the rotatable bonds. This
problem is routinely handled by the recent software. The MD
runs are executed on GPU cards rather than on CPUs in order to
profit from the acceleration of the calculation offered by hugely
increased numbers of processing units present in GPUs. Details of
the procedures which refer specifically to GPU computing will be
mentioned explicitly in the text below.

3.1 Preparation

of the Receptor’s Input

Files

1. Obtain the PDB file of the protein you are interested
in. Typically, it will come from the PDB database (http://
www.rcsb.org, http://www.pdb.org/) if the structure was
experimentally determined using X-ray, NMR, or cryo-EM
studies, or it can be obtained by homology modeling
[48–50]. The NMR files include protons, the others usually
only heavy atoms (seeNote 1).

2. Add missing residues. Unstructured loops and other flexible
regions of the receptor may not appear in crystallographic PDB
files. The MD software, however, needs a complete molecule.
We use mainly MODELLER v. 9 [48] to fill in the structural
gaps. The python script “loop.py”, supplied with examples of
MODELLER’s use, can be used for this purpose. Alter the line:

self.residue_range(’X:A’, ’Y:A’)

to define your own region to model, substituting X, Y, and A
by the relevant residue range and chain symbol, respectively.
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The input PDB file must contain the residues to be modeled,
but their atomic coordinates may be arbitrary. The easiest way
to achieve this is to create a linear chain with the missing
residues in the extended conformation as a separate molecule,
then paste it in the original PDB file. Finally, launch the follow-
ing script (here called “Run_Modeller_Loop”) to generate N
models, numbered from MOD_FROM to MOD_TO (this
allows adding new models to the set of the existing ones):

#!/bin/sh

#

# Usage: Run_Modeller_Loop input_file MOD_FROM MOD_TO

#

fname=$1

from=$2

to=$3

cp $fname input.pdb

i=$from

while [ $i -le $to ]

do

echo "Model #"$i

python loop.py $i > $i.log

((i++))

done

At the end the best model can be extracted according to the
optimized energy score, e.g., with the command:

grep -H OBJECTIVE loop* | sort -n -k6

This produces sorted entries with the best models at the
top of the list. This approach uses only command lines, but
there is a graphic user interface (GUI) alternative: the Super-
Looper web site (http://bioinf-applied.charite.de/super
looper). The relatively easy Java-based interface allows the
selection of the gap region and the residue sequence to be
added. It then searches its database for a sequence match.
The score is attributed according to the similarity of the data-
base sequence to the one given in the input, and according to
the satisfaction of the spatial constraints of the loop within the
sequence (see Note 2).

3. Clean the PDB file. Remove the CONECT records and all
protons if they exist (as is the case with NMR structures).
Add TER records after the last residue of each molecular entity
(polypeptide chain, cofactor, ligand) you wish to include in the
MD. Look for structure-embedded disordered water
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molecules. Remove all but one population of them. Similarly,
look for residues which exist in alternate conformations (ALYS,
BLYS, etc.). Select one of them for further processing, remov-
ing the rest. Also, correct partially built residues, such as surface
side-chains with atoms missing as a result of local disorder.

4. Decide on the protonation state of residues such as HIS and
CYS (in some cases ASP and GLU side chains may also be
protonated). HIS becomes HID, HIE or HIP, if protonated
in position delta, epsilon or both, respectively. Deprotonated
cysteines and those bound to metal atoms become CYM, while
those involved in disulphide bridges become CYX (seeNote 3).

5. To create a disulphide bridge, use a tleap command such as
“bond mol.X.SG mol.Y.SG”, where mol is the object holding
the protein structure, while X and Y stand for the residue
numbers of cysteines involved. The residue numbers typically
start from the first number in the PDB file and continue
sequentially through chains and all extras, such as ions
and ligands. Type "desc mol" in tleap to see all residue num-
berings. We use tleap rather than xleap to be independent of
the graphical platform used, and to be able to include this
command in batch scripts. We launch tleap on a predefined
set of scripts (e.g., “tleap –f script.txt”). An example of a tleap
script follows:

source leaprc.ff03 #(make sure that this is in the path of the program)

set default PBradii mbondi2 #(for affinity calculations; see Subheading 3.7)

mol=loadpdb prot.pdb #(loads the cleaned and completed PDB file)

list #(checks the contents)

check mol #(there should be no missing parameters)

bond mol.10.SG mol.20.SG #(example of a bridge between Cys10 and Cys20)

saveamberparm mol rec.prmtop rec.inpcrd #(create topology files)

savepdb mol rec.pdb #(optionally save the new PDB file)

quit

In the above the saveamberparm command allows keeping
the topology of the receptor, which will be needed at the
analysis stage. The script checks if the structure and topology
are correct (see Note 4). Should this not be the case, error
messages will appear, helping to identify the source of the
problem, which should be corrected before continuing.

6. If there are ions present in the structure (Mg2+, Zn2+, . . .), treat
each as a separate residue (i.e., insert TER before and after each
line on which an ion is placed). Change the atom and residue
names to those recognized by the force field used, such as ff03
in the example above (e.g., for chlorine: use "Cl–" in the fields
of both atom and residue names).
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3.2 Preparation

of MD Input Files

1. Prepare the whole system for the MD simulations in tleap by
creating a solvated periodic box and adding charge neutralizing
ions. The script may look like this:

source leaprc.ff03

set default PBradii mbondi2

mol=loadpdb prot.pdb

check mol

charge mol #(determine the net charge of the system)

bond mol.10.SG mol.20.SG #(example of a bridge between Cys10 and Cys20)

solvatebox mol TIP3PBOX 10 #(create a cubic periodic box with 10Å between the

protein and the box edge)

addions mol Na+ 0 #(neutralize charges; use either Na+ or Cl-)

saveamberparm mol sys.prmtop sys.inpcrd #(create topology files)

savepdb mol sys.pdb #(optionally save the new PDB file)

quit

2. The MD protocol we follow executes first of all a rapid minimi-
zation of the solvent by the steepest descent algorithm. The
solute is restrained by a harmonic potential with the force
constant equal to 100 kcal/mol/Å2. The typical values of
different parameters are given in the script below:

Initial energy minimization—step 1 (solvent only)

&cntrl

imin=1, ncyc=500, maxcyc=500,

ntb=1, cut=12, ntr=1

/

Hold the solute fixed

100.0

RES 1 291

END

END

In the above, 291 is the number of residues of the receptor
including any cofactor or ligand residues, and should be adjusted as
needed. As for the choice of the cutoff, the general rule is that the
box size should be at least twice the cutoff plus a margin of 1–2 Å.
Since the distance between a protein and the box edge is 10 Å on
each side, the box size is twice this value plus the diameter of the
protein, in total ca. 40 Å in this example. Since the cutoff was
defined as 12 Å, the above rule is satisfied. For the description of
other parameters, see the relevant manuals on the Web page http://
ambermd.org/doc12.

The second stage is a more thorough minimization, where the
initial 500 iterations of the steepest descent are followed by 1500
iterations (maxcyc-ncyc) of the conjugate gradient algorithm. This
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time the minimization includes solute under weak restraints (force
constant equal to 10 kcal/mol/Å2):

Initial energy minimization—step 2 (solvent and restrained

solute)

&cntrl

imin=1, ncyc=500, maxcyc=2000,

ntb=1, cut=12, ntr=1

/

Weak restraints

10.0

RES 1 291

END

END

In the third stage we perform a short MD run of the NVT
ensemble (ntb ¼ 1), i.e., keeping the number of molecules (N),
volume (V), and temperature (T) constant. The integration step is
equal to 1 fs, and during the run we increase the temperature from
0 K to 300 K:

MD 20 ps with weak restraints and step of 1 fs

&cntrl

imin=0, irest=0, ntx=1,

ntb=1, cut=12, ntr=1,

ntc=2, ntf=2,

tempi=0.0, temp0=300.0,

ntt=3, gamma_ln=1.0,

nstlim=20000, dt=0.001,

ioutfm=1, ntxo=2,

ntpr=1000, ntwx=1000, ntwr=1000

/

Weak restraints

10.0

RES 1 291

END

END

The ioutfm ¼ 1 keyword indicates the binary output trajectory
in the NetCDF format. Similarly, ntxo ¼ 2 creates the restart file in
the NetCDF format. The keywords ntpr, ntwx and ntwr define the
frequency of writing to the output file, to the trajectory file and to
the restart file, respectively. In this case we see new output every
1000 steps of 1 fs each, i.e., with the interval of 1 ps. In the next
stage of the protocol we perform a somewhat longer MD run on
the NPTensemble (ntb¼ 2), i.e., keeping the number of molecules
(N), pressure (P), and temperature (T) constant. We use the
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integration step of 2 fs. It is during this simulation that the system
starts shrinking if the initial density was not optimal:

MD 100 ps NPT at 300 K; no restraints; step 2 fs

&cntrl

imin=0, irest=1, ntx=7,

ntb=2, pres0=1.0, ntp=1,

taup=2.0,

cut=12, ntr=0,

ntc=2, ntf=2,

tempi=300.0, temp0=300.0,

ntt=3, ig=-1, gamma_ln=1.0,

nstlim=50000, dt=0.002,

ioutfm=1, ntxo=2,

ntpr=1000, ntwx=1000, ntwr=1000

/

&ewald skinnb=4.0d0 /

In the above we have added the &ewald section with one
keyword (skinnb) whose value we wish to modify. Its default value
is 2 Å and it corresponds to an extension of the cutoff in which the
nonbond neighbor list is created. When the system is being equili-
brated, it may shrink more than the size of this parameter. This
causes no problems if calculations are done on CPUs, but the GPU
code is not the same and may cause an execution error. To avoid it,
we altered the skinnb parameter. This value is not necessarily opti-
mal, so its fine-tuning for each specific case is encouraged. Finally,
in the final stage of the protocol we initiate a production run of
100 ns:

Production run: MD 100 ns NPT at 300 K; output once every 10 ps

&cntrl

imin=0, irest=1, ntx=7,

ntb=2, pres0=1.0, ntp=1,

taup=2.0,

cut=12, ntr=0,

ntc=2, ntf=2,

tempi=300.0, temp0=300.0,

ntt=3, ig=-1, gamma_ln=1.0,

nstlim=50000000, dt=0.002,

ioutfm=1, ntxo=2,

ntpr=5000, ntwx=5000, ntwr=5000

/

&ewald skinnb=4.0d0 /

In this case the output will be written to files every 5000 steps
of 2 fs each, i.e., once every 10 ps. This gives 100 frames of the
whole system per nanosecond. If the system is large, it will produce
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huge output trajectory files. It is for this reason that we use the
NetCDF format, which roughly halves the original volume of the
ASCII files (see Note 5).

3.3 Running the MD

Simulation

1. Create a script that will launch all MD stages automatically.
Here is an example of such a script, named
“Run_pmemd_cuda”:

#!/bin/sh

#

# Setup of AMBER CUDA jobs.

# Each job needs:

# - mdinX (X is the current job number)

# - $BASE.prmtop (topology file)

# - ${BASE}Y.rst (Y=X-1, coordinate file)

# NOTE: the 1st coordinate file may be the original inpcrd

file.

#

# Each job creates:

# - ${BASE}X.out (output file)

# - ${BASE}X.rst (last coordinates)

# - ${BASE}X.mdcrd (trajectory)

#

# The CUDA version launches the tasks on a GPU. To select a

given

# device, use deviceQuery, then set CUDA_VISIBLE_DEVICES.

#

echo -n "Total number of jobs: "

read Njobs

echo -n "ID of the 1st job [1]: "

read MDfirst

echo -n "Basename for I/O files: "

read BASE

echo "List of available GPUs:"

deviceQuery -noprompt | egrep ’^Device’ |

while read dev; do

echo " "$dev

done

echo -n "Enter device #: "

read GPU

export CUDA_VISIBLE_DEVICES=$GPU

#

echo "Launching jobs on GPU #"$GPU"..."

if [ 0$MDfirst -eq "0" ]

then

MDfirst=1

fi
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MDlast=$Njobs

MDcurr=$MDfirst

MDinp=0

while [ $MDcurr -le $MDlast ]

do

echo -n "Job $MDcurr started on "

date

let "MDinp = ${MDcurr} - 1"

$AMBERHOME/bin/pmemd.cuda -O -i mdin$MDcurr \

-o $BASE$MDcurr.out \

-p $BASE.prmtop \

-c $BASE$MDinp.rst \

-ref $BASE$MDinp.rst \

-r $BASE$MDcurr.rst \

-inf mdinfo$MDcurr \

-x $BASE$MDcurr.mdcrd

let "MDcurr = ${MDcurr} + 1"

done

echo -n "Jobs finished on "

date

The deviceQuery command comes with the CUDA Toolkit
(https://developer.nvidia.com/cuda-toolkit), which has to be
installed before using any GPU-related software. The CUDA ver-
sion should correspond to the one with which the software was
developed. If multiple GPU cards are to be used in parallel, the list
of selected devices (variable “GPU” in the script above) contains
comma-separated identifiers (e.g., “0,1”), and the first line of the
launch command should be:

mpirun -n NGPUS $AMBERHOME/bin/pmemd.cuda.MPI -O -i mdin

$MDcurr \

where NGPUS is the number of GPU cards supposed to work in
parallel on a given task. In order to adjust the input MD files to the
above script, rename the file sys.inpcrd (see Subheading 3.2, step 1)
to sys0.rst before the start of the simulations (see Note 6).

2. Log files from each stage of the simulation should be inspected
for possible problems. If the first MD stage fails, it may be due
to the failure of the first two minimization steps to remove the
hot spots in the initial structure. Consequently, the input
structure has to be examined and corrected. Ideally, the simu-
lation would terminate without problems. However, large
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systems require long computation times, often weeks to
months long. If a power failure occurs, the MD run is termi-
nated prematurely. In order to restart the calculation, we can
use the rst files saved with predefined frequencies. Suppose the
production run is interrupted. First, check the length of the
trajectory already calculated, by consulting the simulation time
at the end of the sys5.out file. Then, copy mdin5 file to a new
file called mdin6 and adjust the parameter nstlim so as to obtain
the initially desired length of the simulation after completing
this new stage. Then simply launch the script Run_pmemd_-
cuda again, specifying the total number of stages to be
6 and beginning simulations from stage #6. The program will
use the existing sys5.rst as input and continue the calculation of
the trajectory. If desired, the two trajectories, sys5.mdcrd and
sys6.mdcrd, can be combined by the ptraj or cpptraj utility
program.

3.4 Analysis

of the MD Trajectory

1. Monitor the time dependence of such variables as potential
energy, density, and volume. The analysis will be performed
on the equilibrated part of the trajectory, where these para-
meters are stable. To do it, use a Perl script from the Amber
website, available at the address http://archive.ambermd.org/
200507/att-0228/process_mdout.perl. It produces text files
whose contents can be visualized by any plotting software. By
looking at the graphs one can see from which frame the trajec-
tory can be considered stable. This and all subsequent frames to
the end of the trajectory will be used in clustering to find
representative and distinct structures of the receptor.

2. The clustering procedure involves several steps. We will use the
kclust routine from the MMTSB software package, available
from http://blue11.bch.msu.edu/mmtsb/Main_Page. In the
first step we extract individual frames from the trajectory and
put them as PDB files in a subdirectory. Run the following
command: “ptraj sys.prmtop ptraj_PDB.in”, where the last
argument is the file name containing the following lines:

trajin sys5.mdcrd 3001 10000 1

# remove solvent and ions

strip :291-999999

# remove trans & rot

center :1-290 mass origin

image origin center familiar

# best fit to the first frame

rms first mass :1-290@CA,C,N

# put all the pdb frames in a subdirectory

trajout PDB/frame.pdb pdb
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To obtain the same result with the newer command cpptraj
(Amber 14) add the keyword multi at the end of the last line. The
example above assumes that the production run sys5.mdcrd is in
the current directory and that the equilibrated trajectory spans
frame numbers from 3001 to 10,000. The increment is equal to
1, hence all 7000 frames will be extracted. Also, the receptor in the
example above has 290 residues. You should adjust these numbers
to your specific case.

The second step adjusts the file numbering format to the input
requirements of the kclust program. The numbers should have
leading zeros and be written with five characters. This is done by
the script below:

#! /bin/csh

set DIR=’PDB’

set ff = ‘ls -1 ${DIR}/*.pdb.* | head -1‘

set fnam = $ff:r

set numfil = ‘ls -1 ${DIR}/*.pdb.???? | wc -l‘

if( $numfil != 0)then

foreach fnam (${DIR}/*.pdb.????)

set fr=$fnam:r

set fnum=$fnam:e

mv $fnam $fr.0$fnum

echo $fnam $fr.0$fnum

end

endif

set numfil = ‘ls -1 ${DIR}/*.pdb.??? | wc -l‘

if( $numfil != 0)then

foreach fnam (${DIR}/*.pdb.???)

set fr=$fnam:r

set fnum=$fnam:e

mv $fnam $fr.00$fnum

echo $fnam $fr.00$fnum

end

endif

set numfil = ‘ls -1 ${DIR}/*.pdb.?? | wc -l‘

if( $numfil != 0)then

foreach fnam (${DIR}/*.pdb.??)

set fr=$fnam:r

set fnum=$fnam:e

mv $fnam $fr.000$fnum

echo $fnam $fr.000$fnum

end

endif

set numfil = ‘ls -1 ${DIR}/*.pdb.? | wc -l‘
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if( $numfil != 0)then

foreach fnam (${DIR}/*.pdb.?)

set fr=$fnam:r

set fnum=$fnam:e

mv $fnam $fr.0000$fnum

echo $fnam $fr.0000$fnum

end

endif

ls -1 ${DIR}/*.pdb* > framelist

The second line of the script defines the PDB subdirectory and
should point at the one used in the previous step. The file created at
the end of the script (“framelist”) contains the list of all frames to be
used in subsequent clustering.

In the third step we launch kclust and create an output file
(“kclust.out”) with the results:

#!/bin/sh

rad=2.0

list=’framelist’

kclust -mode rmsd -centroid -cdist -heavy -lsqfit -radius $rad \

-maxerr 1 -iterate ${list} > kclust.out

ncl=‘grep Cluster kclust.out | wc -l‘

echo Found $ncl clusters

In the above, the name of the file with the list of frames
(“framelist”) should match the one used in the previous step. The
rad parameter is the radius in Å, defining the size of a cluster. If a
structure has RMSD distance from the centroid that is larger than
rad Å, it will not be included in the current cluster. By controlling
this parameter, we control the number of generated clusters.

In the fourth step we extract the centroids from the list of
clusters:

#!/bin/sh

awk -f extract_centroids.awk kclust.out | tee centroids.stat

Here we use an awk script (“extract_centroids.awk”, available
from http://ambermd.org/tutorials/basic/tutorial3/files/
extract_centroids.awk):

BEGIN{b0=2;}

{centind=index($1,"#Centroid");

c=$2;

getline;centind=index($0,"#Centroid");

FIL0 = sprintf("centroid%2.2d.member.dat",c)

while(centind != 1){

print $1,$3 > FIL0 ;
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getline;centind=index($0,"#Centroid");

}

numcent=0; print $2,$1,NR-b0;

c=$2;

getline; endrec = index("End",$0);

while( endrec != 1 ){

FIL = sprintf("centroid%2.2d.pdb",c);

print > FIL;

getline; endrec = index($0,"#End");

}

b0=NR+2;

}

However, since the centroid structures have no physical mean-
ing, we shall search for best cluster members, i.e., those of the
clustered structures that are the closest to the centroids in the
RMSD sense. Here is the fifth step of the procedure:

#!/bin/csh

set list=’framelist’

rm -f best_members.out

foreach file (‘ls *.member.dat‘)

set i=$file:r

set j=$i:r

set num=‘sort -nk2 $file | head -1 | cut -f1 -d’ ’‘

set rms=‘sort -nk2 $file | head -1 | cut -f2 -d’ ’‘

set i=1

foreach name (‘cat $list‘)

if ($i == $num) then

set m=$name:e

echo ’Best member in’ $j’:’ ID = $m ’(rmsd = ’$rms’)’

echo ’Best member in’ $j’:\

’ ID = $m ’(rmsd = ’$rms’)’ >> best_members.out

cp $name ${j}_best_member.pdb

endif

set i=‘expr $i + 1‘

end

end

Please note that at the beginning of the script we specify
explicitly the name of the file with the frame list, defined at the
clustering step. The output is saved in the text file best_members.
out. It lists the identifiers of the best structures in each cluster along
with their corresponding RMSD values (see Note 7).

As a result, we now have a relatively short list, containing
representative structures of the receptor (one per each cluster
found), which will be used in subsequent docking.
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3.5 Virtual Screening

of Ligands

and Multiple Receptor

Structures

In this chapter, we will deal with two possible virtual screening
strategies. The first uses Fred [51] and the associated OpenEye
software (see Subheading 2) and considers both the ligand and the
receptor to be rigid. This significantly increases the speed of the
calculation, at the cost of precision. It is therefore usual to use
several starting conformations for each ligand to be evaluated.
The second strategy considers flexible ligand but rigid receptor,
and relies on AutoDockVina [46], in which case a single conforma-
tion of each ligand is included in the library. It should be noted that
Vina can, in principle, define some receptor’s side-chains as being
flexible, but this significantly increases the computation time and is
not appropriate to fully mimic the conformational adaptation of the
receptor to the ligand binding.

1. Preparation of files for docking.
Download the chemical compounds library you are inter-

ested in or use in-house preassembled libraries. Most of the
online chemical structures libraries are freely accessible for
downloading (e.g., ZINC database, [52] and most of the
compounds should be commercially available. These files have
often an .sdf or .mol2 extension. First of all, generate 3D
coordinates for the molecules. If you are planning to use Auto-
Dock Vina, split them into .pdbqt files via OpenBabel with
added hydrogens, removed salts and charges corresponding to
the protonation state at physiological pH. The following com-
mands can be used:

obabel –isdf drugs.sdf –omol2 –O drugs.mol2 –r –h –p7.2 –-gen3d

obabel –imol2 drugs.mol2 –opdbqt –O drugs.pdbqt –m

Filter your molecules according to selected physicochemical
properties (e.g., Lipinski’s rule of five). The Screening Assistant
v.2 (http://sa2.sourceforge.net) can be used to remove known
reactive compounds (covalent binders), warheads (noncovalent
binders) and to eliminate PAINS (Pan-Assay Interference) com-
pounds [53]. Alternatively, you can use the programs from the
OpenEye software suite to enumerate tautomeric states for each
molecule, to filter them, calculate partial atomic charges and to
generate low-energy conformers:

tautomers -in drugs.sdf -out taut_drugs.sdf

filter -i taut_drugs.sdf -o filt_drugs.sdf –typecheck

fixpka -i filt_drugs.sdf -o fixpka_drugs.sdf

molcharge -method am1bccsym fixpka_drugs.sdf drugs.mol2

omega2 drugs.mol2 drugs.oeb.gz
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2. The “cleaned” chemical library is then submitted to rigid-
receptor docking on a set of receptor’s representative structures
(extracted as previously described from MD trajectories).
When defining the receptor molecular entity, it should be
kept in mind that water molecules might be important for
ligand recognition and binding, although this is difficult or
even impossible to predict. It might therefore be useful to
run virtual screening several times both with and without
selected water molecules in the putative ligand binding site.
The volume within which the search for the optimal ligand
position will be performed has to be defined by creating a box,
characterized by the coordinates of its center and the sizes in
each dimension. This can easily be done with the “make_re-
ceptor” GUI of the OpenEye software. Walking through the
“Molecules,” “Box,” “Shape,” and, optionally, the “Con-
straints” menus will create all information necessary for the
docking. Save the result in an .oeb file (.oeb.gz if compressed).
If using Vina, generate a grid for each receptor structure with
the AutoDock Tools. By doing this, you will place the center of
the grid at the pocket’s center of mass and use a spacing of 1 Å.
Save the grid size and coordinates for the use in docking
configuration input files.

Docking with OpenEye can be accomplished with the
following example of a command line:

fred -rec rec.oeb.gz -dbase drugs.oeb.gz -dock_resolution

High \

-hitlist_size 100 -numposes 20

Note that the product of hitlist_size and numposes should not
exceed 10000. The command above uses a set of options, whose
default values are listed below:

-docked docked.oeb.gz

-undocked undocked.oeb.gz

-score score.txt

-report report.txt

-settings settings.param

-status status.txt

-annotate false (for VIDA display; per atom score breakdown)

-prefix fred (prefix of all output files)

It is also possible to launch the docking in parallel, on multiple
CPUs. For example, to launch docking onN processors, replace the
“fred” command with “oempirun -np N fred”.

Docking with Vina can be performed on multiple CPU cores,
but the program has been parallelized under OpenMP
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(http://openmp.org) and it works on shared memory architec-
tures. In order to use it with chemical libraries containing large
numbers of ligands, we prefer to launch Vina on a computer cluster
in a typical distributed memory environment, running single-core
copies of Vina, each working on a different ligand. This is accom-
plished by launching an array job, available in many queuing sys-
tems, such as SGE (https://arc.liv.ac.uk/trac/SGE) or PBS
Professional (http://www.pbsworks.com). Ask your system man-
ager for a generic script for your machine. Here is an example of a
script that submits an array job to a cluster with the SGE queue
system:

#!/bin/sh

# Submit an AutoDock array job, with each Vina running on 1 CPU

# and working on a different ligand, taken from a list of

files.

echo -n "Enter name of directory with input file(s): "

read indir

echo -n "Enter name of directory for output file(s): "

read outdir

echo -n "Number of concurrent jobs to run [no limit]: "

read nconc

echo -n "Job’s queue identifier: "

read jid

Nmax=9999

# check nconc

if [ 0$nconc -eq "0" ]

then

nconc=‘echo $Nmax‘

fi

# create a list of ligands

ls -1 ${indir}/*.pdbqt > filelist

nlig=‘cat filelist | wc -l‘

# create input file for qsub, in the current directory

cat << END > $jid

#!/bin/sh

#$ -o out -j y

#$ -cwd

LIGAND=\‘awk "NR==\$SGE_TASK_ID" filelist\‘

lnam=\‘echo \$LIGAND | rev | cut -f1 -d"/" | cut -f2- -d"." |

rev\‘
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vina --config vina.conf --cpu 1 --ligand \$LIGAND \

--out ${outdir}/\${lnam}_out.pdbqt \

--log ${outdir}/\${lnam}_log.dat

END

# launch the job

qsub -R y -V -t 1-$nlig -tc $nconc $jid

In the above, SGE_TASK_ID is a unique identifier attributed
to each processor and initialized by the system at the beginning of
the program’s execution. The number of simultaneously running
jobs is limited to nconc (option –tc for the qsub command) in order
to keep the cluster available for other users. An example of the input
file vina.conf is given below:

# specify cpu, ligand, out & log on the command line

receptor = receptor.pdbqt

center_x = 4.531

center_y = -23.703

center_z = 66.949

size_x = 42.0

size_y = 42.0

size_z = 45.0

num_modes = 20

exhaustiveness = 100

energy_range = 5

Adapt the names of files and the grid size/center coordinates to
your case.

3. At the end of the docking process, rank your molecules for each
structure according to their Vina scores (in kcal/mol) in the
output log files and a selected threshold value (seeNote 8). You
can also create a script to extract and rank only the first
conformer for each molecule (presumed to be the most stable
conformer), as in the example below:

#!/bin/sh

outdir = "results" (adapt this line to your case)

nlig=‘ls -1 $outdir/*log.dat | wc -l‘

i=1

rm -f x_tmp

ls -1 $outdir/*log.dat |

while read fnam; do

nrj=‘grep ’^ 1’ $fnam | cut -c10-20‘;
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echo $nrj $fnam >> x_tmp;

i=‘expr $i + 1‘;

done

sort -n –k1 x_tmp > sorted_NRG

rm x_tmp

The output file sorted_NRG contains the sorted list of the
ligands, best on top. Inspect the intermolecular contacts and select
a number of candidates for the following steps. Then, run MD
simulation to validate the selected protein–ligand complexes.

Visualization of the OpenEye docking results can be done with
Vida, e.g., with the command "vida docked.oeb.gz". One can also
save the structures in the mol2 format (as one single file) to view
them with Pymol (as individual models).

3.6 Validation

of Complexes by MD

Simulations

1. Putative complex structures resulting from docking studies
should be validated from the point of view of their stability.
The MD simulation performed even for a relatively short
stretch of time (10–20 ns) can give a wealth of information
about the behavior of the ligand within the binding site, as well
as about the nature of the intermolecular contacts.

The preparation of input data for MD simulation of com-
plex structures is similar to the procedure described above for
the receptor. The difference is that a new molecule (ligand) has
to be added to the system and we need its topology. In general,
it will require the use of a different force field. In what follows
we assume that ligands are small organic molecules which can
be treated by the general Amber force field (GAFF) [54].

We start with a PDB file of a ligand molecule. Make sure
that the ligand is protonated. Use the antechamber utility to
generate the first of the tleap input files:

antechamber –nc 0 –rn LIG –I lig.mol2 –fi mol2 –o lig.prep \

-fo prepc –c bcc –s 2

The meaning of the options is as follows: ns ¼ net charge, rn ¼
residue name, i¼ input file, fi¼ format of the input file, o¼ output
file, fo ¼ format of the output file (prepc or prepi), c ¼ charge
model, s ¼ output verbosity. When the lig.prep file is ready, we
check if all force field parameters are available:

parmchk -i lig.prep -f prepc -o lig.frcmod

The contents of the output frcmod file should be examined,
and if problems occur, they should be fixed before continuing (see
Note 9).
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In the next step, use tleap to create topology and coordinate
files for the ligand. The following script shows an example of tleap’s
input:

source leaprc.ff03 (for basic definitions)

source leaprc.gaff (for the ligand)

set default PBradii mbondi2

loadamberprep lig.prep (antechamber-generated file)

loadamberparams lig.frcmod (parmchk-generated file)

check LIG (there should be no error messages)

saveamberparm LIG lig.prmtop lig.inpcrd (save the ligand topology)

savepdb LIG lignew.pdb (use this file to add ligand to the receptor)

quit

Note that we are using the same residue name (LIG) as the one
we defined for antechamber (see Note 10).

2. Prepare a receptor–ligand complex by combining protein and
ligand in a single PDB file (e.g., “complex.pdb”). Copy the
ligand’s PDB file at the end of the receptor’s PDB file. Attri-
bute a unique chain identifier to the ligand’s residues. Insert
TER records after each molecule. Then, run tleap on the
following script:

source leaprc.ff03

source leaprc.gaff

set default PBradii mbondi2

loadamberprep lig.prep

loadamberparams lig.frcmod

mol=loadpdb complex.pdb

# add modifications, such as disulfide bonds, if any

check mol

# the unit should be OK, except warnings about close

contacts.

# They will be removed by subsequent energy minimizations.

saveamberparm mol cpl.prmtop cpl.inpcrd (save topology)

savepdb mol cpl.pdb

# saves newly assigned residue numbers, protons included

quit

If the script terminates without errors, the complex structure is
correct. See the contents of the output cpl.pdb file for newly
assigned residue numbers (containing protons). Solvate the system
and add charge neutralizing ions if necessary, by completing the
above script with the solvatebox and addions commands, as dis-
cussed in Subheading 3.2 (see Note 11). This will produce topol-
ogy files for the whole system, with names such as sys.prmtop, sys.
inpcrd and sys.pdb.
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3. Launch MD simulation following the recipes in Subheadings
3.2 and 3.3. The procedures for the complex are identical as for
the receptor alone. In the two initial energy minimization steps
of the procedure, the ligand should be considered as part of the
protein, i.e., it should be restrained. Given that ligands are very
small compared with the receptor, there will be no noticeable
differences in MD execution times. The above steps should be
repeated for all ligands obtained from the docking procedure.

4. The final validation of structures comes from the analysis of
MD trajectories of the studied complexes. A stable complex
should be characterized by a low root mean square deviation
(RMSD) value for the ligand throughout the entire trajectory.
However, the RMSD criterion is not sufficient to conclude
about the stability of the complex. In spite of thermal fluctua-
tions, the ligand should remain in the same position within the
binding site, showing persistent intermolecular contacts. The
information about the amplitude of atomic thermal motions
can be obtained from the root mean square fluctuations
(RMSF). The intermolecular contacts can be determined
from the analysis of atomic proximities, which also permit to
observe the formation of intermolecular hydrogen bonds. The
analysis makes use of the ptraj (or cpptraj) utility, which can be
run with the command “ptraj complex.prmtop ptraj.in”, where
the contents of the input script ptraj.in depend on the profile of
the analysis. To obtain the values of RMSD and RMSF, the
following example can be used:

trajin complex5.mdcrd 1 999999

strip :292-999999

center :1-290 mass origin

image origin center familiar

rms first mass out RMSD-rec.txt time 10 :1-290@C,N,CA

rms first mass out RMSD-lig.txt time 10 :291 nofit

atomicfluct out RMSF-lig.txt :291

In this example we read all frames from the input trajectory,
then discard all components except the complex (in this example
the receptor has 290 residues and the ligand has only one residue,
#291). We superpose each frame on the first one using the mass-
weighted receptor’s backbone and calculate RMSD for the recep-
tor. Then, using the previous superposition, we compute the
ligand’s RMSD from the dispersion of all of its atoms. The time
step (10 ps) is meant to set the units on the X-axis of the generated
plot. This graph will tell us if the gravity center of the ligand
remains in the same position, but not whether the pose is stable.
If ligand moves within the binding site, its atoms will show high
values of RMSF. The last line of the above script produces a file
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containing RMSF of atomic fluctuations. Finally, there remains the
question of intermolecular contacts. These can be obtained from
the following script:

trajin complex5.mdcrd 3001 10000 10

#-- Donors from standard amino acids

donor mask :GLN@OE1

donor mask :GLN@NE2

donor mask :ASN@OD1

donor mask :ASN@ND2

donor mask :TYR@OH

donor mask :ASP@OD1

donor mask :ASP@OD2

donor mask :GLU@OE1

donor mask :GLU@OE2

donor mask :SER@OG

donor mask :THR@OG1

donor mask :HIS@ND1

donor mask :HIE@ND1

donor mask :HID@NE2

#-- Acceptors from standard amino acids

acceptor mask :ASN@ND2 :ASN@HD21

acceptor mask :ASN@ND2 :ASN@HD22

acceptor mask :TYR@OH :TYR@HH

acceptor mask :GLN@NE2 :GLN@HE21

acceptor mask :GLN@NE2 :GLN@HE22

acceptor mask :TRP@NE1 :TRP@HE1

acceptor mask :LYS@NZ :LYS@HZ1

acceptor mask :LYS@NZ :LYS@HZ2

acceptor mask :LYS@NZ :LYS@HZ3

acceptor mask :SER@OG :SER@HG

acceptor mask :THR@OG1 :THR@HG1

acceptor mask :ARG@NH2 :ARG@HH21

acceptor mask :ARG@NH2 :ARG@HH22

acceptor mask :ARG@NH1 :ARG@HH11

acceptor mask :ARG@NH1 :ARG@HH12

acceptor mask :ARG@NE :ARG@HE

acceptor mask :HIS@NE2 :HIS@HE2

acceptor mask :HIE@NE2 :HIE@HE2

acceptor mask :HID@ND1 :HID@HD1

acceptor mask :HIP@ND1,NE2 :HIP@HE2,HD1

#-- Backbone donors and acceptors for this particular molecule

# N-H for prolines do not exist so are not in the mask

# in this example res181 is supposed to be PRO and excluded

donor mask @O

acceptor mask :2-180,182-290@N :2-290@H
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# Terminal residues have different atom names

donor mask @OXT

acceptor mask :1@N :1@H1

acceptor mask :1@N :1@H2

acceptor mask :1@N :1@H3

#

hbond print .05 series hbt time 10 distance 3.5 angle 120.0 \

out hbond.dat solventdonor WAT O solventacceptor WAT O H1 \

solventacceptor WAT O H2

The generic version of the example above is downloadable from
the address http://ambermd.org/tutorials/basic/tutorial3/files/
analyse_hbond.ptraj. Adjust it according to your needs. The output
file (“hbond.dat”) contains information about the formation and
breaking of hydrogen bonds throughout the trajectory. The total
combined information should be used to assess the stability of the
studied complex.

3.7 Estimation

of Ligand Affinity

One of the most attractive features offered by the analysis of an MD
trajectory is the estimation of the protein–ligand interaction energy.
This in turn should be linked to ligand affinity. Unfortunately, this
is a very complex issue and not yet sufficiently resolved in practice.
Theoretically, the intermolecular interaction energy can be calcu-
lated from the difference between the energy of the complex and
the sum of energies of its individual components. The Gibbs free
energy of the system is the sum of the enthalpic and the entropic
terms. The force field-based energy is an approximation to the
enthalpic term of the free energy expression [55–57]. The entropic
term is often as important as the enthalpic one, but there are
enormous difficulties in computing it, and so in practice it is usually
neglected. This simplification nevertheless allows comparison of
similar ligands, for which the entropic terms may not vary too
much. In spite of these difficulties, several methods are frequently
used. The most popular approach in evaluating intermolecular
interaction energy is the molecular mechanics (MM) combined
with the Poisson-Boltzmann (PB) or generalized Born (GB) and
surface area (SA) continuum solvation methods (MM-PBSA and
MM-GBSA) [58]. Other, more sophisticated methods have also
been developed, such as interactive Linear Interaction Energy
(iLIE) approach [59–61], but they require calibration on a known
set of ligands with experimentally determined affinities, which con-
stitutes a major limitation. Moreover, they require more time to
run, which is prohibitive in virtual screening, where affinities for
many ligands have to be determined in a relatively short time. In
what follows we focus on the most widely used MM-PBSA and
MM-GBSA methods, as available in the Amber software suite.
These methods are based on the implicit solvent approach and
need as input the separate trajectories of unsolvated complex, of
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the protein and of the ligand. In practice, this information is
extracted from the MD trajectory of the solvated protein–ligand
complex. Consequently, the program requires the corresponding
topologies, which have already been generated with tleap in inter-
mediate steps of the procedure (files named sys.prmtop, cpl.
prmtop, rec.prmtop, and lig.prmtop, corresponding to the solvated
system, the unsolvated complex, the receptor, and the ligand,
respectively).

1. Use the MMPBSA.py.MPI [62] program to profit from multi-
core systems. The script below demonstrates its use in calculat-
ing the protein–ligand intermolecular energy with both the
MM-PBSA and the MM-GBSA methods:

#!/bin/sh

echo -n "Input script name: [mmpbsa_py.in] "

read INSCRIPT

if [ -z $INSCRIPT ]

then

INSCRIPT="mmpbsa_py.in"

fi

echo -n "Solvated prmtop file: [sys.prmtop] "

read SYSFILE

if [ -z $SYSFILE ]

then

SYSFILE="sys.prmtop"

fi

echo -n "Complex prmtop file: [cpl.prmtop] "

read CPLFILE

if [ -z $CPLFILE ]

then

CPLFILE="cpl.prmtop"

fi

echo -n "Receptor prmtop file: [rec.prmtop] "

read RECFILE

if [ -z $RECFILE ]

then

RECFILE="rec.prmtop"

fi

echo -n "Ligand prmtop file: [lig.prmtop] "

read LIGFILE

if [ -z $LIGFILE ]
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then

LIGFILE="lig.prmtop"

fi

echo -n "Trajectory file (name with ext.): "

read MDCRD

if [ -z "$MDCRD" ]

then

echo "*** Error: Trajectory files must be specified expli-

citly."

exit

fi

echo -n "Number of CPUs to use: [4] "

read NPROC

if [ -z $NPROC ]

then

NPROC=4

fi

echo "Launching MMPBSA.py.MPI on $NPROC CPUs."

echo -n "JOB STARTED on "

date

mpiexec -np $NPROC $AMBERHOME/bin/MMPBSA.py.MPI -O -i $IN-

SCRIPT \

-o out_binding.dat \

-do out_decomp.dat \

-sp $SYSFILE \

-cp $CPLFILE \

-rp $RECFILE \

-lp $LIGFILE \

-y $MDCRD > out.log

echo -n "JOB FINISHED on "

date

exit 0

Note that there are two output files with predefined names:
out_binding.dat and out_decomp.dat. The first one contains infor-
mation on binding energies and the second one lists energy decom-
position details. An example of the input script for per-residue
energy decomposition (mmpbsa_py.in) is given below:

MMPBSA input file for running per-residue decomposition

&general

startframe=3001, endframe=5000, interval=2,
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/

&gb

# for igb=5, use "set default PBradii mbondi2"

# in scripts producing prmtop files

# for igb=7, use "set default PBradii bondi" (not for nucleic

acids)

igb=5, saltcon=0.010

/

&pb

istrng=0.010,

indi=4,

/

&decomp

idecomp=1, print_res=’1-303’, csv_format=0,

dec_verbose=2,

/

The &pb and &gb sections refer to the MM-PBSA and the
MM-GBSA methods, respectively (see Note 12). As usual, adjust
the relevant variables as needed.

2. In order to perform pairwise energy decomposition, use the
above script with the following minor modifications: set ide-
comp to 3, and dec_verbose to 0 (otherwise the output will be
too voluminous). In both cases the output can be sorted to
focus on residues important for the intermolecular
interactions.

3.8 Concluding

Remarks

In conclusion, docking and MD are fully complementary. Docking
is fast and inexpensive, and MD allows taking into account a full
system flexibility giving more reliable and “realistic” interaction and
affinity information. MD is not an easy task and its protocols are
constantly improving with better algorithms and force fields, and in
parallel with better computer performance, allowing today to sim-
ulate a protein in the microsecond timescale and in complex
membrane-like environments. Docking with simultaneous MD
calculation would be an appropriate solution with all steps included
in one pass, but would currently take too long to simulate and
would face difficulties in the interpretation if the system got trapped
in local minima. Implementing MD protocols within a virtual
ligand screening process is necessary to increase the hit compounds
discovery success rate and enter a well-known “hit-to-lead” strategy
to obtain molecules with higher affinity and specificity against
medically relevant biological targets.

The choice of methods presented in this chapter has been
dictated by our own experience, but there are numerous
alternative approaches, which the readers are encouraged to explore
[63–70, 72].
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The archive containing the scripts presented in this chapter is
available for download from the following URL: http://cribligand.
ipbs.fr/cheminfo-scripts.html.

4 Notes

1. PDB files from NMR studies usually contain 20 superposed
structures. Pick the first one, as it should have the least con-
straint violations. The choice is not critical because the MDwill
relax the molecule and drive it to equilibrium.

2. The loop modeling as described above works up to the loop
length of 30 residues. For longer loops a different strategy has
to be adopted. One can model loops incrementally, a fragment
at a time. Another possibility is to run an MD simulation with
the loop as a separate chain, with distance constraints on loop
termini to obtain spatial proximity to the receptor, then run-
ning the MD again to equilibrate the loop incorporated in the
structure.

3. If you want to simulate deprotonated HIS, see ref. 71.

4. tleap renumbers residues beginning from 1. Subsequent resi-
due referencing (e.g., for the “bond” command) must take this
into account.

5. If multiple GPU cards are supposed to execute the MD proto-
col, the first two stages (i.e., the two consecutive minimiza-
tions) have to be performed on a single card. At the time of the
writing this part of the code is not yet parallelized for GPUs.
Multiple GPU cards can work on the MD protocol beginning
with the third stage, i.e., from the short MD run with sample
heating.

6. In order to use GPUs for MD, install the appropriate version of
NVidia’s CUDA library on your system, then compile the
CUDA version of the software (e.g., Amber’s pmemd.cuda).
This will create a binary compatible with your hardware. There
is a problem in NVidia’s software with the detection of GPU
cards and the assignment of unique identifiers. The order in
which GPU cards are detected is different depending on
whether we launch a command from a terminal (nvidia-smi),
from a GUI interface (nvidia-settings) or via the CUDA library
(deviceQuery). In each case the identifiers of GPU cards may
be different, which is confusing. However, in practice only the
output from deviceQuery is valid for the launch of the GPU
software.

7. The kclust program handles up to 50000 files. In practice, this
is not a significant limitation. However, its output contains an
error: the PDB files written by kclust show residue numbers in
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columns 24–27, instead of columns 23–26. Pymol displays
them correctly, but VMD does not. This can be corrected by
shifting the residue numbers by one column to the left.

8. Currently there are over 30 scoring functions, which represent
diverse approaches to the calculation of ligand affinity [30]. It is
a good idea to rescore your results with several different func-
tions and accept ligands as hits only if there is a consensus, i.e.,
when ligands score well with most of the methods.

9. When preparing ligands with the antechamber utility, the pro-
gram sometimes fails on PDB files. In this case try the mol2
format. However, it is likely that the reasons of these problems
come from erroneous or ambiguous definition of the ligand’s
structure. If the initial structure is not optimized, the missing
CONECT records may be the reason of the failure.

10. When preparing a complex PDB file with several ligands, make
sure that each ligand has a different chain identifier and also
that you use different residue numbers for different ligands.
Otherwise Amber complains about split residues.

11. Adding charge neutralizing ions to the system can be done
using the addions command. Another version exists: addions2.
It is longer in execution, but it uses a more sophisticated
algorithm for placement of ions within the periodic box.

12. When comparing intermolecular energy values calculated with
different versions of the Amber software and different scripts
supplied with it, we obtain results which are not necessarily in
agreement, sometimes not even qualitatively. The most coher-
ent results we have obtained in our calculations come from
Amber 14 (as compared to versions 9 and 12). We compared
the results of energy calculations with the Generalized Born
(GB) and Poisson–Boltzmann (PB) methods by the two most
commonly used scripts supplied with the Amber software:
mm_pbsa.pl written in Perl (PL), and MMPBSA.py, written
in Python (PY). The tests were performed on eight different
receptor-ligand systems (data not published). The results of the
GB method as calculated by the PL and PY scripts are compa-
rable (within �10%) for half of the studied systems. In two of
the remaining cases, the PL script gave a result 20–30% higher
than the PY script, in the other two the PL script clearly broke
down, giving unrealistic values. Therefore, we prefer to trust
the results of GB calculations with the PY script.

The calculations using the PB method with the PL script
are consistent with the rest of the results and provide reason-
able values for the cases for which the GB method has not
worked. By way of contrast, the PB method used with the PY
script always gives results which are scaled by a factor of ½ with
respect to all the other values. If we multiply each PB
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(PY) result by the empirical factor of 2, we get consistent and
coherent results for the full set of the studied systems. Since
these corrected values are overall closer to those calculated by
the GB method of the same PY script (as compared to the
GB/PB values from the PL script), we have a preference for
using the PY script, under the condition of doubling the PB
values. This particular requirement may not be necessary in
newer versions of AmberTools, but we have been unable to test
it for lack of access.
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Chapter 10

Building Molecular Interaction Networks from Microarray
Data for Drug Target Screening

Sze Chung Yuen, Hongmei Zhu, and Siu-wai Leung

Abstract

Potential drug targets for the disease treatment can be identified from microarray studies on differential
gene expression of patients and healthy participants. Here, we describe a method to use the information of
differentially expressed (DE) genes obtained from microarray studies to build molecular interaction net-
works for identification of pivotal molecules as potential drug targets. The quality control and normaliza-
tion of the microarray data are conducted with R packages simpleaffy and affy, respectively. The DE genes
with adjusted P values less than 0.05 and log fold changes larger than 1 or less than �1 are identified by
limma package to construct a molecular interaction network with InnateDB. The genes with significant
connectivity are identified by the Cytoscape app jActiveModules. The interactions among the genes within a
module are tested by psych package to determine their associations. The gene pairs with significant associa-
tion and known protein structures according to the Protein Data Bank are selected as potential drug targets.
As an example for drug target screening, we demonstrate how to identify potential drug targets from a
molecular interaction network constructed with the DE genes of significant connectivity, using a microarray
dataset of type 2 diabetes mellitus.

Key words Differentially expressed genes, Drug targets, Microarray, R, Type 2 diabetes mellitus

1 Introduction

Microarrays are a high-throughput technology to determine differ-
ential gene expression [1, 2]. For example, the Affymetrix platform
can detect the expression of 20,000–40,000 genes simultaneously
[3]. Its capability is adequate to cover major genes in human
genome [4, 5]. Affymetrix applies a probe set to interrogate a single
gene. The expression ratios estimated from significantly different
signal intensities within a probe set should be consistent [6].

Microarray technology allows researchers to detect dysregula-
tion in gene expression that would help diagnose and understand
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the molecular mechanism of diseases [7, 8]. Identification of dys-
regulated genes, i.e., differentially expressed (DE) genes, could also
help identify potential drug targets. Determination of DE genes
would require special statistical analysis to avoid or correct biases
due to violation of statistical assumptions (e.g., sample sizes and
multiple testing). For example, moderated t-statistic [9] can avoid
bias due to small sample sizes in determining the variance from
many selected genes.

Building a molecular interaction network from a list of DE
genes would be a daunting task due to the sheer volume of data.
A molecular interaction network is usually characterized by its
community structure [10]. The molecules (represented as nodes
in a network), e.g., genes or proteins, found in a module could be
enriched for their possible biological functions [11]. The molecules
involved in the mechanism of a disease are likely interacting with
one another in modules [12]. In such a module, the molecular
interactions are significantly correlated in suggesting strong asso-
ciations of the DE genes with the disease.

To illustrate how this method works, we take type 2 diabetes
mellitus (T2DM) for example. There are more than 380 million
people diagnosed with T2DM worldwide [13]. The prevalence is
increasing, and expected to affect more than 550 million people by
2030. More than 4 million T2DM patients died in 2011
[13]. T2DM patients suffer from insulin resistance and β-cell dys-
function, resulting in hyperglycemia [14, 15]. T2DM causes severe
vascular complications, including atherosclerosis and diabetic
nephropathy [16]. It costs 5–10% of total expenditure in health
care in many countries [17]. Insulin is synthesized by pancreatic
β-cells and released in response to elevation of blood glucose level
[18]. There is a strong genetic predisposition associated with
T2DM, i.e., are expected to have T2DM and the risk would surge
to 40% or 70% depending on whether one parent or both parents
have diabetes [19]. Genetic studies [20–22] found many genes
related to β-cell function, including TCF7L2 for increasing insulin
secretion, PPARG for insulin sensitivity. However, the genetics of
T2DM has not been fully elucidated. DE genes are thus crucial to
understanding the pathogenic mechanism and identifying potential
drug targets of T2DM. The following sections describe a method
to identify potential drug targets by building molecular interaction
networks from microarray data.

2 Materials

Amicroarray dataset, which comprises gene expression information
obtained from patients and healthy participants, is selected to iden-
tify potential drug targets. Microarray dataset GSE25724 is down-
loaded from Gene Expression Omnibus (GEO), contributed by
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Bugliani M, including a total of 13 samples, 7 samples from
non-T2DM and 6 samples from T2DM [23]. Also, this microarray
dataset is compliant with the Minimum Information About a
Microarray Experiment (MIAME) guideline [24]. Its microarray
platform is Affymetrix Human Genome U133A Array.

R is downloaded from https://cran.r-project.org/bin/
windows/base. RStudio is downloaded from https://www.
rstudio.com/products/rstudio/download. Cytoscape [25] is
downloaded from http://www.cytoscape.org.

The R packages, affy [26], RColorBrewer [27], simpleaffy [28],
limma [29], hgu133a.db [30], and psych [31], should be installed
(Fig. 1).

Fig. 1 Installation of R packages
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3 Methods

3.1 Quality Control All downloaded .CEL files are saved in a single file (e.g., the file can
be named by the GEO number GSE25724). The raw data of .CEL
files are read by affy package of R software (Fig. 2).

The intensities of all arrays provide some information about the
quality of the arrays. The package RColorBrewer is used to provide
color-coded quality control plots. The arrays in the same color
indicates that they are from the same group, i.e., healthy or
T2DM. The label are put on the x-axis at the size of 50% smaller,
by setting las¼3, cex.axis¼0.5, respectively. The box plots
show the relative medians among all arrays (Fig. 3).

The quality control of these files is conducted with simpleaffy
package of R software. The parameter "usemid¼T" suggests that 30

to mid ratios for β-actin and GAPDH are used, instead of 30–50

ratios for β-actin and GAPDH (see Note 1).
The median of GSM631755.CEL is higher, compared with

the others. The quality control plot provides the information of sev-
eral quality control metrics, including average background, number
of genes called present, scale factor, 30 to mid ratios for β-actin and
GAPDH (Fig. 4). The direction of scaling factor for GSM631755.
CEL is significantly different from the others, and it is close to the
boundary. The average background for GSM631755.CEL is also
higher than the others, suggesting that a greater signal is detected
from the array. The GSM631755.CEL is then removed from the
data set.

The arrays are saved into a new file (i.e., the file can be named
cleanerrawdata). Again, we need to set the working directory, read
the arrays, assess the intensities, and conduct the quality control
(Fig. 5a).

The medians of intensities are similar across all 12 arrays
(Fig. 5b). The average background, number of genes called pres-
ent, and scale factor are similar across 12 arrays (Fig. 5c). The
hybridization control gene is called present in each array, indicating
good quality of hybridization. The high ratios of 30 to mid for
β-actin and GAPDH from diabetic samples indicate unsatisfactory

Fig. 2 Access to .CEL files. (a) R code for reading .CEL files. (b) A list of .CEL files available in the folder
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RNA quality, while the RNA quality from nondiabetic samples is
acceptable. It is possible that there is contamination during sample
collection for diabetic samples. Although these arrays are not per-
fect in quality, they can be used for the subsequent analysis.

3.2 Normalization The noisy signals from the experiments should be removed by
data normalization. The intensities from arrays are processed
through background correction, normalization, and probe-specific
correction. The probe set-level data are on log scale. There are
several methods of background correction, normalization, probe-
specific correction, and summarization provided by affy package
[32]. The background data can be corrected by rma method
(Fig. 6) but should be conjugated with pmonly method for probe-
specific correction. The data summarized by medianpolish method
should not be used after subtractmm method for probe-specific

Fig. 3 Intensities of arrays. (a) R code for showing the intensity of all arrays. (b) The intensities of all arrays are
shown in box plots
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Fig. 4 Quality control of arrays. (a) R code for quality control of all arrays. (b) A summary of quality control
metrics for all arrays
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correction [26]. Compared with other processes, the results of
different normalization methods are significantly different, and
should be compared before making decision.

Figure 6 shows the box plots of the arrays after background
correction by rma method and normalization by three different
methods. Compared with the other two normalization methods,
the quantile normalization method gives better results.

Fig. 5 Intensities and qualities of cleaner data. (a) R code for showing the intensity and quality control of
cleaner data. (b) The intensities of 12 arrays are shown in box plots. (c) A summary of quality control metrics
for 12 arrays
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Fig. 5 (continued)
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Fig. 6 Background correction and normalization. (a) R code for background correction and different normali-
zation methods of cleaner data. (b) The boxplots of probe intensities of the background corrected data. (c) The
boxplots of probe intensities of the background corrected data after normalization by quantile, constant, and
invariantset methods



The preprocessed data should be stored in an object as soon as
the background correction, normalization, probe-specific correc-
tion, and summarization methods have been performed. Then, the
log intensity expression values at probe set level are extracted
(Fig. 7).

3.3 DE Genes

Determination

The gene expression ratios between healthy and T2DM partici-
pants were determined by limma package by fitting a linear model
on each gene with the Bayes’ approach. The “group-means”
parametrization is applied, and the each coefficient for the mean
gene expression within a specific group is estimated (Fig. 8).

Then, the parameters of the linear model are determined. The
contrasts of interest are extracted from the coefficient vectors. The
estimated contrast effects and standard errors are estimated, and a
hierarchical Bayes’ model is established. The log fold change
(FC) and adjusted P value for the probe set in each array are
obtained by setting the parameter lfc¼0, p.value¼1.

As a result, the log FC and adjusted P value are provided for
each probe set in csv format. We annotate each probe set by the
hgu133a.db package according to the array platform used in the
original literature (Fig. 9). Before annotation, we open the gen-
eExp file, and name the probe set column ID. The probe sets that
cannot be annotated or duplicatively annotated should be omitted.

The genes with adjusted P values less than 0.05 and log FCs
larger than 1 or less than �1 were considered DE genes. There are
701 DE genes identified according to these criteria. We copy the

Fig. 7 Normalization of the intensities indicating gene expression levels. (a) R code for extracting the
normalized probe-set level expression. (b) A normalized log intensity expression value matrix at probe set level
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Fig. 8 Group-means parameterization of DE genes. (a) R code for group-means parametrization. (b) R code for
group-means parameterization of DE genes. (c) The estimated statistics of the probe sets
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data of Entrez IDs, log FCs, and adjusted P values to a .txt file
named DEgenes.

3.4 Network

Analysis

Over 300,000 experimentally validated molecular interactions are
included in InnateDB [33, 34]. They are curated according to
MIMIx standards [35]. We conduct a network analysis by upload-
ing the DEgenes file to InnateDB (Fig. 10).

To determine the relationship among the genes, we conduct
correlation analysis to determine the interactions among uploaded
genes. If we are strict in controlling the data quality, we can return
the curated interactions only. If we would like to find more inter-
actions among uploaded genes, we should include the interactions
predicted by orthology.

3.5 Module

Identification

The network generated by InnateDB is downloaded in XGMML
format and visualized by Cytoscape (Fig. 11). The node and edge
attributes include GO terms and number of
supporting publications.

Through jActiveModules (see Note 2) [36], the connected
region with significant changes in gene expression is identified as
a module (Fig. 12).

As the size of the first module is larger than the others, we only
select the first module for subsequent analysis.

Fig. 9 Gene annotation. (a) R code for gene annotation. (b) Results of gene annotation
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Fig. 10 Network analysis using InnateDB. (a) Overview of InnateDB. (b) Uploading the genes for
constructing network and setting the criteria for the interaction to be shown. (c) Downloading the network
analysis result
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3.6 Correlation

Analysis for Each Node

in the Module

The information of each node is extracted by dividing the column
Cross-references into multiple columns using the character “|”.
To keep the information of gene symbols and Entrez IDs, we
rename the column to NodeName and ENTREZ, respectively.
And we save the file as nodes.csv. We merge the nodes.csv and
annot.csv to find the corresponding probe IDs of each module
node (Fig. 13a, b). We also merge them to the normalized expres-
sion data eDat.csv to call the individual expression data of a module
node (Fig. 13c). We save the file and prepare it as corNod.csv for
correlation analysis with the columns of ENTREZ and expression
values (Fig. 13d). We calculate the correlation of module nodes by
psych package according to their expression data (Fig. 14) (see
Note 3). The node pairs with correlation coefficient values more
than 0.9 and adjusted P values less than 0.01 are chosen for further
analysis.

Finally, a submodule of six nodes with EDD protein as the cen-
ter tested by the correlation analysis is manually extracted (Table 1).

The six proteins represented by the submodule of 6 nodes with
significant correlations will be selected as targets for subsequent
drug design. Their 3D protein structures (if available) can be
collected from the Protein Data Bank.

Fig. 11 Network visualization using Cytoscape
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Fig. 12 Modules identification using jActiveModules. (a) Settings of jActiveModules. (b) Results. (c) Extraction
of a node list from a module
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4 Notes

1. The quality of RNA can be measured by 30–50 ratio or 30 to mid
ratio if the RNA is prepared by Affymetrix Standard Protocol
and Affymetrix Small Sample protocol, respectively. If 30–50

ratios for β-actin and GAPDH are used, the parameter
usemid¼T should be removed during quality control.

2. jActiveModules applies the Monte Carlo algorithm for random
sampling, suggesting that the results may not be the same in
different runs. It is worthwhile to repeat jActiveModules several
times to identify reproducible modules across runs.

3. In correlation analysis, "pearson" is the default method in
psych package. Alternatives are "spearman" and "kendall".
The adjustment methods include the Bonferroni correction
("bonferroni") in which the p-values are multiplied by the
number of comparisons. Less conservative corrections include
Holm (1979) ("holm"), Hochberg (1988) ("hochberg"),
Hommel (1988) ("hommel"), Benjamini & Hochberg
(1995) ("BH" or its alias "fdr"), and Benjamini & Yekutieli
(2001) ("BY").

Fig. 12 (continued)
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Fig. 13 Correlation of module nodes. (a) R code for file preparation. (b) The results of merge nodes.csv and
annot.csv. (c) Results of merging to eDat.csv. (d) Use of corNod.csv for correlation calculation
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Chapter 11

Absolute Alchemical Free Energy Calculations for Ligand
Binding: A Beginner’s Guide

Matteo Aldeghi, Joseph P. Bluck, and Philip C. Biggin

Abstract

Many thermodynamic quantities can be extracted from computer simulations that generate an ensemble of
microstates according to the principles of statistical mechanics. Among these quantities is the free energy of
binding of a small molecule to a macromolecule, such as a protein. Here, we present an introductory
overview of a protocol that allows for the estimation of ligand binding free energies via molecular dynamics
simulations. While we focus on the binding of organic molecules to proteins, the approach is in principle
transferable to any pair of molecules.

Key words Free energy, Computer simulations, Molecular dynamics, Alchemical transitions, Pro-
tein–ligand binding, Binding free energy, Binding affinity, Drug design, Molecular modeling

1 Introduction

The accurate prediction of the affinity of a drug for its target protein
has long been a central objective of structure-based drug design. As
such, many computational approaches that try to calculate or
approximate binding free energy have been developed [1, 2].
These range from fast scoring functions [3], to implicit-solvent
approaches based on the postprocessing of simulation snapshots
[4], to the more rigorous yet computationally expensive free energy
methods [2]. In particular, alchemical free energy calculations
based on all-atom molecular dynamic (MD) simulations in explicit
solvent are one of the approaches that operate at the highest level of
theoretical rigor, calculating free energy differences from well-
founded statistical mechanics principles and naturally including
entropic and solvent effects. These calculations are based on a
thermodynamic cycle that include a series of nonphysical interme-
diate states (hence the name alchemical), from which the free
energy difference between two physical end states can be recovered
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as the sum of the free energy differences between all pairs of
alchemical intermediate states [5]. Here, we will focus in particular
on absolute binding free energy (ABFE) calculations that make use
of such an alchemical cycle, in which the ligand is nonphysically
“removed” from the solution environment and “inserted” into the
protein’s binding site. Note that the term absolute refers to the fact
that a binding free energy ΔGb, rather than a binding free energy
difference (ΔΔGb), is being calculated.

The advantage of the alchemical approach as compared to
computationally cheaper ones is that it is expected to be more
accurate due to its ability to return the exact binding free energy
for the physical model used [1, 2, 6]. As will become evident in this
chapter, however, this comes at a high computational cost. The
method is also in principle general, meaning it can be applied to any
protein–ligand pair, as long as the sampling challenges can be
addressed. Potential applications of the approach are the ranking
of ligands with different scaffolds binding to a specific protein, the
accurate rescoring of docking poses, and the prediction of ligand
selectivity [7, 8].

Here, we present a guide on how to carry out alchemical ABFE
calculations based on a standard protocol that uses equilibriumMD
simulations. In particular, we focus on the more practical aspects of
setting up the calculations alongside a brief overview of the theory
and technical details. Throughout the text, we direct the reader
who would like to further explore certain technical topics toward
more specialized reviews and chapters. Despite this being a guide
that aims to explain how to set up and run the calculations in simple
terms, at this point in time these calculations should still be consid-
ered an advanced approach. Consequently, we recommend that the
reader first familiarize themselves with ligand parametrization and
simulations of protein–ligand complexes. Some experience with
solvation free energy calculations may also be beneficial, as these
represent part of the thermodynamic cycle used for the binding free
energy calculations.

The chapter is organized as follows. First, we provide an over-
view of the theoretical aspects of binding free energy, including its
definition, how it can be extracted from computer simulations, and
the alchemical thermodynamic cycle we will use to calculate
it. Then, we touch upon the software and hardware requirements
for the calculations. Finally, we discuss the protocol step by step,
pointing out potential pitfalls and issues. In Subheading 5, we show
how certain steps can be carried out using the Gromacs 2016
simulations package. This chapter is accompanied by a tutorial
(Absolute Binding Free Energy—Gromacs 2016) available on
www.alchemistry.org, where the reader can find the input files
needed to practice with an example calculation.
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2 Theory

Here we review some theoretical and methodological concepts that
underlie the use of computer simulations for the calculation of
binding free energies. We provide only a brief overview of some
key concepts and, due to the practical nature of the chapter, this
section is not meant to be exhaustive. The reader can find a more
extensive appraisal of theoretical aspects in one of the many excel-
lent reviews and textbooks written on the subject and here refer-
enced [9–13]. The book by Chipot and Pohorille [9] is particularly
comprehensive.

2.1 Definition of

Binding Free Energy

The reversible binding of a ligand (L) to a protein (P) to form a
complex (PL) can be described by the following chemical reaction:

P þ L⇋PL

At equilibrium, the binding constant K�
b defines the ratio of

the product and reactants concentrations in solution:

K �
b ¼ c

� PL½ �
L½ � P½ � ð1Þ

where square brackets indicate a concentration, and c� is the stan-
dard state concentration, which is typically defined as 1 mol/L.
Since this definition of standard state does not change the numeri-
cal value ofK�

b (as it is multiplied by one) it is customary to omit c�

when discussing equilibrium constants. However, it is important to
remember that the binding constant is a dimensionless quantity
(without c� it would have units of inverse concentration), and it is
dependent on the chosen standard state. For a single ligand binding
event, K�

b is associated to the binding free energy by the following
well-known equation.

ΔG�
b ¼ �kBT lnK �

b ð2Þ
where kB is the Boltzmann constant, and T is the temperature. For a
mole of ligand, the gas constant (R ¼ NAkB, where NA is the
Avogadro constant) is used instead of kB. From the above discussion
of the standard state, it follows that the binding free energy is also
thus defined with respect to the chosen standard state.

The equilibrium constant can also be expressed as the ratio of
probabilities Pð Þ for the system being in either the bound or
unbound state, so that K �

b ¼ P1=P0, where “1” denotes the
bound (PL) state, and “0” the unbound (P + L) state. The
probability of finding the system in the bound versus unbound
state is determined by the ratio of their partition functions Q1 and
Q0, where the partition function of a system in the isothermal-
isobaric (NPT) ensemble is defined as follows.
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Q NPT ¼ 1

N !h3N
∭e�β H x;pð ÞþpV½ �dVdxdp ð3Þ

with N being the number of particles, β ¼ 1/(kBT), x and p the
coordinates and momenta, H the Hamiltonian, p the pressure,
V the volume, and h the Planck’s constant. The Hamiltonian of a
system consists of a potential energy termU(x) that depends on the
particles’ coordinates, and a kinetic termK(p) that depends on their
momenta. However, since we are considering the free energy dif-
ference of a process in which neither the temperature or particles’
masses change, the kinetic contribution to the Hamiltonian is
constant. Therefore, only the configurational part of the partition
function needs to be considered in this case, and the Gibbs binding
free energy can be expressed as follows.

ΔG�
b ¼ �kBT ln

Ð
V 1

Ð
Γ1
e�β U 1 xð ÞþpV 1½ �dVdxÐ

V 0

Ð
Γ0
e�β U 0 xð ÞþpV 0½ �dVdx

ð4Þ

where V1 and V0 are the container volumes, while Γ1 and Γ2 are the
phase space volumes of the bound and unbound states, respectively.
However, due to the limited compressibility of water, at 1 atm the
effect of changes in average volume on the binding free energy is
negligible [11, 14]. This means that the pV component of the free
energy can be ignored without major effects on the results, and that
the Helmholtz free energy closely approximates the Gibbs free
energy.

ΔG�
b ffi ΔA�

b ¼ �kBT ln

Ð
Γ1
e�βU xð ÞdxÐ

Γ0
e�βU xð Þdx

ð5Þ

This definition assumes the existence of separate and well-
defined “bound” and “unbound” states, which is valid for tight
and specific binders, but might not be justified in the case of very
weak and nonspecific binders [11]. The partition function for a
complex system has no analytical solution and thus simulations
need to be used to sample the accessible phase space. The whole
phase space is computationally difficult to sample but, when calcu-
lating free energy differences, inaccessible high-energy regions will
quite often not be sampled for either state of interest, resulting in a
cancellation of errors that allow ΔG to be calculated.

When comparing binding free energies, it is important to keep
in mind that, as mentioned previously, the binding constant
depends upon a reference concentration. This dependence is due
to the connection between available volume and entropy [15]. It is
therefore necessary to refer to the same standard state when
comparing binding free energies. A standard concentration
c� ¼ 1 mol/L corresponds to a standard volume V� ¼ 1660 Å3

(the volume occupied by one molecule at the concentration of
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1 mol/L). As the 1 M standard state is the most widely adopted, it
follows that it is simplest to calculate the binding free energy with
respect to this standard state. However, during a free energy calcu-
lation the protein–ligand system is not simulated at c�, and thus a
correction is needed to recover the standard binding free energy. If
ΔGb is the binding free energy calculated using a simulated box of
volume V, the standard binding free energy ΔG�

b can be recovered
as follows [15]:

ΔG�
b ¼ ΔGb � kBT ln

V

V
� ð6Þ

where V� is the standard volume of 1660 Å3, which corresponds to
a standard concentration c� ¼ 1 mol/L.

2.2 Estimating Free

Energy Differences

from Equilibrium

Simulations

Given the relationship K �
b ¼ P1=P0, one could think of straight-

forwardly calculating the difference in free energy between two
states of a system by counting the number of configurations in
both states. That is, for binding free energies, by counting the
number of bound versus unbound configurations during a simula-
tion. This approach is however only feasible when sufficient statis-
tics can be collected, i.e., when the system can transition between
the two states of interest many times within the timeframe of the
simulation. Despite great improvements in simulation performance
in the last few decades, this is still not computationally feasible with
unbiased simulations due to the timescales involved in the binding/
unbinding process. Several other approaches have thus been devel-
oped to estimate free energy differences using data that can be
collected via molecular dynamics simulations. Here, we focus only
on the main approaches used to estimate free energy differences
from equilibrium simulations and that are relevant for alchemical
pathways. Approaches that estimate free energy from nonequilib-
rium transitions between end states are also available, and reviews of
such methods can be found elsewhere [9, 16].

2.2.1 Perturbation

Approaches

One of the most well-known methods to estimate free energy
differences is based on perturbation theory, and relies on the fol-
lowing formula introduced by Zwanzig [17].

ΔG0,1 ¼ �kBT ln e�β U 1 xð Þ�U 0 xð Þð Þ
D E

0
ð7Þ

The equation shows that the free energy difference can be
calculated as the logarithm of the ensemble average of the expo-
nential of the Boltzmann weighted potential energy difference
between the two states. From the subscript of the ensemble average
it is possible to note how the potential energy difference is evalu-
ated for the same reference ensemble; i.e., equilibrium sampling is
carried out for one state, here labeled “0,” and the energies are
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computed for both thermodynamic states “0” and “1” over the
same configurations. The above formula applies to the forward
transformation 0! 1; it is also possible to calculate the free energy
difference for the backward transformation 1 ! 0. While the two
expressions are equivalent, in practice their convergence properties
may not be the same [9, 18], and the difference in the two resulting
ΔG values is referred to as hysteresis. As mentioned previously, the
kinetic part of the Hamiltonian does not contribute toward the free
energy as temperature and masses are unvaried, and the pressure-
volume contribution is only marginal, so that here we consider only
the potential energy contribution to the Hamiltonian for simplicity.

The approach based on Eq. 7 can be referred to as exponential
averaging (EXP), however, the term free energy perturbation (FEP)
is often used too. Note that FEP is also at times used to refer to
alchemical free energy methods in general, where perturbation in
this case refers to the perturbation in the chemical identity and
interactions of the atoms themselves. Despite the above equation
being exact, it has been shown that EXP converges only slowly with
the amount of data collected, and an average that appears to have
converged may only indicate poor overlap between the two states
studied [19, 20].

The free energy obtained via EXP for either the forward or
reverse direction converges to the same result in the limit of infinite
sampling. A simple way to improve EXP is thus to simply perform
the calculation in both directions and average the results. However,
because of a direct relationship between the distributions of poten-
tial energy differences in the forward and reverse directions, Bennet
could derive a more robust and statistically optimal way to use
information from both directions [21]. The Bennett’s Acceptance
Ratio (BAR) provides a maximum likelihood estimate of the free
energy given the samples from the two states [22, 23]. Studies have
shown the superiority of the BAR over EXP in molecular simula-
tions: significantly less phase space overlap between states is
required in order to converge results as compared to EXP
[19, 20]. Note, however, that BAR requires sampling and energy
evaluation of the system configurations from both states to estimate
the free energy difference.

As phase space overlap affects the reliability of the estimate, free
energy differences are most often calculated by simulating several
intermediate states in addition to the two end states, in order to
increase the overlap between each pair of states. A multistate exten-
sion of BAR, called the multistate Bennett’s Acceptance Ratio
(MBAR), has been proposed by Shirts et al. [24]. In this approach,
a series of weighting functions are derived to minimize the uncer-
tainties in free energy differences between all states considered
simultaneously. MBAR reduces to BAR when only two states are
considered, and it can also be interpreted as a zero-width weighted
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histogram analysis method (WHAM) [11, 24]. MBAR has the
lowest variance among the methods discussed here, and is likely
the most reliable estimator for the type of free energy calculations
described in this chapter [24, 25].

EXP and BAR are available in popular simulation packages such
as Gromacs [26], Amber [27], and NAMD [28]. A python imple-
mentation of the MBAR estimator is instead provided by the
authors of the original publication at https://github.com/
choderalab/pymbar.

2.2.2 Thermodynamic

Integration

In the thermodynamic integration (TI) approach, rather than
potential energy differences, the data needed to estimate the free
energy difference is the derivative of the potential energy with
respect to the coupling parameter λ, a continuous variable that
describes the series of intermediates states between the two end
states λ¼ 0 and λ¼ 1. From this observable, it is possible to recover
the free energy difference with the following formula.

ΔG0,1 ¼
ðλ¼1

λ¼0

∂U λ;xð Þ
∂λ λ

ð8Þ

The ensemble average h∂U/∂λi is obtained from an equilib-
rium simulation performed at a certain value of λ. Numerical inte-
gration is then needed to recover the free energy difference
between λ ¼ 0 and λ ¼ 1. The trapezoidal rule is often used for
simplicity, but any numerical integration method can be employed.
While λ is a continuous variable, only discrete values of it are
sampled, so that there will be a bias in the estimate that depends
on how well the chosen values of λ allow for an accurate quadrature.
Therefore, while the accuracy of perturbation approaches depends
on the overlap of energy distributions, the accuracy of TI depends
on the smoothness of the integrand [29, 30].

TI is a popular method for the estimation of free energy differ-
ences, as it is robust and accurate while also easy to implement if the
simulation code provides ∂U/∂λ values. The alchemical analysis
tool [30] available at https://github.com/MobleyLab/alchemi
cal-analysis already implements the automated analysis of simula-
tion data collected with Gromacs [26], Amber [31], or Sire
(http://siremol.org/), and the estimation of free energy differ-
ences using TI, EXP, BAR, and MBAR.

2.3 The

Thermodynamic Cycle

For both perturbation and thermodynamic integration methods,
several intermediate states are needed in order to obtain a reliable
estimate of their free energy difference. In fact, when the two end
states are the protein-bound and protein-unbound ligand, it is not
possible to obtain a reliable binding free energy estimate by simu-
lating only these two, and a pathway of intermediate states is
needed. The computation of a free energy difference thus involves
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the definition of the path that connects the two end states of
interest. Since the free energy is a state function, the nature of the
path is unimportant, and we can choose to use a thermodynamic
cycle that connects the bound and unbound states through several
nonphysical intermediate ones, as shown in Fig. 1. The nonphysical
nature of the cycle used is the reason why this type of calculations is
typically referred to as alchemical. The cycle depicted in Fig. 1 can
be discretized in N states, which are independently simulated.
These independent simulations are also often referred to as win-
dows. Then, the free energy difference between each state i and its

+

+

+

ΔG°b

ΔGsolv
elec+vdw

ΔGsolv
restr

ΔGprot
restr

ΔGprot
elec+vdw

ΔG=0

Protein (P) Ligand (L) Complex (PL)

Lelec+vdw

L

Lrestr

PLelec+vdw

PLrestr

PLrestr+elec+vdw

A) F)

E)

D)C)

B)

Fig. 1 Thermodynamic cycle used in absolute binding free energy calculations. The fully interacting ligand
(orange) in solution at the top left (A) is transformed into a noninteracting solute (B, white) during a series of
equilibrium simulations where its electrostatic and van der Waals interactions are scaled to zero, providing the
term ΔG solv

elecþvdW. The ligand is then restrained while still noninteracting with the environment (C), calculating

ΔG solv
restr. This state is equivalent to having the noninteracting ligand restrained within the protein cavity (D).

The restrained and noninteracting ligand in complex with the protein has its electrostatic and vdW interactions
turned back on again (E), giving ΔG prot

elecþvdW. The restraints between ligand and protein are then removed
(ΔG prot

restr), closing the cycle, and the final state is the unrestrained and fully interacting ligand in complex with
the protein (F). Reproduced from Aldeghi et al. [7] with permission from The Royal Society of Chemistry
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successor i + 1 can be calculated, and the binding free energy can be
recovered as the sum of all these ΔGi,i + 1.

ΔGb ¼
Xi¼N�2

i¼0
ΔGi, iþ1 ð9Þ

There are six states along the absolute binding free energy cycle
that are conceptually helpful to think of: the two physically mean-
ingful end states (i.e., the bound and unbound states), and four
alchemical intermediate states where the ligand is decoupled from
the environment, i.e., it does not interact with any other molecular
species in the simulation. In general, we use the term decoupled to
indicate a state in which the intermolecular interactions of the
ligand have been removed, while the intramolecular interactions
are still present; i.e., the atoms in the ligand feel the forces resulting
from electrostatic and van der Waals (vdW) interactions with the
other atoms in the same molecule. On the other hand, we use the
term annihilated when also the intramolecular interactions have
been removed. Figure 1 shows these intermediate states visually, to
help understand their nature and how they connect the two end
states together. In the unbound end state (state A), we are consid-
ering a ligand that is free in solution. Simulating a box containing
only the ligand is computationally efficient and ensures there are no
interactions with the protein. This fully interacting ligand in solu-
tion (Fig. 1. State A; in orange) is then transformed into a nonin-
teracting solute (Fig. 1. State B; in white) by scaling its electrostatic
and vdW interactions to zero through several nonphysical states
that can be simulated independently. The ligand is then restrained
to limit its accessible sampling volume while still not interacting
with the environment (Fig. 1, State C; in white with a paper clip).
Restraining the ligand substantially aids the convergence of the
calculations. In fact, if the ligand was left unrestrained when
decoupled, it could leave the binding pocket and float around the
whole simulation box. Then, once its interactions with the environ-
ment were turned back on, it would have to go through a physical
binding process in order to find its position in the protein again.
State C is equivalent to having the noninteracting and restrained
ligand within the protein cavity (Fig. 1, State D), since no work is
needed to change the relative positions of the completely noninter-
acting protein and ligand. The decoupled and restrained ligand in
complex with the protein has then its electrostatic and vdW inter-
actions turned back on again (Fig. 1, State E). The restraints
between ligand and protein are then finally removed, closing the
cycle, and reaching the other physical end state, that is, the bound
protein–ligand state (Fig. 1, State F).

If the cycle just described is discretized into N intermediate
states, it is then possible to recover the binding free energy ΔGb.
Following from the discussion above, the cycle can be split into four
main steps, each of them corresponding to the free energy
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difference of transitioning between the intermediate states high-
lighted in Fig. 1. ΔGsolv

elecþvdW is the free energy of decoupling the
ligand from the solution (state A! B), effectively bringing it to gas
phase.ΔGsolv

restr is the free energy of restraining the ligand to a certain
portion of phase space while still not interacting with the environ-
ment (state B ! C). The free energy of placing the noninteracting
and restrained ligand into the protein binding pocket (state C!D)
is zero, so that it needs not be calculated.ΔGprot

elecþvdW is then the free
energy of coupling the restrained ligand to the environment again
(state D ! E), basically bringing the ligand back into the solution
while being kept into the protein’s binding pocket. Then, finally,

ΔGprot
restr is the free energy of removing the restraints that kept the

ligand in place when not interacting with the environment. Thus,
the binding free energy can be recovered as the sum of these four
major steps, with the addition of a correction for the 1 M standard
state:

ΔG�
b ¼ ΔGsolv

elecþvdW þ ΔGsolv
restr þ ΔGprot

elecþvdW þ ΔGprot
restr � kBT ln

V

V 0

ð10Þ

2.3.1 Restraints The use of restraints is important in the protocol here described as
it prevents the ligand from leaving the protein binding pocket while
it is not interacting with the environment. This is necessary to make
sure that the conformations sampled during the simulations corre-
spond to a well-defined bound state. If the ligand were to leave the
binding pocket in the windows where it is partially or completely
decoupled, and started sampling the whole volume of the box, it
would have a large configurational phase space available, leading to
convergence issues. The use of restraints aids good phase space
overlap between windows and faster convergence [32, 33].

In theory, any type of restraint that keeps the ligand in its
bound pose can be used if its free energy contribution is properly
accounted for. Also note that the use of restraints somewhat com-
plicates the standard state correction, since the volume V does not
correspond anymore to the volume of the whole box [15]. In
practice, we find the set of restraints proposed by Boresch et al.
[32] to be particularly convenient. In summary, this set of restraints
not only allows to keep the ligand in a specific orientation relative to
the binding pocket [33], but also provides an analytical solution for

ΔGsolv
restr, thus reducing the number of simulations to be run. Fur-

thermore, the analytical solution also already includes the standard
state correction. This set of restraints needs to be harmonic and is
comprised by one distance, two angles, and three dihedrals, to be
applied between three atoms of the ligand and three of the protein,
as shown in Fig. 2. The authors also showed how the exact value of
the force constant used for the harmonic restraints should not
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affect the result, as the effects of different restraint strengths cancels
out between ΔGsolv

restr and ΔGprot
restr þ ΔGprot

elecþvdW.
ΔGprot

restr needs to be estimated via simulations, running multiple
intermediate states where the force constants of the six harmonic
restraints are interpolated between their chosen value and zero. On
the other hand, ΔGsolv

restr can be calculated analytically using the
following formula (Eq. 32 in Boresch et al. [32]), which also
includes the standard state correction:

ΔGsolv
restr � kBT ln

V

V
�

¼ kBT ln
8π2V

�

r2aA∙ sin θa∙ sin θA

kraAkθakθAkϕba
kϕaA

kϕAB

� �1=2
2πkBTð Þ2

" # ð11Þ

where V� is the standard volume of 1660 Å3, raA is the reference
value chosen for the distance restraint, θa and θA are the reference
values of the two angle restraints, and k are the force constants of
the harmonic restraints for the one distance (raA), two angle (θa
and θA), and three dihedral (ϕba, ϕaA, and ϕAB) restraints. Later in
the text, we will refer to Eq. 11 simply as ΔGsolv

restr, while implicitly
assuming it also contains a correction for the standard state.

3 Materials

In this section, we summarize the information and tools that are
needed before one can obtain binding free energy predictions as
described in this chapter.

a

b

c

A

B

C

raA

a

ba

A

aA

AB

r = distance a-A

a= angle b-a-A

A= angle a-A-B

ba = dihedral c-b-a-A

aA = dihedral b-a-A-B

AB = dihedral a-A-B-C

Ligand Protein

Fig. 2 Set of restraints proposed by Boresch et al. [32] for use in free energy calculations. The atoms and
terms involved in this set of restraints are shown. Atoms “a,” “b,” and “c” belong to the ligand (on the left),
while atoms “A,” “B,” and “C” belong to the protein (on the right)
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3.1 Starting Model

Structure

The calculations here described require the three-dimensional
coordinates of the protein–ligand complex as a starting point. The
structure can be obtained experimentally (e.g., from X-ray crystal-
lography or NMR) or from any modeling approach (e.g., from
docking), depending on the objective of the calculations.

Considering that currently only limited sampling of phase space
is possible through simulation, the closer the starting protein–li-
gand model is to the “true” structure, the more likely it is that the
calculations will return an accurate binding free energy. As such, a
high-resolution X-ray structure of the complex would probably be
the most desirable starting point. Nonetheless, it is rarely the case
that one has such a structure in advance, as at this stage free energy
calculations are likely not needed anymore. However, it is possible
to take the protein in complex with another ligand, and model the
compound of interest into the binding pocket especially if con-
served binding patterns are present and known. Alternatively, it is
possible to use docking to generate hypotheses about the binding
pose of the ligand of interest, and then use free energy calculations
in order to accurately rescore them and identify the most stable
pose [7, 34].

In some cases, the structure of the protein might not be experi-
mentally resolved. In this situation, it is still possible to resort to
homology modeling. However, the chances of starting from a
structure far from equilibrium and possibly trapped in some meta-
stable state are higher, resulting in calculations more likely to return
inaccurate results. Good performance in relative binding free
energy (RBFE) calculations using homology models has been
recently reported [35]. However, ABFE calculations do not benefit
from the same error cancellations present in RBFE methods and
this usually manifests itself in ways that are indicative of a more
pronounced sampling problem [36–38]. In any case, it is evident
that the performance of the calculations would be highly depen-
dent on the quality of the model, in particular in the proximity of
the binding pocket. Thus, we would suggest extreme care in the
interpretation of the results when the confidence on the quality of
the starting protein–ligand structure is low—whether this comes
from experiments or modeling.

3.2 Software

Requirements

As mentioned in Subheading 2, simulations that sample a correct
statistical ensemble of system configurations need to be performed.
Moreover, depending on the free energy estimator we plan to use,
we need to be able to extract the data that will be used for the free
energy estimate. There are a number of simulation packages that
satisfy these two requirements and are freely available, among
which are Gromacs [26], Amber [31], NAMD [39], Sire (http://
sire.org) and ProtoMS (http://www.essexgroup.soton.ac.uk/
ProtoMS/index.html). Here, we often refer specifically to the
setup in Gromacs, as it the code the authors are most familiar with.
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3.3 Hardware

Requirements

Considering that many intermediate states (windows) need to be
simulated, obtaining well-converged ABFE calculations is compu-
tationally demanding, despite the calculations being highly paralle-
lizable. The hardware requirements will depend on the details of
the system simulated, the specifications of the hardware used, the
simulation code, and on how long one is willing to wait for an
answer. Here, we assume that a reasonable timeframe for a single
calculation is not more than one or 2 days. At the time of writing of
this protocol (early 2017), such deadline cannot be met if running
the calculations on a modern desktop machine for most protein–li-
gand systems. Thus, typically, ABFE calculations need to be run on
CPU or GPU clusters where at least a few hundred CPUs, or a few
tens GPUs, or a mix of those, are available. Nevertheless, algorith-
mic and hardware improvements might mean that such recom-
mended requirements might soon not apply anymore.

4 Methods

4.1 System

Preparation

The steps for the preparation of the system to be simulated are not
different from the ones needed for any simulation of a protein–li-
gand complex. First, the protein model typically needs to be
refined. X-ray structures may contain missing residues and atoms,
which need to be modeled; these include hydrogen atoms, which
need to be added at the pH of interest. Similar considerations apply
to the ligand, for which pKa calculations might reveal the proton-
ation state that is dominant in solution. Care should be taken also in
checking for the presence of multiple tautomeric states.

4.2 Force Field

Choice and Ligand

Parameterization

Once the simulation box (including water molecules and ions) is
prepared, a potential energy function (force field) needs to be
chosen. Among the most commonly used force fields for protein–-
ligand simulations are the ones from the Amber [40–42] and
CHARMM [43–45] families. Although this is not necessarily the
case, generally the more recent the force field the more likely it will
be accurate given the additional experience collected through its
use by the community and consequent refinement by the devel-
opers. The standard Amber and CHARMM biomolecular force
fields do not contain parameters for organic molecules. Thus, in
order to obtain the parameters for these small molecules, the
complementary General Amber Force Field (GAFF) [46] and
CHARMM General Force Field (CGenFF) [47] need to be used.
For both these force fields there are tools that allow automated
atom typing, assignment of parameters, and charge derivation
[48–50]. It goes without saying that the quality of the ligand
parameters is very important for the accurate estimation of their
binding free energies. The user can therefore also use more
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advanced protocols in order to refine the model of the organic
molecule if the available parameters are suspected to be inadequate
[51, 52].

4.3 Defining the

Intermediate States

The core step in the setup of the calculations is possibly the defini-
tion of the alchemical pathway. As depicted in Fig. 1, several inter-
mediate states need to be used to link the bound and unbound
states and recover a precise estimate of the binding free energy.
Since we will be sampling discrete alchemical states along the path,
we need to choose how many intermediate states to have, how they
should be distributed along the alchemical path, and for how long
to simulate them. From Fig. 1 it is also possible to gather how there
will be two sets of simulations during the calculations: one set in
which the ligand in solution is simulated (left leg of the cycle in
Fig. 1), and one in which the protein–ligand complex is simulated
(right leg of the cycle in Fig. 1).

The coupling parameter λ defines the thermodynamic state of
the system along the alchemical pathway. This parameter can take
any value between zero and one and is used to scale coulombic
charges, Lennard–Jones parameters and restraint force constants.
Since these are the three sets of parameters that need to be scaled, it
is convenient to have distinct coupling parameters: λcoul, λvdw, λrestr.
In fact, it is often easier to carry out these three transformation
separately, i.e., using a set of windows where only the charges are
changed, then a set where only the LJ are changed, and then a third
set where only the restraints are modified, as exemplified in Fig. 3.
However, as mentioned in Subheading 2.3.1, ΔGsolv

restr can be calcu-
lated analytically so that λrestr apply only to the protein–ligand
complex simulations on the right-hand side of the cycle in Fig. 1.
For convenience, and to avoid confusion, in Fig. 3 and throughout
the text λ ¼ 0 always indicates the state where the ligand is unre-
strained and fully coupled (both in solution and the complex), and
λ ¼ 1 always indicate the state where the ligand is restrained and
fully decoupled. We can see in Fig. 1 that for the protein–ligand
complex simulations we need to calculate the free energy of cou-
pling the ligand to the environment, i.e., going from the decoupled
and restrained state to the coupled and unrestrained state. None-
theless, it does not matter what is defined as λ ¼ 0 and λ ¼ 1, since
the equilibrium free energy of coupling (state D ! F in Fig. 1) the
ligand is simply the opposite of the free energy of decoupling it
(state F!D in Fig. 1); we just need to make sure the correct signs
are used. When using the EXP estimator, there are also considera-
tions about the forward and reverse calculations, as mentioned in
Subheading 2.2.1. However, this is not a concern when using the
more robust BAR and MBAR estimators that consider information
from multiple states at once.

As mentioned, there are two main sets of simulations to be run:
the ligand and complex simulations. Figure 3 shows a simple
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example of alchemical path that can be used for the calculations. It
considers only a very small number of windows just for illustration
purposes; in reality many more intermediate states should be used.
At the top of this figure, the ligand is decoupled/annihilated from
the protein environment, while at the bottom it is decoupled/
annihilated from the solution environment. The columns of λ
values for the restraints, coulombic, and Lennard–Jones interac-
tions define each thermodynamic state, that is, each simulation that
is carried out. For instance, in state F (corresponding to state F in
Fig. 1 too) nothing has changed yet, since all λ values are zero and
the simulation is a standard unbiased protein–ligand simulation.
Then, in the second complex simulation, the restraints have been
turned on partially, while the coulombic and LJ interactions are still
fully on; in the third simulation, the restraints have been turned on
completely (λrestr ¼ 1). Then, the coulombic interactions of the
ligand start being modified, and between the fourth and fifth
simulation of the complex, the ligand charges have been completely
decoupled/annihilated. Finally, in the sixth and seventh simulation,
the Lennard–Jones interactions of the ligand have also now been
decoupled/annihilated, reaching state D where the ligand is fully
decoupled and restrained. See Note 1 for how to set up such an
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Fig. 3 Simplified example of alchemical path and states controlled by the λ parameters. The top row
represents the decoupling and restraining of the ligand from the solvated protein–ligand complex; the bottom
row represents the decoupling of the ligand from solution. The thermodynamic states (A)–(F) match the states
shown in the thermodynamic cycle in Fig. 1. An orange color for the ligand indicates the presence of
coulombic interactions with the environment, while a white color their absence; when the vdW surface of
the ligand is shown, it indicates the presence of vdW interactions with the environment, while a stick
representation of the ligand indicates the absence of vdW intermolecular interactions; a paper clip represents
the presence of restraints, with its size proportional to the force constant used. The values of λrestr, λcoul, and
λvdw define the thermodynamic state of the simulation
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alchemical path in Gromacs. The same procedure is carried out for
the ligand in solution. In this case, however, the restraints are
turned on after the decoupling of the ligand intermolecular inter-
actions. However, as discussed in Subheading 2.3.1, when using
the set of restraints proposed by Boresch et al. [32] and described
here, these restraining steps do not need to be simulated since this
free energy difference can be calculated analytically.

In general, it is difficult to know a priori how many windows
should be run and for how long for a specific system that has not
been tested before. Test runs are then useful in order to have an
idea about phase space overlap, convergence, and precision of the
calculations; we will discuss how one can assess these in Subheading
4.6. In practice, the computational resources available play a role as
well: the more sampling (i.e., simulation length or number of
repeat runs) the better, but if computational efficiency is required
(either due to large scale calculations, or limited resources) it
becomes even more important to test the calculations in order to
find the setup that maximizes precision for the resources available.
To provide an idea of what the calculations might involve, for
systems containing drug-like ligands binding to small (~110 resi-
dues) and fairly rigid proteins, we typically employed 42 windows
for the complex and 31 for the ligand simulations, each lasting
10–15 ns.

Ideally, the λ values for the intermediate states should be spaced
in such a way that the statistical uncertainty in the free energy
difference between neighboring states is equal, as this results in
the lowest variance path [53]. In practice, this might be hard to
achieve; yet, if the uncertainty of the ΔG between two states is
particularly large, it is evident that more windows or tighter spacing
is needed. Whether tighter lambda spacing is necessary can also be
visually evaluated by looking at the plot of h∂U/∂λi versus λ used
for TI: where the slope of the curve changes more rapidly more
windows are needed (an example is shown Fig. 4). The windows
used for decoupling the ligand charges can generally be spaced
linearly, e.g., λcoul ¼ [0.0, 0.2, 0.4, 0.6, 0.8, 1.0]. Using a LJ
soft-core potential, λvdw can also be spaced linearly to start with,
and adjusted as needed. However, more windows are typically
needed for the LJ than for the charge decoupling. For the
restraints, tighter lambda spacing is typically needed when inserting
the harmonic potentials [33]. For instance, with λrestr ¼ 0 being the
state without restraints and λrestr ¼ 1 the state with fully coupled
restraints, a possible spacing is λrestr ¼ [0.0, 0.01, 0.025, 0.05,
0.075, 0.1, 0.15, 0.2, 0.35, 0.5, 0.75, 1.0].

While the number, spacing, and length of the windows will
need to be adapted to the specific system of interest and the desired
precision, there are a few rules that should always be followed.
Some of these have already been mentioned or alluded to in the
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previous paragraphs; here we report them more explicitly and with
a brief explanation:

l Use a soft-core potential for decoupling/annihilating the LJ
interactions (see Note 2) [55–58]. Simple scaling schemes for
the LJ parameters result in unequal phase space overlap between
lambda windows, as well as large forces and numerical instabil-
ities due to a singularity at rij ¼ 0, where i and j are two particles
and r the distance between them. Soft-core potentials resolve
the instabilities observed during the decoupling of the van der
Waals parameters by modifying the LJ equation so that the
interaction energy is finite for any configuration.

l Decouple charges and LJ separately (as shown in Note 1).
Imagine two atoms with opposite partial charges and little
repulsion. Even if the charges are small, in the limit of rij ¼ 0,
the potential energy of the interaction goes to infinity. This
results in large forces and simulation crashes [59, 60]. Thus, a
simple way to resolve this issue is to make sure the LJ parameters
are decoupled after the charges, or coupled before them, so that
when charges are present the repulsive part of the LJ interactions
is present too. Another way around this problem is to use a soft-

Fig. 4 Thermodynamic integration plot for the decoupling of a ligand from solution. More specifically, it shows
the h∂U/∂λi profile for the decoupling of n-phenylglycinonitrile [54], the ligand used as an example in the
tutorial that accompanies this chapter and available on the alchemistry.org website. It is possible to notice the
separate decoupling of coulombic and vdW interactions, as well as the fact that the coulombic transformation
is smoother than the vdW one
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core potential for the electrostatic interactions as well (see
Note 3) [60, 61].

l Avoid changing the net charge of the system across the alchemi-
cal path; if you need to, as in the case of decoupling/annihilating
charged ligands, take particular care in correcting for artifacts
[11, 62]. If you are decoupling/annihilating a ligand that bears a
net charge of +1 (which you have neutralized using counter
ions), at λcoul ¼ 1 the system in the condensed phase will have
a net charge of �1. Currently, most molecular dynamics simula-
tions use a periodic treatment of electrostatics via Ewald sum-
mation or related mesh methods. These methods require the
box to be neutral; therefore counter ions are added in order to
neutralize the system. When the ligand is brought to a separate
vacuum state, the sum of remaining particle charges will no
longer be neutral. A homogeneous compensating background
charge is then added in order to keep the neutrality of the
system, resulting in spurious interactions and artifacts
[62, 63]. Rocklin et al. [62] have proposed a correction that
applies exactly to this situation (see Note 4).

For a more detailed overview of the current best practices
related to constructing the alchemical path, we highly recommend
the chapter by Shirts [11] and the relevant pages on the Alchem-
istry website (www.alchemistry.org).

4.4 Defining the

Restraints

When using the set of restraints proposed by Boresch et al. [32],
one distance, two angle, and three dihedral harmonic restraints
between the ligand and the protein need to be defined. Thus, one
needs to choose three protein and three ligand atoms to be involved
in the restraints, the reference values of the harmonic potentials and
their force constants. Since the objective is to keep the position and
orientation of the decoupled ligand roughly similar to its known or
hypothetical binding pose, we suggest choosing atoms from rigid
parts of the ligand and the protein: e.g., three atoms from the
protein backbone and three atoms from an aromatic ring in the
core of the small molecule (see Note 5).

The equilibrium values of the distance and angles restraints can
be obtained from a small preliminaryMD simulation, or also simply
set equal to the distance and angles observed in the X-ray or docked
ligand structure. In fact, these equilibrium values do not need to
represent exactly the minimum energy orientation of the ligand; if
the ligand is restrained to a slightly unfavorable orientation, ΔGprot

restr

will be larger as more work is necessary to fix the ligand in that
position, but it will be compensated by ΔGprot

elec , ΔG
prot
vdw, and ΔGsolv

restr.
However, it is important that the target-restrained orientation is
not a high-energy state and it is easily accessible from the starting
orientation of the ligand. If the target orientation is chosen in such
a way that the ligand clashes into the protein, or if the starting
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orientation is kinetically trapped in a different conformation as
compared to the target one, large and unconverged free energy
values ofΔGprot

restr will be obtained [33, 54]. In our experience we find
that, using force constants of 10 kcal/mol/Å2 [rad2], restraining
free energies are typically below 2 kcal/mol; in some case they can
be larger, but we would suggest that if they exceed 3–4 kcal/mol
the simulations should be carefully checked, as this may be symp-
tomatic of either a trapped ligand conformation or an error in the
definition of the target orientation.

In their example, Boresch et al. [32] used restraint force con-
stants ranging from 5 to 50 kcal/mol/Å2 [rad2], showing how the
correctness of the approach is independent of the stiffness of the
restraints. The precision of the restraining free energy may however
be affected by restraints that are too loose of too stiff [32]. Thus, in
practice, intermediate force constants of about 10 kcal/mol/Å2

[rad2] have typically been used [7, 8, 54, 64]. Note 6 shows how
protein–ligand restraints can be applied in Gromacs.

4.5 Running the

Simulations

At this point the simulations can be started. The rest of the setup is
equivalent to a standard unbiased MD simulation, and it is neces-
sary to make sure the correct ensemble is sampled [65]. Remember
that anything that can affect the potential energy of the system and
the resulting thermodynamic ensemble can also affect the free
energy calculations. For instance, the correct Boltzmann distribu-
tions of kinetic energies should be generated for both the coupled
and decoupled states. Thus, stochastic thermostats that ensure
ergodicity and the generation of the correct ensemble, such as the
Andersen or Langevin thermostats [66–68], are typically used
[69–73]. Similar considerations apply to pressure coupling, so
that the Berendsen barostat [74] is avoided in favor of Parrinel-
lo–Rahman [75] for the production runs from which data is
collected.

In order to be able to analyze the data and estimate the free
energy differences at the end of the simulations, it is important that
the code stores this information for postprocessing. What data is
needed depends upon the free energy estimator of choice (e.g.,
∂U/∂λ for TI or ΔUij for perturbation approaches). If the software
allows it, one can also save the data used by all estimators and then
compare the results from different approaches (see Note 7).

Each state, as defined by its λ value, needs then to be minimized
and equilibrated independently. This means that if there is a total of
N windows, we will need to run N separate minimization, equili-
bration, and production simulations. This is important because the
ligand is present in some simulations, but effectively absent from
others, so that the protein and solvent need to adapt to the different
environments. All production runs can be run independently,
making it easy to parallelize the calculations, or with Hamiltonian
replica exchange (HREX) in order to enhance the mixing between
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states [76, 77] (see Note 8). The HREX approach has low compu-
tational overhead and can result in enhanced sampling, improved
phase space overlap and faster convergence, while in the worst case
scenario is no different from running the calculations indepen-
dently [76, 78–80].

4.6 Analyzing

the Data

The data collected from all simulations is finally analyzed in order to
obtain an estimate of the binding free energy as the sum of the
smaller free energy differences along the path. In particular, we
need to estimate the two free energy differences for the decoupling
of the ligand from solution (ΔGsolv

coulþvdw) and from the protein–li-

gand complex (ΔGprot
elecþvdw þ ΔGprot

restr); these contributions can then

be added along with the ΔGsolv
restr that was obtained analytically to

recover the final binding free energy (see Note 9). Each separate
free energy estimate will have its associated uncertainty, which will
need to be propagated into the final ΔG�

b. Simulation packages that
support alchemical free energy calculations also provide tools for
their analysis, using one or more of the estimators previously dis-
cussed. Alternatively, the alchemical-analysis tool (https://github.
com/MobleyLab/alchemical-analysis) is a Python program that
implements the automated analysis of free energy calculations per-
formed with Gromacs [26], Amber [31], Sire (http://sire.org), and
Desmond [81], and allows easy access to a number of estimators,
including MBAR, and the best practices mentioned below (see
Note 10) [24, 30]. An example plot for TI obtained with this
tool is shown in Fig. 4.

When analyzing the data obtained from the simulations, it is
first important to make sure the samples are not correlated. In
practice, ∂U/∂λ and ΔUij values are typically printed to file fre-
quently, and their values are likely correlated. One could set a
particularly low output frequency when setting up the calculations,
but this is likely to result in the loss of potentially useful information
from the simulations. What is often done is then to calculate the
autocorrelation time τ of the time series, and then subsample the
data by picking a sample every 1 + 2τ [82]. Once uncorrelated ∂U/
∂λ or ΔUij values have been obtained, they can be fed into different
estimators, such as TI and MBAR. Since TI and perturbation
approaches use different information for the free energy estimation
and have different limitations, comparing the results obtained with
the two can be a simple way to check for potential analysis or
sampling issues with the calculations.

It is common to exclude from the analysis an initial portion of
the simulations, as it is expected to contain nonequilibrated sam-
ples. The exact determination of the nonequilibrated region of the
simulations is however not trivial. In fact, if extensive equilibration
is performed prior the production runs, some system may reach
equilibrium before the data needed for the analysis even starts
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being collected. Nonetheless, it is important to try to exclude
nonequilibrated regions of the simulations from the analysis and
two main approaches have been proposed for this task. One
approach is to plot the convergence of the free energy results in
both the “forward” and “reverse” directions, that is, plotting the
free energy estimate as a function of the simulated time by includ-
ing more data while going both from t0 to tf, and from tf to t0,
where tf is the time of the final snapshot in the simulations
[30]. When all data is included, the forward and reverse estimates
are the same. If the data have been collected at equilibrium and
from the same distributions, and if the calculations have converged,
the forward and reverse plots should agree within error. If, when
considering the data from the two ends of the simulations, the
“forward” and “reverse” free energy estimates converge to two
separate and well-defines values, this indicate that nonequilibrated
samples have likely been included in the analysis [30]. A different
approach, which detects the equilibrated region automatically, has
instead recently been proposed by Chodera [83]. In this automated
approach, the autocorrelation time is calculated while removing
larger portions of the simulation data, and the equilibration time
is chosen as the time that maximizes the number of effective uncor-
related samples [83].

Phase space overlap is another property that should be checked
when analyzing the results. Poor overlap in specific regions can be
resolved by using more, or differently spaced, λ windows. Little
overlap does not necessarily lead to wrong free energy estimates,
but does result in increased uncertainty; the user should decide
what level of uncertainty is acceptable. However, when using per-
turbation approaches, very poor overlap can result in an underesti-
mate of the variance and an inaccurate free energy estimate [30]. If
the MBAR estimator is used, it is possible to obtain an overlap
matrix that provides a quantitative estimate of the phase space
overlap between simulations [24]. This matrix shows the probabil-
ity of a sample from state i having been generated in state j, thus
providing an indication of the degree of phase space overlap. An
example of such an overlap matrix is shown in Fig. 5. The overlap
matrix should be tridiagonal, which means that all elements of the
main diagonal, as well as the diagonal below and above it, should be
nonzero. A value of 0.03 for the tridiagonal elements has been
suggested as a threshold to highlight potential phase space overlap
issues between two windows [30]. If phase space overlap issues are
identified during testing of the free energy protocol for a specific
system, it might be possible to adjust the spacing of the λ windows
so to increase overlap and reduce the uncertainty of the free energy
estimate. If phase space overlap issues are identified instead after
running extensive simulations, it is still possible to run additional λ
windows in the problematic area of the path, which will be more
cost-effective than rerunning the whole calculation with a different
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Fig. 5 Overlap matrices for the decoupling of a ligand from solution. The overlap matrix at the top was obtained
for the decoupling of n-phenylglycinonitrile from solution using a total of 20 windows, and shows good overlap
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spacing. In general, a good phase space overlap is attainable for the
decoupling of the ligand from solution, but can be more challeng-
ing for the decoupling of the ligand from the complex.

Finally, in some cases it might be necessary to correct for
simulation artifacts. We have already mentioned how charged
ligands can be problematic, as the net charge of the system changes
across windows during the charge annihilation process. This intro-
duces a series of artifacts when using Ewald summation methods
for the treatment of electrostatics in periodic systems [62]. In this
case, the approach proposed by Rocklin et al. [62], which consists
of a few analytical corrections and an implicit-solvent calculation,
can be used. Sometimes, a correction for the long-range
Lennard–Jones interactions is included too. Some simulation
packages, like Gromacs, already include an analytical correction
for the long-range LJ interactions, which are generally excluded
during the simulations by the use of LJ cutoffs. However, these
analytical corrections assume an isotropic system outside the cutoff,
which is not valid when simulating protein–ligand complexes
(as the cutoff is generally smaller than the largest dimension of
the complex). Shirts et al. [84] have proposed a numerical correc-
tion to the free energy estimate for such cases. The correction is
based on the postprocessing of some of the simulations using a
larger LJ cutoff, effectively building an additional thermodynamic
cycle on top of the one already used in order to calculate the ΔΔG
of going from a system with a short LJ cutoff (where the isotropic
assumption fails) to a system with a long LJ cutoff (where the
isotropic assumption holds). Note that since the long-range part
of the LJ interactions is always attractive, the correction results in
the prediction of slightly stronger affinity values; in our experience,
for drug-like ligands and using a LJ cutoff of 1.0 nm, this typically
amounts to an additional 0.3–0.8 kcal/mol to the binding free
energy. Taking these additional interactions into account does not
necessarily result in more accurate binding affinity predictions, but
it does increase reproducibility by removing the dependence on the
cutoff value used. An alternative option to the correction by Shirts
et al. [84] is to run the simulation using lattice summation methods
also for the LJ interactions, such as the recently proposed LJ-PME
approach [85]. In this way, there is no need for a post hoc correc-
tion, and the forces arising from these long-range interactions are
considered already during the simulation. However, this comes at
additional computational cost [85].

�

Fig. 5 (continued) between each pair of states. The matrix at the bottom was obtained by disregarding the
data from four windows (8, 9, 10, and 11), and shows poor overlap between states 7 and 12. In the latter case,
it becomes evident that additional simulations or a different λ spacing is needed. The overlap plots have been
obtained with the alchemical analysis python tool [30]
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In this section, we provided a brief overview of how to analyze
alchemical free energy results while also mentioning some recom-
mended procedures to check for possible issues affecting the reli-
ability of the estimate. For a more detailed explanation of the best
practices and tools available for the analysis of equilibrium free
energy calculations, we highly recommend reading the article by
Klimovich et al. [30].

4.7 Sampling and

Modeling Challenges

As in all MD simulations, issues may arise as a consequence of
limited sampling and model inaccuracies. Inadequate sampling
might manifest itself as poorly converged free energy estimates,
which can be identified through convergence plots and the size of
the uncertainty in estimates. Repeating the calculations, possibly
using different starting structures, is a simple yet appropriate way to
assess the precision of the calculations and highlight possible con-
vergence problems, confirming that the results are reproducible. It
is important to assess whether converged results can be obtained
within the timescale of the planned calculations for the specific
system of interest. Alchemical free energy calculations are expected
to be more accurate than implicit solvent end-point methods and
scoring functions, [6, 8, 9]. However, they are also sensitive to
sampling issues [86] such that they can become unreliable if the
phase space explored by the simulations is inadequate for capturing
the conformational ensembles that largely determine the binding
free energy. Moreover, severe sampling issues due to very slow
degrees of freedom that cannot be sampled during the timescale
of the simulations can result in apparently converged calculations
despite affecting the predicted affinities. This can be the case when
the ligand induces conformational changes in the protein. If these
changes are known, the problem may be tackled by separately
calculating the potential of mean force (PMF) for the conforma-
tional change with methods such as umbrella sampling. Mobley
et al. [87] used such an approach to take into account the free
energy contribution of a valine side chain rearrangement that was
not sampled during the alchemical calculations. Lin et al. [88] have
used umbrella sampling to calculate the free energy change
involved in the large loop rearrangement that is associated with
the binding of type-II kinase inhibitors. In many instances, how-
ever, similar slow degrees of freedom might be unknown, and left
unsampled. The position of structural water molecules can be
important as well. If these water molecules are not present in the
starting structure for the calculations, but are important for bind-
ing, and if diffusion to their most stable location is kinetically
hindered, this too can result in convergence issues and biased
results. Sampling schemes that try to tackle these issues have been
developed or are subject of active research [89–92], but are outside
the scope of this discussion.
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Considerations about the quality of the starting structure and
the modeling of the system’s chemistry are important too. For
instance, the ligand might have multiple protonation and tautomer
states in solution, without a single one being necessarily largely
dominant. In addition, the solvent and the protein represent two
very different environments, so that pKa shifts are possible and the
protonation states of the ligand or protein residues may change
between the unbound and bound states. Currently, this is not
inherently captured by typical simulations. These complications
might thus require multiple calculations or more advanced proto-
cols that correctly take into account the contributions arising from
the presence of multiple molecular species in equilibrium. Further-
more, the suitability of the force field for the molecules studied can
clearly have important effects on the accuracy of the calculated
affinities. Given the vast chemical space of small drug-like mole-
cules, the transferability of certain parameters, such as those for the
torsions, can be problematic and may result in inaccurate energies
and relative conformational populations. This, in turn, may affect
the binding free energy results in ways that are hard to foresee.
Small molecule parameters can be refined, for instance, by targeting
quantum mechanical energies [8, 51] but it is up to the user to
decide how much human and computational effort to invest in
order to validate the quality of the parameters.

5 Notes

In these Notes we describe how specific steps can be carried out in
Gromacs 2016. It is however recommended to also refer to the
Gromacs manual for additional details, in particular considering
possible changes/developments in future versions of the software.

1. In Gromacs, the fictitious alchemical path depicted in Fig. 3
and pertaining to the simulations of the protein–ligand com-
plex could be implemented via options in the mdp file as
follows.

free-energy = yes

couple-moltype = ligand

couple-lambda0 = vdw-q

couple-lambda1 = none

bonded-lambdas = 0.0 0.5 1.0 1.0 1.0 1.0 1.0

coul-lambdas = 0.0 0.0 0.0 0.5 1.0 1.0 1.0

vdw-lambdas = 0.0 0.0 0.0 0.0 0.0 0.5 1.0

The free-energy flag tells the code we are performing
free energy calculations; couple-moltype defines the mole-
cule type, as defined in the topology, that is to be (de)coupled.
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couple-lambda0 and couple-lambda1 define the state of
the intermolecular interactions at λ values of zero and one,
respectively; in this case we are defining that at lambda zero
both coulombic and vdW interactions are on, while they are off
at lambda one (i.e., the ligand is decoupled while going from
lambda zero to one). bonded-lambdas defines the vector of
λrestr values, since the restraints can be applied as additional
bonded terms between different molecules, as shown in Note
6. This vector can be omitted when decoupling the ligand from
solution, since for that leg of the cycle the contribution of the
restraints can be obtained analytically. coul-lambdas and
vdw-lambdas define instead the lambda vectors for the
decoupling of the coulombic and Lennard–Jones interactions.
In this example, there are seven states to be simulated, each
defined by a column of the vectors above. init-lambda-
state is then used in the mdp file in order to choose which
column is being simulated; for instance, init-lambda-
state ¼ 0 means that the index 0 of the lambda arrays is
simulated (λrestr ¼ 0.0, λcoul ¼ 0.0, λvdw ¼ 0.0), while init-
lambda-state ¼ 3 means that index 3 of the arrays is
simulated (λrestr ¼ 1.0, λcoul ¼ 0.5, λvdw ¼ 0.0). Additionally,
the couple-intramol flag can be used to decide whether the
ligand should be decoupled or annihilated.

2. In Gromacs, the Lennard–Jones soft-core potential by Beutler
et al. [55] is implemented and can be used by specifying the
following in the mdp file.

sc-alpha = 0.5

sc-power = 1

sc-sigma = 0.3

These three parameters define the soft-cored
Lennard–Jones function [55]. In particular, the alpha parame-
ter needs to be larger than zero for the LJ interactions to be
soft-cored. An sc-alpha of 0.5, sc-power of 1, and
sc-sigma of 0.3 are typically used values [33, 54, 56, 69, 93].

3. A soft-core potential for the coulombic interactions can be
activated in Gromacs with the mdp option sc-coul. However,
for equilibrium ABFE calculations, it is not clear whether
performing the coulombic and vdW transformations simulta-
neously would result in much better efficiency as compared to
performing the transformation separately. In fact, since the
charge decoupling process typically shows good overlap
between windows and smooth h∂U/∂λi, few windows are
usually necessary [61, 93, 94].

4. One might think that in order to keep the neutrality of the box
it could also be possible to (de)couple an ion from solution
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together with the ligand, so that the change in net charge
would be compensated. This is however likely to introduce
spurious free energy contributions, due to the fact that the
free energy of decoupling an ion from the water box is not
the same as the free energy of decoupling it from the box that
contains also the protein. Since the environments in the two
legs of the ABFE cycle are very different, the two ion decou-
pling free energies are unlikely to cancel out. Alternatively, the
two legs of the cycle could be performed in a single simulation
box. However, for the ligand in solution to avoid strong inter-
actions with the protein–ligand complex a very large simulation
box is needed. When considering the scaling of MD simula-
tions with the number of particles, it can be seen how the
calculations would become computationally much more
expensive. In addition, there could still be residual finite size
effects that remain unaccounted for [95, 96].

5. In our experience, we have found that including hydrogen
atoms (which bonds are typically constrained with the LINCS
algorithm) as part of the set of restrained atoms can cause
stability issues during the simulation. Therefore, we would
suggest choosing a set of heavy atoms only for the protein–li-
gand restraints.

6. Protein–ligand restraints can now be applied in Gromacs
through the use of the [intermolecular_interactions]
section at the very end of the topology file. In this section, it is
possible to define bonded terms between any atom in the
system using global indices (i.e., the indices found in the coor-
dinates file). To generate harmonic restraints, bonds of type
6, angles of type 1, and dihedrals of type 2, can be used (see
Table 5.5 in the Gromacs manual) as shown in the example
below. Furthermore, it is necessary to define the force con-
stants for the restraints in states A and B (i.e., states λrestr ¼ 0
and λrestr¼ 1). One of the two force constants needs to be zero,
which corresponds to the state where the restraints are effec-
tively absent. The equilibrium distance/angles can be set to the
same value for both states instead. The other force constant
should be set to the value chosen, as discussed in Subheading
4.4, for example 10 kcal/mol/Å2 [rad2]. Remember that Gro-
macs uses kJ/mol and nm as units for energy and length. In the
example below, ai, aj, ak, and al are global atom indices (atoms
1, 2, 3 can be ligand atoms, and atoms 4, 5, 6 protein atoms, or
vice-versa); type defines the function type used; bA, thA, and
phiA are the equilibrium values of distance and angles for the
harmonic restraints in state A (λrestr ¼ 0), and bB, thB, and phiB
the ones in state B (λrestr ¼ 1); kA is the force constant used in
state A (λrestr ¼ 0), and kB the one used in state B (λrestr ¼ 1).
The bonded-lambdas vector discussed in Note 1 will
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interpolate between the force constant (and equilibrium posi-
tions) in state A and B.

[ intermolecular_interactions]

[ bonds ]

; ai aj type bA kA bB kB

3 4 6 0.5 0.0 0.5 4184.0

[ angles ]

; ai aj ak type thA kA thB kB

2 3 4 1 80.0 0.0 80.0 41.84

3 4 5 1 30.0 0.0 30.0 41.84

[ dihedrals ]

; ai aj ak al type phiA kA phiB kB

1 2 3 4 2 -100.0 0.0 -100.0 41.84

2 3 4 5 2 120.0 0.0 120.0 41.84

3 4 5 6 2 15.0 0.0 15.0 41.84

7. In the Gromacs mdp file, calc-lambda-neighbors controls
the number of lambda values for which ΔUij will be calculated.
If one wants to use BAR rather than FEP, then the value of
calc-lambda-neighbors should be set to 1; in order to also
useMBAR, a value of�1, which effectively means “all,” should
be used instead. With the option dhdl-derivatives set to
“yes” by default when using the free energy code, also the ∂U/
∂λ values (needed for TI) will be calculated and stored with the
frequency specified by nstdhdl. By setting separate-dhdl-
file¼yes, the ∂U/∂λ and ΔUij values will be printed to a file
with default name “dhdl.xvg”, which can later be processed
with the Gromacs tool gmx bar or with the alchemical_a-
nalysis Python tool [30].

8. Replica exchange can be activated when using mdrun in Gro-
macs with the --replex flag, which specifies the frequency of
exchange attempts. It has been suggested to set the frequency
of the exchanges as high as possible, as long as this does not
result in substantial simulation slowdown [76]. With only the
--replex flag, swaps only between neighboring windows are
attempted. Using also the --nex command, multiple exchange
are performed between any pair of lambda windows, resulting
in further mixing between states. A number of swaps between
N3 and N5, where N is the number of replicas, has empirically
been found to provide sufficient mixing [76]. Thus, as an
example, for a calculation involving 30 windows, one could
use mdrun --replex 1000 --nex 500000.

9. In addition to the free energy terms discussed, in certain cases a
contribution due to the symmetry should in principle be taken
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into account [33]. A symmetry correction applies when: (a) the
ligand is symmetric or contains a symmetric moiety; (b) the
equivalent (symmetric) orientations or the ligand are not sam-
pled during the simulations, typically due to large energy bar-
riers between the orientations; and (c) the restraints used break
the symmetry, such that the normally equivalent orientations of
the molecule have different energies due to the biasing poten-
tial employed [33]. For a ligand with a number σL of symmetric
and thus equivalent orientations, this correction amounts to
ΔGsym ¼ �kTln(σL). Thus, at 300 K, for a benzene molecule
ΔGsym ¼ �kTln(12) ¼ �1.48 kcal/mol; while for a ligand
containing a phenyl group ΔGsym ¼ �kTln(2) ¼ �0.41 kcal/
mol.

10. The alchemical_analysis.py script may be run as follows:

alchemical_analysis.py –d dhdl_files/ –s 1000 –t 298 –w –g

Where the --d flag specifies the directory containing the
files with the ∂U/∂λ and ΔUij information from all the win-
dows; the --s flag specifies the amount of simulation time
(in ps) to discard as equilibration period; �t specifies the
temperature in Kelvin; �w asks for the overlap matrix to be
plotted; and --g asks for theΔG between each adjacent state to
be plotted. The code defaults to the analysis of Gromacs files,
so that in the dhdl_files folder it expects to find files that start
with “dhdl” and have “.xvg” extension (e.g., dhdl_1.xvg,
dhdl_2.xvg, dhdl_3.xvg, etc.); this can however be changed
with the --p and --q flags. Moreover, free energy calculations
run with Amber [31], Sire (http://sire.org), or Desmond [81],
can still be analyzed by choosing the software with the --a flag.
The --f flag allows instead to plot the free energy estimate as a
function of time in both directions. These are just some of the
options available, and the reader can find an explanation for all
of them by displaying the help message of the script.
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Smith JC, Hess B, Lindahl E (2015) GRO-
MACS: high performance molecular simula-
tions through multi-level parallelism from
laptops to supercomputers. SoftwareX
1–2:19–25

27. Homeyer N, Gohlke H (2013) FEW: a work-
flow tool for free energy calculations of ligand
binding. J Comput Chem 34(11):965–973

28. Liu P, Dehez F, Cai W, Chipot C (2012) A
toolkit for the analysis of free-energy perturba-
tion calculations. J Chem Theory Comput 8
(8):2606–2616

29. Pham TT, Shirts MR (2011) Identifying low
variance pathways for free energy calculations
of molecular transformations in solution phase.
J Chem Phys 135(3):034114

30. Klimovich P, Shirts M, Mobley D (2015)
Guidelines for the analysis of free energy calcu-
lations. J Comput Aided Mol Des 29
(5):397–411

31. Case DA, Betz RM, Cerutti DS, Cheatham TE
III, Darden TA, Duke RE, Giese TJ, Gohlke H,
Goetz AW, Homeyer N, Izadi S, Janowski P,
Kaus J, Kovalenko A, Lee TS, LeGrand S, Li P,
Lin C, Luchko T, Luo R, Madej BD,
Mermelstein D, Merz KM, Monard G,
Nguyen H, Nguyen HT, Omelyan I,
Onufriev A, Roe DR, Roitberg A, Sagui C,
Simmerling CL, Botello-Smith WM, Swails J,
Walker RC, Wang J, Wolf RM, Wu X, Xiao L,
Kollman PA (2016) AMBER 2016. University
of California, San Francisco

32. Boresch S, Tettinger F, Leitgeb M, Karplus M
(2003) Absolute binding free energies: a quan-
titative approach for their calculation. J Phys
Chem B 107(35):9535–9551

33. Mobley DL, Chodera JD, Dill KA (2006) On
the use of orientational restraints and symme-
try corrections in alchemical free energy calcu-
lations. J Chem Phys 125(8):084902

34. Evoli S, Mobley DL, Guzzi R, Rizzuti B
(2016) Multiple binding modes of ibuprofen
in human serum albumin identified by absolute
binding free energy calculations. Phys Chem
Chem Phys 18(47):32358–32368

35. Cappel D, Hall ML, Lenselink EB, Beuming T,
Qi J, Bradner J, Sherman W (2016) Relative
binding free energy calculations applied to pro-
tein homology models. J Chem Inf Model 56
(12):2388–2400

36. Mobley DL, Graves AP, Chodera JD, McRey-
nolds AC, Shoichet BK, Dill KA (2007) Pre-
dicting absolute ligand binding free energies to
a simple model site. J Mol Biol 371
(4):1118–1134

37. Mobley DL (2012) Let’s get honest about
sampling. J Comput Aided Mol Des 26
(1):93–95

38. Mobley DL, Klimovich PV (2012) Perspective:
alchemical free energy calculations for drug
discovery. J Chem Phys 137(23):230901

39. Phillips JC, Braun R, Wang W, Gumbart J,
Tajkhorshid E, Villa E, Chipot C, Skeel RD,
Kale L, Schulten K (2005) Scalable molecular
dynamics with NAMD. J Comput Chem
26:1781–1802

40. Hornak V, Abel R, Okur A, Strockbine B,
Roitberg A, Simmerling C (2006) Comparison
of multiple Amber force fields and develop-
ment of improved protein backbone para-
meters. Proteins 65(3):712–725

41. Lindorff-Larsen K, Piana S, Palmo K,
Maragakis P, Klepeis J, Dror R, Shaw D
(2010) Improved side-chain torsion potentials
for the Amber ff99SB protein force field. Pro-
teins 78:1950–1958

42. Maier JA, Martinez C, Kasavajhala K,
Wickstrom L, Hauser KE, Simmerling C
(2015) ff14SB: improving the accuracy of pro-
tein side chain and backbone parameters from
ff99SB. J Chem Theory Comput 11
(8):3696–3713

43. MacKerell AD, Bashford D, Bellott M, Dun-
brack RL, Evanseck JD, Field MJ, Fischer S,
Gao J, Guo H, Ha S, Joseph-McCarthy D,
Kuchnir L, Kuczera K, Lau FTK, Mattos C,
Michnick S, Ngo T, Nguyen DT, Prodhom B,
Reiher WE, Roux B, Schlenkrich M, Smith JC,
Stote R, Straub J, Watanabe M, Wiórkiewicz-
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Chapter 12

Evaluation of Protein–Ligand Docking by Cyscore

Yang Cao, Wentao Dai, and Zhichao Miao

Abstract

Protein–ligand docking is a powerful method in drug discovery. The reliability of docking can be quantified
by RMSD between a docking structure and an experimentally determined one. However, most experimen-
tally determined structures are not available in practice. Evaluation by scoring functions is an alternative for
assessing protein–ligand docking results. This chapter first provides a brief introduction to scoring methods
used in docking. Then details are provided on how to use Cyscore programs. Finally it describes a case study
for evaluation of protein–ligand docking.

Key words Binding pocket, Cyscore, CurvatureSurface, Protein–ligand docking, Scoring function

1 Introduction

Protein–ligand docking is prediction of the complex structure
formed by a ligand and a target protein with known 3D structures
respectively. It has been widely applied to drug discovery and
biological studies [1–3]. Modern docking methods, established
on the historical “lock-and-key” and “induced-fit” theories, are
generally constituted of a search algorithm and a scoring function.
The search algorithm explores possible binding positions and
orientations, and may account for the flexibility of ligand or protein
during the searching, while the scoring function evaluates the
binding free energy of conformations generated by the search
algorithm. Because the searching and scoring processes are
repeated thousands of times in order to find the most energy-
favorable binding conformation, docking is computationally
expensive. In the last few decades, tens of algorithms have been
proposed to overcome docking problem [2, 4–9]. Nowerdays the
state-of-the-art docking programs could achieve high accuracy
[2, 10, 11], however, failures still appear in practice. One of the
main reasons is due to the trade-off between computational speed
and prediction accuracy: reducing the number of freedom and

Mohini Gore and Umesh B. Jagtap (eds.), Computational Drug Discovery and Design, Methods in Molecular Biology, vol. 1762,
https://doi.org/10.1007/978-1-4939-7756-7_12, © Springer Science+Business Media, LLC, part of Springer Nature 2018

233

http://crossmark.crossref.org/dialog/?doi=10.1007/978-1-4939-7756-7_12&domain=pdf


using simplified scoring functions may accelerate calculation at the
expense of lower accuracy.

The accuracy of docking is often quantified by Root Mean
Square Deviation (RMSD) between a docking predicted structure
and an experimentally determined one. However, most experimen-
tally determined structures are not available in practice. Alterna-
tively, molecular 3D visualization system, such as Pymol, VMD
[12], and Chimera [13], offers intuitive inspections of docking
results. To confirm the prediction, interface shape complementar-
ity, hydrophobicity, hydrogen bonding, and other relevant interac-
tions are checked by visualization. Besides, using independent
scoring functions is a shortcut for docking evaluation [9, 14]. In
contrast to the scoring functions in docking programs, these inde-
pendent functions are more accurate but time-consuming. They are
comprised of more energy terms or employ sophisticated models to
fit the experimentally determined binding affinities. A number of
independent scoring functions have been proposed in recent years
[15–20]. Benchmark assessments showed their power in binding
affinity prediction and virtual screening [21].

Cyscore is an independent protein–ligand scoring function
developed in our group [15]. It mainly focus on improving the
prediction of hydrophobic free energy, which is dominant in most
protein–ligand binding [22–25]. Conventionally, hydrophobic free
energy is treated as surface tension, which is proportional to inter-
facial surface area for simplicity and efficiency. However, this model
ignores the role of molecular shape and hinders the accurate
prediction. Inspired by the thermodynamic research of Tolman
[26] and the pioneer work of Nicholls et al. [27, 28], Cyscore
takes curvature as the descriptor of shape and quantifies the hydro-
phobic free energy by a curvature dependent surface area model.
Figure 1 illustrates the evaluation of docking by Cyscore on a
106 protein–ligand set, which was generated by a well-known
docking software, DOCK6. The differences between predicted
and experimentally determined binding structures are quantified
by RMSD. The Cyscore of docking results versus RMSD illustrates
the relationship between docking accuracy and Cyscore. The figure
shows that the RMSD is lower than 2 Å when Cyscore is smaller
than �3.5. It indicates that Cyscore is an indicator for evaluating
protein–ligand docking.

2 Materials

The input of Cyscore includes a protein file in PDB format (see-
Notes 1 and 2) and a ligand file in SYBYL MOL2 format. The
ligand file is obtained from the output of a docking program such as
DOCK6. Hydrogen atoms are required for Cyscore calculation.
Cyscore package includes Cyscore, CurvatureSurface, RotaBond,
and AddH.
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2.1 Programs

in the Cyscore

Package

Cyscore is an empirical scoring function for protein–ligand binding
affinity prediction. It is a combination of hydrophobic free energy,
van der Waals interaction energy, hydrogen-bond energy, and the
ligand’s entropy (see Note 3). A curvature weighted surface area
model was introduced in Cyscore to improve the prediction of
hydrophobic free energy. Cyscore is an indicator of the shape
complementarity of protein–ligand binding.

CurvatureSurface is used for generating molecular solvent
accessible surface grid. It outputs a PDB format file with the
grid data in the ATOM records. Their “temperature factor” in
standard PDB format is replaced by curvature value at each grid
point. The output PDB file can be visualized by molecular visuali-
zation software such as Pymol or RasMol. If the surface grid is
colored by “B factor” or “temperature factor,” the concave regions
will be highlighted by warm colors while the other regions will be in
cold colors. This tool helps to identify binding pockets and validate
the protein–ligand shape complementarity.

RotaBond is used for counting rotatable bonds of ligands,
which are defined as any single nonring bond, bounded to nonter-
minal heavy (i.e., nonhydrogen) atom. The number of rotatable
bonds is correlated with the entropy loss upon protein–ligand
binding process. It is based on the assumption that each rotor in
the unbound state associates with a discrete number of low-energy
conformations but ‘freezes’ into a single conformation upon bind-
ing [29–31]. Thus the number of rotatable bonds is proportional
to a certain amount of conformational entropy. RotaBond outputs
the number of rotatable bonds as well as the list of the atoms that
form the bonds.

AddH is a tool for adding hydrogen atoms to a protein. It
predicts the coordinates of hydrogen atoms by stereochemical

Fig. 1 Cyscore versus RMSD on a 106 protein–ligand docking set
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rules according to CHARMM force field [32]. The input and
output files are in PDB format. As most protein structures in
PDB lack hydrogen atoms, AddH can be used to prepare the
input of Cyscore program.

Website
Cyscore program Package is available at the site: http://clab.

labshare.cn/software/.

3 Methods

3.1 Installation Extract the Cyscore.tar.gz and place the folder anywhere in the disk
without modifying the newly built subdirectories and files. Three
subdirectories will appear:

bin: it contains all the executable binary files of this package.
dat: it contains the parameter files.
example: it contains example data files and the readme file.
Users are allowed to run the software in a different directory

by specifying the program path in the command: (<program
path>/bin/Cyscore). The program will find the parameter files
automatically.

Please note, programs in Cyscore package need to be run on
Linux system (see Note 4).

3.2 Cyscore Program Usage:

Cyscore [input protein PDB file] [input ligand Mol2 file]

Cyscore predicts the binding free energy between the query
protein and ligand. It requires protein and ligand containing hydro-
gen atoms. For a protein structures downloaded from Protein Data
Bank (PDB), the hydrogen atoms are suggested adding by AddH in
this package (see Note 5). As for ligand, the hydrogen atoms could
be added by OpenBabel (http://openbabel.org/wiki/Main_
Page), which is a well-established chemical software for searching
and converting compounds. Cyscore was fitted on experimentally
determined binding affinity data. The score has the dimension of
kcal/mol. Therefore the lower score indicates the higher binding
affinity.

Example:
Open the terminal and change the directory to the installed

subdirectory of “example”. Run:

$../bin/Cyscore 3nw9_protein.pdb 3nw9_ligand.mol2

Then the output is printed on the screen (Shown in Fig. 2).
The first line below the title lists names of input files. The following
line shows energies of hydrophobic term, van der Waals interaction
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term, hydrogen-bond term, and the ligand’s entropy loss term. The
first three terms are usually negative. Only if there are strong atomic
clashes between the protein and ligand, van der Waals interaction
term is positive. If the ligand is not docked on the protein, the first
three terms is zero. Cyscore on the last line is the summation of
above terms.

3.3 Curvature-

Surface Program

Usage:

CurvatureSurface [input PDB file or Mol2 file] [output PDB file

for solvent accessible surface grid]

CurvatureSurface supports PDB or SYBYL MOL2 format
input files. The output file can be visualized by molecular visualiza-
tion software such as Pymol or RasMol. The detailed information of
surface grid, can be browsed by a text editor, such as gedit or vim.
Figure 3 illustrates the format of output file. The first line is the
remark information such as the creating time and program name of
the file. The following ATOM records indicate the index of grid
points (2nd column), grid type name (3rd column), grid name (4th
column), the index of molecular atoms which form the surface grid
(5th column), three-dimensional coordinates (6–8th column), and
the curvature data (10th column, highlight in red) of the grid
points. The curvature data varies from 1 to 20. The curvature
data larger than 10 implies that the grid point is at concave region.

Example:
Open the terminal and change the directory to the installed

subdirectory of “example”. Run:

$ ../bin/CurvatureSurface 3nw9_protein.pdb 3nw9_protein_grid.

pdb

The program will generate a new file named 3nw9_protein_-
grid.pdb. It can be opened by Pymol, RasMol, or other molecular
visualization software. Figure 4a and 4b demonstrate the visualiza-
tion of grid by Pymol and RasMol respectively. The grid is colored
by b-factor or temperature. The warm color region highlights
concave surface which could be the binding pocket. The largest

Fig. 2 The output of Cyscore prediction
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warm color region in red circle is the active binding site of this
protein (Catechol-O-methyltransferase (COMT)).

3.4 RotaBond

Program

Usage:

RotaBond [input Mol2 file]

RotaBond outputs the number of rotatable bonds as well as the
list of atoms that form the bonds (see Note 6).

Example:
Open the terminal and change the directory to the installed

subdirectory of “example”. Run:

Fig. 4 The solvent accessible surface grid colored by surface curvature. (a) 3D visualization by Pymol. (b) 3D
visualization by RasMol

Fig. 3 The solvent accessible surface grid file
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$ ../bin/RotaBond 3nw9_ligand.mol2

Then the output is printed on the screen (Shown in Fig. 5).
The atom names forming rotatable bonds are listed in Bond records
(Bond 0 to 5). The last line shows the total number of rotatable
bonds.

3.5 AddH Program Usage:

AddH [input protein PDB file] [output PDB file]

The output PDB file include all the atoms in the input file as
well as added hydrogen atoms.

Example.
Open the terminal and change the directory to the installed

subdirectory of “example”. Run:

$ ../bin/AddH 3nw9.pdb 3nw9_protein_h.pdb

4 Case Studies

Molecular docking has been widely used in predicting protein–li-
gand binding conformation. It can provide information about the
binding mode, critical residues, binding affinities, etc. which are
very helpful to drug discovery and biological study. To evaluate
quality of docking prediction, docking result is often visualized by
3D visualization software to inspect the interface complementarity
manually. To aid the evaluation, protein–ligand scoring tools could
be very helpful. Here we provide a real case for evaluating the
docking result of a serine protease and dipeptide inhibitor by
using Cyscore.

The protein and ligand structure file (PDB ID: 1BMA, which
contains protein PDB file “1bma_protein.pdb” and ligand Mol2
file “1bma_ligand.mol2”) were down loaded from PDBbind. We

Fig. 5 The output of RotaBond
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took DOCK6 to predict the docking structure. Following standard
DOCK6 protocol, the best docking conformation was generated as
1bma_dock.mol2. Then we employed Cyscore tools, and first add
hydrogen atoms to the protein PDB file using AddH as:

$ ../bin/AddH 1bma_protein.pdb 1bma_protein_h.pdb

Next, we submitted the protein and docking result to Cyscore
as:

$ ../bin/Cyscore 1bma_protein_h.pdb 1bma_dock.mol2

The output showed that Cyscore was �1.7295. According to
the above introduction, Cyscore larger than �3.5 implies that the
docking result may not be reliable. Then we computed the solvent
accessible surface grid to inspect the shape complementarity by:

$ ../bin/CurvatureSurface 1bma_protein.pdb 1bma_protein_grid.

pdb

1bma_protein_grid.pdb and the docking result 1bma_dock.
mol2 were visualized by Pymol. The coloring method for 1bma_-
protein_grid was chosen Color -> spectrum -> b-factor (Shown in
Fig. 6). Thus we got the interface image. As shown in Fig. 7a, there
were two regions in warm colors (Shown in the black circle), which
indicated they are concave surface and good for ligand binding.
The lower warm-colored region was partially occupied by a methyl
group, while the upper one had no contact with the ligand. Both
Cyscore and 3D visualization indicated the docking was unreliable.
The true binding structure was shown in Fig. 7b. Obviously
the real one is far from the docking structure. It shows highly
binding affinity (Cyscore ¼ �5.5216), and occupies both warm-
colored regions.

5 Notes

1. If there are missing atoms in the input PDB file, will the
programs work?

Cyscore and CurvatureSurface will output results with
warning information in this case. Users should pay attention
to the warnings. If any of missing atom reported in the warn-
ings locates at the binding area, it may have impacts on the
prediction accuracy. AddH cannot work correctly in this case,
because it needs heavy atom’s coordinates to add hydrogen
atoms.
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Fig. 7 The location of ligand on the surface grid of 1BMA. Ligand is shown in stick model. (a) the docking
predicted ligand binding structure. (b) the experimentally determined ligand binding structure.

Fig. 6 Coloring methods in Pymol
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2. Why Cyscore has no term for charge-charge interaction
between protein and ligand?

Charge–charge interaction may play a critical role in some
of protein–ligand interaction. However, its net effect on bind-
ing affinity is very complicated and pH-dependent. Cyscore
ignores this term.

3. How do the programs do with HETATM records in PDB file?
Programs in Cyscore package ignore the HETATM records

in PDB file. If the head markers of “HETATM” are replaced by
“ATOM,” they will be taken into account.

4. Can I use other programs to add hydrogen atoms to the
protein?

Yes. Cyscore supports any protein file in standard PDB
format.

5. What is RotaBond used for?
RotaBond is used for estimating entropy loss of ligand in

binding process in Cyscore. In other cases, it is used in lead-like
compounds screening. For example, lead-like compounds fol-
low some experience-based rules, such as the rule of three
(RO3), which restricts the number of rotatable bonds.

6. Does Cyscore work on Windows system?
Current Cyscore package works on Linux. The Windows

version will be released in future.
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Chapter 13

Molecular Dynamics Simulations of Protein–Drug
Complexes: A Computational Protocol for Investigating
the Interactions of Small-Molecule Therapeutics
with Biological Targets and Biosensors

Jodi A. Hadden and Juan R. Perilla

Abstract

MD simulations provide a powerful tool for the investigation of protein–drug complexes. The following
chapter uses the aryl acylamidase–acetaminophen system as an example to describe a general protocol for
preparing and running simulations of protein–drug complexes, complete with a step-by-step tutorial. The
described approach is broadly applicable toward the study of drug interactions in the context of both
biological targets and biosensing enzymes.

Key words Drug development, Drug target, Enzyme biosensors, Force field parameterization,
Molecular dynamics simulation, Protein–drug complex

1 Introduction

Molecular dynamics (MD) simulations use principles of classical
mechanics to predict the motion of particle-based systems. When
applied to the study of biomolecules, particles represent atoms or
groups of atoms. Because of their unique ability to provide a high-
resolution view of biomolecular behavior, MD simulations are
often referred to as the computational microscope [1]. Owing to
recent advances in simulation methodology and supercomputing
technology, the computational microscope is positioned to play a
key role in furthering the field of biomedicine [2].

Small-molecule drugs are a critical aspect of the modern medi-
cal approach to managing public health. Drugs are commonly
employed as therapeutic interventions to treat pathogenic infec-
tion, regulate biological processes that contribute to disease, and
provide pain relief, thereby greatly enhancing quality of life. The
development of new drug compounds represents a major area of
scientific research.
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On the other hand, the wide availability and public acceptance
of drugs also leads to their misuse. Drug overdose in patients, as
well as accumulation of drug compounds in the environment [3],
represent a further challenge to human health. The need for meth-
ods that allow rapid testing of drug presence and concentration in a
sample drives the development of biosensors, which utilize a
biological element, such as an enzyme, to facilitate the detection
of an analyte [4].

MD simulations provide a powerful tool for the investigation of
drug compounds in the context of both biological targets and
biosensing enzymes. When performed at the all-atom level of
detail, MD simulations can characterize the dynamical interactions
of drugs with their protein receptors and capture the subtle struc-
tural changes they induce, even in large biomolecular assemblies
[5]. The following chapter presents a computational protocol for
the study of protein–drug complexes with MD simulations based
on an example project and tutorial. The described approach is
broadly applicable toward elucidating mechanisms of drug action
against biological targets, designing more effective drugs com-
pounds, and engineering improved enzymes for biosensing and
bioremediation.

2 Example Project: Aryl Acylamidase–Acetaminophen

Acetaminophen (N-acetyl-p-aminophenol, Fig. 1) is a widely avail-
able analgesic drug commonly used to relieve pain and reduce fever.
Although it is generally regarded as the safest over the counter
analgesic when taken as directed [6, 7], i.e., in therapeutic doses,
the misuse of acetaminophen carries serious health risk. Acetamin-
ophen is metabolized by the liver, and high concentration of the
drug leads to excessive accumulation of its metabolites, which can
cause severe, even fatal liver damage [7]. Acetaminophen toxicity is
the leading cause of acute liver failure in the USA [8]. Overdose is
often unintentional, the result of misuse of formulations of other
drugs that contain acetaminophen as an additive [6]. Successful

Fig. 1 Chemical structure of the drug acetaminophen
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treatment of hepatotoxicity relies on timely diagnosis via laboratory
testing. Diagnostic assays and biosensors designed to quantify the
concentration of acetaminophen in a biological sample are often
based on aryl acylamidase [9], which cleaves the amide bond of
acetaminophen to yield p-aminophenol and acetate (Fig. 2). The
concentration of acetaminophen can be inferred from changes in
absorbance following reaction of the product p-aminophenol with
a color-forming compound [10, 11], or amperometrically follow-
ing electrochemical oxidation of p-aminophenol [12].

A recent crystallographic structure characterized the binding
interaction of a bacterial aryl acylamidase with acetaminophen at
atomic detail, revealing key structural features that underlie its
enzymatic activity [13]. MD simulations of the crystallographic
complex can be used to probe the structure–function relationship
of aryl acylamidase, which represents a key component in diagnostic
assays and biosensors used to detect acetaminophen toxicity
[9]. The following section uses the aryl acylamidase–acetamino-
phen system as an example to describe a general protocol for
preparing and running simulations of protein–drug complexes.
Step-by-step instructions are provided for the example project
based on using the psfgen plugin from VMD [14] for system
setup and the NAMD [15] software for MD simulation.

3 Computational Protocol

3.1 Preparing a

Robust Structural

Model of the

Protein–Drug Complex

The critical prerequisite for any computational study is a robust
initial model. In the case of the example project for this chapter, a
crystallographic structure is available from the RCSB Protein Data
Bank (https://www.rcsb.org) (PDB ID: 4YJI) [13]. Importantly,
the structure describes the system at all-atom detail and contains no
missing regions (see Note 1). Experimental structures that are
incomplete require computational modeling to fill in missing struc-
tural features. Software likeModeller [16] and Rosetta [17] include
routines to perform de novo folding of protein loops and terminal
domains, regions that are often difficult to resolve experimentally
due to their flexible nature. Models based on cryo-electron micros-
copy or tomography data may require flexible fitting of structural

Fig. 2 Schematic of the chemical reaction catalyzed by aryl acylamidase. The enzyme cleaves the amide bond
of acetaminophen to yield p-aminophenol and acetate

Molecular Dynamics Simulations of Protein-Drug Complexes 247

https://www.rcsb.org


components into density maps to generate complete atomic mod-
els. Software like Situs [18] and MDFF [19] can be used for this
purpose. An extensive review of computational methods for refine-
ment of structural models, including approaches that integrate
experimental data, is given in ref. 20.

Essential to the study of drug-bound systems, the initial model
must capture the structural interaction between the target protein
and drugmolecule (seeNote 2). Ideally, a crystallographic structure
will be available for their complex. In the case of the example
project for this chapter, the experimental structure already contains
atomic coordinates that describe the drug binding mode. When the
binding mode is unknown, it may be possible to produce a suitable
structural model based on molecular docking. Software like Auto-
Dock Vina [21] can be used toward this end; however, experimen-
tal validation is recommended to support the predicted binding
mode. A review of current molecular docking methodology and
comparison of available docking programs is given in ref. 22.

Even when the initial model is based soundly on experimental
data, it is important to perform a series of standard structural
assessments to verify the model’s integrity and to check for subtle
issues that may cause serious problems during the simulation phase
of the project. One critical test is a check for structural clashes or
close contacts within the model. Such deficiencies can exist even in
high-resolution crystallographic structures, and if not corrected,
may cause the model to distort or blow apart during simulation.
Close contacts may also manifest as ring moieties punctured by
neighboring functional groups, or valence angles that are extremely
small. At minimum, these structural issues may introduce instabil-
ities during simulation, requiring increased equilibration time, so
taking care to address them during the model preparation phase of
the project is good practice (seeNote 3). In the case of the example
project for this chapter, no structural clashes or close contacts
within 1 Å are found in the crystallographic structure.

Another structural discrepancy to test for is the presence of cis
peptides in the protein. Typically, the peptide bonds of the protein
backbone adopt a trans orientation (Fig. 3a); however, cis

Fig. 3 (a) Trans orientations of peptide bonds are most common. (b) Cis orientations of peptide bonds may be
encountered occasionally. (c) Peptides containing proline can readily adopt trans or cis orientations
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orientations are occasionally encountered in experimental struc-
tures (Fig. 3b). Sometimes, the cis peptide is present in the native
form of the molecule and may be biologically important, particu-
larly if the peptide contains proline (Fig. 3c). In other cases, cis
peptides are introduced during automated refinement of experi-
mental structures, or during computational modeling. In the case
of the example project for this chapter, the crystallographic struc-
ture contains two cis peptides: one between Gly162 and Ser163 and
another between Arg212 and Pro213. The former involves a mem-
ber of the aryl acylamidase’s catalytic triad, Lys84-cisSer163-
Ser187, and plays a key role in its hydrolysis mechanism [13]. The
latter contains a proline, which exhibits similar structural energetics
for trans and cis orientations, and is, thus, considered realistic for
the model. In the event that an artifactual cis peptide is found, it can
be adjusted to the trans orientation using a program like cispeptide,
available in VMD (see Note 4).

3.2 Immersing the

Protein–Drug Complex

in a Realistic

Environment

Once the initial structural model has been generated and verified,
its surrounding environment must be appropriately accounted for.
Careful mimicking of realistic solvent conditions during simulation
is key to producing results that are comparable to experiment or
have predictive power toward biological questions (see Note 5).

The first environmental factor to address is pH. For classical
simulation methodology, performing a simulation at a given pH
means constructing the initial model to represent the likely proton-
ation state at that pH (see Note 6). This can be achieved by
calculating local pKa values and assigning hydrogen atom positions
accordingly. Programs like PDB2PQR [23], which performs pKa
calculations using PROPKA [24], can be employed to place hydro-
gen atoms, accounting for both protein protonation states and the
likely neutral states of histidine residues, which can carry a hydro-
gen on either their delta or epsilon nitrogen. The accurate assign-
ment of hydrogen atoms to the system may be critical for
reproducing hydrogen bond networks within the higher-order
protein structure, as well as between the protein and drug mole-
cule. Further, accounting for differences in these networks as a
function of pH is critical to simulation accuracy.

For the example system in this chapter, the protein–drug com-
plex is studied at pH 7. As the project aims to investigate the
interaction of an aryl acylamidase with the drug acetaminophen
within a biological sample, such as a patient’s blood, physiological
pH of 7 is appropriate. However, as aryl acylamidases are known
experimentally to exhibit optimum enzymatic activity at pH 10 or
above [25] and some biosensing approaches recommend increasing
system pH to enhance hydrolysis [9], an interesting follow-up
study could investigate the system at pH 10 to shed light on the
structural origin of increased activity at high pH.
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The second environmental factor to address is solvent. Water
represents the bulk solvent media in most samples of interest,
particularly those of biological origin. Classical simulation method-
ology can represent solvent either explicitly or implicitly. Explicit
solvent uses many copies of discrete water molecules, empirically
parameterized to reproduce experimental properties of the pure
liquid. Although numerous water models are available, the most
widely used is TIP3P [26], which reasonably balances the accurate
reproduction of bulk solvent behavior with computational expense.
Alternatively, implicit solvent uses a mathematical function to pro-
duce a continuum around the solute with the dielectric and hydro-
phobic properties of water [27]. Implicit solvent is generally more
computationally efficient than explicit solvent; however, it is often
not the best approach for the study of protein–drug systems. Many
drugs interact with their protein receptors through water-mediated
hydrogen bonds, an important aspect of binding that only explicit
solvent can capture (see Note 7). Notably, the crystallographic
structure for the example system in this chapter exhibits two
water-mediated hydrogen bonds, which bridge drug binding with
residues Tyr136 and Thr330. To ensure that these and other highly
conserved water interactions are in place going into the simulation
phase of the project, all crystallographically resolved water mole-
cules should be retained in the initial model (see Note 8).

With respect to bulk solvent, MD setup packages offer standard
routines to immerse the biomolecular system of interest in a box of
explicit water molecules, but the user must take care to abide by the
minimum image convention and ensure that the box dimensions
are large enough to accommodate the system following equilibra-
tion of water density. A distance of at least 15 Å between the
protein–drug complex and the box edges is recommended (see
Note 9). If the protein–drug complex is likely to tumble during
the planned timescale of the simulation, the generated water box
should be cubic (see Note 10).

The third environmental factor to address is salt concentration.
Studies intending to investigate systems within a biological context,
i.e., interactions of drugs with their receptors within the human
body, should use physiological salt concentration of 150mMNaCl.
Studies seeking to investigate systems with the context of an exper-
imental setup, mimicking the conditions of a drug assay or biosen-
sing reaction, should employ a salt concentration that reflects that
setup (see Note 11). For the example system in this chapter, which
aims to investigate the interaction of an aryl acylamidase with the
drug acetaminophen within a biological sample, such as a patient’s
blood, physiological salt concentration is used.

MD setup packages offer standard routines to introduce a
desired salt concentration, either via a mathematical constant in
implicit solvent, or by substituting water molecules for salt ions in
explicit solvent. To reduce the equilibration time required for
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explicit solvent during the simulation phase of the project, a supe-
rior approach for introducing ions is to first use a program like
CIonize, available in VMD, to place ions around the protein–drug
system of interest prior to immersion in a water box. CIonize places
ions according to local electrostatic potential of the system, elim-
inating the additional equilibration time needed to allow randomly
placed ions to localize within these energetically favorable regions
(see Note 12). Following placement of ions proximal to the pro-
tein–drug system and immersion in explicit water, bulk ions can be
added at the desired salt concentration, taking into account the
numbers of ions already placed and ensuring the final system charge
is neutral (see Note 13).

3.3 Parameterizing

the Protein–Drug

System for MD

Simulation

Once the initial structural model has been prepared and immersed
in a realistic solvent environment, parameterization of the system
must be addressed. Biomolecular force fields for describing the
protein component of the system are readily available, given that
the protein does not contain nonstandard residues. Commonly
employed protein force fields include those from the AMBER
(http://ambermd.org) and CHARMM (http://mackerell.
umaryland.edu/charmm_ff.shtml) families. For the example sys-
tem in this chapter, CHARMM36 [28, 29] is used (see Note 14).

Obtaining parameters to describe the drug component of the
system is less straightforward. A typical approach is to employ a
generalized force field, such as the Generalized AMBER Force
Field (GAFF) [30] or the CHARMM General Force Field
(CGenFF) [31], which attempts to provide parameter coverage
for the numerous chemical substructures commonly encountered
in small molecules. Unfortunately, due to the complex structural
nature of many drug compounds, generalized force fields do not
always contain parameters that reasonably describe all parts of the
molecule. Any missing parameters must be derived ab initio,
according to the standard protocol of the generalized force field
they will be combined with (see Note 15).

For the example system in this chapter, CGenFF is employed to
describe the drug molecule. An online tool is available through
ParamChem (https://cgen.paramchem.org) that performs auto-
mated atom typing and assignment of parameters and charges
available in CGenFF based on analogy of the molecule’s structure
to the ensemble of substructures covered by the force field
[32, 33]. The tool works best when supplied with a MOL2 file,
which contains information on connectivity and bond order; the
SchrödingerMaestro program [34] is recommended for generating
a correctly formatted MOL2.

Importantly, the identification of parameters for the molecule
by ParamChem does not necessarily guarantee the suitability of
those parameters to accurately reproduce the molecule’s dynamical
behavior. A penalty score is provided along with each identified
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parameter to indicate a level of confidence in how well the parame-
ter may be expected to perform. Penalties lower than 10 indicate
the parameter analogy is fair; penalties between 10 and 50 mean
some basic validation of the parameter within the given molecular
context is recommended; penalties higher than 50 indicate poor
analogy and mandate extensive validation and/or optimization.
Validation of force field parameters against experimental data,
such as that from nuclear magnetic resonance or infrared spectros-
copy can confirm their ability to accurately describe the drug mole-
cule in question. In the event that parameters with high penalty
scores are found unsuitable, they can be optimized using tools such
as ffTK [35], which simplifies the workflow required to fit para-
meters to reproduce quantum mechanical descriptions of small
molecules (see Note 16). For the example system in this chapter,
the parameters generated by ParamChem to describe acetamino-
phen have insignificant penalty scores and may be expected to
accurately reproduce the molecule’s dynamical behavior.

4 Project Tutorial

Step 1. Download PDB file of aryl acylamidase–acetaminophen
complex.

– Visit the RCSB Protein Data Bank (https://www.rcsb.org) and
search for PDB ID: 4YJI.

– From theDownload Filesmenu, select PDB Format and save the
file to your working directory (Fig. 4).

Step 2. Load PDB file in VMD and visualize the structure.

– Launch VMD and load the PDB file by clicking File!New
Molecule... in the VMD Main window and selecting 4yji.pdb in
the Molecule File Browser (Fig. 5).

– Open the Graphical Representations window by clicking Gra-
phics!Representations... in the VMD Main window.

– Create a representation of the protein by entering “protein” in
the Selected Atoms field and choosing NewCartoon from the
Drawing Method menu.

– Create a representation of the drug molecule by entering
“resname TYL” in the Selected Atoms field and choosing Licorice
from the Drawing Method menu.

– Create a representation of the crystallographic water molecules
by entering “water” in the Selected Atoms field and choosing
Licorice from the Drawing Method menu.

– Try creating representations for other structural features of
interest, such as the catalytic triad (“resid 84 163 187”) or
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Fig. 4 The crystallographic structure of the aryl acylamidase–acetaminophen complex is available for
download through the Protein Data Bank (PDB ID: 4YJI)

Fig. 5 VMD provides a graphical user interface for biomolecular visualization, as well as a command line tool
equipped with numerous functions for MD simulation setup and analysis
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residues that form water-mediated hydrogen bonds to the drug
molecule (“resid 136 330”).

– For more information on using VMD, including documentation
and tutorials, visit the VMD software webpage (http://www.ks.
uiuc.edu/Research/vmd).

Step 3. Obtain force field files.

– Download CHARMM36 by visiting the CHARMM force field
webpage (http://mackerell.umaryland.edu/charmm_ff.shtml).

– Unarchive the file contents (toppar) into your working
directory.

Step 4. Obtain drug parameters.

– Open VMD’s command line tool by clicking Extensions!Tk
Console in the VMD Main window.

– Ensure that you are operating within your working directory by
entering the following command:

cd <path to your working directory>

– Save a PDB file of the drug molecule by entering the following
commands:

set drug [atomselect top "resname TYL"] ; # Select drug molecule

$drug set segname TYL ; # Assign segname for psfgen

$drug writepdb TYL.pdb ; # Write segment PDB

– Launch Maestro and load the drug PDB file generated with
VMD by clicking File!Import Structures... and selecting TYL.
pdb (Fig. 6).

– Flag double bonds in the drug structure by right clicking them
and selecting Increase Bond Order. For reference, see Fig. 2, left.

– Fill remaining open valencies in the drug structure by left click-
ing and dragging a box around the molecule and clicking
Edit!Add Hydrogens.

– Save a MOL2 file of the drug molecule by clicking File!Export
Structures.... Enter the File name as “TYL” select Files of type as
MOL2 (*.mol2).

– Visit the ParamChem server (https://cgenff.paramchem.org)
and click on My Account!Register to create an account. After
activating your ParamChem account, click on My
Account!Login to log in.

– Submit the drug structure to the ParamChem server by clicking
on the Upload Molecule tab, selecting Filename TYL.mol2, then
clicking the Upload File button.

– Save the TYL.str file provided under Output to your working
directory.
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– Inspect the parameters in TYL.str, and note that their penalty
scores are insignificant.

Step 5. Account for pH of the model.

– Visit the PDB2PQR server (http://nbcr-222.ucsd.edu/
pdb2pqr_2.1.1) and choose the option to upload a PDB file,
selecting 4yji.pdb from your working directory (Fig. 7).

– Choose CHARMM for the forcefield and output naming scheme
options.

– Also select options to Ensure that new atoms are not rebuilt too
close to existing atoms and Optimize the hydrogen bonding
network.

– Under pKa options, enter pH 7 and choose the option to Use
PROPKA to assign protonation states at the provided pH.

– Click the Submit button to continue.

– Once the status of the PDB2PQR job updates to complete,
download the 4yji.pqr file and save it to your working directory
as 4yji_pH7.pqr.

Step 6. Generate PSF/PDB files for the model.

– Return to VMD’s command line and run psfgen to generate
PSF/PDB files for the model by entering the following
commands:

Fig. 6 Maestro is recommended for generating a correctly formatted MOL2 file
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Fig. 7 PDB2PQR assigns hydrogen atoms and protonation states to the model for a given pH based on pKa
calculations with PROPKA
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Step 7. Perform structural checks for the model.

– Return to VMD’s command line and load the PSF/PDB files by
entering the following command:

mol new AAA_TYL_pH7.psf type psf waitfor all ;# Load PSF

mol addfile AAA_TYL_pH7.pdb type pdb waitfor all ; # Load PDB

package require psfgen ; # Load the psfgen plugin

topology toppar/top_all36_prot.rtf ; # Load CHARMM36

topology toppar/top_all36_cgenff.rtf ; # Load CGenFF

topology TYL.str ; # Load drug parameters

topology toppar/toppar_water_ions.str ; # Load TIP3P/ions

pdbalias residue P3M TIP3 ; # Interpret water as TIP3P

mol new TYL.mol2 type mol2 waitfor all ; # Load MOL2

set drug [atomselect top "resname TYL"] ; # Select drug molecule

$drug set segname TYL ; # Assign segname for psfgen

$drug writepdb TYL.pdb ; # Write segment PDB

mol new 4yji_pH7.pqr type pqr waitfor all ; # Load PQR

### PROTEIN

set protein [atomselect top "protein"] ; # Select protein

$protein set segname AAA ; # Assign segname for psfgen

$protein writepdb AAA.pdb ; # Write segment PDB

segment AAA { ; # Build protein segment

 pdb AAA.pdb ; # From segment PDB

 first NTER ; # Patch with Zwitterionic N-terminus

 last CTER } ; # Patch with Zwitterionic C-terminus

regenerate angles dihedrals ; # Critical after patching

coordpdb AAA.pdb ; # Assign coordinates from segment PDB

### DRUG

segment TYL { ; # Build drug segment

 pdb TYL.pdb } ; # From segment PDB

coordpdb TYL.pdb ; # Assign coordinates from segment PDB

### CRYSTALLOGRAPHIC WATER

set water [atomselect top "resname P3M"] ; # Select water

$water set segname W0 ; # Assign segname for psfgen

$water writepdb W0.pdb ; # Write segment PDB

segment W0 { ; # Build water

 pdb W0.pdb } ; # From segment PDB

coordpdb W0.pdb ; # Assign coordinates from segment PDB

writepsf AAA_TYL_pH7.psf ; # Output PSF

writepdb AAA_TYL_pH7.pdb ; # Output PDB

Molecular Dynamics Simulations of Protein-Drug Complexes 257



– Check for close structural contacts and/or clashes in the model
by entering the following commands:

set complex [atomselect top "protein or resname TYL"] ; # Select atoms in the complex

set clashes [measure contacts 1 $complex] ; # Find atoms within 1 Angstroms of each other

foreach i [lindex $clashes 0] j [lindex $clashes 1] { ; # Report indices of clashing atoms

puts "Atom $i clashes with atom $j" } ; # Indices can be used to visualize clashing atoms

– Note that no close contacts are identified for this system.

– Check for cis peptides by entering the following commands:

package require cispeptide ; # Load cispeptide plugin

cispeptide check -mol top ; # Run cis peptide check

– Note that two cis peptides are reported for this system, one that
is known to be biologically important and one that contains
proline and is likely not an artifact.

Step 8. Account for local salt ions.

– Run CIonize to place Naþ and Cl– ions around the model by
entering the following commands:

package require cionize ; # Load cionize package

namespace import ::cionize::*

# Run with a suffcient number of ions to saturate the model

# This example estimates 3x magnitude of system net charge

set charge [expr {round([vecsum [[atomselect top "all"] get charge]])}] ; # System net charge

set number [expr {abs($charge*3)}] ; # 3x magnitude of system net charge

cionize -mol top -np 1 -mg -ions "{SOD $number 1} {CLA $number -1}"; # Run CIonize

– Load the PDB files generated by CIonize by entering the fol-
lowing commands:

mol new cionize-ions_1-SOD.pdb type pdb waitfor all ; # Load Na+ PDB

mol new cionize-ions_1-CLA.pdb type pdb waitfor all ; # Load Cl- PDB

– Open the Graphical Representations window by clicking Gra-
phics!Representations... in the VMD Main window.

– Create a clear representation of the ions in each PDB file by
choosing VDW from the Drawing Method menu.

– Note that CIonize was run with enough ions to saturate the
model, and unneeded ions were placed far away from it, along
the edges of a box enclosure (Fig. 8).

– Run psfgen to generate new PSF/PDB files that include local
ions by entering the following commands:
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resetpsf ; # Reset psfgen

readpsf AAA_TYL_pH7.psf ; # Read PSF

coordpdb AAA_TYL_pH7.pdb ; # Read PDB

segment SOD { ; # Build Na+ segment

 pdb cionize-ions_1-SOD.pdb } ; # From Cionize PDB

coordpdb cionize-ions_1-SOD.pdb ; # Assign coordinates from PDB

segment CLA { ; # Build Cl- segment

 pdb cionize-ions_1-CLA.pdb } ; # From Cionize PDB

coordpdb cionize-ions_1-CLA.pdb ; # Assign coordinates from PDB

writepsf AAA_TYL_pH7_cionize.psf ; # Output PSF

writepdb AAA_TYL_pH7_cionize.pdb ; # Output PDB

mol new AAA_TYL_pH7_cionize.psf type psf waitfor all; # Load PSF

mol addfile AAA_TYL_pH7_cionize.pdb type pdb waitfor all ; # Load PDB

# Delete ions not within 20 Angstroms of the model based on indices

set bad [atomselect top "(all not within 20 of protein)"]

foreach segid [$bad get segid] resid [$bad get resid] {

delatom $segid $resid }

writepsf AAA_TYL_pH7_ions.psf ; # Output PSF

writepdb AAA_TYL_pH7_ions.pdb ; # Output PDB

Fig. 8 CIonize places ions around the model according to local electrostatic potential; unneeded ions are
placed far away from the model
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Step 9. Establish the system box.

– Determine the dimensions of an appropriate cubic box to
enclose the model by entering the following commands:

mol new AAA_TYL_pH7_ions.psf type psf waitfor all ; # Load PSF

mol new AAA_TYL_pH7_ions.pdb type pdb waitfor all ; # Load PDB

set model [atomselect top "all"] ; # Select model

set center [measure center $model] ; # Measure model center, dimensions, and longest box vector

set dimens [vecsub [lindex [measure minmax $model] 1] [lindex [measure minmax $model] 0]]

set maxvec [expr {max([lindex $dimens 0],[lindex $dimens 1],[lindex $dimens 2])}]

set boxpad 15 ; # At least 15 Angstroms between model and box edge recommended

set boxlen [expr ($maxvec + 2*$boxpad)/2] ; # Length of cubic box vector

set minx [expr [lindex $center 0] - $boxlen] ; # Box min

set miny [expr [lindex $center 1] - $boxlen]

set minz [expr [lindex $center 2] - $boxlen]

set boxmin [list $minx $miny $minz]

set maxx [expr [lindex $center 0] + $boxlen] ; # Box max

set maxy [expr [lindex $center 1] + $boxlen]

set maxz [expr [lindex $center 2] + $boxlen]

set boxmax [list $maxx $maxy $maxz]

Step 10. Immerse the model in solvent.

– Generate a cubic water box with the dimensions determined
above by entering the following commands:

package require solvate ; # Load the solvate plugin

# Run solvate with command as a single line:

solvate AAA_TYL_pH7_ions.psf AAA_TYL_pH7_ions.pdb -minmax [list $boxmin $boxmax] -o

AAA_TYL_pH7_ions_solvent -s W 

Step 11. Account for salt concentration.

– Neutralize the system and add salt concentration of 150 mM by
entering the following commands:

package require autoionize ; # Load the autoionize plugin

# Run autoionize with command as a single line:

autoionize -psf AAA_TYL_pH7_ions_solvent.psf -pdb AAA_TYL_pH7_ions_solvent.pdb -cation SOD -

anion CLA -sc 0.150 -o AAA_TYL_pH7_ions_solvent_sc150mM -seg I1

– Load the PSF/PDB files for the final model for visualization by
entering the following commands:

mol new AAA_TYL_pH7_ions_solvent_sc150mM.psf type psf waitfor all ; # Load PSF

mol addfile AAA_TYL_pH7_ions_solvent_sc150mM.pdb type pdb waitfor all ; # Load PDB

– The setup phase of the project is now complete. The final model
of the protein–drug complex at pH 7, including crystallographic
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water molecules, local ions, solvent, and salt concentration of
150 mM NaCl should resemble Fig. 9.

Step 12. Obtain system box information.

– NAMD requires the dimensions of the initial system box as
input. Additionally, the user can specify a box center as the origin
for molecule wrapping. Obtain the box dimensions and center
of the protein–drug complex by entering the following com-
mands:

set all [atomselect top "all"] ; # Select system and measure box dimensions

set dimens [vecsub [lindex [measure minmax $all] 1] [lindex [measure minmax $all] 0]]

set complex [atomselect top "protein or resname TYL"] ; # Select complex and measure center

set center [measure center $complex]

– Note that the x-, y-, and z-values of the box dimensions and
wrapping center are entered as NAMD inputs in the following
section.

Step 13. Minimize potential energy of the system.

– Open a terminal and navigate to your working directory. Make
sure that the location of the NAMD executable is contained
within your $PATH variable.

– Save the NAMD configuration script given below to your work-
ing directory as min.conf.

Fig. 9 The final model of the aryl acylamidase–acetaminophen complex within a
native solvent environment
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– Run minimization in NAMD on X processors by entering the
following command:

namd2 +pX min.conf >& min.log

# Input

structure AAA_TYL_pH7_ions_solvent_sc150mM.psf ; # Load PSF

coordinates AAA_TYL_pH7_ions_solvent_sc150mM.pdb ; # Load PDB

temperature 0 ; # Initial temperature

set bx  99.958 ; # Box dimensions (see Step 12)

set by  99.958

set bz  99.958

set cx  31.121 ; # Wrapping center (see Step 12)

set cy   1.777

set cz  -2.136

# Force Field Information

paraTypeCharmm on ; # Use CHARMM

parameters toppar/par_all36_prot.prm ; # Load CHARMM36

parameters toppar/par_all36_carb.prm

parameters toppar/par_all36_lipid.prm

parameters toppar/par_all36_cgenff.prm ; # Load CGenFF

parameters toppar/toppar_water_ions.str ; # Load TIP3P/ions

parameters TYL.str ; # Load drug parameters

exclude scaled1-4 ; # Exclude 1-2s and 1-3s, scale 1-4s

1-4scaling 1.0 ; # 1-4 scaling factor

cutoff 12.0 ; # Cut-off radius for non-bonded interactions

switching on ; # Scale smoothly to zero

switchdist 10.0 ; # Scale smoothly from here to cut-off

pairlistdist 14.0 ; # Pairlist search radius

# Periodic Boundary Conditions

cellBasisVector1 $bx 0   0   ; # Box dimensions

cellBasisVector2 0   $by 0

cellBasisVector3 0   0   $bz

cellOrigin $cx $cy $cz ; # Wrapping center

wrapAll on ; # Wrap coordinates to wrapping center

PME yes ; # PME long-range electrostatics

PMEGridSpacing 1.0 ; # Grid spacing for PME

# Output

outputName min ; # Output file name prefix

binaryOutput yes ; # Output binary files

restartfreq 100 ; # Output frequencies

dcdfreq 100

xstFreq 100

outputEnergies 100

minimize 500 ; # Minimize 500 cycles
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– Note that energy minimization is essential to resolve any high-
energy conformations in the structure that may introduce
instabilities during the simulation phase of the project (see
Note 17). Plotting the potential energy of the system versus
minimization step produces the plot given in Fig. 10. Note that
energy decreases and reaches a plateau, indicating that 500 cycles
of minimization is sufficient for the system under study.

– For more information on using NAMD, including documenta-
tion and tutorials, visit the NAMD software web page (http://
www.ks.uiuc.edu/Research/namd).

Step 14. Set up harmonic restraints for the system.

– Return to VMD’s command line and generate a file to impose
positional (harmonic) restraints for the protein backbone and
drug molecule by entering the following commands:

set all [atomselect top "all"] ; # Select system

$all set beta 0 ; # Initialize beta column of PDB

set restraints [atomselect top "(protein and backbone) or resname TYL"] ; # Select restraint atoms

$restraints set beta 5 ; # Set force constant k=5 kcal/mol for restraint atoms

$all writepdb restraints.pdb ; # Write restraints PDB

Step 15. Run MD simulation of the system (heat with restraints).

– Open a terminal and navigate to your working directory. Make
sure that the location of the NAMD executable is contained
within your $PATH variable.

– Save the NAMD configuration script given below to your work-
ing directory as heat.conf.

Fig. 10 Potential energy of the system decreases and reaches a plateau during minimization
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# Input

structure AAA_TYL_pH7_ions_solvent_sc150mM.psf ; # Load PSF

coordinates AAA_TYL_pH7_ions_solvent_sc150mM.pdb ; # Load PDB

set restraints restraints.pdb ; # Load restraints PDB

set temperature 50 ; # Initial temperature

temperature $temperature

binCoordinates min.restart.coor; # Restart information

extendedSystem min.restart.xsc

# Force Field Information

paraTypeCharmm on ; # Use CHARMM

parameters toppar/par_all36_prot.prm ; # Load CHARMM36

parameters toppar/par_all36_carb.prm

parameters toppar/par_all36_lipid.prm

parameters toppar/par_all36_cgenff.prm ; # Load CGenFF

parameters toppar/toppar_water_ions.str ; # Load TIP3P/ions

parameters TYL.str ; # Load drug parameters

exclude scaled1-4 ; # Exclude 1-2s and 1-3s, scale 1-4s

1-4scaling 1.0 ; # 1-4 scaling factor

cutoff 12.0 ; # Cut-off radius for non-bonded interactions

switching on ; # Scale smoothly to zero

switchdist 10.0 ; # Scale smoothly from here to cut

pairlistdist 14.0 ; # Pairlist search radius

# Periodic Boundary Conditions

wrapAll on ; # Wrap coordinates

PME yes ; # PME long-range electrostatics

PMEGridSpacing 1.0 ; # Grid spacing for PME

margin 1.5 ; # For box equilibration

# Integrator Parameters

timestep 2.0 ; # Time step

rigidBonds all ; # Constrain bonds to hydrogen

useSettle on ; # Use SETTLE for water molecules

nonbondedFreq 1 ; # Frequency to recalculate nonbonded interactions

fullElectFrequency 2 ; # Frequency to recalculate fullelectrostatics

longSplitting c2 ; # Long/short range splitting method

stepspercycle 20 ; # Pairlist update

# Constant Temperature Control

langevin on ; # Langevin thermostat

langevinTemp $temperature ; # Target temperature

langevinDamping 1.0

langevinHydrogen off
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– Run MD in NAMD on X processors by entering the following
command:

namd2 +pX heat.conf >& heat.log

– Note that the target temperature of the system is incremented to
300 K, which represents room temperature. As the example
project in this chapter aims to investigate a biosensing reaction
within an experimental setup on a laboratory benchtop, room
temperature is appropriate. Studies intending to investigate sys-
tems within a biological context should use normal human body
temperature of 310 K (see Note 18).

Step 16. Run MD simulation of the system (release restraints).

– Open a terminal and navigate to your working directory. Make
sure that the location of the NAMD executable is contained
within your $PATH variable.

# Constant Pressure Control

langevinPiston on ; # Nose-Hoover Langevin piston barostat

langevinPistonTarget 1.0 ; # Target pressure

langevinPistonPeriod 200.0

langevinPistonDecay 100.0

langevinPistonTemp $temperature

useFlexibleCell no ; # Isotropic pressure scaling

useGroupPressure yes ; # Required for rigidBonds

# Harmonic restraints

constraints on ; # Restraints active

consexp 2 ; # Exponent for harmonic energy function

consref $restraints ; # File for restraints coords

conskfile $restraints ; # File for restraints k

conskcol B ; # Restraints k in beta column

constraintScaling 1.0 ; # Scaling factor

# Output

outputName heat ; # Output file name prefix

binaryOutput yes ; # Output binary files

restartfreq 500 ; # Output frequencies

dcdfreq 500

xstFreq 500

outputEnergies 500

outputPressure 500

### RUN SCRIPT

# Heat 50 K to 310 K over 500 ps

for {set i 0} {$i < 50} {incr i} {

 run 5000 ; # 10 ps intervals

 incr temperature 5 ; # 5 K increments

 langevinTemp $temperature

 langevinPistonTemp $temperature

}
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– Copy the NAMD configuration script heat.conf to a new file
release.conf, substituting the ### RUN SCRIPT section with text given
below. Also change initial temperature to 300 K, remove the
margin command, and update the input (heat) and output
(release) file names.

### RUN SCRIPT

# Release backbone over 500 ps

for {set i 0} {$i < 10} {incr i} {

 constraintScaling [expr 1.0 - ($i * 0.1)]

 run 25000 ; # 50 ps intervals

}

– Run MD in NAMD on X processors by entering the following
command:

namd2 +pX release.conf >& release.log

– Note that the restraints used to maintain the protein fold and
drug position during the heating phase of the project are
removed gradually to allow the system to slowly adapt to native
environmental conditions (see Note 19).

Step 17. Run MD simulation of the system (equilibrate).

– Open a terminal and navigate to your working directory. Make
sure that the location of the NAMD executable is contained
within your $PATH variable.

– Copy the NAMD configuration script relase.conf to a new file
equil.conf, substituting the ### RUN SCRIPT section with text given
below. Also remove the # Harmonic restraints section and update the
input (release) and output (equil) file names.

### RUN SCRIPT

# Run 5 ns

run 2500000

– Run MD in NAMD on X processors by entering the following
command:

namd2 +pX equil.conf >& equil.log

– Note that the system is equilibrated for 5 ns for this example. In
a real-world research scenario, the system would be equilibrated
until the property of interest for the study has converged (see
Note 20). For a protein–drug complex, the property of interest
may be stability of the binding mode.

Step 18. Run MD simulation of the system (collect data).

– Open a terminal and navigate to your working directory. Make
sure that the location of the NAMD executable is contained
within your $PATH variable.
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– Copy the NAMD configuration script equil.conf to a new file
prod1.conf and update the input (equil) and output (prod1) file
names.

– Run MD in NAMD on X processors by entering the following
command:

namd2 +pX prod1.conf >& prod1.log

– Restart the MD simulation, continuing with NAMD runs for
files prod2, prod3, etc., until sufficient sampling of the system is
obtained. Given the performance of modern desktop worksta-
tions and supercomputers, publication quality MD simulations
of protein–ligand complexes commonly explore timescale of
hundreds of nanoseconds (see Note 21).

5 Notes

1. The model should describe the system at all-atom detail and
contains no missing regions.

2. The model must capture the chemical interaction between the
target protein and drug molecule.

3. The model should be free of structural clashes or close
contacts.

4. Any artifactual cis peptides in the model should be adjusted to
the trans orientation.

5. The reproduction of realistic solvent conditions is key to mean-
ingful simulation results.

6. Hydrogen coordinates and protonation states should be
assigned to reflect the desired pH of the model’s solvent
environment.

7. An explicit solvent representation should be employed to cap-
ture water-mediated hydrogen bonds between the target pro-
tein and drug.

8. Crystallographically resolved water molecules should be
retained in the model.

9. A distance of at least 15 Å between the protein–drug complex
and the solvent box edges is recommended.

10. A cubic solvent box is most appropriate for long timescale
simulations.

11. Salt concentration of the solvent should mimic conditions of
the model’s realistic environment.

12. Careful placement of local salt ions around the model can
reduce equilibration time needed during the simulation phase
of the project.
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13. The net charge of the final model immersed in its solvent
environment should be neutral.

14. Use the latest version of a force field suitable for biological
macromolecules to describe the protein component of the
system.

15. Use a generalized force field to describe the drug component
of the system, deriving any missing parameters by analogy or ab
initio, such that they are compatible with the protein force
field.

16. Parameters with poor analogy should be validated against
experiment, or optimized by fitting to quantum mechanical
potentials.

17. Minimizing the potential energy of the system is key to resolv-
ing any high energy conformations that may lead to instabilities
going into the simulation phase of the project.

18. The simulation should be slowly heated to a target temperature
that mimic’s the model’s realistic environment.

19. Imposing positional (harmonic) restraints to maintain the pro-
tein fold and drug binding mode during heating, and gradually
releasing those restraints once the target temperature has been
reached, allows the system to slowly adjust to its native envi-
ronmental conditions.

20. Extend the equilibration phase of the project until the property
of interest for the study, e.g., drug binding mode, has
converged.

21. Extend the production (data collection) phase of the project
until sufficient sampling of the system is obtained, e.g.,
hundreds of nanoseconds at minimum for most protein–drug
complexes.
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Chapter 14

Prediction and Optimization of Pharmacokinetic
and Toxicity Properties of the Ligand

Douglas E. V. Pires, Lisa M. Kaminskas, and David B. Ascher

Abstract

A crucial factor for the approval and success of any drug is how it behaves in the body. Many drugs,
however, do not reach the market due to poor efficacy or unacceptable side effects. It is therefore important
to take these into consideration early in the drug development process, both in the prioritization of
potential hits, and optimization of lead compounds. In silico approaches offer a cost and time-effective
approach to rapidly screen and optimize pharmacokinetic and toxicity properties. Here we demonstrate the
use of the comprehensive analysis system pkCSM, to allow early identification of potential problems,
prioritization of hits, and optimization of leads.

Key words ADMET predictions, Computational medicinal chemistry, Drug development, Hit prior-
itization, Lead optimization, Pharmacokinetics, Toxicity

1 Introduction

Drug development is a fine balance of optimizing drug like proper-
ties to maximize efficacy, safety, and pharmacokinetics, with the
ultimate goal being to ensure that it can reach the target site in
sufficient concentrations to produce the physiological effect safely.
Getting this balance right is essential for the successful introduction
into the clinic.

The pharmacokinetic profile of a compound defines its absorp-
tion, distribution, metabolism, and excretion (ADME) properties,
while toxicity describes a compound’s safety profile. Small struc-
tural modifications can significantly affect the pharmacokinetic and
toxicity properties of drug candidates.

Experimental evaluation of small-molecule pharmacokinetic
and toxicity properties is both time-consuming and expensive and
does not always scale reliably between animal models and humans.
To address this, many computational approaches have been devel-
oped to guide compound design and selection throughout the
drug development process (Fig. 1). These rely upon associations
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between the chemical structure of a compound of interest and
experimental data for similar structures, and include data-based
approaches such as 2D and 3D quantitative structure–activity rela-
tionship [1–3], similarity searches [4, 5], and structural-based
methods such as ligand–protein docking [6, 7] and pharmacophore
modeling [8]. While many of these are unfortunately not freely
available, the recent development of pkCSM [9] (http://structure.
bioc.cam.ac.uk/pkcsm) has provided a new freely available tool to
comprehensively characterize the pharmacokinetic and toxicity
properties of your compounds of interest.

pkCSM uses the concept of graph-based structural signatures
to study and predict a diverse and complementary range of
ADMET properties for novel chemical entities, including the
following:

l Absorption: Water solubility, Caco2 permeability, human intesti-
nal absorption, and skin permeability, and whether the molecule
is a P-glycoprotein substrate or inhibitor.

l Distribution: Human volume of distribution, human fraction
unbound in plasma, blood–brain barrier and central nervous
system permeability.

l Metabolism: Whether the molecule is a Cytochrome P450 sub-
strate or inhibitor.

Fig. 1 Screening compound pharmacokinetic and toxicity properties throughout the drug development process
using pkCSM as a way to guide and facilitate the drug design process, minimizing risks of failure due to poor
ADMET
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l Excretion: Total clearance and whether the molecule is a renal
OCT2 substrate.

l Toxicity: AMES toxicity, human maximum tolerated dose, oral
rat acute and chronic toxicity, hERG inhibition, hepatotoxicity,
and skin sensitization.

2 Materials

2.1 Running pkCSM 1. List of compound structures of interest formated as canonical
SMILES:

(a) A SMILES string is a widely used line notation for repre-
senting the atomic composition and structure of chemical
entities. In short, a SMILES can be generated from a
graph representation of a molecule (atoms as nodes and
bonds as edges) by executing a depth-first search, gener-
ating a spanning tree. Several different SMILES strings
can be generated for the samemolecule, depending on the
search algorithm used. Several algorithms, however, have
been developed to generate the SMILES for a given com-
pound in a unique way (Canonical SMILES). Users are
advised to use the OpenEye Canonical SMILES as syntax
noncompliant molecules might not be processed cor-
rectly. Several SMILES strings can be combined into a
file for submission to the pkCSM platform to analyse
multiple structures at once.

(b) Molecules of interest can be converted from and to the
SMILES format using any of several different open source
libraries currently available, including Open Babel [10]
and RDKit. There are also several online resources that
can generate smiles (e.g., https://cactus.nci.nih.gov/
translate/).

2.2 Running

CSM-Lig, Arpeggio and

mCSM-Lig

Any valid Protein Data Bank (PDB) files are acceptable for running
the servers as long as they comply with the format, as defined in
http://www.wwpdb.org/documentation/file-format. This way,
the servers are capable of handling crystallographic structures as
well those generated via molecular docking and homology model-
ing [11–13] (see Notes 1 and 2).

1. CSM-lig:

(a) Structure of the compound bound to the protein target in
PDB format; when no experimental structure of the com-
plex is available, molecular docking can be used to model
the complex.

(b) Ligand information;
l Ligand three-letter code (as used in the PDB file);
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l SMILES string of the ligand bound/docked.

2. mCSM-lig:

(a) Structure of the compound bound to the protein target in
PDB format;

(b) Mutation information, including:

l The mutation code, composed by one-letter code of
the wild-type residue, residue position, and one-letter
code of the mutant residue (e.g., D30N);

l The chain ID of the wild-type residues;

l Ligand three-letter code (as used in the PDB file).

(c) Wild-type affinity in nM. This only needs to be approxi-
mate. Experimental data for many molecules can be found
in the BRENDA database [14]. Alternatively, the pre-
dicted affinity from CSM-lig [7] can be used.

3. Arpeggio:

(a) Structure of the compound bound to the protein target in
PDB format.

(b) To calculate and visualize interactions being made by the
compound, the ligand can be selected from the list of
heteroatom groups. Alternatively, the ligand can be speci-
fied in the format “/a/b/”, where a denotes the chain ID
and the compound number, as used in the PDB file.
Example: /A/30/will select ligand number 30 of chain A.

3 Methods

3.1 Running pkCSM 1. Open up the pkCSM prediction server on a browser (pkCSM is
compatible with most Operating Systems and browsers. We,
however, recommend using Google Chrome): http://struc
ture.bioc.cam.ac.uk/pkcsm/prediction;

2. Provide either an input file with a list of molecules in SMILES
format (up to a maximum of 100 molecules) or supply a single
SMILES string for an individual molecule (Fig. 2a) (see Notes
3 and 4)

3. Choose the prediction mode, selecting either between the
individual ADMET property classes (Absorption,Distribution,
Metabolism, Excretion, and Toxicity) by clicking on their
corresponding button, or run a systematic evaluation of all
predictive models.

4. For single molecules (Fig. 2b), the predictions will be displayed
in tabular format, along with a list of calculated molecular
properties. The information shown include the ADMET prop-
erty being predicted, the predictive model name, the actual
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Fig. 2 pkCSM web interface. (a) depicts the submission page from pkCSM where users can submit either a
single or list of compounds as canonical SMILES to predict their pharmacokinetic and toxicity properties by
clicking in the corresponding buttons. A button for calculation of all ADMET properties is also available.
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predicted value and whether the prediction is numerical, indi-
cating the unit of the predicted value, or categorical. A depic-
tion of the molecule is also shown.

5. Predictions for multiple molecules will be shown in an interac-
tive tabular format that can be downloaded as a CSV file
(Fig. 2c). Users have the option to sort the table by any column
and search/filter specific compounds.

3.2 Interpretation of

Output

1. Additional information about the predictive models and how
to interpret the pkCSM predictions can be found via the The-
ory menu of the web server at: http://structure.bioc.cam.ac.
uk/pkcsm/theory.

2. The five more critical pharmacokinetic parameters are
described below.

(a) Plasma half life—This is the time required for the plasma
concentration of a drug to decrease by 50%. It can be
calculated from the natural log of the ratio of volume of
distribution and clearance.

(b) Oral bioavailability—This is the fraction of a drug that
reaches systemic circulation after oral dosing. One of the
crucial steps of this is a compound’s ability to be absorbed
through the intestine. pkCSM provides two predictive
measures of this—Caco-2 permeability and human intes-
tinal absorption.

(c) Plasma protein binding—Most drugs in plasma will exist
in equilibrium between an unbound state, or bound to
serum proteins. The efficacy of a given drug may be
affected by the degree to which it binds proteins in
blood, as the more that is bound the less efficiently it can
traverse cellular membranes or diffuse. This can affect
renal excretion, blood–brain barrier permeability, and
interactions with the target of interest. Hydrophobic
compounds often will bind nonspecifically to many hydro-
phobic sites on many proteins. High-throughput screen-
ing often identifies hydrophobic hits, which can be
extremely difficult to optimize. Conversely, engineering
plasma protein binding has been used to improve the half-
life of peptides by reducing renal excretion. pkCSM pre-
dicts the fraction of a drug that will remain unbound,
based upon human data.

�

Fig. 2 (continued) (b) shows the result page for the predictions of Absorption properties for a single molecule.
The molecular properties of the ligand are shown on the left hand side of the screen. (c) shows the results
page for the prediction of Distribution properties for multiple molecules. The results can be downloaded as a
tab-separated file
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(d) Volume of distribution—The volume of distribution is the
theoretical volume that the total dose of a drug would
need to be uniformly distributed across to give the same
concentration as in blood plasma. The higher this num-
ber, the more the drug distributed in tissues as opposed to
plasma. Hydrophilic and negatively charged compounds
often have small volumes of distribution, as they do not
diffuse effectively into tissues. Compounds that are mostly
bound to plasma proteins will also appear to have a small
volume of distribution. Hydrophobic and positively
charged compounds often have large volumes of distribu-
tion as they can readily dissolve in and interact with the
negatively charged cell membrane. pkCSM predicts the
logarithm of the steady state volume of distribution based
upon human clinical data. The ideal volume of distribu-
tion depends upon the disease being treated and the
targeted half-life. For example, often a large tissue distri-
bution, corresponding to a large volume of distribution is
often considered desirable for antibiotics and antivirals
targeting intracellular pathogens. By contrast, compounds
with a small volume of distribution enable better control
of drug plasma levels, important for compounds with
small therapeutic windows. Distribution, targeting and
clearance of small molecules can also be altered through
the use of drug carriers [15].

(e) Clearance—This is the rate at which plasma is cleared of
the drug. Drug clearance occurs primarily as a combina-
tion of hepatic clearance (metabolism in the liver and
biliary clearance) and renal clearance (excretion via the
kidneys). It is related to bioavailability, and is important
for determining dosing rates to achieve steady-state con-
centrations. pkCSM predicts the total clearance of a drug
based upon data from humans.

3. Toxicity measurements are important to consider relative to the
concentration of a compound needed to exert a therapeutic
effect. This is known as the Therapeutic Index/Window—the
ratio of the dose that leads to lethality in 50% of the population
(Rat LD50 in pkCSM) divided by the minimum effective dose
for 50% of the population. Larger therapeutic indices are pref-
erable since a much larger dose of a drug would need to be
administered to reach the toxicity threshold than that needed
to elicit the therapeutic effect.

3.3 ADMET

Optimization of

Screening Libraries

1. When developing a screening library, or identifying analogs to
screen, for a particular condition, it is worth tailoring it in order
to enrich it for compounds with more favorable properties.

2. Identifying analogues to screen can help expand and develop
the initial hit. This is often performed through 2D and 3D
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similarity searches of initial hits using databases of compounds
from your commercial suppliers (analoging by cataloging) or
large databases (such as the ZINC database: http://zinc.doc
king.org/search/structure).

3. Compounds should be screened for potential problems includ-
ing PAINS groups [16], mutagenic groups and groups with
known toxicity issues.

4. While maintaining broad chemical diversity, the library can be
screened through pkCSM and used to enrich particular ADMET
features favorable for the target protein/disease (e.g., BBB per-
meability for neuroactive compounds [12, 17–19]).

3.4 Modifications to

Improve ADMET

Properties

1. pkCSM predictions can be used when composing screening
libraries, enriching them with compounds that suit the drug
target. For example, when screening for neuroactive com-
pounds, it would make sense to enrich your screening libraries
for compounds with high blood–brain barrier and central ner-
vous system permeability.

2. However, when a lead compound has been identified, there are
chemical modifications that can be performed which may
improve the pharmacokinetic and toxicity profile. Small struc-
tural modifications can significantly affect the pharmacokinetic
and toxicity properties of drug candidates.

3. Using the multiple molecule prediction mode of pkCSM, large
libraries of analogues can be screened to identify compounds
with promising ADMET profiles. A few common medicinal
chemistry strategies used to improve pharmacokinetic profiles
are described below. It is always worth bearing in mind how any
proposed alterations might affect how the compound binds to
the target of interest. While sometimes a successful strategy,
there are many times when new cores will need to be explored
in order to move away from these unfavorable properties.

(a) Improving oral bioavailability: Oral bioavailability is a func-
tion of the proportion of a drug absorbed through the
intestine, and the amount that is metabolized in the liver
before entering the systemic circulation. Passive intestinal
absorption correlates with size, with absorption decreasing
as molecules polar surface area increases beyond 60 A2,
with negligible absorption observed beyond 140 A2.
Charged and hydrophilic compounds absorb best when
their molecular weight is below 200 Da, and hydrophobic
compounds need to be at least partially water soluble.

(b) Improving metabolism profile: High levels of cytochrome
P450 metabolism will reduce oral bioavailability and
plasma half life [20]. This can be reduced through altering
the logP and PSA, and by blocking hydroxylation through
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fluorination and introduction of heteroatoms at potential
sites of hydroxylation.

Other forms of metabolism to watch out for include
metabolism by alcohol dehydrogenase, oxidases and
reductases, esterases, phosphatases, and proteases; and
adduction by strong nucleophiles including glutathione.
Alternatively, sometimes metabolic inhibitors can be used
to potentiate drug action [21, 22].

(c) Improving excretion profile: High levels of renal excretion
will lead to lower plasma half lives. Increased levels of
protein plasma binding and volume of distribution can
reduce renal excretion. Some charged molecules may be
actively secreted. Neutral and lipophilic compounds may
be resorbed back into plasma.

(d) Improving permeability: Blood–brain barrier permeability
is linked to small (below 600 Da, polar surface area below
40 A2), uncharged, lipophilic compounds (logP above 0)
with few rotatable bonds. Groups that form hydrogen
bonds reduce blood–brain barrier permeability. Blood–-
brain barrier permeability may also be decreased through
active excretion by P-gp transporters.

(e) Avoiding toxicity: Currently, along with lack of efficacy,
toxicity issues are the main reason for drug failure. Similar
to how the incorporation of ADME screening into the early
drug development pipeline drastically reduced failures
(in the 80s and 90s pharmacokinetic failures were a leading
cause of drug failures), consideration of toxicity issues early
in the drug development process can mitigate these issues.
Strong electrophiles, and functional groups that are prone
to the formation of strong electrophilic metabolites, are
often toxic and/or mutagenic. Chromophores such as qui-
nolines may be phototoxic and lead to skin sensitization.
Inhibition of human Ether-a-go-go related gene has been
linked to the withdrawal of several drugs that led to cardiac
complications, and should be avoided.

3.5 Identification of

Changes to Affinity

1. Any changes to the drug need to be considered with respect to
how they may alter binding to the target. Using a structure of
the compounds with the target, these effects can be explored in
different ways.

2. Calculating interatomic interactions between protein and
ligand: A map of important molecular interactions being
made by a compound can be generated and visualized using
the Arpeggio webserver [23] (http://structure.bioc.cam.ac.
uk/arpeggio/). Figure 3a shows the Arpeggio’s results pages.
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Fig. 3 Assessing different aspects that influence protein–ligand affinity. (a) depicts the result page for
Arpeggio. A color-coded list of identified interactions and their number is exhibited. (b) shows the result
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Users have the option to download a Pymol session file to
visualize the interactions calculated (see Note 5).

3. Calculating protein–ligand affinity and assessing docking poses:
While docking scores have been considered unreliable, a range
of new approaches are providing more accurate estimations of
binding affinity. For example, the binding affinity of modified
compounds can be predicted using CSM-lig [7] (http://struc
ture.bioc.cam.ac.uk/csm_lig/). Figure 3b shows CSM-lig
results page. Users have the option to asses either a single
protein–ligand complex or submit a compressed file with mul-
tiple poses (limited to 50 MB in size) (see Note 6).

4. Calculating effects of mutations and identifying resistance
mutations: Potential resistance mutations can be identified
using mCSM-lig [24–26] (http://structure.bioc.cam.ac.uk/
mcsm_lig/). This can be used to help identify likely resistance
mutations early in the drug development process [27], in order
to minimize interactions with these resistance hot-spots. When
considering possible resistance mutations it is important to
consider other affects the mutation might have upon protein
stability [28–31] and other interactions [24, 28, 32–37]. The
mCSM-lig results page is shown in Fig. 3c (see Note 7).

4 Notes

1. When uploading a PDB structure generated via homology
modeling or docking, make sure a valid chain ID is present.
The servers will not accept white spaces as valid chain IDs. You
can renumber the chain using a text editor, pymol or web
servers (http://www.canoz.com/sdh/renamepdbchain.pl).

2. When using NMR solved structures, it is a good practice to
select a single model to be submitted (even though the servers
will automatically select the first model).

3. If your compound will not run on pkCSM, make sure that you
are using Canonical SMILES.

4. When uploading a file for the servers (e.g., a list of SMILES for
pkCSM, a list of mutations for mCSM-lig) make sure that you

�

Fig. 3 (continued) page for CSM-lig. A Pymol session with calculated interactions is available, as well
as the calculated ligand properties and its molecule depiction. The predictions are given as the -log(KD or
Ki). (c) shows the result page for mCSM-lig. The mutation information is shown and the prediction is given as
the log(affinity fold change). Negative values, which will be colored in red, denote mutations reducing ligand
affinity
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upload a purely textual file, as other formats will now be
recognized (e.g., .doc, .xls, and others).

5. If your protein will not run on Arpeggio, mCSM-lig or
CSM-lig it is worth checking the PDB structure for nonstan-
dard entities, including:

l Nonstandard atom groups (e.g., metal atoms such as zinc in
capitals ZN);

l Nonstandard residues;

6. Other possible causes of error while running servers that rely
on protein–ligand complexes include:

(a) Ligand is missing from the structure;

(b) Ligand information (ID/number/chain) does not match
the provided PDB file;

(c) In the case of mCSM-lig, mutation information is not
compatible with PDB file (wild-type residue could not
be found in the provided position/chain).

7. Structures with multiple ligands bound might interfere with
the predictions (especially if they are in close proximity to the
ligand or mutation of interest) since they will be taken into
consideration in the calculations.
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Chapter 15

Protein–Protein Docking in Drug Design and Discovery

Agnieszka A. Kaczor, Damian Bartuzi, Tomasz Maciej Stępniewski,
Dariusz Matosiuk, and Jana Selent

Abstract

Protein–protein interactions (PPIs) are responsible for a number of key physiological processes in the living
cells and underlie the pathomechanism of many diseases. Nowadays, along with the concept of so-called “hot
spots” in protein–protein interactions, which are well-defined interface regions responsible for most of the
binding energy, these interfaces can be targeted with modulators. In order to apply structure-based design
techniques to design PPIs modulators, a three-dimensional structure of protein complex has to be available.
In this context in silico approaches, in particular protein–protein docking, are a valuable complement to
experimental methods for elucidating 3D structure of protein complexes. Protein–protein docking is easy to
use and does not require significant computer resources and time (in contrast to molecular dynamics) and it
results in 3D structure of a protein complex (in contrast to sequence-based methods of predicting binding
interfaces). However, protein–protein docking cannot address all the aspects of protein dynamics, in particu-
lar the global conformational changes during protein complex formation. In spite of this fact, protein–protein
docking is widely used tomodel complexes of water-soluble proteins and less commonly to predict structures
of transmembrane protein assemblies, including dimers and oligomers of G protein-coupled receptors
(GPCRs). In this chapter we review the principles of protein–protein docking, available algorithms and
software and discuss the recent examples, benefits, and drawbacks of protein–protein docking application to
water-soluble proteins, membrane anchoring and transmembrane proteins, including GPCRs.

Key words Drug design and discovery, GPCRs, Molecular modeling, Protein–protein docking,
Transmembrane proteins, Water-soluble proteins

1 Introduction

Protein–protein interactions (PPIs) are at the heart of most cellular
processes as they are involved in a number of cellular phenomena
and greatly contribute to the complexity and diversity of living
organisms [1]. The human interactome has been estimated to
cover about 400,000 PPIs [2]. Protein–protein interactions under-
lie the very basics of any aspect of life, including protein regulation
or signal transmission. Malfunctions of such interaction patterns
may result in cancer or immune disorders [1]. Gathering knowl-
edge on interactions of viral or bacterial protein can facilitate the
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design of vaccines or anti-infective drugs. Protein–protein interac-
tions are thus responsible for various functions of the cell. The
nature of those interactions can be better explained by applying
three-dimensional structures of protein–protein complexes and
binding affinity data [3]. Understanding the physical and structural
principles which govern proteins binding is a challenging and only
partially resolved problem in structural bioinformatics [4].

Targeting protein–protein interactions by small-molecule modu-
lators has received a considerable attention as a drug design approach,
conditioned, however, by the knowledge of 3D structure of a protein
complex. [5]. Unfortunately, design of compounds targeting protein
complexes has been hampered for a long time by the typical large and
flat nature of protein interaction surfaces, often missing clear pockets
for potentialmodulators [2]. The discovery of so-called “hot spots” in
PPI interfaces which are well-defined regions responsible for most of
the protein–protein binding energy has enabled the design and dis-
covery of small molecule modulators, including orthosteric PPI inhi-
bitors, stabilizers, and allosteric modulators [2].

In order to design PPI modulators, the 3D structure of the
protein–protein complex has to be known from experimental or
computational studies. As the number of X-ray-resolved protein–-
protein complexes is limited in available databases, computational
approaches are a method of choice [6–8] when obtaining a reliable
structure of the complex. In particular, protein–protein docking
(PPD), which is not as resource-demanding as molecular dynamics,
is commonly used for predicting the structures of protein com-
plexes. While small-molecular docking is one of the most com-
monly applied molecular modeling methods (starting from the
DOCK method published in 1982 by Kuntz et al. [9]), it should
be stressed, however, that protein–protein docking is as old method
(or even older) as traditional small-molecular docking [8], as the
first true example of protein–protein docking originates to as early
as 1970s [10]. Unfortunately, PPD is often much more problem-
atic than docking of small molecules. One of the main reasons is the
dynamic nature of proteins. While small molecules have a limited
number of degrees of freedom, and some of them are rigid and
well-defined, a typical protein structure undergoes constant fluc-
tuations to a remarkable degree, and therefore should rather be
considered as an ensemble of structures. This raises the problem
with generating sufficient ensemble of conformations of docked
proteins. Moreover, while a small-molecule orthosteric binding site
can be reliably identified with various methods, identification of
protein interaction interfaces is a challenging task. In terms of pose
sampling, it is a bit easier when at least one of the partner is a
membrane-spanning protein, because then it is possible to restrict
the search for interaction interfaces to some protein surfaces (trans-
membrane regions when both partners are membrane-spanning
proteins, or extracellular/intracellular when the other protein is
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soluble). Meanwhile, docking of two soluble proteins has to be
careful and well validated.

Despite these difficulties, protein–protein docking is currently a
well-established method, albeit not as widely used as small-
molecular docking [8]. The number of reports on protein–protein
docking applications are growing at an extraordinary rate. It can be
explained by the emerging enormous importance of PPIs in many
fields. The huge number of reports makes a detailed review impos-
sible to fit in this chapter. However, some of the most recent reports
may serve as good examples of various strategies of input data
preparation, docking, and analysis of the results.

2 Basic Principles of Protein–Protein Docking

Although it could be expected that the performance of protein–-
protein docking is far below the one of small-molecular docking
[8], an excellent review by Joël Janin [11] clearly does not support
this assumption. Moreover, The Critical Assessment of PRedicted
Interactions (CAPRI) [10–13], a community-wide initiative estab-
lished in 2001, regularly reports the considerable progress in pro-
tein–protein docking algorithms and more and more reliable
protein complexes structure prediction [14]. Among 42 CAPRI
protein–protein complexes modeled in 2001–2010 only six have
not been successfully modeled.

Docking of two proteins requires appropriate rotational and
translational positioning of the binding partners, which can be
efficiently solved by fast-Fourier transformation techniques or geo-
metric hashing techniques, both referred to as rigid-body docking
[15]. A common assumption of protein–protein dockingmethods is
that protein–protein interaction can be modeled based on shape
complementarity and using simplified amino acid models (in a simi-
lar fashion as typically used in early daymolecular mechanics united-
atom force fields) [8]. Rigid-body docking programs usually locate
one protein in a fixed positionwhile the other ismoved, exploring its
rotatranslational space around the first one [16]. The process of
docking usually consists of two or three steps [17] which include:
(a) the searching stage which involves generation of putative pro-
tein–protein complexes, (b) the sampling stage which involves clus-
tering and scoring of complexes obtained in stage (a), and (c) the last
stage which includes refinement (optional) and ranking of potential
solutions (scoring, filtering) [16]. In the scoring step, the candidate
protein complexes are evaluated using scoring functions reflecting
the geometric and physicochemical complementarity of the pro-
teins, using measures that describe electrostatics, H-bonding inter-
actions and solvation, and that might include also empirical
potentials or database-derived functions [16].

While originally most of the protein–protein docking methods
were based on the rigid-docking approach, the majority of the
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present approaches are able to consider at least protein side-chain
flexibility [8]. Flexibility is a critical condition of the quality of
protein–protein docking, as in the CAPRI experiment most of the
failures are connected with inaccurately predicting protein confor-
mational changes upon protein–protein interaction [8]. One possi-
bility to directly apply computationally efficient rigid docking
algorithms is to indirectly consider receptor flexibility by represent-
ing the receptor target as an ensemble of structures (e.g., fromNMR
studies or molecular dynamics simulations) [17]. A limited number
of starting configurations (in case of knowledge of the binding sites)
can bemodeled by combination of dockingwithmolecular dynamics
or Monte Carlo simulations which enables full atomic flexibility or
flexibility restricted to relevant parts of the proteins during docking
[17]. In case of some protein complexes, not only partner adjust-
ment occurs during the process of binding, but also a global confor-
mational change takes place. In such a situation Elastic Network
Model (ENM) calculations (based on simple distance-dependent
springs between protein atoms) may be successfully used to address
the mobility of proteins around a stable state [17]. Another possibil-
ity is to apply soft collective normal mode directions as additional
variables during docking by energy minimization [17].

3 Algorithms and Software for Protein–Protein Docking

Global docking programs that are used for ab initio docking,
sample the relative binding orientations or poses between interact-
ing proteins over all six translational and rotational degrees of
freedom without the necessity of knowledge about the binding
site [5]. Due to the high cost of the searching stage of docking,
an efficient search strategy is critical for good performance of global
docking software. In this context, the majority of available global
docking programs make use of FFT (Fast Fourier Transform) cor-
relation search algorithms (FTDock, GRAMM, MolFit, DOT,
ZDOCK, PIPER), while few global docking programs such as
ATTRACT, PatchDock, and SwarmDock are based on other
types of search strategies like randomized search or local shape
matching over the whole protein [5]. Because of the required
computational efficacy, some early docking programs used only
simple scoring functions including shape complementarity and/or
hydrophobic interactions (e.g., GRAMM or MolFit). More
advanced programs, such as PatchDock uses geometric hashing
for fast surface patch matching [5]. ZDOCK also employs an
advanced pairwise method to use efficiently shape complementarity.
Electrostatic interactions contribution was first introduced in Fit-
Dock and later became routine in such programs likeMolFit, DOT,
HEX, and ATTRACT. The desolvation effects are also considered
in ZDOCK, FRODOCK, and SDOCK. A summary of main global
docking programs is given in Table 1.
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Table 1
A summary of global docking programs

Software Search algorithm Scoring function
Reference
(s)

ATTRACT Randomized search LJ-type effective potentials and
electrostatics

[18]

PatchDock/
SymmDock

Local shape match Geometric shape complementarity [19]

FTDOCK FFT-based correlation Shape complementarity and
electrostatic interactions

[20]

GRAMM FFT-based correlation Shape and hydrophobic match [21]

GRAMMX FFT-based correlation Soft Lennard–Jones potential,
evolutionary conservation of
predicted interface, statistical
residue–residue preference,
volume of the minimum, empirical
binding free energy and atomic
contact energy

[22]

MolFit FFT-based correlation Geometric complementarity,
hydrophobic complementarity,
and electrostatic interactions

[23–25]

DOT FFT-based correlation van der Waals and electrostatic
energies

[26, 27]

ZDOCK FFT-based correlation Shape complementarity,
electrostatics, and knowledge-
based pair potentials

[28]

PIPER FFT-based correlation Shape complementarity, electrostatic
interactions, and knowledge-based
pair potentials

[29]

SDOCK FFT-based correlation van der Waals attractive potential,
geometric collision, electrostatic
potential, and desolvation energy

[30]

ClusPro FFT-based correlation Shape complementarity, electrostatics
and desolvation energy

[31, 32]

HEX SFT-based correlation Surface complementarity and
electrostatics

[33]

FRODOCK SFT-based correlation van der Waals, electrostatics, and
desolvation

[34]

HADDOCK Randomization of orientations and
rigid body energy minimization
followed by semi-rigid simulated
annealing in torsion angle space,
and finally refinement in
Cartesian space with explicit
solvent

Sum of intermolecular van der Waals,
electrostatic, ambiguous
interaction restraint energy, the
buried surface area and the
desolvation energy

[35, 36]
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4 Application of Protein–Protein Docking to Water-Soluble, Membrane-Anchoring,
and Integral Membrane Proteins

Most protein–protein docking software was tailored for water-
soluble proteins (Fig. 1). There are a number of attempts to evalu-
ate protein–protein docking software for this purpose. In particu-
lar, the protein–protein docking benchmark 4.0 by theWeng group
[37] was used to evaluate the docking performance of available
software. The benchmark has a total of 176 diverse targets includ-
ing 52 enzyme–inhibitor, 25 antibody–antigen, and 99 cases with
other function. Huang et al. [5] performed a comprehensive assess-
ment of the 18 docking/scoring protocols of 14 global docking

Fig. 1 Example of protein–protein interaction interfaces considered in particular classes of proteins. (a)
Transmembrane protein dimerization involves only transmembrane domains, which restricts interface search
to these regions only (yellow), which can facilitate docking as long as the software allows for appropriate
settings. On the other hand, interactions of transmembrane proteins with soluble proteins are likely to involve
the solvent-exposed regions only (blue; on the example of a GPCR, discussed farther in the main text, PDB ID:
4dkl). (b) Also dimerization of membrane-anchored proteins is to some extent facilitated by supposed
restriction of possible dimerization interface localization (yellow; on example of K-Ras protein investigated
by Prakash et al., discussed in the text, PDB ID: 4lv6). (c) In turn, soluble proteins are surrounded by solvent,
and a binding partner can approach from any side (the entire surface can potentially bind proteins, which is
indicated by yellow surface; on example of viral capsid protein investigated by Antal et al., which is discussed
in the text, PDB ID: 1za7)
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programs on the protein docking benchmark 4.0. They demon-
strated that the docking performance depends on the target and no
program is able to perform well for all the cases of the benchmark,
though some algorithms are more robust than others [5]. They
concluded that ZDOCK3.0.2, SDOCK, and PIPER resulted in the
relatively higher success rates with 30.7%, 22.7%, and 21.0% for top
ten predictions. Moreover, ZDOCK3.0.2, ATTRACT, and FRO-
DOCK are all good choices if more predictions can be evaluated
which is often the case in a postdocking approach [5].

Not only the suitability of the programs but also other factors
might affect the docking results. Vajda et al. [38] demonstrated
that the success in protein–protein docking experiment depends on
three factors: (a) the quantity of conformational changes upon
binding, (b) the area of interface surface, and (c) the hydrophobi-
city of the interface which allows to classify the docking tasks into
five groups based on the difficulty of docking [16]. Briefly, Vajda
et al. [38] postulated that docking is facilitated by low conforma-
tional change upon complex formation (Ca RMSD < 2 Å) (see
Note 1), a large surface interface (700–1000 Å), and high hydro-
phobicity (DGdes < �4.0 kcal/mol).

Some of the most recent examples of application of protein–-
protein docking (PPD) software to water-soluble and membrane-
anchoring proteins described below provide a general overview on
the potential and importance of the method.

In the field of cancer research Ramatenki et al. focused on the
ubiquitin-conjugating enzyme E2D4 and its binding partner, ubi-
quitin ligase CHIP. They used a range of tools to identify putative
binding sites, and dock the ligase with PatchDock server [19]. The
resultant complex structure was used for further virtual screening.
Unfortunately, the study lacks any experimental validation. How-
ever, it is an example of application of protein–protein docking for
design of small-molecule ligands.

Selent et al. [39] used protein–protein docking with Patch-
Dock to model the survivin/CDK4 complex. Survivin is the smal-
lest known inhibitor of apoptosis protein (IAP) and a valid target
for cancer research [39]. Selent et al. also assessed electrostatic
complementarity using APBS software and shape complementarity
based on fractal approach [40–43]. They performed molecular
dynamics simulation to obtain a refined survivin/CDK4 model
that can be used for structure-based design of inhibitors modifying
its interface recognition (see Note 2).

Research on viral infections can also take advantage from PPD.
A very interesting and promising application was recently reported
by Yoshiyuki Suzuki [42]. It focuses on the problem of interspecies
transmission of viruses, which poses a potential threat for present
medicine. He investigated interactions of a viral protein from mea-
sles virus with a transmembrane protein—signaling lymphocyte
activation molecule (SLAM). The protein is known to be one of
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the main players involved in virus entry. Variants of the protein
found in various species show different propensity to be targeted by
the virus. Suzuki used this fact in his computational study. He
prepared models of various variants of SLAM and performed dock-
ing of the viral protein with ClusPro. It turned out that the docking
score values appropriately ranked SLAM variants with different
potential of viral protein binding. Suzuki proposes this approach
as a possible method for evaluation of the risk of viral interspecies
transmission.

Another valuable application of PPD to understand viral infec-
tion mechanisms was reported by Dar et al. [43]. They focused on
the problem of the Zika virus infections. The problem is important,
since there is an increase in the number of infections, while there is
no FDA approved drug for Zika treatment. Dar et al. investigated
interactions of Zika non-structural protein 5 (NS5) with targets in
human cells, i.e., signal transducer and activator of transcription
2 (STAT2) and seven in absenthia homolog 2 (SIAH2). The study
contributes to understanding of how the virus decreases antiviral
response in infected individuals. The input was carefully elaborated;
for example, the authors prepared the input structures with short
molecular dynamics simulations instead of utilizing rough mini-
mized X-ray structures. The docking step was performed with
HADDOCK.

While studies of Dar et al. and of Suzuki touch the problem of
viral infections, a recent work of Antal et al. utilizes viral proteins for
a more general study [44]. They use a viral capsid protein as an
example of a protein with multiple interaction surfaces, capable of
spontaneous hierarchical oligomerization into capsids. For
instance, they use Rosetta and Amber for rescoring the results.
Rosetta and ZDOCK were used for blind docking. Their approach
allowed for estimation of possible oligomerization order, starting
from dimer formation and further to higher-order complexes.

Mechanisms of bacterial infections can also be elucidated with
PPD. Such efforts can support design of efficient vaccines. For
instance, Hossain et al. recently examined antigenic proteins of
Mycobacterium tuberculosis [45]. The aim of their study was to
find a bacterial protein suitable as a target for potential vaccines.
The initial search performed with Vaxign server [46] suggested that
the extracellular protein 85B might be a favorable target. Subse-
quently, the docking simulation with Molsoft ICM pro [47] was
used to investigate interactions of the epitope with the major
histocompatibility complex proteins (MHC).

MHC is a group of protein complexes responsible for proces-
sing of antigens and presenting them to T lymphocytes. Rawal et al.
recently investigated an MHC complex called DM, formed by
association of DMa and DMb subunits [48]. They used the Com-
puted Atlas of Surface Topography of Protein (CASTp) server [49]
to find putative residues participating in the interaction. The
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identified residues were used as docking restraints in HADDOCK.
They generated a large initial population of complexes, and 20% of
the top scoring results were subjected to next iteration, refined and
scored with HADDOCK score, Z-score and electrostatic energy
values. The best cluster of complexes was analyzed with PISA
(Protein Interfaces, Surfaces, and Assemblies) [50].

The study of Rawal et al. used PPD as a complement of experi-
mental study, which allowed for better characterization of the
investigated complex. The in silico part of the work focused on
preparation and examination of a static complex structure. In turn,
a recent work of Sinha et al. investigates dynamic behavior of a
complex of an enzyme (trypsin) and an enzyme-activated protein
(Complement component 4) with PPD and subsequent molecular
dynamics simulations [51]. The docking was performed with Clu-
sPro server. The molecular dynamics step was performed with
Gromacs. Notably, the trajectory analysis was performed with Prin-
cipal Component Analysis which is, next to information theory-
based methods, one of the best ways of getting insight into under-
lying mechanisms of protein function. The study provided some
insights into activation of complement components.

A recent contribution of Prakash et al. can serve as a great
example of a complex study in the field of cancer research, employing
protein–protein dockingmethod [52]. It focuses onK-Ras4B.Muta-
tions of this protein are responsible for a significant percent of human
cancers. The protein contains a membrane-anchoring fragment,
which facilitates rejection of the least probable docking results. The
dockingwas based on previous studies, which provided some insights
into possible dimerization interfaces with probe-based molecular
dynamics. These putative interfaces were used during docking with
RosettaDock. Docking results were grouped in clusters, and cluster
representatives were investigated with regular molecular dynamics
simulations in membrane. This step allowed for rejection of com-
plexes which dissociated, and the complexes which improved their
interaction energy and presented increase in the buried surface area
were chosen for further investigation. The computational part of the
study allowed for identification of key regions crucial for dimeriza-
tion. Subsequentmutagenetic study confirmed the role of postulated
interactions in dimerization. The work of Prakash et al. demonstrates
how the protein–protein docking study, preceded by careful interac-
tion interface prediction and followed by experimental validation can
provide valuable insight into protein behavior.

5 Application of Protein–Protein Docking to GPCR Oligomers

G-protein coupled receptors (GPCRs) are a class of receptor pro-
teins that constitute the largest part of transmembrane proteins in
the human genome. Currently they are the molecular target of
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above 30% of marketed drugs [53]. Receptors belonging to this
class share a common topology of seven transmembrane helixes,
connected by three extracellular and intracellular loops, and an
amphipathic helix 8. They react to extracellular stimuli like light
or chemical molecules, and in response initiate diverse signaling
cascades through binding with intracellular signaling agents. Due
to their diversity and ubiquity in the human organism, these recep-
tors are involved in almost every aspect of human physiology and
various diseases [54].

The initial understanding of those proteins was that they elicit
their signaling response as a consequence of interacting with vari-
ous ligands in a 1:1 stoichiometry [55]. Currently, overwhelming
experimental data suggests that those proteins can form dimers and
higher order oligomers with other GPCRs. Intriguingly, those
complexes have a different signaling profile than a monomer
[56–58], and in fact in C-class receptor, dimer formation is obliga-
tory for canonical function [59]. Moreover, in A-class some signal-
ing pathways cannot be initiated by monomer proteins [60, 61]. It
also appears that there exists functional allosteric cross talk between
receptors in a dimer, thus activation of one of the receptors through
binding of a molecule can have effect on the other (i.e., change its
ligand affinity) [62, 63]. Although GPCR dimerization seems to be
an established concept, there is still a debate over prevalence of
oligomerization and to what extent it impacts signaling
[64, 65]. These doubts arise, because observed phenomena can
be artifacts derived from protein overexpression [66, 67], and also
current methods to study oligomerization describe protein–protein
proximity, but not stability of formed oligomers [65].

Alterations in the formation of dimers in GPCRs have been
suggested to be involved in many pathological conditions
[68, 69]. Since those conditions are related to the dimer, and not
one receptor alone, targeting oligomers shows promise for a tai-
lored and effective therapeutic intervention. Such ligands can uti-
lize two strategies (Fig. 2):

l Act through both proteins forming the dimers, thus stabilizing
the dimer.

l Bind to the dimer binding site to prevent its formation.

Ligands from the first group (called multivalent or bivalent
ligands) consist of pharmacophores, which are able to bind specific
receptors forming the oligomer, a spacer connecting them, and two
linkers connecting the pharmacophores to the spacer [70]. Ligands
from the second group are primarily peptides [71–74].

Obtaining reliable GPCR multimer structures enables further
insight into the dynamics of dimer formation, stability, and rational
design of ligands targeting dimers (i.e., adjusting the length and
flexibility of the spacer in case of bivalent ligands). That being said,
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it is very hard to obtain experimentally solved structures of GPCR
multimers. Currently, the GPCR-OKB database holds information
of about 192 distinct GPCR multimers [75]. Among them only a
very small fraction has an available experimentally solved crystal
structure. Moreover, all of the available structures are homodimers,
whereas detailed structural insights into heteromers are completely
missing.

Numerous experimentally solved structures of individual pro-
teins forming the multimer (protomers) exist. Furthermore,
homology modeling is highly efficient in predicting their structure
[76], and thus it is tempting to utilize PPD for obtaining structural
insights into the structure of GPCR oligomers.

PPD is not commonly used to model complexes of transmem-
brane proteins (Fig. 1). The same research group [78] published an
extension to the outer membrane phospholipase A protein
(OMPLA) of the docking-based protocols previously developed
for quaternary structure predictions of transmembrane oligomeric
proteins and for estimating mutational effects on the thermody-
namics of protein–protein and protein–DNA association.

Fig. 2 A schematic representation of two drug design strategies when targeting GPCR dimers: (a) Ligands that
stabilize and facilitate the formation of dimers; (b) ligands that prevent the formation of dimers, by competi-
tively binding to sites involved in GPCR-GPCR binding
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Recently an extensive benchmark study was carried out, evalu-
ating most of the currently available protein–protein docking pro-
tocols in respect to their ability to correctly predict transmembrane
dimer structures [16]. The authors studied eight protein–protein
docking tools, i.e., ZDOCK, ClusPro v.1.0, HEX, GRAMM-X
v.1.2.0, PatchDock (version beta 1.3), SymmDock (version beta
1.0), and HADDOCK. They used blind docking; only in case of
HADDOCK they indicated a pair of residues for interaction as only
such an option was available. They selected multimeric transmem-
brane proteins with known crystal structure deposited in PDB
database. In case of proteins which are for example pentamers
they divided a complex into two parts for docking or applied a
symmetric docking, i.e., a construction of a pentamer model based
on the structure of a monomer. In all the experiments they
obtained ten models that were characterized with B_RMSD (the
lowest RMSD in comparison to the crystal structure) and
A_RMSD (the average RMSD in comparison to the crystal struc-
ture). In addition, they determined CAPRI parameters and struc-
tural parameters, such as complex surface area, interface area, and
polar and hydrophobic contributions to complex surface area and
interface area. The analysis of results regarding B_RMSD indicated
that the best docking results were obtained with GRAMM-X
(median 0.27 Å) and ZDOCK (median 4.20 Å). The values of
median of A_RMSD were similar for all the studied tools
(11–13 Å). It can be concluded that best protein–protein docking
tools result in a few correct models which need to be separated
from a great number of incorrect models. Thus, it is not problem-
atic to obtain a correct model but it is a challenge to select scoring
functions for the obtained population of models which place the
correct models on the top of the ranking list (see Note 3). The
encouraging results obtained using GRAMM-X may be illustrated
by the fact that it was possible to reconstruct 9 of 12 studied
complexes using this tool. As a comparison, the next successful
tools, i.e., ZDOCK, HADDOCK, ClusPro (symmetric docking),
and HEX were able to reconstruct four correct models only.
Importantly, only one correct model was obtained with ClusPro
using unsymmetrical docking. The main advantage of GRAMM-X
over other tools may be connected with the presence of evolution-
ary conservation score (for interface) in a scoring function in this
tool. The authors also analyzed structural features of transmem-
brane proteins which facilitate or hamper the application of pro-
tein–protein docking approach for generating reliable models. As it
can be expected, it is easier to model transmembrane protein
complexes with a large interface rich in structurally complementary
cavities. This explains the lack of success in application of protein–
protein docking technique to GPCR dimers. It is also well-known
that if the complex formation is accompanied by a significant
conformational change, protein–protein docking approach is not
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able to consider this change in conformation (see Note 2). The
obtained results indicate that protein–protein docking should be
used with great care when applied to modeling transmembrane
protein complexes. Moreover, the main problem is to select a
correct model from a large population of obtained models. It can
be facilitated by taking into consideration the degree of evolution-
ary conservation of the interface and surface roughness.

One of the issues that prohibit protocols optimized for aque-
ous proteins to be used for GPCRs is scoring. When carrying out
protein–protein docking, desolvation energy is an important
scoring factor in many PPD methods. However, desolvation
energy of aqueous proteins is an estimate of the energetic effect
of residues which go out of the aqueous solution when engaging
in protein–protein contacts [77]. This parameter is inaccurate
for membrane proteins as they mainly desolvate from a hydro-
phobic membrane environment instead of an aqueous solution
(see Note 3).

Currently there exists a protocol that aims specifically at gen-
erating accurate GPCR oligomer structures [79]. The approach
generates 144 input structures by rotating each monomer by an
increment of 30�, and submits those complexes to docking by
Rosetta [80]. Afterward each complex is scored based on an exten-
sive consensus approach tailored toward GPCR proteins that incor-
porates 11 scoring factors. The protocol provided satisfactory
predictions for the structure of GPCR dimers available at the
time. This protocol was used to model the dopamine D2 receptor
homodimer [81] resulting in asymmetric dimer model with
TM1-TM2-TM4-TM5 interface [82]. To our knowledge, cur-
rently there are no other protocols aimed specifically at GPCRs,
although in recent years a few other protocols aimed at membrane
proteins have been developed.

The membrane-protein version of DOCK/PIERR [83] scores
generated poses based on empirically derived residue contact
potentials and further rescores them using a membrane protein-
specific energy function. The rescoring function employs predicted
energy costs of residue transfers between the solute and membrane,
obtained from molecular dynamics experiments [84].

Transmembrane protein complexes are often modeled using
RosettaDock [5, 17, 80] which is a multiscale docking algorithm
based on the Monte Carlo (MC) method. This approach which
incorporates both a low resolution, centroid-mode, coarse-grain
stage and a high resolution, all-atom refinement stage that opti-
mizes both rigid-body orientation and side-chain
conformation [79].

A newly developed Rosetta framework for membrane proteins
(Rosetta MP) includes a protocol for protein docking [85]. It
consists of a prepacking step to generate a starting structure
(in which the proteins are separated by a distance, optimized by
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rotamer trials of the residues, and moved back together). Next, it
samples and scores different interfaces, using a function taking into
account membrane score terms.

Memdock is an algorithm developed specifically for α-helical
transmembrane proteins [86]. In this approach, the docking poses
are generated using rigid docking, with subsequent structure
refinement carried out through side-chain rotations and a normal
mode analysis-based backbone refinement. In both the steps the
proteins complexes are kept in a membrane consistent orientation.
The scoring of obtained complexes is carried out using a function
that takes into account membrane properties, distinguishing its
specific sublayers. The weights for scoring were optimized using a
training set of available membrane proteins.

Due to their impressive speed in generating and scoring poses,
protein–protein docking methods are an attractive tool, when
studying GPCR-GPCR dimerization. Using these methods, it is
possible to quickly obtain reliable structures of membrane protein
multimers, without having to rely on computationally demanding
lengthy molecular dynamics simulations. Currently, the main chal-
lenge appears to be optimizing protocols for membrane proteins.
First of all, it is necessary to limit the pose generation step, so it
takes into account only complexes where both of the proteins are in
the membrane. Secondly, the energetic scoring functions need to
be adapted to properly score binding events occurring in the
hydrophobic environment of the membrane (see Note 3).

The latter point raises the question as to the type of implicit
membrane that should be utilized in scoring algorithms as the
membrane environment has been shown to impact GPCR-GPCR
dimerization [87]. In particular, receptor aggregation is sensitive to
the membrane thickness which depends on the composition of the
membrane. For instance, membranes with a high content of unsat-
urated lipids are condensed and thicker, whereas fully saturated
lipids yield thinner membranes [88]. While it is easy to address
this issue using full-atom simulations, in terms of docking we are
still away from a unified algorithm that can take into account
membrane diversity.

It is important to mention that docking provides a static snap-
shot of the interaction between the two proteins. A reliable oligo-
mer model can help rationalize the impact of certain mutations or
signaling diversity on the frequency of protein–protein contacts, it
can be also used as a tool for the rational design of ligands targeting
GPCR multimers, but to observe how formation of such a unit
impacts signaling, it is crucial to utilize techniques that have a
bigger temporal resolution, and better account for protein
fluctuations.
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6 Advantages and Disadvantages of Protein–Protein Docking

The examples of PPD studies described above show that the
method can be used for various purposes. Nowadays, protein–pro-
tein docking is the most useful technique for modeling protein
complexes by combining several advantages: (a) It is easy to use;
(b) it returns results quickly and does not require significant com-
puter resources (particularly when compared to MD techniques);
and (c) it provides a structural model for the complexes (unlike
sequence based methods that only highlight interface-forming
residues) [16]. As such, it can very quickly provide some clues or
initial hypotheses for further investigation. It can also provide
several complexes for further testing. It is clearly an advantage
over the more accurate, but significantly slower experimental meth-
ods like X-ray crystallography. However, it has to be stressed that
drawbacks of the method, i.e., difficulty of proper identification of
interaction interface, limited possibility of side chain and backbone
flexibility consideration (seeNote 2) and uncertainty of scoring (see
Note 3), make the method more suitable as support for experimen-
tal methods or to be used together with molecular dynamics simu-
lations rather than an independent experimental tool. Therefore,
while application of PPD can significantly reduce the time and cost
of a mutagenetic study, any protein–protein docking results should
be treated with a limited trust, and can be considered conclusive
only if validated.

7 Summary and Perspective

A number of protein–protein docking algorithms are now available
to address the problem of protein–protein interactions and to
provide 3D structures of protein complexes necessary for applica-
tion of structure-based design techniques. A considerable progress
has been achieved regarding the development of scoring functions
based on physical interactions, shape complementarity, geometry,
interface water molecules, and the accommodation of protein flexi-
bility [3]. The capabilities of protein–protein docking software can
be improved as it can be concluded from CAPRI experiments. The
importance of protein–protein docking approaches can increase in
future due to the attractive possibility of designing protein–protein
interaction modulators. On the other hand, along with the avail-
ability of advanced molecular dynamics techniques and progress in
computational power and resources, the application of protein–-
protein docking might become complementary to molecular
dynamics simulations.
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8 Notes

1. In case of proteins undergoing significant conformational
changes upon binding, sampling of available conformational
space would be useful. In such cases, molecular dynamics can
be used as a source of additional conformations. However,
sufficient sampling would require computationally expensive
long simulations. Moreover, there would be no guarantee
that all obtained conformations would be gathered from one
well of potential, restrained by energetic barriers easy to over-
come after the other protein binding. Therefore, accelerated
molecular dynamics can be a tempting alternative—it is less
computationally expensive and can easily overcome energetic
barriers. However, it should still be handled with care, espe-
cially when applied to transmembrane proteins. Accelerated
MD of a transmembrane protein immersed in a simplified, to
fluid membrane may result in artifacts. At least, appropriate
content of cholesterol should be ensured.

2. PPD methods take into account the flexibility of protein
backbones and side chains to a very limited degree. As the
formation of oligomers can induce significant structural
changes in the participating molecules, it is prudent to refine
the obtained complexes using molecular dynamics. Impor-
tantly, in the case of membrane proteins the complex should
be embedded in a lipid bilayer of a similar composition as the
environment where the modeled interaction is occurring. In
the first step the simulated system should be equilibrated over
the course of around 20 ns in npt conditions, with restraints
applied to the backbone of the studied proteins. This step
ensures sufficient lipid packing around the studied complex.
In the step, the restraint should be gradually released from the
complex during 20 ns, to enable the proteins to structurally
adapt to each other and the environment. Finally, the complex
should be simulated without any restraints until the backbone
RMSD is converged.

3. A benchmark of the available PPD methods [16] has shown
that most of the methods generate a complex that is highly
similar to the experimentally solved structure. The pose is not
selected as the best solution, due to the employed scoring
methods. Thus when performing PPD of membrane proteins,
the scoring method should be carefully considered. The
method should not take into account parameters specific for
aqueous proteins, like desolvation energy.
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Chapter 16

Automated Inference of Chemical Discriminants
of Biological Activity

Sebastian Raschka, Anne M. Scott, Mar Huertas, Weiming Li,
and Leslie A. Kuhn

Abstract

Ligand-based virtual screening has become a standard technique for the efficient discovery of bioactive
small molecules. Following assays to determine the activity of compounds selected by virtual screening, or
other approaches in which dozens to thousands of molecules have been tested, machine learning techniques
make it straightforward to discover the patterns of chemical groups that correlate with the desired
biological activity. Defining the chemical features that generate activity can be used to guide the selection
of molecules for subsequent rounds of screening and assaying, as well as help design new, more active
molecules for organic synthesis.
The quantitative structure–activity relationship machine learning protocols we describe here, using

decision trees, random forests, and sequential feature selection, take as input the chemical structure of a
single, known active small molecule (e.g., an inhibitor, agonist, or substrate) for comparison with the
structure of each tested molecule. Knowledge of the atomic structure of the protein target and its
interactions with the active compound are not required. These protocols can be modified and applied to
any data set that consists of a series of measured structural, chemical, or other features for each tested
molecule, along with the experimentally measured value of the response variable you would like to predict
or optimize for your project, for instance, inhibitory activity in a biological assay or ΔGbinding. To illustrate
the use of different machine learning algorithms, we step through the analysis of a dataset of inhibitor
candidates from virtual screening that were tested recently for their ability to inhibit GPCR-mediated
signaling in a vertebrate.

Key words Fingerprint analysis, GPCR, Invasive species control, Ligand-based screening, Machine
learning, Pharmacophore, Quantitative structure–activity relationship, Random forest, Virtual
screening
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EOG Electro-olfactogram
GPCR G protein-coupled receptor
QSAR Quantitative structure–activity relationship
SBS Sequential backward selection
SFS Sequential feature selection
VS Virtual screening
ZINC12 Zinc Is Not Commercial database, version 12

1 Introduction

In this chapter, we apply machine learning to analyze the results
from a virtual screening (VS) project for discovering inhibitors of
GPCR signaling in a vertebrate, to infer the importance of func-
tional groups for their biological activity. Computer-based ligand
screening, also known as ligand-based screening, is frequently used
in pharmaceutical discovery because it performs robustly in identi-
fying active molecules from the top-scoring set and does not
require the availability of an atomic structure of the protein target
[1, 2]. Further, it has been shown that ligand-based virtual screen-
ing is capable of exploring different active scaffolds, making it a
valuable alternative to structure-based methods such as molecular
docking, even when atomic structures of the protein target are
known [3, 4].

However, scientists typically focus on the most active handful
of compounds and test their closest analogs while not making use
of the activity data available from all the tested compounds to
identify correlations between their chemical groups and activity
values. Part of this may be due to the need to establish spatial
correspondences between chemical groups in compounds contain-
ing different molecular scaffolds (e.g., comparing substituents on a
steroid ring system versus a purine nucleotide). This problem has
been circumvented in the protocols presented here by considering
all molecules as fully flexible 3D structures and determining their
optimal overlay based on the volumes and partial charges of the
atoms, followed by comparing the chemical identities of neighbor-
ing atoms and small organic groups such as –NH2. We will use the
term “functional groups” to refer to single or small groups of atoms
that are being compared between molecules. This flexible overlay
procedure provides a rational and quantitative way of comparing
chemical groups between compounds.

The most prominent approaches in the computer-aided discov-
ery of biologically active molecules are structure-based screening
[5–8] and ligand-based screening [1, 2, 9, 10] as well as hybrids
thereof [11, 12]. Traditionally, structure-based screening is
restricted to applications where an experimentally determined,
high-resolution three-dimensional (3D) structure of the ligand’s
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binding partner (usually a protein or nucleic acid) is available from
X-ray crystallography or nuclear magnetic resonance experiments.

While ligand-based screening does not require knowledge of
the binding target, it assumes that active molecules are likely to
share shape and chemical similarities with a known, biologically
active ligand. In short, ligand-based screening can be described as
a similarity search between a known ligand and the molecules in a
database (Fig. 1).

1.1 Using Machine

Learning to Identify

Functional Groups

Associated with

Biological Activity

To guide virtual screening, understand biological mechanisms, and
aid the design of more potent inhibitors or activators of molecular
processes, several different techniques have been developed to
analyze datasets of molecular descriptors and measured activity. A
common goal in quantitative structure–activity relationship
(QSAR) modeling includes the prediction of the in vitro or
in vivo activity of molecules given their features. Another common
goal is to gain insights into the importance of individual functional
groups for binding or chemical activity; such insights are invaluable
for the discovery and optimization of potent agonists or inhibitors.
More detailed discussions of QSAR can be found in Kubinyi et al.
[13] and Verma et al. [14].

Fig. 1 An illustration of the two broad categories of virtual screening: Structure-
based virtual screening involves docking into a binding site to maximize pro-
tein–ligand surface complementarity, and ligand-based virtual screening
involves evaluating small-molecule similarity with a known ligand
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To infer which functional groups are most important for
biological activity, this chapter focuses on the use of supervised
machine learning algorithms to discover functional group match-
ing patterns that explain the relative activity of the tested inhibitor
candidates. Primarily, the analysis of the discriminants of biological
activity presented here employs tree-based machine learning algo-
rithms. A decision tree [15] that separates active from non-active
molecules provides a model that is readily interpretable, resulting in
a set of decision rules that if chained together, can explain the
hierarchy of features in a molecule that are most important for
distinguishing actives from non-actives. Secondly, multiple decision
trees will be combined via the random forest method [16]. Each
decision tree in a random forest is fit to a random sample of the
training data and feature set. This produces an ensemble of differ-
ent decision trees, which together provide a robust predictive
model that is less prone to overfitting the training data than any
individual decision tree [16]. Furthermore, a random forest facil-
itates the computation of feature importance as the average infor-
mation gain over the individual trees, as will be explained in more
detail in section 3. Lastly, we will utilize an implementation of
sequential backward selection, a sequential feature selection algo-
rithm that identifies subsets of features to maximize the perfor-
mance of a given model in a greedy (fastest improvement, rather
than exhaustive) fashion [17, 18]. Sequential feature selection
algorithms can be combined with any machine learning algorithm,
and hence, they provide a flexible, model-agnostic solution for the
analysis of combinations of functional groups that explain
biological activity.

1.2 Predicting the

Essential Features of

GPCR Inhibitors: A

Real-World Case Study

This chapter presents an automated, machine learning-based
approach to infer the discriminants of activity in molecules from
assays performed on compounds prioritized by ligand-based
screening. To explain the methodology behind this approach, we
will consider a novel dataset of 56 molecules that have been prior-
itized as candidates for inhibiting GPCR-mediated pheromone
signaling in an invasive species control project. Readers can access
the same data and software and then perform the same analyses and
compare their results with ours.

The goal of this invasive species control project is to inhibit a
pheromone-induced GPCR olfactory signaling pathway. We
hypothesized that the inhibition of pheromone detection by the
olfactory system will prevent mature female sea lamprey from reach-
ing mature males at spawning grounds in tributaries of the Laur-
entian Great Lakes, and thus reduce the invasive sea lamprey
population. Controlling the sea lamprey with pesticide applications
currently costs millions of dollars per year, with native fish popula-
tions and commercial fishing continuing to be impacted by sea
lamprey parasitism [19]. The rationale behind the screening side
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of this project is based on a recently completed project [10],
focusing on inhibiting the GPCR signaling pathway induced by a
male sea lamprey mating pheromone, 3-keto petromyzonol sulfate
(3kPZS). The successful approach described in this chapter is
equally applicable to human drug discovery for GPCRs and other
targets.

The dataset analyzed here consists of the chemical structures
and assay data for another male sea lamprey mating pheromone, the
sulfate-conjugated bile acid, 3,12-diketo-4,6-petromyzonene-24-
sulfate (DKPES, Fig. 2). The 56 molecules prioritized by ligand-
based screening according to their degree of 3D DKPES similarity
were assayed for their ability to block the in vivo sea lamprey
olfactory response to DKPES, as measured by an electro-
olfactogram assay (EOG). The activity data was then analyzed
using machine learning algorithms to uncover structure–function
patterns. A brief summary of the virtual screening approach that we
used to identify inhibitory mimics of DKPES is provided in Fig. 3.

As a result, 56 candidate molecules were prioritized for
biological assays based on the following criteria:

l Steroidal substructure containing molecules with a high degree
of shape and charge match to the reference pheromone, DKPES
(Fig. 2).

l Four DKPES analogs with oxidized (double bond-containing)
rings that are naturally produced by mature male sea lamprey
(molecule IDs: ENE 1–4, Fig. 4) [22].

l Diverse compounds to test the hypothesis that compounds with
the best charge and shape match will mimic DKPES (without
requiring a steroid core or sulfate tail match).

l Non-steroid compounds having 3-keto or 3-hydroxy and
12-keto or 12-hydroxy matches and at least one sulfate oxygen

Fig. 2 3D structure of a favorable (low-energy) DKPES conformer, where the
functional group features corresponding to the columns in the olfactory response
dataset are highlighted with gray circles. White indicates carbon, red indicates
oxygen, and yellow indicates sulfur
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match that overlay on the corresponding oxygen atoms in
DKPES (Fig. 2).

To measure the biological activity of the 56 DKPES inhibitor
candidates selected with the above screening and prioritization
criteria, we used an electro-olfactogram (EOG) [10]. The
measured EOG response, acting as the target variable in this data-
set, was the percentage reduction of the standard DKPES signal
when the sea lamprey nose was perfused with a known concentra-
tion (10�6 M) of inhibitor candidate (computed as the average of
2–5 experimental replicates). Figure 5 shows four of the 56 mole-
cules for illustrative purposes, two actives and two non-actives, with
the percent DKPES olfactory inhibition for each. In the context of

Fig. 3 Summary of the virtual screening workflow to prioritize molecules for electro-olfactogram (EOG) assays.
The Screenlamp toolkit [10] (https://github.com/psa-lab/screenlamp) was used to prepare the virtual screening
pipeline, including ROCS v3.2.0.4 (OpenEye Scientific Software, Santa Fe, NM; https://www.eyesopen.com/
rocs), OMEGA v2.4.6 (OpenEye Scientific Software, Santa Fe, NM; https://www.eyesopen.com/omega), and
QUACPAC/molcharge (OpenEye Scientific Software, Santa Fe, NM; https://docs.eyesopen.com/toolkits/python/
quacpactk/molchargetheory.html). The screening databases of small molecules, mostly commercially avail-
able, were the drug-like molecules in ZINC12 (http://zinc.docking.org) [20], steroid structures from Chemical
Abstracts Service Registry (CAS; https://www.cas.org), and steroid structures from the Cambridge Structural
Database (CSD; https://www.ccdc.cam.ac.uk/solutions/csd-system/components/csd/) [21]
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this project, non-actives were defined as molecules that block the
olfactory response by less than 40% in EOG assays, and molecules
that block the signaling response by at least 60% were defined as
actives.

The DKPES dataset for analysis by machine learning contains
the ROCS overlay scores from ligand-based screening (Fig. 3) as
well as the functional group matching information provided by
Screenlamp in tabular form [10] (https://github.com/psa-lab/
screenlamp).

Using the DKPES dataset as a case study, section 3 will explain
how to work with such tabular datasets consisting of samples and
molecular features using open source libraries for data parsing,

Fig. 4 2D structures of the four DKPES analogs (“ENE” compounds) [22]. ENE1: 7,24-dihydroxy-3,12-diketo-
1,4-choladiene-24-sulfate; ENE2: 7,24-dihydroxy-3,12-diketo-4-cholene-24-sulfate; ENE3: 7,12,24-trihy-
droxy-3-keto-4-cholene-24-sulfate; ENE4: 7,12,24-trihydroxy-3-keto-1-cholene-24-sulfate

Fig. 5 3D structures and percent DKPES olfactory inhibition of the two most active molecules (actives, top row)
and two low-activity molecules (non-actives, bottom row) from the screening set, shown in green as overlayed
with the best-matching DKPES 3D conformer (cyan)
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visualization, and machine learning. The code and data used in the
following section is freely available at https://github.com/psa-lab/
predicting-activity-by-machine-learning.

2 Materials

2.1 Python

Interpreter

To perform the analyses described in section 3, a recent Python
[23] version (3.5 or newer) is required (Python 3.6 is recom-
mended). A Python installer for all major operating systems (Mac
OS, Windows, and Linux) can be downloaded from https://www.
python.org/downloads/.

2.2 Python Libraries

for Scientific

Computing

The following list specifies the Python libraries used in this chapter,
the recommended version number, and a short description of their
use:

l NumPy version 1.13.0 or newer (http://www.numpy.org);
numerical array library [24].

l SciPy version 0.19.0 or newer (https://www.scipy.org);
advanced functions for scientific computing [25].

l Pandas version 0.20.1 or newer (http://pandas.pydata.org);
handling of CSV files and working with data frames [26].

l Matplotlib version 2.0.2 or newer (https://matplotlib.org); 2D
plotting [27].

l Scikit-learn version 0.18.1 or newer (http://scikit-learn.org/
stable/); algorithms for machine learning [28].

l MLxtend version 0.7.0 or newer (http://rasbt.github.io/
mlxtend/); sequential feature selection algorithms [18].

The scientific computing libraries listed above can be installed
using Python’s in-built Pip module (https://pypi.python.org/
pypi/pip) by executing the following line of code directly from a
Mac OS/Unix, Linux, or Windows MS-DOS terminal command
line:

pip install numpy scipy pandas matplotlib scikit-learn

pydotplus mlxtend

If you encounter problems with version incompatibilities, you
can specify the package versions explicitly, as shown in the following
terminal command example:

pip install numpy==1.13.0 scipy==0.19.0 pandas==0.20.1

matplotlib==2.0.2 scikit-learn==0.18.1 pydotplus==2.0.2

mlxtend==0.7.0
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2.3 Graph

Visualization Software

To visualize the decision trees later in this chapter, an installation of
GraphViz is needed. The GraphViz package is freely available at
http://www.graphviz.org with the installation and setup
instructions.

2.4 Dataset The datasets used in this chapter, as well as the source files of all the
accompanying code, are available online under a permissive open
source license at https://github.com/psa-lab/predicting-activity-
by-machine-learning.

2.5 Additional

Resources

If you are unfamiliar with Python and the Python libraries that you
installed in section 2.2, it is highly recommended to familiarize
yourself with their basic functionality by reading these freely avail-
able resources:

l Python Beginner Guide: https://wiki.python.org/moin/
BeginnersGuide

l NumPy Quickstart Tutorial: https://docs.scipy.org/doc/
numpy-dev/user/quickstart.html

l Introduction to NumPy: https://sebastianraschka.com/pdf/
books/dlb/appendix_f_numpy-intro.pdf

l 10 Minutes to Pandas: http://pandas.pydata.org/pandas-docs/
stable/10min.html

l Matplotlib Tutorials: https://matplotlib.org/users/index.html

l An Introduction to Machine Learning Using Scikit-learn:
http://scikit-learn.org/stable/tutorial/basic/tutorial.html

3 Methods

This section walks through the individual steps involved in a typical
analysis pipeline for identifying which functional groups and atoms
(or other molecular properties or features) are predictive of the
measured biological activity of the molecules.

3.1 Loading and

Inspecting the

Biological Activity

Dataset

This section explains how to load a CSV-formatted dataset table
(e.g., the DKPES dataset) into a current Python session. A conve-
nient way to parse a dataset from a tabular plaintext format, such as
CSV, is to use the read_csv function from the Pandas library as
shown in the code example in Fig. 6, which loads the DKPES
dataset into a Pandas DataFrame object (df) for further processing
(see Note 1).

As a result from executing the code shown in Fig. 6, the
df.head(10) call will display the first ten rows in the dataset, to
confirm that the data file has been parsed correctly. The DKPES
dataset consists of 56 rows, where each row stores the functional
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group matching information for an assayed molecule with the
reference molecule DKPES (see Note 2).

Please note that this protocol assumes that a tabular dataset
containing information on the molecules as well as the assay
response has already been collected. However, the analysis
approach outlined in this chapter is a general one, and it is not
restricted to the specific functional group matching patterns shown
in Fig. 6. For more information on how this functional group
matching data can be generated from a ligand-based screening, see
[10] (https://github.com/psa-lab/screenlamp).

The first column of the DKPES data table (Fig. 6), “index,”
numbers each molecule. The “Signal Inhibition” column contains
the response variable measured by the biological assay, in this case
ranging from 0 (non-active) to 1 (highly active, with 100% DKPES
signal inhibition). For instance, we can see from the table (Fig. 6)
that ENE4 and ZINC72400307 (petromyzonol sulfate) were the
most promising candidate inhibitors, as they reduced the olfactory
response to DKPES by 90.5% and 90.4%, respectively, when each
inhibitor candidate was used at the same equimolar concentration
(10�6 M) as DKPES. The consequent columns, labeled as 3-Keto,
3-Hydroxy, and so forth, contain information about whether an
atom or functional group in the candidate molecule overlayed

Fig. 6 Code for reading the DKPES dataset into a data frame. The characters>>> denote a Python interpreter
prompting for a command to enter and execute. The table resulting from the execution of this code example
(df.head(10)) shows an excerpt from the DKPES data table sorted by signal inhibition: the ten most
active molecules from the EOG experiments and their functional group matching patterns
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(within 1.3 Å) with the same group in DKPES. This functional
group matching data is stored as a binary variable, where 0 indicates
“no overlay” and 1 indicates “overlay.” In addition, the ROCS
shape and chemistry (“color”) overlay scores were appended to
the dataset. For information on how the overlay scores are com-
puted, the reader is referred to https://docs.eyesopen.com/rocs/
shape_theory.html and Hawkins et al. [4]; other molecular similar-
ity measures could be used instead (see Notes 3–5).

It is always helpful to perform exploratory analyses when work-
ing with a new dataset. The following code snippet shown in Fig. 7
will generate the histogram of the signal inhibition values shown,
plus the 2D scatter plot comparing the signal inhibition values with
the molecular similarity measured in the overlays. First, the signal
inhibition data from the data frame (df) is assigned to a variable y,
and the functional group columns of interest to a variable X. Next,
the code in Fig. 7 demonstrates how to use matplotlib to create

Fig. 7 Code for performing exploratory analysis in Python using the matplotlib library to plot a histogram of the
“Signal Inhibition” data and a scatter plot to inspect the relationship between the signal inhibition and overlay
scores. In the corresponding programming code, the “Signal Inhibition” column is first assigned to a variable
y, and the functional groups of interest are assigned to the variable fgroup_cols, which is then used
to create the matrix X that stores the functional groups matching patterns of those functional groups of
interest. Next, a figure with two subplots is initialized by calling plt.subplots from matplotlib.
The plt.hist function adds the histogram to the first subplot (ax[0]), and the plt.scatter
function draws the scatter plot in the subplot to the right (ax[1]). The resulting plots show the DKPES
inhibitor activity distribution for the 56 compounds that were assayed (left) and the relationship between
activity and overlay similarity from ROCS (right), given as the TanimotoCombo score in the range 0–2, where
2 means that two 3D structures have an identical volume and partial charge distribution
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two sublots, ax[0] and ax[1], showing a histogram of the signal
inhibition and a scatter plot of the signal inhibition versus molecu-
lar similarity side by side. (If you are new or unfamiliar with the
matplotlib syntax, it is recommended to consult the tutorials and
resources listed in section 2.5.)

From the histogram (left panel of Fig. 7), we can see that most
molecules inhibit the DKPES signal by less than 50% in in vivo
EOG assays. The scatter plot in Fig. 7 shows that four out of the five
most active molecules have a high overlay similarity value of 1.5 or
greater. The TanimotoCombo value is the sum of the volumetric and
chemical similarity components, where an exact match (two identi-
cal molecules in the same conformation) will result in a maximum
score of 1 for each, summing to a maximum score of 2. While the
top four most active molecules have the highest overlay similarity,
no correlation between overlay similarity and signal inhibition can
be observed across the remaining 52 molecules. This indicates that
more specific determinants of activity are at play, motivating the
pattern analysis of functional groups matching DKPES. Interest-
ingly, the outlier with a very low Tanimoto similarity score and a
moderately high signal inhibition value of 0.62 is a sulfate tail-
containing natural product (ZINC14591952) produced by sea
squirts [29], shown in Fig. 8.

From this molecule we can conclude that mimicking the sulfate
group in DKPES alone can block the olfactory response of DKPES
by approximately 60%, likely by competing with interactions of the
similar tail in DKPES with the GPCR ligand binding site.

3.2 Chemical and

Functional Groups

This section explains how to visualize the other features in the
dataset: the functional group matches with the DKPES reference
molecule (Fig. 2). Using the code in Fig. 9, we will plot the
functional group matching pattern of the top ten most active and
ten least active molecules via two heat maps shown side by side for a
visual comparison (see Note 6).

Fig. 8 Sulfate tail compound sodium 6-methylheptyl sulfate (carbon atoms
shown in green; ZINC14591952, average of 62% signal inhibition in EOG
experiments) overlaid with the most similar DKPES conformer (carbon atoms
shown in cyan)
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Looking at the heat maps in Fig. 9, the following conclusions
can be drawn:

l The top nine most active molecules have a sulfur match and
match three of the oxygen atom in the DKPES sulfate group.

l Sulfur and sulfate oxygen atom matches alone are not sufficient
for activity. From the previous scatter plot analysis (Fig. 7), we
know that the sulfate tail analog alone (Fig. 8; ZINC14591952)

Fig. 9 Code to generate heat maps showing matches of functional groups in DKPES by the ten most active
(left) and ten least active (right) molecules tested in EOG assays. Using the matplotlib.pyplot
function that was imported as plt earlier (Fig. 7), we create two subplots stored in the array ax. Using
matplotlib.pyplot’s imshow, we plot the functional group patterns of the ten most
active molecules (X[:10], the first ten elements in the sorted data array) as a heat map in left subplot
(ax[0]). Similarly, we plot the ten least active molecules (the last ten molecules in the array, X[�10:]) as
a heat map in the right subplot (ax[1]). As the heat maps show, all features except sulfate-oxygens are
encoded as binary variables (0: white cell background, no match; 1: light gray, match). Sulfate-oxygens refers
to the three terminal oxygens, excluding the sulfate ester oxygen. This variable has values from 0 to 3 (up to all
three terminal oxygens being matched), where black cell backgrounds correspond to three matches, dark gray
corresponds to two matches, and light gray to one match, respectively
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shows a signal inhibition of 60%. It matches the three terminal
sulfate-oxygens and sulfur atom. However, a compound with
the same matching pattern (ZINC22058386 in Fig. 9) has no
biological activity in the same assay, likely due to its greater bulk
(Fig. 5).

However, casual inspection of the data does not always lead to
insights that apply to all of the compounds, and it can miss inter-
esting trends, especially for large datasets. The next section will
introduce several machine learning approaches for deducing the
importance of functional groups for biological activity.

3.3 Tracing

Preferential Chemical

Group Patterns Using

Decision Trees

Decision tree classifiers are a good choice if we are concerned about
the interpretability of the combinations of features used to predict
activity. While decision trees can be trained to predict outcomes on
a continuous scale (regression analysis), we fill focus on decision
trees for classification in this chapter, that is, predicting whether a
molecule is active or non-active. While the discretization of the
continuous target variable (here: signal inhibition in percent) is to
some extent arbitrary, it helps with improving the interpretability of
the selected features as they can be directly interpreted as discrimi-
nants of active and non-active molecules. For the following analysis,
we considered molecules with a signal inhibition of 60% or greater
as active molecules.

As you will see, within a tree it is easy to trace the path of
decisions comprising the model that best separates different classes
of molecules (here: active vs non-active). In other words, based on
the functional group matching information in the DKPES dataset,
the decision tree model poses a series of questions to infer the
discriminative properties between active and non-active molecules
(see Note 7).

The learning algorithm that is constructing a nonparametric
decision tree model from the dataset works as follows. Starting at
the tree root, it splits the dataset (the active and non-active mole-
cules) on the feature (e.g., presence of a sulfur match) that results in
the largest information gain. In other words, the objective function
of a decision tree is to learn, at each step, the splitting criterion
(or decision rule) that maximizes the information gain upon
splitting a parent node into two child nodes. The information
gain is computed as the difference between the impurity of a parent
node and the sum of its child node impurities. Intuitively, we can
say that the lower the impurity of the child nodes, the larger the
information gain. The impurity itself is a measure of how diverse
the subset of samples is, in terms of the class label proportion, after
splitting. For example, after asking the question “does a molecule
have a positive sulfur match?” a pure node would only contain
either active or non-active molecules when answering this question
with a “yes.” A node that consisted of 50% non-active and 50%
active samples after applying a splitting criterion would be most
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impure—such a result would indicate that it was not a useful
criterion for distinguishing between active and non-active mole-
cules. In the decision tree implementation that we use in this
chapter, the metric for computing the impurity of a given node is
measured as Gini impurity as used in the CART (classification and
regression tree) algorithm [15]. Gini impurity is defined as follows:

Impurity tð Þ ¼
Xc

i¼1

p ijtð Þ 1� p ijtð Þð Þ ¼ 1�
Xc

i¼1

p ijtð Þ2

Here, t stands for a given node, i is a class label in c ¼ {active,
non-active}, and p(i|t) is the proportion of the samples that belongs
to class i for a particular node t. Looking at the previous equation, it
is easy to see that the impurity of a given node is minimal if the node
is pure and only contains samples from one class (e.g., actives), since
1 � (12 + 02) ¼ 0. Vice versa, if samples at one node are perfectly
mixed, the Gini impurity of a node is maximal:
1 � (0.52 + 0.52) ¼ 0.5. In an iterative process, the splitting
procedure is then repeated at each child node until the leaves of
the tree are pure, which means that the samples at each node all
belong to the same class (either active or non-active), or cannot be
separated further due to the lack of discriminatory information in
the dataset. For more information about decision tree learning, see
[30, 31].

To build a decision tree classifier (as opposed to a decision tree
regressor), we discretize the signal inhibition variable, creating a
binary target variable y_binary. Using the code in Fig. 10, active
molecules are specified as molecules with signal inhibition of 60% or
greater (class 1), and molecules with less than 60% signal inhibition
are labeled as non-active (class 0):

As can be seen from computing the sum of values in the
y_binary array (np.sum(y_binary), Fig. 10), discretization of
the continuous signal inhibition variable resulted in 12 molecules
labeled as active; consequently, the remaining 44 molecules in the
dataset are now labeled as non-active. In the next step, we will
initialize a decision tree classifier from scikit-learn with default
values, let it learn the decision rules that discriminate between
actives and non-actives from the dataset, and export the model
and display it as a decision tree (Fig. 11) (see Note 8).

Fig. 10 Code for discretizing the continuous signal inhibition variable. The
np.where function creates a new array, y_binary, where all molecules
with more than 60% signal inhibition will be labeled as 1 (active), and all other
molecules will be labeled with a 0 (non-active)
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Fig. 11 Binary classification tree separating active from non-active compounds. After importing the tree
submodule from the scikit-learn machine learning library, the first line of code initializes a new Decision-
TreeClassifier object that is then learning the decision rules from the functional group matching
pattern array (X) and the discretized response variable (binary labels of the active and non-active molecules,
y_binary) by calling the fit method. The last three lines of code then export the fitted decision tree as a
PDF image, which is shown here. The first node at the top of the tree, for example, uses a decision rule asking
which molecules in the 56-molecule dataset (44 actives and 12 non-actives) match a sulfur group in DKPES.
Note that this question is posed as a conditional (true/false) statement “Molecules do not contain a sulfur
group match,” due to the implementation of the decision tree in scikit-learn. The molecules for which the
condition is “False”—that is, molecules that do match the sulfur group in DKPES—are then passed to the
child node on the right (here: 4 non-actives and 11 actives), where the next conditional statement is
“Molecules do not contain a ‘Sulfate-Ester’ match.” Each node in the tree contains the impurity measure
after the split (Gini impurity), reflecting the degree of separation between active and non-active compounds; a
Gini impurity value of 0 reflects a set containing purely active or non-active compounds. The number of
samples refers to the compounds at each node that pass the filtering criteria. The first value within brackets in
the bottom row in each terminal node denotes the number of non-active compounds at that node, and the
second number denotes the number of active compounds. Highlighted with an asterisk is the terminal node
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We conclude from the binary classification tree (Fig. 11) that a
majority of the active inhibitors (8 of 12) share a sulfur atom and a
sulfate ester group that overlay with the respective functional
groups in DKPES; none of the non-active compounds have these
characteristics. With decision trees, the resulting models can offer
intuitive insights into the hypothesis space. Specifically, the tree in
Fig. 11 indicates that, given a set of molecules initially selected as
having high volumetric and chemical similarity with DKPES, the
presence of a sulfur atom and sulfate ester group matching those
two groups in DKPES predicts the subset of molecules that are
active as DKPES inhibitors. Using machine learning to derive
decision rules objectively and automatically is convenient and less
error-prone in providing insights compared with visual analysis of
functional group patterns in a heat map (see Note 9).

3.4 Deducing the

Importance of

Chemical Groups via

Random Forest

To estimate the relative importance of the different functional
groups based on active and non-active labels, we will now construct
a random forest model [16], which is an ensemble of multiple
decision trees. In the random forest models, the feature importance
is measured as the averaged impurity decrease computed from
multiple decision trees. In the following code example (Fig. 12),
we will use the random forest algorithm implemented in scikit-learn
to create an ensemble of 1000 decision trees, which are grown from
different bootstrap samples of the molecule dataset and randomly
selected subsets of functional group feature variables. (A bootstrap
sample is generated by randomly drawing samples from the original
dataset with replacement to generate a resampled dataset of the
same size as the original one.)

Based on the random forest model, we can infer feature impor-
tance by averaging the impurity decrease for each feature split from
all 1000 trees in the forest. Conveniently, the random forest imple-
mentation in scikit-learn already computes the feature importance
upon model fitting, so that we can access this information from the
forest, after calling the fit() method via its feature_impor-
tances_ attribute. The code in Fig. 13 will create a bar plot
of the feature importance values, which are normalized to sum up
to 1 for easier interpretation.

As shown by the bar plot in Fig. 13, the feature importance
values computed from the 1000 regression trees agree with the
conclusions drawn previously in sections 3.3 and 3.4: sulfur, sulfate
ester, and sulfate oxygen groups are the most important functional
group features for DKPES inhibitor activity (Fig. 11) (seeNotes 10
and 11).

�

Fig. 11 (continued) (to the center-right of the plot), which contains eight active compounds and no non-active
compounds. For visual clarity, containing more non-active molecules than actives are labeled in orange, and
nodes that contain more actives than actives are colored in blue. The higher the color intensity, the higher the
ratio of active molecules or non-active molecules, respectively
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Fig. 12 Similar to fitting a DecisionTreeClassifier (Fig. 11), we first initialize a new RandomForest-
Classifier object from scikit-learn and fit it to the functional group matching pattern array (X) and labels
of the active and non-active molecules (y_binary). By setting n_estimators ¼ 1000, we will use
1000 decision trees for the forest. n_jobs¼ �1 means that we are utilizing all processors on our machine
to fit those decision trees in parallel to speed up the computation. The random_state parameter accepts
an arbitrary integer for the bootstrap sampling and feature selection in the decision tree to make the
experiment deterministic and reproducible

Fig. 13 Relative feature importance of the functional group matches inferred from the random forest model
that was trained to discriminate between active and non-active molecules. First, the importances values are
sorted from highest to lowest using NumPy’s argsort function. Next, we summarize the computed feature
importance in a bar plot using matplotlib’s pyplot submodule, which was imported as plt earlier
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3.5 Sequential

Feature Selection with

Logistic Regression

As an alternative approach and to probe the robustness of our
conclusions, we will apply a Sequential Backward Selection (SBS)
algorithm combined with logistic regression [32] for the classifica-
tion of active versus non-active compounds. SBS is a model-agnos-
tic feature selection algorithm that evaluates different combinations
of features, shrinking the subset of features to be considered one by
one. Here, model-agnostic refers to the fact that SBS can be com-
bined with any machine learning algorithm for classification or
regression.

In general, sequential feature selection algorithms are greedy
search algorithms that reduce the d-dimensional feature space to a
smaller k-dimensional subspace, where k < d. The sequential fea-
ture selection approach selects the best-performing feature subsets
automatically and can help optimizing two objectives: improving
the computational efficiency and reducing the generalization error
of a model by getting rid of features that are irrelevant.

The SBS algorithm removes features from the initial feature
subset sequentially until a new, reduced feature subspace contains a
specified number of features. To determine a feature that is to be
removed at each iteration of the SBS algorithm, we need to define a
criterion function J, which is to be minimized. For instance, this
criterion function is defined as the difference between the perfor-
mance of the model before and after the feature removal. In other
words, at each iteration of the algorithm, the feature that results in
the least performance loss (or highest performance gain) is elimi-
nated. This removal of features is repeated in each iteration of the
algorithm until the desired, pre-specified size of the feature subset is
reached. More formally, we can express the SBS algorithm in the
following pseudo-code notation adapted from [30]:

1. Initialize the algorithmwith k = d, where d is the dimensionality
of the full feature space Xd.

2. Determine the feature x� that maximizes the criterion:
x� = argmax J(Xd � x), where x ∈ Xk.

3. Remove the feature x� from the feature set: Xk � 1 = Xk � x�;
k = k – 1.

4. Terminate if k equals the number of desired features; otherwise,
go to step 2.

The reason why we chose sequential feature selection to deduce
functional group matching patterns that are predictive of active and
non-active molecules is that it presents an intuitive method that has
been shown to produce accurate and robust results (see Note 12).
For more information on sequential feature selection, please
read [17].

Logistic regression is one of the most widely used classification
algorithms in academia and industry. One of the reasons why
logistic regression is a popular choice for predictive modeling is
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that it is easy to interpret as a generalized linear model: The output
always depends on the sum of the inputs and model parameters.
However, note that sequential feature selection can be used with
many different machine learning algorithms for supervised learning
(classification and regression).

To introduce the main concept behind logistic regression,
which is a probabilistic model, we need to introduce the so-called
odds ratio first. The odds ratio computes the odds in favor of a
particular event E, which is defined as follows, based on the proba-
bility p of a positive outcome (for instance, the probability that a
molecule is active):

odds ¼ p

1� pð Þ
Next, we define the logit function, which is the logarithm of the

odds ratio:

logit pð Þ ¼ log
p

1� pð Þ
The logit function takes values in the range 0–1 (the probability

p) and transforms them to real numbers that describe the relation-
ship between the functional group matching patterns, multiplied
with weight coefficients (that need to be learned) and the odds that
a given molecule is active:

logit p y ¼ 1jxð Þð Þ ¼ w1x1 þ w2x2 þ � � � þ wmxm þ b

¼
Xm

i¼1

wixi þ b

Here, m is an index over the input features (functional group
matches, x), w refers to the weight parameters of the parametric
logistic regression model, and b refers to the y-axis intercept (typi-
cally referred to as bias or bias unit in literature). The input to the
logit function, p(y ¼ 1| x), is the conditional probability that a
particular molecule is active, given that its functional group
matches x.

However, since we are interested in modeling the probability
that a given molecule is active, we need to compute the function
inverse ϕ of the logit function, which we can compute as:

ϕ zð Þ ¼ 1

1þ e�z

Here, z is a placeholder variable defined as follows:

z ¼
Xm

i¼1

wixi þ b
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The logistic regression implementation used in this section
learns the weights for the parameters (matched chemical features)
of the logistic regression model that minimizes the logistic cost
function, which is the probability of making a wrong prediction
given the number of n active and non-active molecule labels in the
set of compounds, where the binary vector y stores the class labels
(1 ¼ active, 0 ¼ non-active):

l wð Þ ¼
Xn

i¼1

y ið Þlog ϕ z ið Þ
� �� �

þ 1� y ið Þ
� �

log 1� ϕ z ið Þ
� �� �h i

For more information about logistic regression, see ref. 32.

Now, by combining a logistic regression classifier with a
sequential feature selection algorithm, we can identify a fixed-size
subset of functional groups that maximizes the probability of cor-
rect prediction of which compounds are active.

Since we are interested in comparing feature subsets of different
sizes to identify the smallest feature set with the best performance,
we can run the SBS algorithm stepwise down to a set with only one
feature, allowing it to evaluate feature subsets of all sizes, by using
the code shown in Fig. 14. Furthermore, the SBS implementation
uses k-fold cross-validation for internal performance validation and
selection. In particular, we are going to use fivefold cross-
validation.

In fivefold cross-validation, the dataset is randomly split into k
nonoverlapping subsets or folds (a molecule cannot be in multiple
subsets). From the five splits, four folds are used to fit the logistic
regression model, and one fold is used to compute the predictive
performance of the model on held-out (test) data. Fivefold cross-
validation repeats this splitting procedure five times so that we
obtain five models and performance estimates. The model perfor-
mance is then computed as the arithmetic average of the five
performance estimates. For more details about k-fold cross-
validation, please see the online article, “Model evaluation, model
selection, and algorithm selection in machine learning—Cross-val-
idation and hyperparameter tuning” at https://sebastianraschka.
com/blog/2016/model-evaluation-selection-part3.html (see
Note 13).

As can be seen in Fig. 14, the performance of the classification
algorithm does not change significantly across the different feature
subset sizes. The feature subsets with size 2–6 have the highest
accuracy, indicating that adding more features to the 2-feature
subset does not provide additional discrimination between active
and non-active molecules. The decline in accuracy after adding a
seventh feature to the set is likely due to the curse of dimensionality
[33]. In brief, the curse of dimensionality describes the phenome-
non that a feature space becomes increasingly sparse if we increase
the number of dimensions (e.g., by adding additional functional
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Fig. 14 Performing sequential feature selection using logistic regression to identify features that discriminate
between active and non-active molecules. After importing the Python classes for fitting the LogisticRe-
gression classifier within the SequentialFeatureSelector, by setting forward ¼ False
and floating¼False, we specify that the sequential feature selector should perform regular backward
selection. Then we use the plot_sfs function to visualize the results with matplotplib’s pyplot
submodule. The resulting plot in this figure shows the classification accuracy of the logistic regression models
trained on different feature subsets (functional group matching patterns) via sequential backward selection.
The prediction accuracy (0 ¼ worst, 1 ¼ best), where 1 corresponds to 100% accuracy in predicting active
versus non-active compounds across the input set, was then computed via fivefold cross validation. The plot
presents the average prediction accuracy (whether the model can predict held-out active and non-active
molecules given their functional group matching patterns) across the five different test sets. The error margin
(pale blue region above and below the dark blue average points) shows the standard error of the mean for the
fivefold cross validation
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group matching features) given a fixed number of samples in the
training set, which will more likely result in overfitting and less
accurate results. While the execution of the code in Fig. 14
provided us with insights regarding the best-performing feature
subset sizes via SBS in predicting active or non-active molecules,
we have not determined what those features are. Since there is no
information gain by going beyond two-feature set (Fig. 14), we will
use the following code (Fig. 15) to extract the feature names:

The output from the code executed in Fig. 14 shows that the
2-feature subset consisting of “Sulfur” and “Sulfate-Ester” matches
has the most discriminatory information for separating active and
non-active molecules as DKPES mimics. This information is con-
sistent with the conclusions drawn from the previous random forest
and decision tree analyses.

Now we have shown how to use decision trees, random forest
models, and logistic regression to analyze which features can best
discriminate between active and inactive compounds, and to assess
the relative importance of the different features for discrimination.
Such methods provide clearly interpretable information on chemi-
cal features important for activity, and concurrence between the
methods strengthens the conclusions. In a related pheromone
inhibitor project, we used the results of feature importance analysis
to drive the selection of compounds in a subsequent round of
virtual screening that required fewer compounds to be assayed
and resulted in significant enhancement of activity and new knowl-
edge about functional group importance. Those compounds are
now being tested by members of our research team for invasive
species behavioral modification in the tributaries of the Laurentian
Great Lakes under an EPA permit [10]. Analysis of whether the set
of features and their relative importance hold equally well for
different subsets of assayed compounds (e.g., steroids versus
non-steroids) is another valuable direction of inquiry (seeNote 14).

Fig. 15 Code to obtain the feature names of the best-performing feature subset from sequential backward
selection (Fig. 14). The subsets_ attribute of the sequential feature selector (sfs) refers to a Python
dictionary that stores the feature (functional group match) indices and cross-validation information. By looking
up the dictionary entry at index position 2, we can access the feature indices of the 2-feature subset, 10 and
6, and by using sfs.subsets_[2] as an index to the feature_labels array that we defined
earlier (Fig. 13) and reporting the feature labels, we can see that “Sulfur” and “Sulfate-Ester” matches are the
most discriminatory features of active and non-active molecules
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3.6 Conclusion From the decision tree analysis (section 3.3), random forest feature
importance estimation (section 3.4), and sequential feature selec-
tion results (section 3.5), we can conclude that the sulfate groups
(Sulfur, Sulfate-Ester, and Sulfur-Oxygen features) are the most
discriminatory features for distinguishing active from non-active
compounds in DKPES-mediated olfactory responses. From the
inspection of heat maps showing the top ten active and ten least
active molecules (section 3.2), we also observed that presence of
sulfate tails are a consistent determinant of activity. One compound
consisting only of a sulfate tail (ZINC14591952, Fig. 8) resulted in
62% signal inhibition, which supports the hypothesis that sulfate
groups are a key feature of active molecules. Figure 16 summarizes
the results from the random forest feature importance estimation
by comparing the importance values to the proportion of func-
tional group matches in active and non-active molecules.

The data in Fig. 16 shows that “Sulfur” and “Sulfur Oxygens”
are the most discriminatory features for a random forest to distin-
guish actives from non-actives, and both features also have a high
rate of occurrence in active versus non-active molecules. Features

Fig. 16 Proportion of functional group matches across the 12 active and 44 inactive molecules and relative
functional group feature importance (from the random forest analysis, Fig. 13) mapped onto the DKPES
reference molecule. DB refers to “double bond”
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that do not appear substantially more frequently in active molecules
than in non-actives (are not discriminatory of activity), for example,
18-methyl, 19-methyl, 3-keto, or the presence of either the C4–C5
or C6–C7 double bond (“DB”), also have a low random forest
feature importance. Interestingly, the feature importance of
Sulfate-Ester is much less than the feature importance of Sulfur or
Sulfur-Oxygens, which may be because it is highly correlated with
the sulfur and sulfur oxygen matches in the sulfate group and
thereby, to some extent, redundant. An alternative explanation is
that the ester oxygen is less highly charged than the terminal sulfate
oxygens (causing it to make weaker hydrogen bonds) and is also less
accessible for interaction with the receptor.

Themachine learning techniques presented in this chapter can be
used forany kindof data for which a set of feature values across a set of
objects is used to predict activity (or any observable value determined
by an experimental technique, e.g., solubility, selectivity, and reactiv-
ity). We hope this chapter has whetted your appetite for machine
learning, which can be used to fit robustmodels that relate features of
interest to molecular activity and other observables. The code
provided here and on the corresponding website (https://github.
com/psa-lab/predicting-activity-by-machine-learning) makes it
possible for you to learn and then use these techniques in your own
research. For further information about machine learning, and to
carry out further explorations with prepared datasets or your own
data, we recommend the following tutorials and references: Raschka
and Mirjalili [34], Raschka et al. [35], Friedman et al. [36], Mueller
and Guido [37], and the scikit-learn online tutorials (http://scikit-
learn.org/stable/tutorial/index.html).

4 Notes

1. For this section, we used a CSV file where the features and
target variable (signal inhibition) were stored as columns sepa-
rated by commas. Note that the read_csv function does not
strictly require this input format. For instance, pandas’s
read_csv function supports any possible column delimiter
(e.g., tabs and whitespaces), which can be specified via the
delimiter function argument. For more information about the
read_csv function, please refer to the official documentation
at https://pandas.pydata.org/pandas-docs/stable/gener
ated/pandas.read_csv.html. Furthermore, if you are planning
to work with datasets where the features are stored as rows as
opposed to columns, you can use the transpose method
(df ¼ df.transpose()) after loading a dataset to transpose
the data frame index and columns.
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2. Throughout section 3, we assumed that the data frame of
activity data was already sorted by signal inhibition in decreas-
ing order. While sorting the data frame is not essential for
fitting the machine learning models in the later section, you
may consider sorting your datasets for the heat map visualiza-
tion, to show the ten molecules with the highest inhibition
activity, for example. To sort the data frame df, you can use
sort_values method of a given pandas data frame object.
For example, the following code sorts the molecules stored as a
data frame df from most active to least active: df¼ df.sort_-
values(Signal-Inhibition’, ascending ¼ False).
More information about this sort_values method can be
found in the official pandas documentation at https://pandas.
pydata.org/pandas-docs/stable/generated/pandas.
DataFrame.sort_values.html.

3. While we recommend working with 3D structures because they
provide spatial relationships between chemical groups, molec-
ular features can also be derived from 1D string representations
of molecules or 2D structural representations. For example, the
presence of certain substructures or atom types, using so-called
molecular fingerprints, can be computed using the open-source
toolkit OpenBabel (https://openbabel.org/docs/dev/
Fingerprints/intro.html).

4. To convert a 1D or 2D representation of a molecule into a 3D
structure as input for the spatial functional group matching in
the DKPES dataset that was done via Screenlamp [10] using
ROCS overlays (OpenEye Scientific Software, Santa Fe, NM;
https://www.eyesopen.com/rocs), you may find the following
tools helpful:

l The CACTUS online SMILES translator and structure file
generator (https://cactus.nci.nih.gov/translate/).

l OMEGA (OpenEye Scientific Software, Santa Fe, NM;
https://www.eyesopen.com/omega), which creates multi-
ple favorable 3D conformers of a given structure from 1D,
2D, or 3D representations [38, 39]. This software is avail-
able free for academic researchers upon completion of a
license agreement with OpenEye.

5. Further, you may find the BioPandas toolkit [40] helpful
(http://rasbt.github.io/biopandas/), which reads 3D
structures from the common MOL2 file format into the pan-
das data frame format. This can be useful if you are working
with large MOL2 databases that contain thousands or
millions of structures that you want to filter for certain
properties prior to generating overlays via ROCS or compute
the functional group matching patterns via Screenlamp:
https://github.com/psa-lab/screenlamp.
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6. We chose a 1.3 Å cutoff between overlayed atoms to identify
functional group matches in 3D. If two molecules share the
same atom type at a distance greater than 1.3 Å, this was not
considered a functional group match. This relatively generous
distance cut-off (nearly a covalent bond-length) was chosen to
account for minor deviations in the crystal structures and over-
lays when comparing functional groups between pairs of mole-
cules. Note that changing the distance threshold generally will
affect the resulting functional group matching patterns. For
instance, the 3-hydroxy group in ZINC72400307 (Fig. 5)
does not overlay with the 3-keto group of the DKPES query
(Fig. 2) in our analysis since the distance between those two
atoms is 1.7 Å. We recommend choosing distance thresholds
up to 1.3 Å.

7. While there is technically no minimum number of molecules
required for using the techniques outlined in this chapter, we
recommend collecting datasets of at least 30 structures for the
automatic inference of functional groups that discriminate
between active and non-active molecules. Although this is
difficult to achieve in practice, an ideal dataset for supervised
machine learning would be balanced, that is, with an equal
number of positive (active) and negative (non-active) training
examples. While there is no indication that class imbalance was
in issue for the DKPES dataset, as the results of the decision
tree analysis were unambiguous, imbalance may be an issue in
other datasets. There are many different techniques for dealing
with imbalanced datasets, including several resampling techni-
ques (oversampling of the minority class or undersampling of
the majority class), the generation of synthetic training sam-
ples, and reweighting the influence of different class labels
during the model fitting. A comprehensive review of techni-
ques for working with imbalanced datasets can be found in
[34]. For machine learning with scikit-learn, a compatible
Python library that has been developed to deal with imbalanced
datasets (http://contrib.scikit-learn.org/imbalanced-learn/)
[35]. Also note that classifiers in scikit-learn, including the
DecisionTreeClassifier, accept a class_weight argu-
ment, which can be used to put more emphasis on a particular
class (e.g., active or non-active) during model fitting, thereby
preventing that the decision tree algorithm becomes biased
toward the most frequent class in the dataset. For more infor-
mation on how to use the class_weight parameter of the
DecisionTreeClassifier, refer to the documentation at
http://scikit-learn.org/stable/modules/generated/sklearn.
tree.DecisionTreeClassifier.html.

8. Deep, unpruned decision trees with many decision points are
notoriously prone to overfitting. This is analogous to the
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overfitting problem in parametric regression, where including
more terms with adjustable weights allows better fit to a set of
training data, while resulting in complex decision rules that are
hard to interpret and do not perform well on held-out or new
data. This is why we preferred classification trees over decision
trees for regression analysis for the single decision tree and
random forest analyses in this chapter.

9. Note that the problem analyzed here as a case study is not a
classical example of machine learning, in which a classifier is fit
to a training dataset, and then its accuracy of prediction (and
generalizability to new data) is estimated on held-out data by
using a test set or cross-validation techniques. In this chapter,
we are describing general approaches for analyzing the impor-
tance of various functional groups for the activity of molecules.
Our primary goal is not to build a predictor to classify new
molecules as active or non-active, although the models devel-
oped in this chapter could indeed be used in such a way.

10. While the feature importance values provide us with a numeric
value to quantify the importance of features, these quantities
do not provide information about whether the presence or
absence of the particular functional group matches are charac-
teristic of the active molecules. However, we can easily deter-
mine whether active molecules match a certain functional
group by inspecting the heat map visualizations of active and
non-active molecules (Fig. 9).

11. Concerning the interpretation of feature importance values
from random forests, note that if two or more features are
highly correlated, one feature may be ranked much higher
than the other feature, or both features may be equally ranked.
In other words, the importance or information in the second
feature may not be fully captured. The potential bias in inter-
preting the feature importance from random forest models has
been discussed in more detail by Strobl et al. [41]. In general,
this issue can be preassessed by measuring the degree to which
series of values for two features across a set of compounds are
correlated by calculating the Pearson linear correlation coeffi-
cient to evaluate if there is a linear relationship between the
features’ values, or by calculating the Spearman rank correla-
tion coefficient to assess similar ranking of values between the
features across a set of compounds (which does not assume
colinearity). The Spearman and Pearson correlation coeffi-
cients can be computed using the peasonr and spearmanr
functions from the scipy.stats package (please refer to the
official SciPy documentation at https://docs.scipy.org for
more information). While the predictive performance of a
random forest is generally not negatively affected by high
correlation among feature variables (multicolinearity), it is

334 Sebastian Raschka et al.

https://docs.scipy.org


recommended to exclude highly correlated features from the
dataset for feature importance analysis, for instance, via recur-
sive feature importance pruning [42].

12. Sequential feature selection constitutes just one of many
approaches to select feature subsets. Univariate feature selec-
tion methods that consider one variable at a time and select
features based on univariate statistical tests, for example, per-
centile thresholds or p-values. A good review of feature selec-
tion algorithms can be found in Saeys et al. [43]. However, the
main advantage of sequential feature selection over univariate
feature selection techniques is that sequential feature selection
analyzes the effect of features on the performance of a predic-
tive model considering the features as a synergistic group.
Other techniques, related to sequential feature selection, are
genetic algorithms, which have been successfully used in
biological applications to find optimal feature subsets in high-
dimensional datasets as discussed in Raymer et al. [44, 45].

13. We chose fivefold cross-validation to evaluate the logistic
regression models in the sequential backward selection, since
k ¼ 5 it is a commonly used default value in k-fold cross-
validation. Generally, small values for k are computationally
less expensive than larger values of k (due to the smaller train-
ing set sizes and fewer iterations). However, choosing a small
value for k increases the pessimistic bias, which means the
performance estimate underestimates the true generalization
performance of a model. On the other hand, increasing the size
of k increases the variance of the estimate. Unfortunately, the
No Free Lunch Theorem [46]—stating that there is no algo-
rithm or choice of parameters that is optimal for solving all
problems—also applies here (as shown in [47]. For an empiri-
cal study of bias, variance, and bias-variance trade-offs in cross-
validation, also see [48].

14. The chemical features identified as most important by machine
learning will depend on the chemical diversity within the set of
molecules for which assay results and chemical structures are
analyzed. For instance, if only steroid compounds are tested
versus only non-steroids, likely the chemical features found to
be most important will differ. In our case, for the steroid set,
the side groups providing specific interactions were most
important (since the steroid scaffold is in common to all of
them), whereas for the non-steroids, compounds that mimic
and shape and hydrophobic interactions of the steroidal pher-
omone may also be important. Thus, considering the set of
compounds to be analyzed, and testing the generalizability of
the features derived is worth some thought. If you have differ-
ent chemical classes of compounds to analyze, and a significant
number of compounds in each, you can carry out the machine
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learning analysis of the most important features for each of the
groups of compounds separately, as well as all of the com-
pounds together, to discern the extent to which highly ranked
features that discriminate between actives and non-actives are
shared among compounds based on different chemical
scaffolds.
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Chapter 17

Computational Exploration of Conformational Transitions
in Protein Drug Targets

Benjamin P. Cossins, Alastair D. G. Lawson, and Jiye Shi

Abstract

Protein drug targets vary from highly structured to completely disordered; either way dynamics governs
function. Hence, understanding the dynamical aspects of how protein targets function can enable improved
interventions with drug molecules. Computational approaches offer highly detailed structural models of
protein dynamics which are becoming more predictive as model quality and sampling power improve.
However, the most advanced and popular models still have errors owing to imperfect parameter sets and
often cannot access longer timescales of many crucial biological processes. Experimental approaches offer
more certainty but can struggle to detect and measure lightly populated conformations of target proteins
and subtle allostery. An emerging solution is to integrate available experimental data into advanced
molecular simulations. In the future, molecular simulation in combination with experimental data may be
able to offer detailed models of important drug targets such that improved functional mechanisms or
selectivity can be accessed.

Key words Molecular dynamics, Protein conformation, Conformational transition, Hidden pocket,
Allostery, Drug discovery

1 Nature of Conformational Space of Proteins

1.1 Structural

and Dynamical Nature

of Proteins

Protein is one of the fundamental materials of living organisms
along with RNA and DNA. The seemingly simple amino-acid
building blocks hide a stunning complexity of structure and dyna-
mical behavior. Proteins have evolved for particular functions and
their structural and dynamical nature reflects these functions.

Some proteins have very stable 3D structures such as crystal-
lins, which have evolved to form the transparent eye lens [1]. Other
proteins have no single stable structure but are dynamic ensembles
of various different conformations. These dynamic ensembles range
from the surprisingly prevalent intrinsically disordered proteins
(IDPs) to those with very specific and tightly ordered motions
like mechanical machine molecules. The mechanical-like protein
motions have been studied in an evolutionary context. These
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motions have been found to be much conserved in evolution and
often repurposed [2, 3]. Proteins also tend to evolve through
modular combination of domains with particular functions
[4]. Hence, rigid and dynamic or disordered proteins can be com-
bined in a myriad of ways. Also, and importantly, proteins often
react to stimuli such as pH, phosphorylation, changes in membrane
composition, and molecular recognition of other molecules.

Proteins have many rotatable bonds and their conformational
space is hyperdimensional, which makes it intrinsically hard to
understand. However, those rigid or machine like proteins, men-
tioned above, are characterized by small numbers of connected
spaces which have relatively low dimensionality, evolved so they
can carry out their function efficiently and structured by their native
contacts/interactions. The scientific community has started to
move towards a view of protein folding defined by intermediates
or network hubs with progressively lower dimensionality, rather
than the previous folding funnel theories [5–8]. This is a pertinent
example of one of the major problems we have in trying to under-
stand the high-dimensional space of proteins. High dimensionality
clouds our understanding of protein dynamics; we often project
important aspects of conformational space onto a small number
[2, 3] of important dimensions. However, many important pro-
cesses take place in more than three dimensions and this can be
difficult to understand and visualize.

Technology to design proteins already exists but thus far only
superstable examples have been generated and not the delicately
balanced dynamic ensembles found in most evolved proteins
[9]. This mastery of protein dynamic ensembles is not close
owing to the high complexity. Currently we are still developing
the ability to efficiently understand the dynamic ensembles of
evolved proteins we may come across in nature.

1.2 What Is

a Conformational

Transition?

The phrase “conformational transition” is not always entirely clear
and can cause confusion. Hence, a clear definition of what we mean
by “conformational transition” is important. This requires the
definition of what is and what is not a separate conformation.
These discussions can, in some situations, revolve around the avail-
able structural data for a given protein. For those interested in
biomolecular simulations these discussions are more and more
related to the “slowest motions” of a system. The slowest motions
are, in general, most likely to be important functional motions. Of
course, the motions themselves are not necessarily slow, and they
may be rapid but rare as events, yielding a slow kinetic rate. How-
ever, the so-called faster motions can also be correlated and func-
tionally important. Fast motions can mediate allosteric signals over
surprisingly long distances across protein molecules with a confor-
mational change which cannot be detected easily with modern
experimental techniques [10]. Given this complexity, there is
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often a layer of subjectivity over whether a region of conformational
space is a separate conformation or a part of a larger major confor-
mation. The current authors believe that it makes sense to under-
stand conformational space with protein function as the primary
consideration.

1.3 Energy Surfaces

(Sensible Projections

of Conformational

Space)

The energy surface or landscape concept was first suggested to
understand protein folding [11]; it is now often used to understand
the space which a protein’s conformation moves within. While the
energy surface concept is useful for thinking about protein confor-
mational space and folding, it is generally not sensible to attempt to
build and visualize an energy surface using all the degrees of free-
dom of a protein, or even just torsions (see Note 1).

Many state-of-the-art techniques for studying protein dynam-
ics use free-energy surfaces (FES) as the primary means of calculat-
ing and visualizing a protein’s conformational space. Hence, we
have to try and understand protein conformational space using only
a small number of dimensions, and choosing these dimensions (for
an energy surface) is difficult but very important (see Note 2).

1.4 Kinetic

Transitions

Another sensible way to describe and analyze the motions of a
target protein system is through the kinetics of conformational
transitions. This requires some definition of conformational states
and in order that the transition probability can be converged
between them they should be in a relatively fine discretization.
The analysis of time (kinetics) with respect to protein motions,
rather than potential energy, is easier to work with and understand,
mainly because it is easier to coarse-grain and analyze the temporal
hierarchy. A kinetic network model is a sensible way to understand
and visualize an average protein drug target.

2 Classification of Computational Models of Protein Transition

The field of modeling protein dynamics has grown along with the
development of the two most common approaches, molecular
dynamics (MD) and Metropolis Monte-Carlo (MMC) simulations.

MD simulates the dynamics of biomolecules using Newtonian
and statistical physics. MD simulations generally start with an
experimentally determined structure of a protein that is placed in
a box of water molecules. Each atom is assigned a velocity in
accordance with the Boltzmann distribution and small time steps
are made which modify atom positions using an integration
scheme. Time steps must be very small to ensure that the conserva-
tion of energy law is adhered to. Hence, the main drawback;
standard MD simulations can be computationally expensive and
are currently limited to timescales of single digit milliseconds [12]
(see Note 3).
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MMC, like MD, is based on statistical physics; but rather than
using Newtonian theory to model motions, Monte-Carlo random
numbers are used to generate changes to the model which are then
filtered with a Metropolis test to ensure sampling from the Boltz-
mann distribution.

MD and MMC are favored for different types of simulation
such as MMC for gas-phase or low-density models or calculations
of chemical potential. Generally MD is used for condensed phase
systems where collective motions are important. However, there
are some areas of overlap such as calculation of binding free-
energies. Furthermore, hybrid methods are becoming increasingly
popular as they offer great combinations of features [13]. Here we
will focus on MD simulations as we are mainly interested in
condensed phase simulations of proteins.

3 Fundamental Challenges in Simulations of Conformational Change

The fundamental challenges of using dynamic simulation to explore
protein conformational transitions are related to the two interre-
lated limitations of molecular dynamics.

1. Model quality: It is difficult to produce a dynamic model which
is able to capture all aspects of the interactions of proteins yet
sufficiently simple such that it can be sampled rapidly.

2. Timescales: The protein conformational transitions of interest
often take place on slower timescales than what we are able to
sample with a suitable dynamic model.

3.1 Model Resolution Within the field of biosimulation various resolutions of model are
available from quantum mechanical (QM) to coarse-grained.

The QM level is the most detailed representation which
includes electronic structure. Dynamical simulations at the QM
level is carried out with either Born–Oppenheimer molecular
dynamics (BOMD) using the time-independent Schrödinger equa-
tion or Car–Parrinello molecular dynamics (CPMD) which explic-
itly includes the electron dynamics. QM dynamics is normally
restricted to small chemical systems (see Note 4). Well known
hybrid models (QM/MM) are also too slow for work on the slow
protein transitions of interest in many drug targets, and are gener-
ally used for models of enzyme reactions.

In terms of protein model resolution, after QM we have classi-
cal mechanics, which for proteins means molecular mechanics
(MM). Atomistic MM generally refers to Lifson like models or
force fields with van der Waals (VDW) spheres for atoms, point
charges and springs controlling bond angles and dihedrals [14] (see
Note 5). In addition, modern atomistic simulations have periodic-
boundary conditions and provision for long-range electrostatics.
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These atomistic MM models of proteins are, with modern GPU
hardware, sufficiently fast to access biologically relevant timescales.
They are able to reasonably accurately reproduce many experimen-
tal observables including NMRmeasurements. In addition they are
transferable between almost any protein system/model. For these
reasons the atomistic MM resolution is by far the most popular and
important resolution for protein simulations.

At the other end of the spectrum of protein model resolution,
coarse-grained (CG) models offer very large time steps and time-
scales at the expense of reduced accuracy and detail. Protein con-
formational change is complex and therefore it is very difficult to
produce a transferable CG model which is predictive for conforma-
tional change (see Note 6). While examples of transferable CG
models for conformational change exist none are widely used or
applicable to large complex systems [15–17].

3.2 Sampling Large

Motions

with Collective

Motions

An interesting protein sampling strategy is to make large collective
motions based on Eigen-function calculations or prior knowledge
about structure. In general approaches which make large collective
motions must use an implicit solvation model owing to the poten-
tial clashes with the solvent as a result of the motions introduced.
Also these approaches do not generally offer properly weighted
dynamic ensembles, but are generally designed to be very efficient
for large motions, like hinge bending, within a low dimensional
subspace or energy basin.

Normal mode analysis (NMA) is a well-known approach for
recovering the motions of a protein using an approximation which
assumes the potential energy is harmonic. A normal mode is a
“pattern of motion in which all parts of the system move sinusoi-
dally with the same frequency, with a fixed phase relation and is
independent from other normal modes.” Hence, NMA has been
mainly used for understanding the slowest or lowest frequency
motion of a protein. This generally means motions whose start
and end points are within the same low energy basin or
low-dimensional subspace. NMA with a full atomistic molecular
mechanics model is considered computationally expensive as it
requires a large amount of computer memory (see Note 7).

Reduced NMA models, namely elastic network models
(ENMs), have become popular owing to their simplicity, computa-
tional lightness, and remarkable accuracy compared to experiment
and more expensive computational approaches. ENMs use simpli-
fied potentials which often utilize harmonics with a single force
constant between all alpha-carbons [18, 19]. Improved ENMs are
common and often focus on generalized plans for adjusting the
connections and strengths of the harmonics [20–22] (see Note 8).

Protein energy landscape exploration (PELE) is a minimized
Monte-Carlo basin-hopping method which combines advanced
ligand moves with an ENM and side-chain sampling. PELE is
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able to make large ligand displacements and protein collective
motions enabling very efficient ligand migration and protein con-
formational sampling [23, 24]. PELE is being used in the pharma-
ceutical industry for highly flexible docking [25]. It is also clear that
having some knowledge of important motions can help the ENM
capture the correct motions [26].

Natural move Monte-Carlo (NMMC) is another interesting
basin-hopping approach utilizing collective motions. The philoso-
phy of NMMC is to produce very large-scale simulations with
detailed models (e.g., atomistic or three-particle per residue CG).
This is achieved by customizing Monte-Carlo moves such that
natural collective motions are made and any backbone breakage is
fixed with a clever closure algorithm [27, 28]. A recent study shows
how NMMC can be applied to a protein system with customized
hierarchical moves [29].

Like PELE, NMMC sampling does not adhere to the condition
of detailed balance and therefore does not strictly speaking sample
the canonical distribution, although in both cases it could be
argued that they are in a regime which is close to the correct
distribution. Hence, these basin-hopping approaches attempt to
overcome the fundamental limitations of atomistic protein simula-
tions by optimally localizing sampling and approximating the sta-
tistical mechanical rules.

3.3 Current

Important Classes

of Molecular Dynamics

Exploration

For exploring protein conformational transitions there are cur-
rently two major groups of approaches: biased potential methods
like umbrella-sampling, meta-dynamics, or replica-exchange
[30–32] and celling approaches like Markov state models
[33]. These two groups of approaches can in theory be used for
the same problems but in practice tend to be used in different cases.
This difference between these two approaches is rooted in the
fundamental sampling problem of large energy barriers and large
entropic conformational spaces. Biased potential methods are good
at scaling large energy barrier while celling approaches struggle as
these events happen so rarely. Celling approaches are good at
exploring large conformational spaces as they are systematic.

3.3.1 Biased Potential

Methods

Umbrella sampling adds a biasing potential (often harmonic) with
respect to a predefined collective variable to the Hamiltonian.
These calculations are usually broken up into a series of overlapping
simulation windows such that simple biases can be used to achieve
intensive sampling. The unbiased free-energy profile is then recov-
ered by removing the previously added bias. The most common
method for this reweighting is the weighted histogram
analysis [34].

Metadynamics conceptually fills a system’s energy surface with
computational sand. In similarity to umbrella sampling, metady-
namics biases a simulation with respect to carefully chosen
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predefined collective variables (CVs). However, in contrast, meta-
dynamics biases in a history-dependent manner by periodically
depositing Gaussians to discourage the simulation from revisiting
the same region of the CV space. Once the CV space is filled, the
free-energy surface can then be recovered by integrating over the
added Gaussians. Normally the simulation is stopped when the
system is diffusing freely through the CV space. The problem of
slow or difficult convergence has been improved through the devel-
opment of well-tempered metadynamics [35] (see Note 9).

In general umbrella sampling is almost certain to converge and
has fewer parameters than metadynamics. However, as mentioned
earlier for both of these approaches the choice of collective variables
is crucial and often difficult. It is generally easier to see problems
with the chosen biasing variables with metadynamics owing to its
diffusivity. Interestingly, other methods like adaptive biasing force
MD offer some of the advantages of both umbrella sampling and
metadynamics [36] .

Replica-exchange uses a set of replicas of the same simulation
which have successively improved sampling properties owing to
some variables like temperature. The variables are then exchanged
between replicas such that conformations from the replicas which
sample more rapidly are fed into other replicas with the required
distribution. These exchanges are carried out in a way which pre-
serves the correct distribution. Generally this means adhering to
detailed balance and using a Metropolis test, although more
advanced and efficient arrangements becoming more common
[37–39] (see Note 10).

Recently, easy-to-implement forms of Hamiltonian-exchange
have become popular as they offer enhanced sampling of particular
regions or interactions at much reduced computational expense
compared to temperature replica-exchange [40] (see Note 11).
Even with these highly efficient new methods replica-exchange
approaches alone are not sufficient to sample many of the transi-
tions of interest. Hence, it is now increasingly common to combine
umbrella sampling or metadynamics with replica-exchange in vari-
ous arrangements [41–44]. The combination of biasing collective
variables along with generalized orthogonal sampling from multi-
ple replicas offers well-converged simulations when reasonable vari-
ables can be found (see Note 12).

3.3.2 Celling

Approaches—Markov

State Models (MSM)

The most well-known celling approach is Markov state models
(MSMs) or kinetic transition networks. MSMs are simplified mod-
els defining the regularity of transitions between discretized states
(microstates) derived from dynamics data. Since they are based on
kinetic information these MSMs provide kinetic data such as tran-
sition times and are more readily compared to experimental data of
dynamics [45]. MSMs allow the combination of many short

Computational Study of Protein Conformational Transitions 345



simulations into one analysis and hence can be easily parallelized
across any size of computer resource.

MSM analyses of very rare events are more difficult as the
simulations which provide kinetic data will not sample these events
often. One way around this difficulty is to “seed” simulations with
data from potential bias methods which explore these rare events
more readily. These seeded kinetic analyses have the potential to
provide the highest quality biophysics data on rare events of interest
with a lower cost [46]. Even in the absence of seed data, adaptive
sampling arrangements can be utilized to enhance sampling effi-
ciency [47, 48].

One of the likely difficulties for large scale celling approaches is
analyzing the huge amount of MD data produced. D. E. Shaw’s
research has developed an open-source code for analyzing many
terabyte trajectories using highly parallel computation [49]. On-
the-fly analysis of data as it is produced such that the best starting
points for new trajectories can be used will be critical for explora-
tion with high performance celling approaches (see Note 13). If a
specialized hardware/software solution for an enhanced celling
approach could be designed it would be more efficient than the
single very long trajectory as the simulation would not spend time
exploring space it has already characterized.

4 What Is Useful for Working with Protein Targets in Drug Discovery?

The field of molecular simulation is now being taken more seriously
in drug discovery research as projects driven by computational
biosimulation have very publically produced valuable candidate
compounds [50]. These nice examples have so far used MD to
predict small molecule binding affinities allowing the rapid explo-
ration of larger swathes of chemical space.

As have been described by various experts, computational
approaches are not yet close to being the first choice technology
in the drug discovery process [51]. However, it is the belief of these
authors that molecular simulation can offer more to drug discovery
research than these examples of binding affinity prediction. A con-
cept for this could be the use of dynamical models to predict target
tractability prior to the engagement of experimental approaches
like protein production allowing a more developed strategy from
the early stages of a therapeutic project [52].

Another concept for the use of molecular dynamics in drug
discovery research is exemplified by the approach of D.E. Shaw
research (DESRES). Since 2002 David Shaw has focused on build-
ing MD technology and applying it to biochemistry and drug
discovery. DESRES has built specialized computers for MD which
encode the calculation into ASIC (applications specific circuit)

346 Benjamin P. Cossins et al.



hardware and advanced interprocessor networks [53–55] (seeNote
14). Published work shows very long timescale simulations and
detailed study of how important drug targets (tyrosine kinases)
function [56, 57]. Emphasis for DESRES seems to be on the details
of interaction networks and change points in protein dynamics
rather than thermodynamic and kinetic details found in similar
work from academic groups [58–61]. This emphasis has led to
the development of advanced statistical analysis to replace painstak-
ing visual analysis [62, 63].

4.1 Target

Tractability

Many of the most valuable activities related to conformational
transitions in structure-enabled drug discovery can be classed as
target tractability work. This is mainly due to the fact that it is
sensible to understand the details of a target’s dynamics and func-
tion before embarking on a therapeutic project. Of course such
understanding is also valuable during lead optimization; however as
definition of conformational transitions can be time-consuming, it
can be more difficult to impact rapid chemistry cycles at this later
stage of a project.

4.2 Searching

for Hidden Pockets

for New Chemical

Entities (NCEs)

An important aspect to NCE target tractability is the presence of a
pocket/cavity capable of sustaining strong binding to a small mol-
ecule. For many years there have been computational analyses able
to find pockets in protein crystal structures; some are physics-based
[64] while others are trained on large sets of known (substrate)
pockets [65, 66]. Even when a potential pocket is discovered with
one of these approaches, there is still much work required to
discover a compound which will experimentally validate it as a
binding site; additionally generating structural information on the
bound complex is even rarer.

There are many important target proteins which do not seem,
in available crystal structures, to have a cavity suitable for traditional
small molecules. However, there are pockets which only reveal
themselves when a compound, generally found only through exper-
imental screening, binds.

It is unclear how numerous these hidden or cryptic pockets
might be, however, molecular dynamics-based approaches have
been emerging which are able to suggest some of these pockets.
The simplest examples of this are studies where a relatively short,
normal MD simulation reveals a cavity which is predicted to be
ligandable by a prediction algorithm or a subcavity in a known
pocket [67–72]. These studies move on from those which analyze
static crystal structures to allow for a more realistic representation
of the protein target. However, these MD-enabled studies are
limited in that they can only hope to discover cavities which emerge
on relatively fast timescales, and often an element of chance is
involved. Other studies attempt to remove chance and use some
form of enhanced sampling to search for useful pockets more
thoroughly [73–76].
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Currently, the most common application of MD for hidden
pockets is the mixed solvent simulations reported in 2009 by a few
different groups [77, 78]. By including small chemical probes in
simulations of target proteins, pockets can be induced or main-
tained in an open state once discovered. Recent studies using mixed
solvents are being applied to find cryptic pockets in PPIs, build
pharmacophores for new pockets, and carry out large scale virtual
screening efforts [79–81]. In addition there are now even a few
examples of approaches combining enhanced sampling and frag-
ments to maximize both sampling of conformational selection and
the ability of probes to induce and maintain pockets [82, 83].

4.3 Understanding

Conformational

Change and Searching

for Hidden

Conformations

Many proteins have functionally important conformational states
which are lightly populated and hence are often not seen in experi-
mental structural studies; alternatively some conformations are not
readily crystallized. Understanding functional motions and confor-
mations of target proteins can allow the targeting of complex
allostery or delicate selectivity for elegant therapeutic interventions
(see Note 15).

Capture of functionally interesting conformations with
antigen-binding fragment (Fab) of antibody or single domain cam-
elid antibody (VHH) along with crystallography [84–88], NMR
[89], and electron microscopy [90] has emerged as a route to
valuable structural information. This conformational capture can
then directly link structure to function, in some cases enable the
understanding of complex allostery [91, 92]. Given this interesting
conformation capture work, discussion about the use of these Fab:
target complexes for small molecule screening against specifically
useful conformations is a logical extension [93] (see Note 16).

Further to this, biotechnology companies offering this tech-
nology have started to emerge. For example, Confo Therapeutics
focuses on generating antibody stabilized structural data for
structure-based design on GPCRs. Attempting to discover hidden
but important conformations using molecular simulation can be
very challenging but in some cases can yield crucial structural
information and thermodynamic details to complement the con-
formational capture strategy.

4.3.1 Directed by

Experimental Data

It is common that we do have some experimental data about a
hidden conformation which has prompted our interest. There are
advanced examples of researchers using X-ray crystallography, X-ray
scattering (SAX), double electron-electron resonance (DEER), 2D
infra-red spectroscopy (2DIR), and nuclear magnetic resonance
(NMR) to drive conformational exploration with molecular
simulation.

Crystal structure coordinates have been used for many years as
a target to drive MD simulations. Fittingly an early approach along
these lines is called “targeted MD” [94, 95]. There are many other
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approaches which drive transitions between crystal structures, but a
particularly interesting and automated example, called normal-
mode analysis and umbrella sampling molecular dynamics or
NUMD, uses an ENM model to build a transition coordinate
between structures and then calculates the PMF using umbrella
sampling [96].

SAX data is relatively low resolution compared to crystallogra-
phy but can still be used to drive exploratory biosimulations both
with biasing or correction potentials and adaptive sampling of a
common classical force-field [97–99].

DEER is a pulse electron paramagnetic resonance (EPR) tech-
nique that provides distance distributions which relate to the dis-
tances between nitroxide spin labels (probes) introduced into the
target protein via site-directed mutagenesis. There are various lim-
itations to the size of the distances and the number of probes which
can be used at once, but DEER offers average interspin distribu-
tions and so can detect hidden but important conformations
[100]. DEER has also been combined with MD to correct easily
sampled ensembles which may be inaccurate owing to an imperfect
force-field [101, 102].

NMR offers dynamic detail of proteins from experiment at
biologically relevant timescales and hence can offer information to
drive molecular simulations. Granata et al. have used NMR chemi-
cal shifts as a bias-exchange metadynamics collective variable
through their camshift metric, which measures the difference
between calculated and experimental chemical shifts [103]. This
combination provides a considerable speed up for their case of
folding a small protein. However, lightly populated conformations
cannot be observed with normal NMR spectra. Specialized NMR
approaches such as chemical-exchange saturation transfer (CEST),
Carr–Purcell–Meiboom–Gill (CPMG) relaxation dispersion, or
paramagnetic relaxation enhancement (PRE) are able to find struc-
tural information on these transient states, although they are each
constrained to particular ranges of timescales [104]. A recent study
has been able to measure an interesting transient state in T4 lyso-
zyme and build a NMR restrained MD simulation of the related
enzyme catalytic process [105]. Despite some success in finding
hidden conformations with NMR, it remains a challenge for rou-
tine applications due to difficulties in interpreting NMR data (see
Note 17). In addition, the methods for evaluating consistency
between structural conformations and chemical shift data are of
limited accuracy [106]. Furthermore, NMR is often not able to
generate data for larger proteins or homomultimers, which, along
with the time it often takes to assign spectra, is a major limitation
for applications in drug discovery [107]. This suggests that
NMR-driven MD alone is not the answer to routinely finding
hidden conformations.
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Two-dimensional infrared spectroscopy (2DIR) is another
interesting technique able to probe protein secondary structure
elements without protein labeling. While the structural resolution
of 2DIR is not particularly high compared to NMR it is able to
cover a large array of timescales as the underlying time resolution is
in the ps range. Labeling with azides or NO can offer residue level
resolution. Thus far combinations with simulation have been at the
level of cross-validation to help with assignment of spectra and
understanding the timescales of ion-channel and [108, 109]. The
use of temperature-jump 2DIR offers more detailed timescale data
which can help validate information-rich simulations like MSMs
[110]. The emergence of reliable methods for calculating 2DIR
spectra from simulation data suggests that a more integrated com-
bination with MD is a possibility [111].

The dream of integrative structural biology is to bring all of
these different sources of structural data together in one model,
which can be used to guide drug design. Platforms for the integra-
tion of any form of structural data intoMD simulations have started
to emerge and the favored approaches for this are Bayesian infer-
ence and the maximum entropy principle. The optimal combina-
tion and arrangement of these approaches is not completely clear
yet and reviews and perspectives are starting to appear
[112–114]. MELD uses a parameter describing the fraction of an
experimental data set which is reliable combined with Bayesian
inference picking out the most appropriate sets of restraints for
each frame in a simulation. MELD is a well-developed platform
with published examples of difficult problems like structure
prediction but its application is limited to small systems [115].
Metainference is another advanced integrated simulation method
implemented in Plumed, the well-known metadynamics plugin.
Metainference is able to produce accurate simulations even with
reduced models, such as implicit solvation, when combined with
NMR chemical shift data [116].

A common use case when searching for hidden conformations
is the non-direct use of experimental structural data. Any type of
insight or hypothesis can be used to manually build variables for
biasing potentials or adaptive sampling; but even with rich struc-
tural data, producing the conformational transitions often requires
variables which are not obvious. The capture of a hidden confor-
mation with Fab domains and X-ray crystal can suggest the exis-
tence of a whole new region of conformational space and be a great
aid to MD-based conformational exploration. An interesting exam-
ple is the antibody captured linear conformation of IgE; a large
metadynamics simulation showed that this conformation is likely
not stable in solution without the stabilizing Fab domains. Other
conformations predicted to be metastable by the simulation were
captured by the therapeutic antibody omalizumab [117, 118].
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4.3.2 Utilizing

Information from Related

Proteins Families

Another important case is protein conformations which represent
an inactive form. Examples can be found in the kinase and GPCR
target classes. In these cases there may be structural data from
related proteins allowing the generation of homology models.
Additionally with large sets of related sequence data, evolutionary
analysis can suggest contacts which may be important in conforma-
tional dynamics [119–121]. These coevolution contacts could be
used in collective variables to drive molecular dynamics approaches
such as metadynamics or adaptive sampling, although there are no
successful studies of this so far. An example of coevolution contacts
alone being used to predict large open to closed functional motion
in the case of the glutamate receptor has been demonstrated by
Marcos et al. [122]. In another interesting example, coevolution
contacts were used to filter out important conformations proposed
by a very coarse and rapid protein sampling method called discrete
molecular dynamics [123]. Platforms likeMELD have been used to
bias all potential contacts in a conformational search [124], which
might allow for easy searching based on coevolution contacts.

4.3.3 Working with No

Knowledge of a Hidden

Conformation

A small number of MD based approaches offer general (i.e., no
knowledge of the hidden conformation required), transferable bias-
ing potentials for larger systems. One potential approach is
accelerated-MD (aMD) which adds a boost potential to all torsions
and/or the potential energy, flattening the free-energy surface and
making transitions more likely. Canonical ensemble averages and
free-energies can be recovered by reweighting a process made easier
with the more recent variant Gaussian-aMD (GaMD) [125]. aMD
has been used to find transitions between known active and inactive
conformations of Ras [126] and to find hidden conformations of
maltose binding protein [127]. These studies have used a fraction
of the simulation time of the DESRES studies discussed above, but
aMD and GaMD are much more difficult to interpret even if a
reweighted free-energy surface can be recovered.

Replica-exchange based approaches have been developing over
many years and have been demonstrated in a great many forms,
with generalized ensembles over temperature, biasing potentials,
interaction scaling, etc. These methods have recently been used to
improve orthogonal sampling for simulations where some specific
variables are being biased.

There are examples of testing combinations of Hamiltonian
exchange with aMD to evaluating its sampling power [128].
Replica-exchange methods were also combined with NMA to
raise the temperature of specific modes, which were found by
NMA without any prior knowledge [129, 130]. There is a recent
example where a variation of replica-exchange called selective
integrated tempering sampling (SITS) were applied to analyze
global conformational transitions of protein kinases [131]
(see Note 18).
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Without any knowledge of potential hidden conformations, a
search with molecular simulation can rely on computational brute
force, which, despite many recent advances in high performance
computing, is still far from sufficient in most cases. DESRES has
reported examples where long unbiased simulations attempting to
make difficult transitions between known active and inactive con-
formations have found intermediate states which might be amena-
ble to structure-based design [132, 133]. Seeded adaptive,
unbiased sampling has achieved similar feats to DESRES and
Anton by exploring known transitions with unbiased dynamics
and finding useful conformations and hidden pockets [12, 46, 75].

These authors have been unable to find examples of any
enhanced simulation applied to a system with a single known
conformation and finding significantly kinetically separated new
conformations. While it is likely that these hidden conformations
are waiting to be found, current simulation methods may not be
sufficiently powerful to find them. Combinations of adaptive cel-
ling and potential biasing approaches may hold the key to this type
of powerful search routine (see Note 19).

4.4 Understanding

Allostery Without

Conformational

Change

Allostery without conformational change is a concept which has
been discussed for many years [134]. This allostery is not restricted
to those systems which are more rigid and ordered but just excludes
a significant conformational change in geometry as the allosteric
mechanism. The most relevant situation in drug discovery is the
discovery of an allosteric compound through experimental screen-
ing where comparisons of available crystal structures of actives and
non-actives or apo-structures seem the same. Often an allosteric
small molecule will need to be optimized, which can be difficult
when the molecular mechanism of action is not understood.
Understanding the potential for allostery when evaluating target
tractability is probably a less common problem, but this is a require-
ment for evaluation of a target or an allosteric pocket. Understand-
ing transitions or allosteric signals without an obvious or significant
geometrical change has many of the same challenges discussed
above for transitions with obvious changes. The added difficulty is
characterizing the transition even if this has been discovered or
sampled as their structures can be very similar.

4.4.1 Challenge of Long

Timescales and Hidden

Transitions

This difficulty in predescribing cryptic allosteric transitions has
caused a dearth of studies investigating these problems with driven
simulation methods which use specific CVs. An interesting but rare
example of this is the recent study of the KIX domain of CREB-
binding protein with metadynamics [135] (see Note 20). aMD is
also a sensible sampling method to sample cryptic allosteric transi-
tions within single geometric conformations [136, 137].

Given the difficulty of sampling long timescale cryptic transi-
tions, less computationally expensive approaches may offer a way
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forward. NMAmethods can access many collective motions and has
been used in approaches which look for correlated displacements
between pockets [138] or modes which can transmit perturbations
made in predicted pockets [139]. NMA approaches have been
shown to capture long timescale dynamics of proteins but not the
less populated states when compared to the millisecond trajectories
of DESRES [140]. However, the lightly populated states were
missed by NMA; motions with a low degree of collectively can
also be missed.

Evolutionary constraint offers another rapid method for under-
standing correlated dynamics which may be able to access longer
timescale phenomena. Studies to date have applied statistical cou-
pling analysis (SCA) [141] which derives a statistical energy from
the probability of a particular amino acid appearing at a given site. A
conservation-weighted covariance matrix built with SCA leads to a
“correlation entropy” which describes the allosteric coupling
between groups of highly coupled residues. This coevolution
derived analysis of allostery has been applied to serine proteases,
hemoglobin, GPCRs, PDZ domains, PAS domains, SH2 and SH3,
identifying functionally important residue sectors and allosteric
couplings between them [142–144]. Subsequently, SCA correla-
tion analysis combined with a small molecule pocket search and
high-throughput docking has discovered an active compound for
cathepsin K which binds at a novel allosteric binding site [145].
If the required sequence data is available, SCA offers detail of
allosteric connections at any timescale with minimal computational
costs. Although, coevolution approaches cannot account for post-
translational modification or ligand binding which can be a prob-
lem for many drug targets.

The concepts of local instability relating to functionally impor-
tant regions and minimal frustration have been described since the
early discussions of protein folding [146, 147]. The group of Peter
Wolynes evaluates residue frustration mutations or alternate con-
figurations through coarse-grained comparison of energies after
mutations and threading of the new sequence to available crystal
structures [148, 149]. If the mutated energies are high compared
to the wild-type then this position is considered minimally frus-
trated and vice versa. This approach has been packaged in an
algorithm called the frustratometer, which can highlight regions
which are likely to be functionally important [150, 151]. While
based on approximate methods, prediction of dynamics by the
frustratometer has been favorably compared to NMR data for the
catabolite activator protein [152]. Another approach called CON-
TACT models alternate residue configurations into crystallography
electron density, scoring potential van der Waals clashes and deriv-
ing a score similar to the frustratometer [153]. Pathways of residues
which frustrate each other have been show to coincide with NMR
data and extensive mutational studies [154].
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4.4.2 MD Can Offer

Detailed Models at Shorter

Timescales

Despite the difficulty of accessing long timescales, analysis of rela-
tively short unbiasedMD simulations is a very popular approach for
understanding cryptic allostery. The diversity of analysis approaches
in the literature is very broad, but all attempt to statistically corre-
late the dynamics of two remote regions of the protein target.
Mutual information has emerged as a powerful way to look at the
potentially subtle correlations in protein dynamics, as it makes
fewer assumptions than other common approaches like covariance
analysis. Mutinf applies mutual information to analyze sets of
repeated MD trajectories for correlations in dihedral motions
[155]. Mutinf compares trajectory replicas and applies bootstrap-
ping to remove predicted correlations which are considered noise.
This analysis was qualitatively compared to NMR chemical shifts
but has subsequently been used to understand allosteric pockets in
kinase systems [156, 157]. In one recent example a previously
unknown allosteric site was predicted, and subsequently active
compounds were discovered with virtual screening and experimen-
tally validated [158].

Researchers have now moved on from presenting pairwise
correlation matrices to considering network community analysis
of correlated motions [159]. Community analysis groups highly
correlated residues together and scores the size of correlations
between blocks. This is an important step, as it allows for simpler
understanding and comparison of these highly degenerate net-
works. A series of studies have applied a mutual information com-
munity approach to understand the dynamical correlation network
of protein kinase A (PKA) [160]. Calculated communities could be
functionally annotated but did not fit with motifs based on
sequence or secondary structure and were modified by conforma-
tional changes or ligand binding. This analysis of PKA also gave
new understanding to known functional mutations which was then
investigated with detailed biochemical experiments [161]. Also
some of the dynamic correlations of the important hydrophobic
spine regions have been validated with methyl-TROSY
NMR [162].

A similar approach applied to thrombin has been able to explain
how changes in the dynamics of the proteases surface loops on
active site occupation lower the entropic penalty for binding an
allosteric modulator [136, 137]. Interestingly, the slower dynamics
of thrombins surface loops required the application of aMD and the
frustratometer for the dynamic models to closely match the
NMR data.

4.4.3 Combined

Platforms Maybe

an Optimal Way Forward

Analysis of atomistic MD clearly gives the quality models and detail
required to understand how ligand binding and mutations affect
the molecular switches which are often drug targets. However, as
exemplified by this last set of studies, combining approximate
methods like the frustratometer with detailed enhanced MD may
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bridge the gap to longer timescales. Another effective combination
is that of SCA analysis and MD [121, 163]. Platforms for analyses
of structures and trajectories have started to emerge
[164, 165]. These combined platforms allow for rapid pipelining
of combinations of advanced methods to achieve high quality
models.

5 Conclusions

Understanding how protein drug targets function is very complex
indeed. Many experienced drug hunters opine that there is much
serendipity involved in discovering a drug candidate. At the level of
drug target molecular mechanisms, the continual progress in
molecular dynamics, in terms of timescales and model accuracy,
offers a new level of rationality. In the future complex molecular
mechanisms might be identified and understood at earlier stages in
the drug discovery process, allowing valuable new functional effects
and fine-tuned selectivity.

It is clear that atomistic, explicitly solvated molecular dynamics
models offer a good balance between sampling speed and transfer-
able accuracy. However, detailed aspects of protein drug targets
such as protonation states and metal ion binding are especially
important for delicate dynamic transitions, and in some cases
require advanced and computationally more expensive models.
Also, building models from crystal structures can be challenging
even for experienced practitioners. Details about the local environ-
ment of the protein such as oxidation, lipids, and glycosylation are
often crucial. In many cases mistakes made in initial model building
can cause artifactual or misleading simulation data.

Despite the well-known limitations of molecular dynamics
models, finite simulation length and underlying model quality,
there are now many examples where simulations offer unique
understanding of important dynamic transitions in protein drug
targets. Crucially, these models are now often validated and some-
times driven by experimental data. Highlights discussed here are for
important kinase, GPCR, and protease targets.

Many pharmaceutical companies now have specialists in molec-
ular dynamics simulations within their research departments along
with some significant high-performance computing capabilities.
However, the majority of these researchers focus on small molecule
binding affinity calculations such as those developed by Schrodin-
ger. DESRES is a well-known leader in applying molecular dynam-
ics to conformational transitions of drug targets. Another small
company called Accellera is selling a specialist MSM and adaptive
sampling platform to the industry along with support and services.
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Hence, this activity is growing but currently is not a major focus for
the pharma industry in general.

The authors recognize that for computational simulation to
impact mainstream drug discovery it has to offer improved gener-
ality and speed. Computational simulation is not currently applica-
ble to all targets of interest and can be extremely time consuming.
The authors are acutely aware that the traditional pharma approach
of high throughput screening has been successful and continues to
deliver candidate molecules and successful drugs. Computational
design is expensive, and a great deal of screening can be done for
equivalent cost. While the authors believe that computational
approaches will at least complement and eventually supersede tra-
ditional drug discovery approaches, particularly in difficult areas
such as targeting protein–protein interactions with small molecule
drugs, we are at the early stages of this transition. While intellectu-
ally challenging and occasionally satisfying, computational
approaches need to be mindful of how successful drugs have been
discovered in the past, and respectful of this heritage in order to
truly impact drug discovery in real time and to influence the design
of candidate molecules.

6 Notes

1. Apart from a small protein system (e.g., 2–3 residues), with
current computing infrastructure it is often not possible to
successfully calculate free-energies in more than a few
dimensions.

2. For some large higher dimensional spaces, optimal projection
descriptors for the energy surface (or collective variables) give
useful information but at a much lower resolution (i.e., many
details are missed) than what could be achieved in lower dimen-
sions [117]. This issue of optimal collective variables or reac-
tion coordinates is important for efficient sampling of protein
motions and understanding of protein simulations.

3. With current computing infrastructure, it is often difficult to
ensure all important conformations are explored by MD, espe-
cially those separated by large energy barriers [166, 167].

4. QM resolution protein simulations are possible although, even
at low levels of theory, it is prohibitively computationally slow.
A relatively recent GPU based simulation study using BOMD
produced an 8.8 ps trajectory [168].

5. These atomistic MM force fields are designed to capture the
most important interactions while being computationally inex-
pensive; hence the use of harmonic potentials rather than more
realistic options such as the Morse potential.
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6. MARTINI is a widely used CG model but cannot be used for
modeling backbone conformational transitions owing to the
use of an elastic network model (ENM) to restrain protein
secondary structure to its starting conformation [169].
A recent development of MARTINI has been able to fold
some protein fragments by replacing the ENM restraints with
a contact map [170].

7. To perform NMA on an atomistic protein model a powerful
minimization is required (to find the bottom of the approxi-
mated harmonic basin) followed by diagonalization of the
second derivative of the potential energy (3 N � 3 N Hessian
matrix).

8. Recent application code libraries such as Bio3D and ProDy
offer advanced combinations of ENMs like pathway sampling
strategies or correlation analyses, and can be used to build
combinations for custom pipelines [164, 165].

9. The Gaussian height is reduced over time such that the simula-
tion is forced to converge as the height tends to zero.

10. There is continual exploration of the optimal arrangements for
replica-exchange but generally exchanges are made every
2–10,000 time steps and optimized such that at least 30% of
exchanges are accepted [171].

11. Temperature replica-exchange with even moderately sized,
explicitly solvated, systems requires many replicas owing to
the high heat capacity of water.

12. The experiences of the current authors suggest that biasing
over multiple replicas, each with an uncorrelated driven vari-
able, is often able to explore protein conformational space in a
very powerful way but can be difficult to converge.

13. There are currently at least five academic codes for managing
large adaptive celling calculations [172–177].

14. A single Anton 2 computer can produce a ~115 us simulation
per day on the standard industry test system. It should be
noted that many important biological processes take place
over much longer timescales. Anton 2 has been optimized for
simulations of large models (~700,000 atoms), which fits with
their aims of “investigating the mechanisms of several pharma-
ceutically relevant cellular receptors, transport proteins, and
enzymes” as some of the suggested systems of study would
be very large.

15. For example Morphic Therapeutics focused entirely on a very
detailed understanding of the molecular mode of action of the
integrin family of proteins to achieve a first in class therapeutic.
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16. This screening strategy is likely to work best where the cap-
tured conformation is less affected by the bound Fab/VHH
domain [178].

17. CPMG data can be difficult to interpret; there are cases where
MD simulations found hidden conformations which in turn
enabled the understanding of CPMG data through the fitting
of a suitable model [179, 180].

18. This is a particularly interesting study, as it uses an approach
which requires only a small amount of initial knowledge about
the transition.

19. An interesting recent study combines celling with a self-
seeding approach which uses the shape of the local energy
surface to guess at new conformations to start unbiased simu-
lations from [181]

20. Previous NMR studies offered limited but specific information
about which side-chains were involved in this allostery. How-
ever, this information is not sufficient to build a CV to correctly
sample these invisible states of KIX as the protein must access
an excited state seen on a timescale of ~3 ms. In this case a
special form of metadynamics, the well-tempered ensemble
(WTE), was applied and the potential energy was used as a
CVand biased. With theWTE the average energy is the same as
seen without bias but the fluctuations are amplified, and the
correct distribution can be generated through reweighting.
A WTE simulation was able to extensively sample the excited
state of KIX, in 100 ns of atomistic biased simulation, allowing
a detailed understanding of the allosteric mechanism previously
not possible.
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Chapter 18

Applications of the NRGsuite and the Molecular Docking
Software FlexAID in Computational Drug Discovery
and Design

Louis-Philippe Morency, Francis Gaudreault, and Rafael Najmanovich

Abstract

Docking simulations help us understand molecular interactions. Here we present a hands-on tutorial to
utilize FlexAID (Flexible Artificial Intelligence Docking), an open source molecular docking software
between ligands such as small molecules or peptides and macromolecules such as proteins and nucleic
acids. The tutorial uses the NRGsuite PyMOL plugin graphical user interface to set up and visualize
docking simulations in real time as well as detect and refine target cavities. The ease of use of FlexAID
and the NRGsuite combined with its superior performance relative to widely used docking software
provides nonexperts with an important tool to understand molecular interactions with direct applications
in structure-based drug design and virtual high-throughput screening.

Key words Computer-aided drug design, Binding mode prediction, Lead identification, Molecular
docking, Molecular flexibility, Molecular recognition, Protein–ligand complex

1 Introduction

All biological processes are fundamentally guided by molecular
recognition events. The study of molecular recognition aims at
understanding the factors affecting the selectivity and specificity
of molecular interactions. Advances in molecular biology, notably
in protein identification, expression, purification, and structural
determination, gave rise to an abundance of information about
the three dimensional structure of macromolecules and their
molecular complexes accessible through the Protein Data Bank
(PDB) [1]. As a significant portion of molecular interactions may
in principle be modulated by exogenous small molecules, the large-
scale analysis of ligand–protein interactions helps understand the
evolution of ligand binding [2] and paved the way for the develop-
ment of computational techniques such as molecular docking.
Docking is at the core of virtual high-throughput screening and is
frequently used together with other computational techniques for a
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wide range of applications in computer-assisted drug design.
Molecular docking gained interest in the early stages of the drug
discovery process because of its relatively low computational cost to
evaluate many potential compounds [3].

Molecular docking can be used to tackle three different ques-
tions in drug design [4]: (1) Binding mode prediction, (2) Virtual
high-throughput screening; and (3) Structure-based prediction of
binding affinities. Binding mode prediction aims at obtaining the
three-dimensional structure of the complex between a ligand of
interest and the target. Binding mode prediction is used to under-
stand the underlying interactions involved in the stabilization of the
complex and can be used as a guide for structure-based drug
design. Virtual high-throughput screening (vHTS) aims at detect-
ing bioactive ligands from large compound databases. vHTS gen-
erally relies on binding-mode prediction but often requires the use
of rescoring methods to determine the relative order of compounds
with respect to their unknown binding affinities. The last task is the
estimation of binding free-energy differences from the structure of
the complex. Although it is possible to develop regression or
machine learning based methods to predict binding-free energies,
it is unclear how generalizable their results may be when encoun-
tering different ligands or target classes. It is generally assumed that
only a structure based approach should be able to predict correctly
binding free energies. A fast and accurate method to calculate
binding free energy differences has not been found yet. Such a
method would replace existing vHTS rescoring methods but
would still require the accurate prediction of the three-dimensional
structure of the ligand–protein complex.

Generally speaking, binding mode prediction explores in more
detail the degrees of freedom that represent molecular flexibility [5]
whereas virtual screening uses a faster search and scoring method to
process more compounds and the structure-based prediction of
affinities requires accurately predicted binding-modes and lengthy
statistical-mechanics based calculations. However, the increase in
computational power allows the use of slower docking algorithms,
especially those focusing on binding mode prediction, in a high-
throughput manner [6] with scoring functions precise enough to
discriminate bioactive molecules from decoys [7–10]. Hence, bind-
ing mode prediction methods are standard in computer-aided drug
discovery, either to explain the molecular mechanism behind the
formation of a complex or to search for new bioactive ligands from
virtual libraries through high-throughput virtual screening.

Recent advances in molecular docking focus on modeling the
docking simulation more realistically through for example inclusion
of structural water molecules and molecular flexibility [11–13]. In
general, molecular flexibility of the target has at most been
restricted to side-chain movements. However, attempts are being
made at considering additional degrees of freedom accounting for
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the target flexibility [14, 15] to account for conformational
changes that occur upon binding [16], mostly because proteins
exist in a multiconformational thermodynamic equilibrium [17].
Indeed, molecular rearrangements in the binding site are common
[18] and, in approximately 30% of cases, are critical for ligand
binding [19].

The molecular docking software FlexAID (Flexible Artificial
Intelligence Docking) [20] has been developed as an open source
binding mode prediction software with a focus on modeling molec-
ular flexibility. Among other features, FlexAID searches the confor-
mational landscape with a genetic algorithm, uses a soft and
permissive scoring function based on the surface of contact
between atoms, fully simulates ligand flexibility, uses a probabilistic
rotameric approach to simulate side-chains flexibility in the target,
simulates large-scale backbone movements of the target using the
normal mode analysis method ENCoM [21], and allows for the
simulation of covalent docking. The energy parameters utilized by
the FlexAID scoring function were derived from the supervised
learning (classification) of a large dataset of low energy false positive
decoys (root-mean squared distance, RMSD >2 Å) and true posi-
tive decoys (RMSD �2.0 Å) for over 1300 ligand–protein com-
plexes from the PDBbind database [22]. Notably, FlexAID
outperforms many other open source molecular docking methods
specialized in binding mode prediction such as Autodock Vina
[23], FlexX [24], and rDock [25], particularly when molecular
flexibility is crucial [20]. FlexAID is developed in C and Cþþ, is
distributed open source, and runs on all major operating systems
for personal computers. FlexAID has an interactive PyMOL plugin
graphical user interface, the NRGsuite [26] that greatly simplifies
its use and permits the visualization in real time of the docking
simulation as well as the detection, refinement, andmeasurement of
cavities. In addition to being widely used as an educational tool,
FlexAID has also been successfully used in a number of applica-
tions. Notably, to explain the binding mode of primary bile acid in a
StaR-related lipid transfer domain [27], to target the germination
protease and guanine riboswitch of Clostridium difficile as novel
antibiotic targets, to analyze binding site specificity in the human
serine protease Matriptase [28] and discover new bioactive mole-
cules against the human serine protease TMPRSS6 [28], and fur-
ther validate hypotheses of potential cross-reactivity targets
responsible for the side-effects of approved drugs and their
repurposing [29].

In the following sections, we demonstrate how to use FlexAID
and the NRGsuite to predict the binding mode of a common drug
to its molecular target. As an example of binding mode prediction,
FlexAID will be used to predict the binding mode of the influenza
neuraminidase inhibitor zanamivir (Fig. 1). We encourage the user
to repeat the methodology with different ligands and parameters to
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compare results. The methodology explained here will allow the
user to repeat the experiment with any complex and could easily be
adapted for high-throughput applications by more advanced users
by means of scripting the use of the input files created with the
NRGsuite for a given target.

2 Materials

For this tutorial, it will be necessary to install the molecular visuali-
zation system PyMOL (see Note 1) and the NRGsuite software
package that contains every tool to be used in this tutorial (seeNote
2). All the software is available for the major operating systems, i.e.,
Linux, macOS, and Windows, but it is important to install the
appropriate version of the NRGsuite for your system (see Note 3).

Fig. 1 The binding mode of zanamivir predicted by FlexAID (RESULT_1) is shown in red colored sticks with its
predicted hydrogen bonds in yellow dashed lines. The pose of reference is shown in white sticks. By default,
however, the target is color-coded using the colors in the table and is shown as “Cartoon.” The ligand and
other optimized residues (including side-chains) are shown in white as sticks surrounded by its residues
shown as lines. FlexAID Simulate tab (shown at the bottom right) displays information in a table format about
the coloring scheme of the molecules for different results (column 1), the rank of the results (column 2) an
evaluation of their energy of binding (column 3) and the RMSD from the reference (column 5)

370 Louis-Philippe Morency et al.



After the installation of both PyMOL and the NRGsuite, the last
step required is to open PyMOL and install the NRGsuite as a
plugin (see Note 4).

3 Methods

During this tutorial, the main objective will be to retrieve the
experimentally observed binding mode of a drug in complex with
its target. Although several experimental methods can now solve
high resolution (see Note 5) tridimensional structures of these
complexes, e.g., liquid and solid state nuclear magnetic resonance
(NMR) and electron microscopy (EM), X-ray crystallography
remains the most popular technique used in structure determina-
tion (see Note 6). The experimental structure of the complex is
called the reference, and it will be used as a control to validate the
accuracy of the predictions made during the molecular docking
simulations (see Note 7).

The prediction of the binding mode of a drug-like molecule to
a biologically relevant target of interest, mostly a chain of amino or
nucleic acids (seeNote 8), is entirely performed inside PyMOL and
using the graphical user interface NRGsuite for the molecular
docking software FlexAID. The following protocol can be executed
on any standard personal computer and does not require any
specialized hardware.

As a case study during this protocol, we will be interested in the
drug zanamivir, commonly distributed under the name Relenza by
Gilead Sciences. Zanamivir has been developed as a neuraminidase
inhibitor to treat and prevent the transmission of infections by
influenza A and B viruses. The neuraminidase enzymes (acylneur-
aminyl hydrolase, E.C. 3.2.1.18) hydrolyzes the glycosidic bond
linking a terminal sialic acid and other sugar molecules located on a
host cells’ surface and/or on the hemagglutinin [30]. The cleavage
of the sialic acid bond, specifically the α-ketosidic linkage between
terminal sialic acid and adjacent sugar at the surface of the infected
cell, eases the diffusion of viral particles from infected host cells
toward new cells, thus facilitating the viral infection [31]. The
determination of the tridimensional structure of the glycoprotein
neuraminidase [32] in 1983 allowed the structure-based design of
antiviral agents targeting the conserved structure of its binding site
[33]. Interestingly, computer-aided drug discovery greatly contrib-
uted to the development of compounds leading to the FDA
approval of zanamivir as a first-in-class neuraminidase inhibitor in
1999 [34].

The first step is to select a structure of zanamivir in complex
with its target, the neuraminidase, in the PDB (see Note 9). The
structure that will be used is a crystal of zanamivir bound to the
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H1N1 neuraminidase solved by X-ray crystallography at a resolu-
tion 1.45 Å (PDB: 3B7E) (see Note 10).

All the subsequent steps will be performed in PyMOL. Text in
italic following the “>” symbol represent commands to be entered
in the PyMOL command line interface.

3.1 Preparation

of the Work

Environment

First, launch the version of PyMOL you installed for your
system (see Note 1) and make sure that the NRGsuite is installed
(see Note 2). The command line below will download the crystal
structure of the 1918 H1N1 strain neuraminidase in complex with
zanamivir.

> fetch 3b7e

1. The influenza virus neuraminidase glycoprotein is a homotetra-
mer with fourfold circular symmetry. The selected PDB entry is
a crystal of two monomers assembled into a homodimer. The
experiment in this protocol will use a single monomer to model
the complex. This command line removes the second mono-
meric biological assembly found in the chain B of the structure.

> remove 3b7e and chain B

2. The complex contains both the target, the neuraminidase, and
the reference position of the ligand, i.e., the solution we want to
retrieve with molecular docking. The command line below will
extract zanamivir, the residue named ZMR, from the complex
and create a separate object in PyMOLnamedZMR. This object
will use as the ligand for docking and as the reference that will be
used to evaluate the precision in binding mode prediction.

> extract ZMR, 3b7e and resn ZMR

The work environment of the NRGsuite is project-oriented. A
project must be activated to access the two main interfaces GetCleft
(to detect, refine, and measure the volume of cavities) and FlexAID
(to perform the docking simulations). When a project is activated,
the objects you work with can only be saved within that active
project. Only Target and Ligand object types are automatically
saved in your project folder when loaded elsewhere on the com-
puter (see Note 11). Create a new project for this tutorial by
clicking on the Plugin menu item in the PyMOL main window
(see Note 12).

Plugin!NRGsuite!New Project. . .! ‘your_project_name’
(see Note 13).

3.2 Definition

of the Target Binding

Site with the GetCleft

Interface

The definition of the binding site, i.e., the specific area(s) on the
surface of the target that will be searched during the optimization
process, is an important step to insure the success of a molecular
docking experiment. Although it could be possible to use all the
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accessible surface of the target as a potential binding site for the
ligand during a molecular docking simulation, it is highly suggested
to refine the conformational search of the ligand to specific areas of
interest, hot spots, or, as it will be referred to further, clefts.

GetCleft, one of the two main tools integrated in the
NRGsuite, is an algorithm that identifies surface accessible cavities
(or clefts) in the target (also internal cavities depending on the
parameters used) as potential binding-sites. The GetCleft interface
allows you to adjust the parameters of GetCleft as well as to parti-
tion existing clefts and calculate their volume. The GetCleft inter-
face contains a menu from where you can save/load clefts. The
interface contains three tabs: Generate, Partition, and Volume.

1. Open the GetCleft interface from the Plugin menu found in
the main window of PyMOL

Plugin ! NRGsuite ! Open GetCleft. . . .

2. The Generate tab is activated by default upon GetCleft’s open-
ing and it allows the generation of clefts for a target, the
filtering of the clefts generated and the measurement of their
volumes. There are several parameters of interest that can be
used here: the minimal and maximal radius of the spheres that
will be used to locate and generate the cleft (this parameter
controls the general shape of the cleft) (see Note 14), a given
residue that must be included in the cleft (seeNote 15), and the
maximal number of clefts desired by the user. For this experi-
ment, there is no need to modify these parameters.

First, select a target structure from the scrolling list of “PyMOL
objects/selections” by clicking on the drop-down menu and select-
ing 3b7e (see Note 16). Upon selection of the target, simply click
Start to retrieve available clefts for the neuraminidase. When clefts
are generated, they are automatically loaded into the PyMOL
viewer using unique color coded surface representations and
unique object names (see Note 17). Specifically, clefts are in
decreasing order of the number of spheres needed to build them,
which is somewhat correlated to the volume of the clefts.

3. (Optional) Although this section is written as optional for this
specific molecular docking experiment, it is important to keep
in mind that most other biological targets will require a more
precise definition of the binding site to enhance the precision of
the predictions.

The Partition tab is used to partition the volume of an existing
cleft when it is too large for the need of the user. The process is
divided in three distinct steps:

STEP 1: Select a parent cleft to partition. To partition a cleft,
simply select the cleft of interest from the list of clefts. Only objects
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containing the _sph_ tag are displayed in the list. The selected cleft
will flash in the PyMOL viewer. Generally, the largest cleft, num-
bered 1 and colored red, is the one that will be used for
partitioning.

STEP 2: Add one or more sphere(s) to partition. To partition a
cleft, you need to add one or multiple partition sphere(s). The cleft
volume contained into the volume of the spheres is conserved.

To add a sphere, click the “Add” button. A wizard will activate
and a partition sphere will appear centered onto your cleft. The
name of the sphere object is SPHERE_X__, where X is a numerical
value of the index of the partition spheres inserted.

Once you set the size and location of the partition sphere
properly, click the “Done” button in the Wizard (see Note 18).
The partition sphere will appear in the Spheres objects list. If you
wish to modify this sphere simply click the “Edit” button. A new
wizard will activate. You can also delete partition spheres by clicking
the “Delete” button (see Note 19).

Finally, the greyed-out volume of the cleft represents the vol-
ume that will be conserved when the portioned cleft is created.

STEP 3: Name the partitioned child cleft. Click the Create
button and the partitioned cleft will appear as a new object in the
PyMOL viewer with an added suffix “_pt” to its name.

4. (Optional) The Volume tab of the GetCleft interface calculates
the volume of the clefts generated above. It is particularly
useful for the user to compare the total available volume of a
cleft and the estimated volume of a small molecule as it hints at
the relative size of the space to search.

The clefts that appear are color-coded and are displayed as a list
in the volume tab. If your cleft does not appear, try pressing the
“Refresh clefts” button at the bottom. A cleft with an uncalculated
volume has a null volume (0.0). You can estimate the volume of all
clefts (“ALL” button), uncalculated clefts (“Remaining” button)
or a selected cleft (“Selected” button). The calculated volume is
displayed in Å3 upon completion.

5. Clefts are not automatically saved when generated. Thus, the
user needs to explicitly save the clefts before importing them
into the FlexAID interface. You can save clefts as long as they
were generated in the same GetCleft session. If you generate
clefts, then close the GetCleft interface without saving and
reopen it, the clefts will not be available for saving.

To save the clefts, click the Save menu button in the upper left
corner of the GetCleft window and save the files at the default
location suggested in the file window. The NRGsuite cannot save
a cleft elsewhere than the suggested directory (see Note 20).

6. Close the GetCleft interface window by clicking on the Close
button in the lower right corner.
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3.3 Configure,

Perform, and Analyze

the Molecular Docking

Experiment

with the FlexAID

Interface

The FlexAID interface permits users to adjust the parameters of
FlexAID in a convenient environment. The basic view of the inter-
face contains four tabs: Input Files, Target Config, Ligand Config,
and Simulate. The functionalities of each tab are reviewed in detail
in the following sections. The FlexAID interface contains three
menu items in the top left hand corner: Load and Save sessions
(see Note 21), and Show, which turns on the display of two addi-
tional tabs: Scoring Cfg (scoring function configuration) and GA
Params (genetic algorithm parameters). These tabs are needed for
the optional sections of the following protocol.

1. Open the FlexAID interface from the Plugin menu found in
the main window of PyMOL.

Plugin ! NRGsuite ! Open FlexAID. . .

2. The Input tab is displayed by default upon FlexAID’s opening
and allows configuration of the target and ligand (seeNote 22).
First, select “3b7e” from the PyMOL objects/selection drop-
down menu and click “Save as target” (see Note 20). Then,
select “ZMR” from the drop-down menu and click “Save as
ligand” (see Note 20).

3. Click on the Target Cfg (target configuration) tab in the Flex-
AID interface window to access the parameters of the target (see
Note 23). After selecting a target and a ligand, the definition of
the binding site is the third mandatory input to perform a
simulation. In the “Binding-site definition” upper box, under
“Choose binding-site type,” click on “CLEFT” and then click
on the button “Import clefts.” Select the first cleft which
should be named “3b7e_sph_1” (see Note 24). A new object
named “BINDINGSITE_AREA__” will be created in the
PyMOL viewer and the red cleft will appear with the mesh, a
grid like, representation.

(Optional) Although there is no need to consider target flexi-
bility for the docking of zanamivir into the neuraminidase, it is
crucial to keep in mind that the docking of any ligand that has
not been crystallized with the target might benefit from the defin-
ing of key residues on the target in the binding site that interacts
with the ligand as flexible. Even when flexibility is not critically
needed to retrieve the binding mode of reference, the accuracy of
the simulation may improve when highly mobile side chains can
change conformations (see Note 25). There are two options to
include flexibility in the target in the “Side-chain flexibility” section
of the “Target flexibility” box: (1) the “Add/Delete flexible side-
chains” wizard button, which allows the interactive selection of
specific side-chains by the user in the PyMOL viewer, and (2) the
“Residue code” text entry form, which quickly activates the flexi-
bility for a given residue of the target. In our current case, the key
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residues ARG152A, GLU276A, ARG118A, ARG292A, and
ASP151A (see Note 15) specifically contribute to bind zanamivir
(see Note 26).

4. Click on the Ligand Cfg (ligand configuration) tab in the
FlexAID interface window to access the parameters of the
ligand. The functionalities found in this tab include: the inclu-
sion/exclusion of the ligand’s degrees of freedom (rotational,
translational, and flexible bonds’ dihedrals), the computation
of the RMSD compared to the reference’s position, and the
imposition of geometric constraints between a specific pair of
atoms from the target and ligand, which can be useful to
simulate covalent docking.

(Optional) The “Degrees of freedom” box found on the left
side of the interface controls the degrees of freedom that can be
introduced for the zanamivir ligand. Ligand translational and
rotational degrees of freedom are enabled by default and it allows
FlexAID to translate and rotate the ligand anywhere in the binding
site where the anchor atom of the ligand can be placed (see
Note 27).

(Optional) In the recent version of the NRGsuite, all the rotat-
able bonds are considered flexible by default. However, the
“Ligand flexibility” section includes a “Add/Delete flexible
bonds” button that opens a PyMOL Wizard (see Note 18) that
displays all the flexible bonds within the ligand using a ball-and-
stick representation: the ones selected as flexible are shown in white
while the ones considered rigid are shown in orange (see Notes 28
and 29).

Check the “RMSD structure” checkbox found next to the right
in the interface window (show above) to order FlexAID to com-
pute the RMSD between the position of the atoms of the ligand in
the reference (zanamivir position in the 3b7e PDB entry) and its
predictions. This measure is used to determine whether FlexAID’s
predictions are successful or not in cases where the known experi-
mental binding pose is known (see Note 8).

(Optional) The “Constraints” section located directly below
the “RMSD structure” box allows FlexAID to specify a desired
distance between two atoms to drive the optimization during the
genetic algorithm. There are two types of constraints that can be
added: intramolecular constraints (the specific distance between
two atoms of the ligand itself or two atoms of the target itself)
and intermolecular constraints (the specific distance between one
atom of the target with one atom of the ligand). This is useful to
simulate the covalent binding of an atom of the ligand to an atom of
the target with the exact distance of a given bond length. The
“Add/Delete constraints” button opens a PyMOL wizard allowing
you to select two atoms to constrain. Once two atoms are selected,
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the distance slider allows the user to set the desired distance for a
given constraint. It is possible to sequentially add multiple con-
straints in the same manner.

5. (Optional) The Scoring Cfg (scoring function configuration)
tab allows you to change the inclusion/exclusion of atoms in
the scoring, the inclusion of water molecules, the definition of
the solvent, and the permeability of soft-docking. Unless you
are interested in including water molecules from the crystal in
the simulation, there is no need to modify this section. Includ-
ing water molecules will tell FlexAID to assign the oxygen
atoms in the crystal to the one of water and will include it in
its evaluation. Check the “Include water molecules” checkbox
of the “HET groups” section to consider water molecules (see
Note 30). The checkbox “Exclude bound molecules” will,
once checked, exclude any HET atom that is part of the target
structure, which is useful if one wants to remove small organic
molecules used during crystallization.

6. (Optional) The GA Params (genetic algorithm parameters) tab
allows you to parametrize the number of energy evaluations
(length of simulations), the genetic algorithm operator, and
the visual display of the simulation in the PyMOL viewer
window. FlexAID uses a genetic algorithm to cover the search
space, which uses an initial number of chromosomes in the
population that will evolve for several generations. By default,
there are 500 chromosomes that will evolve during 500 gen-
erations leading to 250,000 energy evaluations. These values
can be modified in the “Genetic parameters” section of the GA
Params tab (see Note 31).

(Optional) It is possible to modify the visual display of real-time
docking in the PyMOL viewer with the corresponding section in
theGA Params tab. The “Number of TOP complexes” indicate the
number of complexes that are displayed in the PyMOL viewer. The
TOP complexes shown are the ones with the lowest energy accord-
ing to the scoring function. The “Refresh interval” represents the
interval, in number of generations, at which the display of TOP
complexes is refreshed. The progress of the genetic algorithm is
shown in the Simulate tab (see step 7). The FlexAID algorithm
waits for the NRGsuite to display the TOP complexes before
processing the next generation. Thus, we strongly suggest not
displaying too many TOP complexes or too short refresh intervals
as it may drastically increase the computational runtime for a
simulation.

7. Click on the Simulate tab to initiate the docking simulation. To
start a docking simulation, simply click the “Start” button.
Once a simulation has successfully started, you have access to
the “Pause,” “Stop,” and “Abort” buttons. The “Pause”
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button allows you to pause the simulation while looking at real-
time results in the PyMOL viewer. The “Stop” and “Abort”
buttons both end the simulation. However, stopping a simula-
tion generates final results while aborting does not. Stopping a
simulation can be particularly useful when the docking optimi-
zation has converged already to its minimum energy. FlexAID
also offers a way to continue a simulation from previously
generated results. When results are activated, the “Continue”
button may be clickable depending on the context (see Note
32). It is possible to see these buttons at the top left corner of
the Simulate tab of the FlexAID interface.

Click on the “Start” button to initiate the simulation. When
the genetic algorithm is under way, FlexAID updates the values of
fitness and scoring functions for the best individuals in terms of
scoring function. During the simulation, the PyMOL viewer is
updated with reserved objects (named TOP_<X>__, where X is
the Xth result predicted by FlexAID) displaying the actual best
results evaluated by FlexAID. These objects are temporary and
color-coded according to the “Color” column shown in the Flex-
AID Simulate tab (see the interface panel at the bottom right of
Fig. 1). The NRGsuite offers a quick way of changing the display of
TOP_<X>__ complexes objects all at once instead of having to
manually update the display for the newly created objects. By
default, the target is displayed as “Cartoon” and the ligand as
“Sticks.” You can change these parameters as you like in the “Dis-
play options of TOP objects” in the top right corner of the Simu-
late tab of FlexAID.Whenever a reference is used (see step 4 above),
the “Last RMSD” column is updated at every refresh interval (see
step 6 above about the GA Params tab).

When a simulation is finished, or stopped, the reserved objects
RESULT_<X>__ and RESULT_<X>_H_BONDS__ are created
in the PyMOL viewer. RESULT_<X>__ are the complex’s objects
while the RESULT_<X>_H_BONDS__ objects are distances
objects displaying the h-bonds for the result. Their according
energy value (referenced as CF) and RMSD from the reference
(when one is used) of the results are displayed in the table shown
at the bottom right of Fig. 1.

In the case where constraints are applied, an extra column,
Apparent CF, will appear which is a modified value of the CF to
reflect whether the predicted pose respects the desired constraints
imposed by the user.

8. Analysis—Finally, look at the RESULT__X objects RMSD in
the last column of the FlexAID Simulate results table. Remem-
ber that this docking experiment serves as control with which
further docking experiments, e.g., different small molecules,
will be compared. FlexAID can retrieve RMSDs below 2.0 Å on
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this specific case easily when this protocol is used (seeNote 33).
Both the specific interactions (H_BONDS in the PyMOL
viewer objects) and the CF score can be used to compare
different poses or different ligands (this should be used with
caution with ligands of very different in size) during your next
experiments.

4 Notes

1. PyMOL is freely distributed as source code or precompiled
binaries for academic users at http://pymol.org/educational.
For the best results, please make sure to use the latest PyMOL
version available for your system.

(a) As a side note, PyMOL uses its own version of Python to
function and the NRGsuite requires at least Python ver-
sion 2.5 to work properly. Therefore, PyMOL versions
1.0/1.1 are currently unsupported by the NRGsuite.

2. The NRGsuite is available at http://biophys.umontreal.ca/nrg
as package installers for Windows and macOS and in the form
of an install script for Linux. At the time of this writing, the
version of the NRGsuite is 2.48j, but it is recommended to use
the latest version available on our website.

All software employed in the protocols are free at least for
nonprofit users. FlexAID and the NRGsuite are free for every-
one and distributed under the GNU General Public License.
The NRGsuite is available for Linux (32/64-bit), macOS, and
Windows (32/64-bit).

(a) The suite has been extensively tested on Linux 32/64-bit,
Windows 32/64-bit, and macOS 64-bit machines with
free-for-academic PyMOL versions 1.2/1.3 as well as
PyMOL versions 1.6/1.7/1.8.

3. This is particularly important for operating environments run-
ning under Windows, where you need to select either the
32-bit or 64-bit version. It is strongly suggested to install the
64-bit version if you run Windows 7 or any more recent
distribution. Here is how to install the NRGsuite for your
system:

Windows
Double-click the NRGsuite_2.48i_Win<32/64>.exe installer
and install. The default location is “C:\Program Files”.
macOS/Mac OS X
Double-click the NRGsuite_2.48i_MacOSX64.pkg. installer
and install the package in its default location. The default
location is “/Applications/NRGsuite”.
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Linux
Open up a terminal and move to the directory in which you
downloaded the archive NRGsuite_2.48i_Linux<32/64>.tar,
and execute the following commands:
> tar –xvf NRGsuite_2.48i_Linux<32/64>.tar
> sh install.sh NRGsuite.tar.gz

The default location is “/usr/local/NRGsuite”. There-
fore, superuser privileges (sudo) are required for installing the
NRGsuite. To override the default location, open install_linux.
sh with any text editor and change the value of INSTALL_-
PATH with the desired location.

4. Open PyMOL and in the upper menu click the following
buttons:

Plugin ! Manage Plugins ! Install. . .
Browse to the directory in which you installed the

NRGsuite on your hard drive (see step A), and double-click
the following file:
NRGsuite ! Plugin ! NRGsuite.py

Restart PyMOL and the NRGsuite menu should appear in
the Plugin menu:
Plugin ! NRGsuite

You are now ready to use the NRGsuite.

5. In structural biology, the resolution of a structure is a measure
of the quality of the data collected. As the resolution of a
structure gets smaller, the confidence in the location of atoms
is higher. A resolution of 2.0 Å and below is generally consid-
ered as “high resolution” for a structure in that the position of
all heavy atoms (i.e., nonhydrogen atoms) is well established.

6. All of the publicly available experimental structures of
biological complexes can be parsed and obtained directly
from the Protein Data Bank (PDB) at http://rcsb.org. There
are multiple ways to parse the PDB and the user can search
using specific criteria, e.g., the desired resolution, a specific
drug, or the experimental method used to solve the structure.
Statistically and historically speaking, the process of drug dis-
covery mostly involved structures solved using X-ray crystal-
lography because of its compatibility with different families of
proteins and its better resolution, but structures solved by
other methods with high resolution are sometimes available
and can be used for molecular docking.

7. In molecular docking, a pose predicted with a root-mean
squared distance (RMSD) below 2.0 Å from the experimental
pose of reference is considered a success. The resolution of the
reference structure has a significant impact on the accuracy of
the predictions. For this reason, it is suggested to choose a
“high resolution” structure solved at 2.0 Å or lower when it is
available.
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8. The NRGsuite is developed to allow molecular docking simu-
lations involving any biological target. Although this tutorial
will use a protein target to predict the binding mode of the
drug of interest, it could be replaced by any other protein or
nucleic acid target for which a tridimensional structure is read-
ily available.

9. It is easy to identify all available structures by querying the PDB
using the “Zanamivir” keyword and then refining by molecular
target and organism. Subsequently, it is possible to sort the
structure by resolution in order to choose the best available
resolution.

10. The structure information page can be consulted at: http://
www.rcsb.org/pdb/explore/explore.do?structureId¼3B7E.
The PDB file can be found at: http://files.rcsb.org/view/
3B7E.pdb.

11. The directory-tree “Documents/NRGsuite” is automatically
created in the home folder upon initialization of the NRGsuite
plugin in PyMOL. This folder represents the default location in
which the different projects of $USER are held (where $USER
refers to the currently logged-in user on the system). Depend-
ing on the operating system, this folder is located at the fol-
lowing location in your file system:

Under Windows
Vista and higher: “C:\Users\$USER\Documents\NRGsuite”
Older: “C:\Documents and Settings\$USER\Documents
\NRGsuite”
**Do not confuse “Documents” with “My Documents”
Under macOS or Mac OS X
“/Users/$USER/Documents/NRGsuite”
Under Linux
“/home/$USER/Documents/NRGsuite”

12. PyMOL has two windows: one that is named “PyMOLMolec-
ular Graphics System” and is referred to as the main window.
The second window is the “PyMOL Viewer” and will be
referred as such.

13. It is preferred to avoid using whitespaces in any filenames that
will be used with the NRGsuite. Although most of the config-
urations will allow, it is known to cause bugs on some operating
systems, especially for Windows users.

14. GetCleft detects the cavities of a target by introducing spheres
between pairs of target atoms and reducing the radii of the
spheres until there are no clashes. The radius range can be used
to control the volume of generated clefts. By default, the range
goes from a Minimum of 1.50 Å to a Maximum 4.00 Å.
Reducing the minimum radius allows one to insert spheres in
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deeply buried cavities. Thus, clefts generated with a lower
minimum are larger.

15. The NRGsuite uses a string representation to identify unique
residues by their residue name (written using the three capital
letters form), a residue number and the residue chain format-
ted as RES1A. For example, the first methionine, numbered
1, from the chain A will be formatted MET1A.

16. The list of PyMOL objects/selections shows every object
found in the PyMOL viewer window. If your object does not
appear in the list, hit the refresh button on the right.

Some objects will not be shown in the list, e.g., objects
which name contains a double underscore “__” (reserved for
Python and PyMOL only) and objects whose names contains
an extension “*.*”.

17. Each cleft object is named $TARGET_sph_Xwhere $TARGET
is the name of the target (3b7e in this protocol) and X is a
numerical value from 1 to the maximum number of clefts
desired by the user.

18. Through the FlexAID and GetCleft interfaces, you will even-
tually need to work with Wizards. Upon activation of a Wizard,
the interface that called the Wizard will be locked and you will
need to interact with the PyMOL viewer instead. Each Wizard
is unique and waits for a different input from the user. The type
of input is clearly written on top of the PyMOL viewer.

To accommodate the different types of input as well as to
facilitate working with the Wizard, activating a Wizard may
alter:

l The selection mode (“Selecting”)

l The mouse mode (“Mouse Mode”)

l The PyMOL view

l The masking of your objects (un-clickable)

However, these will be reset to your original values once the
Wizard turns inactive. The user can also interact with the Wizard
menu on the bottom right corner of the PyMOL viewer. The
Wizard will remain active until the user clicks the “Done” button
in the menu.

19. It is possible to add multiple individual spheres to accurately
define the binding site. Whenever a second partition sphere is
added, it is also appended to the sphere objects list. To help you
distinguish which sphere corresponds to which in the PyMOL
viewer, you can refer to the SPHERE_PT_AREA__ object.
The object is shown as a transparent violet sphere and refers
to the currently selected sphere in the sphere objects list.
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20. The NRGsuite has been designed to load and save files in the
project directory initially defined by the user upon installation.
Therefore, it is best if the user save and load files at the sug-
gested location whenever any file window pops up.

21. A session within the FlexAID interface allows you to store and
retrieve the content of all tabs (see Subheading 3.3). The con-
tent of a session includes:

l file references pointing to the target, the ligand

l the binding-site definition

l the target flexibility

l the results of a simulation

l values in each of the tabs

Sessions are particularly useful when you want to repro-
duce a simulation multiple times with the same parameters.
**Do not confuse a FlexAID interface session with a PyMOL
session (using the file extension .pse).

22. There are two ways of importing the target: the first one
involves the PyMOL object/selection drop-down menu that
allows the selection of an object in PyMOL, while the second
allows you to load previously used targets in your project from
the Load button located to the right of the “THE TARGET”
menu box.

There are three ways of importing the ligand: the first one
involves the drop-down menu that allows the selection of a
PyMOL object/selection, the second one uses the Load button
found to the right of the “THE LIGAND” menu box and the
last uses the Input button to generate a 3D structure of your
ligand from a SMILES [35] representation. Please note that
the “Generate 3D conformation” checkbox must be checked
to generate a 3D structure of your ligand. Finally, the Anchor
button allows the definition of the anchor atom in a ligand (see
Note 27).

23. When the user activates another tab from the Input tab, the
ligand and the target must be processed. This process may take
a few seconds to a minute depending on the size of the mole-
cules. This process is necessary to derive (1) the atom types of
the molecules, (2) the flexible bonds of the ligand, and (3) to
build the necessary input files that are required for executing a
docking simulation with FlexAID.

The processing of the ligand creates a new object called
LIGAND__ (reserved name seeNote 16) with newly generated
coordinates when generating a 3D structure.

The processing of the target creates the object TARGET__.

24. There are cases where multiple individual clefts need to be used
to define the binding site, e.g., when the active site is
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undetermined or when multiple allosteric sites need to be
queried altogether. It is possible to import multiple clefts at
once by selecting multiple cleft files while holding “Shift”
(selects all files from first to last) or “Control” (add the clicked
file to the list of currently selected ones) key. Once you have
selected your clefts, click the “Open” button to import them.
“Delete others” will delete all clefts except for the active cleft.

Once imported, the clefts will appear in the clefts list. The
active cleft is highlighted in red in the PyMOL viewer while the
others are blue-violet. It is important to note that docking of
the ligand will take place in all clefts in the list and not only the
active one. You can manipulate the clefts by using the buttons
in the “CLEFT” box. “Clear” will delete all clefts in the clefts
list. “Delete” will delete the active cleft.

25. The frequency of side-chain rearrangements correlates with
their entropy; thus the most entropic side-chains often benefit
from flexibility during a docking simulation. Studying the fre-
quency of side-chain rearrangements can help you determine
which ones have the greatest probability of changing confor-
mation upon binding [19].

26. A quick way to identify which residues interact with the ligand
in the chosen complex is to refer to the “Poseview Image” of
the ligand of interest in the PDB (see Note 6). This is found in
the “Small Molecules” section of a given PDB entry. In the
“2D Diagram & Interaction,” a visual representation of the
ligand is shown along with the residues of the target that
contribute to binding.

An alternative method to find these residues for a target
that is not found in the PDB, like a homology model, would be
to look at the most conserved residues in a multiple sequence
alignment of proteins from the same Pfam [36] family.

27. The anchor atom is the first atom to be placed in the binding
site and is the only atom that absolutely needs to be inside the
volume of the cleft(s) used for the molecular docking
experiment.

28. When a ligand is imported, the molecule is considered rigid
during docking unless the user explicitly includes ligand flexi-
bility. To include ligand flexibility, click the “Add/Delete flexi-
ble bonds” button. Your ligand will appear as the object
FLEXIBLE_LIGAND__.

The following objects are also created (do not interact with
these PyMOL objects):
POSS_FLEX_BONDS__ (to display the possible flexible
bonds of the ligand) SELECTED_BONDS__ (to display the
selected flexible bonds of the user).

A wizard will open waiting for you to click on the two
atoms that define the flexible bond. Flexible bonds appear in
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orange. Clicking on the two atoms that define the flexible bond
will render this bond as flexible during the docking simulation.
The selected bonds of the user appear in white.

Rather than selecting all bonds manually, you can quickly
select all flexible bonds by clicking the “Select all flexible
bonds” button in the Wizard menu.

The “Clear flexible bonds” button removes all selected
flexible bonds.

When the Wizard gets inactivated, the number of selected
flexible bonds will be shown in the interface.

29. At the time of the writing, the latest version of PyMOL run-
ning on Windows 10 contains an unresolved bug where
PyMOL crashes when the user tries to open the “Add/Delete
flexible bonds” wizard of the Ligand Cfg tab in the FlexAID
interface. For this reason, all rotatable bonds of the ligand are
now enabled by default in the Preferences panel of the
NRGsuite found in the Plugin ! NRGsuite ! Preferences
menu item of the PyMOL main window. Please note that this
bug will be fixed in a future version of the NRGsuite available
at our website (see Note 2).

30. Most of the time, including all water molecules when docking
the reference during the control experiment will ease the dock-
ing problem because water molecules will fill most of the
binding site and the ligand could be fit using geometric criteria.
To avoid this, it is suggested to keep only the strongly bound
water molecules that directly interact in the binding site. The
B-factor column of the PDB file could also be a good indicator
of which water molecules must be kept; a low B-factor signifies
that this atom is well ordered and there is not a large incerti-
tude on its position. It is suggested to keep the water molecules
with the lowest B-factors as well as those who directly interact
with the ligand in the reference.

31. The search space is increased when you include additional
degrees of freedom in the optimization (e.g., flexible bonds
of the ligand flexible and/or flexible side-chains). With these
additional degrees of freedom, more energy evaluations are
required to converge to a minimum of energy. When the
control simulation is not able to retrieve the conformation of
reference, you can increase the number of chromosomes and
generations by increasing the corresponding values. It is sug-
gested to initially simulate using default ones.

32. You can continue a simulation if and only if the active results
were generated with the same parameterization, i.e., the same
target and ligand, binding-site definition, flexibility of the
molecules, etc. Specifically, the content of the following tabs
must be the same: Input Files, Target Cfg, Ligand Cfg, and
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Scoring Cfg. You can modify the parameters of the genetic
algorithms and still be able to continue a simulation.

33. Docking is an optimization problem and it is possible to have a
bad initial population for a simulation (which is randomly
generated) or it is also possible that the optimization got
stuck in a local minimum of energy. Sometimes, simply repeat-
ing the experiment gets you better results.
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would like to thank the users of FlexAID and the NRGsuite for
numerous bug reports and feedbacks, thus contributing to their
development, and Florence Min for critical reading of the
manuscript.
Funding: L.P.M. is the recipient of a Ph.D. fellowship from the
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Chapter 19

Calculation of Thermodynamic Properties of Bound Water
Molecules

Ying Yang, Amr H. A. Abdallah, and Markus A. Lill

Abstract

Water molecules in the binding site of a protein significantly influence protein structure and function, for
example, by mediating protein–ligand interactions or in form of desolvation as driving force for ligand
binding. The knowledge about location and thermodynamic properties of water molecules in the binding
site is crucial to the understanding of protein function. This chapter describes the method of calculating the
location and thermodynamic properties of bound water molecules from molecular dynamics
(MD) simulation trajectories. Thermodynamic profiles of water molecules can be calculated either with
or without the presence of a bound ligand based on the scientific problem. The location and thermody-
namic profile of hydration sites mediating the protein–ligand interactions is important for understanding
protein–ligand binding. The protein desolvation free energy can be estimated for any ligand by summation
of the hydration site free energies of the displaced hydration sites. TheWATsite program with an easy-to-use
graphical user interface (GUI) based on PyMOL was developed for those calculations and is discussed in
this chapter. The WATsite program and its PyMOL plugin are available free of charge from http://people.
pharmacy.purdue.edu/~mlill/software/watsite/version3.shtml.

Key words Desolvation, Hydration site, Molecular dynamics, Protein desolvation free energy,
PyMOL, Solvation, Water thermodynamics, Water models, Water molecule, WATsite

1 Introduction

Water is a crucial participant in virtually all protein functions, e.g.,
protein folding [1–6] and ligand binding [7–10]. Binding site
water contributes significantly to the strength of intermolecular
interactions in the aqueous phase by mediating protein–ligand
interactions, solvating and desolvating both ligand and protein
upon ligand binding and unbinding [9, 11–14].

In structure-based drug design, a ligand is often modified to
displace ordered water molecules in the binding site. Due to the
inherent entropic contributions, releasing an ordered water mole-
cule from the binding site into the bulk solvent is thought to be
favorable for protein–ligand binding. However, in some cases the
enthalpic gain from extra water-mediated hydrogen bonds exceeds
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the entropic loss for immobilizing the water involved [10]. Thus,
the thermodynamics of water molecules in protein active sites is
important for understanding protein–ligand interactions for drug
design. A well-known example of water mediated protein–ligand
interaction is found among HIV-1 protease inhibitors (Fig. 1)
[9, 14]. A conserved water molecule (water 301) is located on the
HIV-1 protease symmetry axis. This water molecule forms two
hydrogen bonds to residue Ile-50 and Ile-500 on two subunits
and another two hydrogen bonds to the inhibitor. Using the
HIV-1 protease as an example, this chapter illustrates the applica-
tion of WATsite with its PyMOL plugin for calculating the thermo-
dynamic profile of individual water molecules and their potential
contribution to ligand binding.

2 Materials

2.1 Prerequisites The latest version of WATsite utilizes the OpenMM [15] toolkit for
GPU-accelerated molecular simulation. A GPU workstation is
required as well as OpenMM-WATsite, AmberTools16 [16], and
PyMOL [17].

2.2 Installation The WATsite3.0 package can be downloaded from http://people.
pharmacy.purdue.edu/~mlill/software/watsite/version3.shtml.
WATsite.tar.gz needs to be extracted using “tar –zxf WATsite.tar.
gz”. The fileWATsite_Settings.txt needs to be copied to your home

Fig. 1 Example of bound water in HIV-1 protease. Residues Ile-50 and Ile-500

from two subunits are shown in grey sticks, and inhibitor KNI in green sticks.
Water 301 is shown as red sphere, and yellow dashed lines represent hydrogen
bonds (PDB ID: 1hpx)
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directory ($HOME). WATsite plugin can be installed using “Plugin
Manager” under Plugin menu, and choose the file WATsite.py
under the “Install New Plugin” tab. The WATsite program needs
to be compiled on the platform by entering into the WATsite
directory and run “make –f makefile”.

The source code of WATsite compatible with OpenMM is
located under “openmm-watsite” and must be compiled with the
CUDA platform (see Note 1).

2.3 Input Data The inputs for WATsite are a protein structure and a binding site
definition both in pdb format. When predicting hydration site at the
protein–ligand interface, a ligand file in the mol2 format is required.

2.4 Hydration Site

Calculation

Here, we briefly describe the individual computational steps of the
WATsite procedure and the associated programs. A detailed
description of the WATsite method can be found in previous pub-
lications [18]. First, the side-chain conformations of ASN, GLN,
HIS, tautomers, and protonation states of HIS protein residues can
be adjusted by the Reduce program [19]. The user can also choose
to use a protein structure with previously predicted protonation
states (see Note 2). Next, the protein will be solvated in an ortho-
rhombic box of user-selected explicit water model (seeNote 3) with
a user-specified minimum distance between any protein atom and
the faces of the orthorhombic box. Chloride and sodium ions will
be added to neutralize the systems. MD simulation will be per-
formed using OpenMM [15] with the user-selected amber force
field [20] (see Note 3). The system will be energy minimized and
equilibrated before production run. MD simulations can be per-
formed for a user-specified length (see Note 4).

After the MD simulation, a 3D grid is placed over the user-
defined binding site. The occupancy of the water molecule is
distributed onto the 3D grid using all snapshots generated
throughout the production run of the MD simulation. The occu-
pancy distribution was then averaged over the production run and a
user-specified clustering algorithm (seeNote 5) was used to identify
the pronounced peaks that define the hydration site locations. For
each identified hydration site, WATsite tools will then be used to
compute the enthalpic (ΔHhs) and entropic (ΔShs) change of trans-
ferring a water molecule from the bulk solvent to the hydration site
of the protein binding site.

3 Methods and Results

The WATsite PyMOL plugin contains six menu items as shown in
Fig. 2a. This section will first describe the steps of using the plugin
to (1) modify settings, (2) prepare the system, (3) set parameters
for simulation, (4) run simulation with OpenMM, and (5) analyze
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trajectory with WATsite. Water thermodynamics with (6) and with-
out (7) the presence of ligand can be calculated. We will then
explain how to import and analyze those results.

3.1 Modify Settings The location paths to the required molecular modeling programs
need to be correctly specified. Select the menu item “Modify Paths
to Installed Programs” from the WATsite menu (Fig. 2b). The
users need to specify or modify the paths to the programs according
to their installation. For example, the location of WATsite directory
should be defined for watsite_home, and similarly the python path
associated with OpenMM, the path to Amber, PyMOL, and
Reduce installations. The settings only need to be modified for
the first time, and will be automatically read in subsequent sessions.

3.2 Prepare Protein/

Ligand System

The user can specify a protein structure from a file or a structure
already displayed in the current PyMOL session (Fig. 3a). The user
can choose to perform protonation site analysis using Reduce [19],
or use a structure with previously predicted protonation states (see
Note 2). To define the protein binding site, the user needs to
provide a ligand molecule positioned within the binding site or a
“pseudo-ligand” using binding site residues. A margin (in Å) will
be used to define the binding pocket specifying a box surrounding
the ligand/pseudo-ligand. The minimum distance between any
ligand heavy atom and the edge of the box equals to the margin
value. Hydration sites can be predicted for both ligand-free (apo)

Fig. 2 (a) WATsite PyMOL plugin menu, and (b) step 1 to specify the correct paths to the installed program
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Fig. 3 Step 2 of WATsite procedure to prepare the protein or protein–ligand system
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and ligand-bound (holo) protein structures (seeNote 6). If the user
intends to predict hydration sites at the interface between the
protein and the ligand, the file location of the bound ligand is
specified within the PyMOL plugin. The user also needs to specify
the net charge of the ligand, and choose the partial charge method.
The atom types [21] for the specified ligand will be assigned by
antechamber [22] (see Note 6) and will be included in the MD
simulation and the subsequent hydration site identification process.
The current version does not have docking service for the user-
specified ligand. Therefore, the provided ligand conformation
needs to be a meaningful binding pose for the protein.

Next, the force field and water models for the system prepara-
tion need to be chosen. Currently, three choices of different amber
force fields and five water models have been tested (see Note 3).
The systemwill be solvated in an orthorhombic water box. The user
can also control the box size by specifying the minimum distance
between any protein atom and the edge of the box. Lastly chloride
and sodium ions will be added to neutralize the system. The
prepared protein system will then be loaded into PyMOL (Fig. 3b).

3.3 Set Parameters

for Simulation

In this step, users can specify parameters for the MD simulation
which subsequently will be used for hydration site analysis (Fig. 4).
The default amber topology (prot_amber.prmtop) and coordinate
(prot_amber.inpcrd) files are generated during the system prepara-
tion step. The users may also choose amber files from their own
preparation. The CUDA device index (see Note 1) needs to be
specified based on the user’s workstation CUDA device availability.
Long-range electrostatic interactions can be treated using one of
three methods (PME, Ewald, orNoCutoff) with direct electrostatic
calculations for atom pairs within a specified cutoff distance. If
NoCutoff is chosen, the cutoff distance will be ignored.

By default, we apply constraints on the length of all bonds
involving a hydrogen atom, and make water molecules rigid. This
will allow us to run simulations with an integration timestep of 2 fs.
However, the user can disable the constraints and rigid water set-
tings by unchecking the box, and change to a smaller timestep
accordingly. Temperature and number of steps for the equilibration
and production run can also be modified (see Note 4). For the
choice of equilibration and production simulation length, our pre-
vious studies [23] showed that at least a 4 ns production simulation
is required to obtain reliable prediction of the locations and ther-
modynamic properties of hydration sites.

3.4 Run Simulation Once the preparation has been finished the user will change into
the project directory and start the OpenMM simulation:

nohup. /run_openmm.sh &
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Using the default settings for the simulation, the system will
first be energy minimized until convergence with a tolerance of
10 kJ/mol. Then the system will be heated to the user’s specified
temperature using Langevin integrator, and the density will be
adjusted using pressure coupling to 1 bar. Equilibration and pro-
duction simulations will be performed for the user’s specified num-
ber of steps, and the coordinates will be saved in constant intervals
(as specified by user) into the trajectory file (netcdf format). All
protein heavy atoms and ligand heavy atoms (if present) are har-
monically restrained (spring constant is user-defined).

3.5 Perform WATsite

Analysis

In this step, we will perform WATsite analysis on the trajectory file
generated in the previous step (Fig. 5). The amber topology (pro-
t_amber.prmtop) and coordinate (prot_amber.inpcrd) files gener-
ated in step 2, as well as the trajectory (sys_md.nc) file generated
in step 4 should be specified correctly.

The number of steps and water model used forWATsite analysis
need to be identical to those used during the production simula-
tion. Clustering algorithm used to predict hydration site locations
from water density can also be chosen (see Note 5).

Fig. 4 Step 3 of WATsite procedure to specify parameters for running the MD simulations via OpenMM
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During theWATsite analysis step, the production trajectory will
first be aligned to the reference which is the user input protein
structure, and saved into pdb format. Then, WATsite analysis will
be performed for predicting hydration site location based on water
density analysis, calculating entropy and enthalpy.

3.6 Hydration Site

Prediction with Ligand:

Water at Binding

Interface

In the first example, we performed hydration site prediction with
the presence of a bound inhibitor (KNI) for HIV-1 protease dis-
cussed in the introduction (PDB: 1HPX). After completion of
WATsite analysis, we can import the results through the “Import
WATsite Results” command under the WATsite menu, and select
the “WATsite.out” file which stores the directory to the location of
the prediction results (Fig. 6a). Here, we want to investigate water
molecules at the binding interface between protein and ligand, so
we select “Protein,” “Ligand,” and “Hydration Site” to load into
PyMOL. The results of the example case of HIV-1 protease are
shown in Fig. 6b. The crystal waters are all predicted, and the
interfacial water mediating the protein–ligand interaction via
hydrogen bonding is selected in Fig. 6b.

The PyMOL viewer window shows the predicted hydration
sites in the protein binding site. The hydration sites are shown as
spheres and colored in this example based on their ΔG values in a
blue–white–red spectrum where blue indicates relatively low ΔG
values and red indicates relatively high ΔG values. A hydration site
with a more positive ΔG value (darker red) indicates an unfavorable
environment of the water molecule in the binding site. Therefore, a

Fig. 5 Step 5 of WATsite procedure to perform WATsite analysis
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gain in free energy of binding can be expected if the water in that
hydration site is replaced by a ligand. The “occupancy” values
indicate the probability a water molecule is observed in the given
hydration site during the MD simulation. The “WATsite results”
window listing the estimated desolvation free energy (ΔG),
enthalpy (ΔH), entropy (�TΔS), and occupancy for each hydration
site. The user can also choose according to which descriptor the
hydration sites are colored by clicking the corresponding “ΔG”,
“ΔH”, “�TΔS”, or “Occupancy” button.

3.7 Hydration Sites

Prediction Without

Ligand: Water

for Protein Desolvation

Free Energy Estimation

The user can perform hydration site prediction with the ligand
removed from the protein binding site. This method can be useful
to compare and evaluate the different protein desolvation free
energies from a congeneric series of ligands.

We did the ligand-free prediction for the HIV-1 protease exam-
ple, and imported the WATsite results as in the previous step. Next,
the directory containing all ligands of interest as well as the radius/
cutoff used to select the displaced hydration sites need to be speci-
fied (Fig. 7a). For each ligand in the directory, the free energies of

Fig. 6 (a) Hydration site results predicted with the presence of ligand. Choose the “WATsite.out” file and select
all options to load the results. (b) The results of example case of HIV-1 protease with bound ligand. The
interfacial water molecules are selected
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hydration sites that are within the user-specified distance to any of
the ligand’s heavy atoms are added up to estimate its protein
desolvation free energy. A more positive value means a more favor-
able contribution to the protein–ligand binding free energy. The
predicted desolvation energies (ΔG, �TΔS, and ΔH) are displayed
in a new window, and the selection of displaced hydration sites is
highlighted in the PyMOL viewer (Fig. 7b).

Binding site water displacement is a significant contribution, if
not the driving force, of protein–ligand binding. When a lead
compound is already known for a specific target, WATsite can be
useful in suggesting ligand modification in order to improve affinity
due to the displacement of hydration sites with unfavorable free
energies (see Note 7).

Fig. 7 (a) Hydration site results predicted without the ligand. (b) The result of example case of HIV-1 protease
with bound ligand. The interfacial water molecules are selected
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4 Notes

1. CUDA platform on GPU workstation—This latest version of
WATsite relies on OpenMM accelerated MD simulation, but a
previous version, WATsite2.0, based on Gromacs simulations is
available in case a GPU workstation is not available. The
WATsite-compatible OpenMM has to be compiled in order
to perform MD simulation and generate water interaction
energies for later analysis. The source code is located in the
openmm-watsite folder, and the user can follow the standard
OpenMM compilation steps. Here, we will briefly list the steps.

(a) Download CUDA 8.0 and install both the drivers and
CUDA toolkit. Set the environment variable accordingly
before compilation. We provide an example below:

export PATH¼$PATH:/usr/local/cuda-8.0/bin/
export LD_LIBRARY_PATH¼/usr/local/cuda-8.0/lib64:
$LD_LIBRARY_PATH
export CUDA_HOME¼/usr/local/cuda-8.0/
export OPENMM_CUDA_COMPILER¼/usr/local/
cuda-8.0/bin/nvcc

(b) Go to the Openmm-watsite directory, make a new direc-
tory and change into the directory.

(c) Configure with ccmake:

ccmake ../
(d) Configure (“c”).

(e) Set the variable CMAKE_INSTALL_PREFIX to the loca-
tion where you want to install OpenMM.

(f) Set the variable PYTHON_EXECUTABLE to the Python
interpreter you plan to use OpenMM with.

(g) Configure (press “c”) again.

(h) Generate (“g”) the Makefile.

(i) Start the installation by the following command: (if the
location of installation is not a system area, sudo is not
required)

(sudo) make install && (sudo) make PythonInstall
(j) Verify your installation by the following command:

python -m simtk.testInstallation

Before starting the OpenMM simulation in step 4, the user
needs to make sure the environment variables for CUDA in
(a) are set correctly. Depending on the number of GPU cards
available, the user can spread multiple jobs by specifying the
device index in step 3.

2. Protonation states —Protonation states for ionizable residues
in the protein binding site may significantly affect the
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thermodynamics of water molecules. We provide the option for
the user to use the Reduce [19] program to adjust the proton-
ation state for HIS based on the local environment, and ASN
and GLN side chains may be flipped to optimize the hydrogen-
bond network. The user may also use other tools, such as
protein preparation wizard in maestro [24], for the proton-
ation states prediction. The hydrogens in ASP, GLU, HIS, and
LYS will be evaluated to give appropriate residue names com-
patible with amber force field.

3. Selection of force field and water model—The current version
allows choosing from three different amber force fields.
Amber14SB [20] is the recommended choice in the latest
amber manual. Two other force fields, Amber99SB [25] and
Amber99SBildn [26], can also be chosen depending on the
user’s interest. Five water models with associated atomic ions
have been tested and implemented in the current version of
WATsite. TIP3P and SPC/E are three-site water models, and
the SPC/E model adds an average polarization correction to
the potential energy function [27]. TIP4P and TIP4P-Ew are
four-site water models which have four interaction points by
adding one dummy atom near the oxygen along the bisector of
the HOH angle. The TIP4P-Ew model was reparameterized
for use with Ewald summation methods [28]. OPC is a new
four-site and three-charge rigid water model which has quite
different point charges and charge–charge distances [29].

4. Timestep and number of steps of simulation—Bond stretching
is a fast motion which determines the size of the MD timestep.
With bond length constraints applied on the bonds involving
hydrogen atoms, a timestep of 2 fs can be used. A time step of
equal or less than 1 fs is required if constraints are not applied.
With a 2 fs timestep, at least 2,000,000 steps for the produc-
tion simulation are required based on previous analysis
[23]. Hydration sites locations and free energies converged
over the 4 ns trajectory since all protein heavy atoms and
potentially present ligand heavy atoms were harmonically
restrained (spring constants are user-specified).

5. Clustering method—To identify locations of hydration sites in
high water density regions, a clustering method is used in
WATsite analysis. Currently, two clustering algorithms have
been implemented: quality threshold (QT) [30] and density-
based spatial clustering of applications with noise (DBSCAN)
[31]. QTclustering method is superior in identifying hydration
sites with a large occupancy value during the simulation,
whereas DBSCAN clustering method is advantageous in iden-
tifying more hydration sites with lower occupancy throughout
the simulation.
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6. Hydration site prediction with and without the presence of
bound ligand—The ligand-free (apo) protein structure should
be used to predict hydration sites for the purpose of computing
protein desolvation free energy. WATsite also allows for hydra-
tion sites prediction at the protein and ligand binding interface.
Partial charge of ligand may significantly influence the outcome
of desolvation free energy. The user can predict partial charges
in the mol2 file for the ligand with other tools, such as RESP
[32] charge by using QM packages. Otherwise, the partial
charges are computed via AM1-BCC [33] method using
antechamber [22].

7. Protein desolvation free energy—It is worth noting that the
estimated desolvation free energy for a ligand only represents
the energy of releasing the water molecules from the protein
binding site into the bulk solvent. It cannot be used for a direct
comparison of the ligands’ free energies of binding. The
ligand’s free energy of binding includes other important con-
tributions such as the direct protein–ligand interaction energy
or desolvation energy of the ligand. The predicted protein
desolvation free energy, however, can guide further optimiza-
tion of a lead compound rationally stabilizing or replacing
additional water molecules in the binding site.
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Chapter 20

Enhanced Molecular Dynamics Methods Applied to Drug
Design Projects

Sonia Ziada, Abdennour Braka, Julien Diharce, Samia Aci-Sèche,
and Pascal Bonnet

Abstract

Nobel Laureate Richard P. Feynman stated: “[. . .] everything that living things do can be understood in
terms of jiggling and wiggling of atoms [. . .].” The importance of computer simulations of macromole-
cules, which use classical mechanics principles to describe atom behavior, is widely acknowledged and
nowadays, they are applied in many fields such as material sciences and drug discovery. With the increase of
computing power, molecular dynamics simulations can be applied to understand biological mechanisms at
realistic timescales. In this chapter, we share our computational experience providing a global view of two of
the widely used enhanced molecular dynamics methods to study protein structure and dynamics through
the description of their characteristics, limits and we provide some examples of their applications in drug
design. We also discuss the appropriate choice of software and hardware. In a detailed practical procedure,
we describe how to set up, run, and analyze two main molecular dynamics methods, the umbrella sampling
(US) and the accelerated molecular dynamics (aMD) methods.

Key words Conformational sampling, Enhanced molecular dynamics, Free energy, Ligand (un)
binding

1 Introduction

Proteins are versatile organic macromolecules, which have specific
functions (transporter, reaction catalyzer, etc.) within living organ-
isms. Small molecules binding to the considered entity can control
this specific functionality. The formation of a drug–target complex
is the basis of action of most drugs. The lock-and-key model of the
early twentieth century, first formulated by Emil Fischer, gives a
static point of view of drug–target interactions. In this paradigm,
the binding is driven by shape complementarity between the ligand,
in one conformation, and the frozen binding site. Since this model
has been proposed, numerous evidences have revealed that proteins
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show a remarkable flexibility upon ligand binding, making this
simple model inadequate to describe correctly the association and
dissociation process of high-affinity drugs. It appears that proteins
need to change their conformation, essentially near the pocket
region, during compound binding [1–3]. Proteins are dynamic
entities that are in constant motion and their structural dynamics
are dependent on the amino acid composition and folding. Their
conformations depend on physiological factors like temperature,
pH, but also on direct factors, such as interactions with other
entities (proteins, peptides, DNA, membrane, molecules, hor-
mone, etc.). This ability of conformation changing in response to
its environment is a key step in biological processes such as pro-
tein–ligand interactions, enzyme catalysis, protein–protein interac-
tion, protein transport, and signal transduction. The inherent
flexibility of proteins could involve important part of the 3D struc-
ture, or just few amino acids side chains, which results in large-scale
movement through transition intermediates [4, 5]. A complete
understanding of the protein function necessarily implies a struc-
tural description and an energetic quantification of the dynamic
events of interest. The consideration of these structural mechan-
isms is very important for the design and development of new drugs
and constitutes a fundamental step in our knowledge of key
biological processes.

Protein flexibility is an important biological phenomenon that
must be taken into account in structure-based drug design (SBDD)
strategies. The structural and dynamics events occurring during the
process of drug–receptor complex formation and dissociation con-
siderably affect the binding kinetics, thermodynamics and affinity of
the drug. This binding kinetics, especially the dissociation kinetic
(directly associated to drug residence time) has acquired over a
period of 10 years, a considerable importance in drug design
[6, 7], because of its significant impact on drug in vivo efficacy
[8, 9]. Understanding these structural changes related to transition
state(s) formation along the association and/or dissociation path-
way is crucial and can provide considerable insights for further
optimization of drugs.

Beyond traditional approaches (such as X-ray crystallography
and nuclear magnetic resonance (NMR) spectroscopy), consider-
able efforts were made in the development of new experimental
methods to investigate the dynamics and flexibility of biomolecules.
Time-resolved studies, solution X-ray scattering, and new detectors
for cryo-electron microscopy have pushed the limits of structural
investigation of flexible systems but still remain expensive and time
consuming. In addition, they could be used only on a limited set of
protein conformers and are not always applicable to the biological
system of interest [10]. Moreover, the increasing complexity of the
studied biomolecule including, for example, large transient protein
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assemblies and transmembrane proteins makes the consideration of
the flexibility role more difficult to apprehend.

From the theoretical point of view, classical molecular dynamics
(cMD) simulation method is nowadays an appropriate way to study
the dynamics behavior of biological entities, even for large macro-
molecular systems. Starting from an experimentally determined
structure or from a computationally built model (comparative
modeling protocol), cMD simulations predict atomic motions of
a molecular system as a function of time. Due to the presence of
high energetic barriers on the potential energy surface of the sys-
tem, and the random nature of molecular dynamics simulation,
biological processes are stochastic events that usually occur on the
microsecond to millisecond or even longer timescales. Even with a
great improvement in computing hardware, cMD simulations are
limited to timescales of about several hundreds of nanoseconds,
making it unsuitable to simulate these “slow” biological processes.
To improve the efficiency of conformational sampling, enhanced
MD sampling techniques have been developed. Thus, these new
methodologies, combined with efficient computing hardware,
allow the study of biological processes from a structural, thermo-
dynamic and kinetic point of view in the most appropriate
biological environment [11, 12].

In this chapter, we present an overview of the main enhanced
MD methods used currently in drug design. We expose the char-
acteristics and limits of each MD method and examples of applica-
tions. We also discuss the appropriate choice of software and
hardware. We specially focus on two widely usedmethods, umbrella
sampling (US), a reaction coordinate (RC)-dependent method
with which the free energy profile can be computed; and acceler-
ated molecular dynamics (aMD), a nondependent RC method that
improves the conformational sampling by overcoming high energy
barriers. We give a technical, methodological, and detailed guide-
line to set up, run, and analyze US and aMD simulations. Finally,
we highlight important critical points to be analyzed for the rele-
vance and rigor of the study.

2 Materials

To perform an MD simulation, we first need suitable hardware for
performing calculations, second a software package with MD cap-
abilities, and finally the initial spatial coordinates of the system of
interest. Choices of each of these three aspects are mutually depen-
dent since not all MD methodologies are implemented in all soft-
ware and not all softwares are compatible with all computer
hardware technologies. Therefore we summarize in Table 1 the
software in which they are implemented and the supported tech-
nology for each MD method.

Enhanced Molecular Dynamics 405



2.1 Hardware To enhance the computing power, one of the means is to increase
the number of central processing units (CPUs) used for the calcu-
lation. Several possibilities exist, from Desktop station, containing
about 4–16 CPUs, to supercomputer with thousands of CPUs
[20]. Nowadays, the arrival in the market of the graphics processing
unit (GPU), a very accessible computing technology mainly
designed for gaming performances, has revolutionized the field of
computational sciences and especially numerical simulations. GPU
cards have accelerated calculations by several orders of magnitude
compared to CPU and have similar performances to supercom-
puter [21]. Moreover, several CPU cluster nodes can be replaced
by one GPU card, which allows for extensive and parallel calcula-
tions, and has the advantage to decrease power consumption com-
pared to CPUs. Desktop workstations equipped with a GPU card
have become a useful tool to carry out molecular dynamics simula-
tions, and clusters containing GPUs (allowing multiple GPUs to
carry out parallel calculations) open the way toward the simulation
of larger biomolecular systems. However, an additional effort
should be made in writing the code of the software in specific
programing language for GPU cards, called CUDA. A very recent
new Intel hardware, called the Xeon Phi, which is a Many-
Integrated-Core [MIC] in a single chip, has been recently pro-
posed. These multicore processors have the advantage to perform

Table 1
Various molecular dynamics methods, software implementation, hardware support

MD method Software implementation
Hardware
support

Conventional MD
(cMD)

AMBER [13], CHARMM[14], NAMD [15], Gromacs [16],
Desmond [17], ACEMD [18]

CPU/GPU

Accelerated MD
(aMD)

AMBER, NAMD CPU/GPU

Scaled MD AMBER, BiKi [19] CPU/GPU

Random accelerated
MD (RAMD)

AMBER, CHARMM, NAMD CPU

Steered MD (SMD) AMBER, CHARMM, NAMD, Gromacs CPU/GPU
Desmond CPU

Targeted MD (TMD) AMBER, CHARMM, NAMD CPU

Metadynamics (MTD) AMBER, CHARMM, NAMD, Gromacs, Desmond CPU/GPU

Replica Exchange MD
(REMD)

AMBER, CHARMM, NAMD, Gromacs, Desmond CPU/GPU

Simulating Annealing
(SA)

AMBER, CHARMM, NAMD, Gromacs, Desmond CPU/GPU
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calculations just like the main CPU on a laptop/desktop but with
higher computing performance [22].

The choice of the MD software and the simulation method
should be done in relation to hardware recommendations and
benchmarks. For AMBER software, the links for recommendations
and benchmarks are at http://ambermd.org/gpus/
recommended_hardware.htm and http://ambermd.org/gpus/
benchmarks.htm respectively.

2.2 Software As presented in Table 1, a large number of software packages are
available for MD simulations. For the examples mentioned below,
we used AMBER suite as MD simulation software which is
distributed in two parts: AMBER, a proprietary software which
contains the codes of molecular dynamics calculations for CPUs
and GPUs (sander, pmemd, pmemd.cuda) and AmberTools, an
open source package that contains tools to parameterize organic
molecules and metal centers (antechamber), to prepare the system
(tleap, parmed), and to analyze trajectories (cpptraj, pytraj,
MMPBSA.py). Other indispensable tools can be found online, for
example to choose the number of replicas in the Temperature-
REMD simulation (http://folding.bmc.uu.se/remd/) or to pre-
dict protonation states of the biological system of interest at the
desired pH (PROPKA, http://propka.org/). These recommenda-
tions are generally given in the online tutorials that we strongly
advise to follow before launching a simulation (http://ambermd.
org/tutorials/). To visually display, analyze, and animate trajec-
tories, VMD is one of the appropriate programs, distributed free
of charge.

2.3 Studied

Biological System

For the two proposed protocols, we chose the human p38α
(MAPK14) kinase domain as a case study. The crystallographic
structure (pdb code: 3S3I), containing the biaryl-triazolopyridine
scaffold derivative in the ATP binding site, was chosen as a starting
structure for the simulations. The choice was based on the best
resolution of the p38α crystallographic structures available in the
RCSB database [23] and the absence of sequence gaps in the 3D
structure.

3 Methods

3.1 System

Preparation

All the scripts used in the simulations and analysis will be provided
in the supporting information. A molecular dynamics simulation
protocol always begins with the preparation of the system, which
consists of several steps:
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1. Cap protein termini with ACE and NME residues if the protein
is not fully resolved at the extremities (see Note 1). Then, save
the protein with the ligand for the unbinding simulation using
the US and without ligand for conformational sampling
with aMD.

2. Predict and assign the protonation states of protein residues at
pH ¼ 7 using the PROPKA program (http://propka.org/).

3. Calculate automatic charges and generate mol2 file for the
ligand using Antechamber program in AmberTools package.
Next, construct additional frcmod file for the ligand with
parmchk2.

4. With tleap program in AmberTools, we protonate, solvate, and
create the topology and coordinate files using ff14SB and Gaff
force fields to describe respectively the protein and the ligand.
The TIP3P model of water is used to represent explicit water
molecules as solvent. Na+ and Cl� are chosen as counterions to
neutralize system.

At the end of these steps, we obtain the system topology file
(.prmtop) describing the parameters and the topology of the mole-
cules in the system, and the initial molecular coordinates of the
system (.rst7).

3.2 System

Minimization and

Equilibration

Now that the system parameters have been set, a preliminary pro-
tocol has to be carried out before running MD simulations. This
protocol, constituting of both minimization and equilibration
steps, allows the relaxation of the 3D structure of the protein and
the equilibration of water molecules around the system. Most of
the time, the equilibration begins with a thermalization step, in
which the system reaches the thermal equilibrium at the desired
temperature. Our equilibration protocol was carried out in five
steps (see Note 2):

1. Minimization of experimentally structure to find a stable state
(a minimum) on the potential energy surface from which to
begin the simulation. The minimization was performed in two
steps: first we minimize the solvent box and second we mini-
mize all the system (protein/ligand/solvent box).

2. Thermal equilibration: the system is incrementally thermalized
from 0 to 300 K for 10 ps.

3. Density equilibration: equilibrate the density of the system
(NPT) with weak harmonic restraints on the complex during
200 ps.

4. Relaxation of the system in the NVT ensemble by gradually
decreasing the harmonic restraints during 600 ps.

5. cMD production with the complete relaxation of the system
(no harmonic restraint) during 50 ns.

408 Sonia Ziada et al.

http://propka.org


All the simulations were performed using the SHAKE algo-
rithm on hydrogen atoms, a 2 fs time step and Langevin dynamics
for temperature control.

3.3 Enhanced

Molecular Dynamics

Methods

Once the system is prepared, minimized, and equilibrated, several
molecular dynamics methods can be applied and the choice
depends on the objective of the study (Table 2). In theory, cMD
simulations can be envisaged to describe important biological pro-
cesses at atomic level such as the binding of the kinase inhibitor PP1
that reaches its binding site and finally reproduces the crystallo-
graphic binding pose in 15 μs [24] and the millisecond-order
simulation of the reversible folding unfolding process of ubiquitin
[25]. However, such simulations require very powerful, specific
computer in order to be achieved in an acceptable time frame. To
overcome this limitation, a number of enhanced MDmethods have
been developed where a bias is introduced into the simulation to
enhance the sampling of all the system, or along a phenomenon of
interest. A large number of biased methods, with a wide diversity of
possible bias have been developed during the past 30 years (see
Notes 3–5). Among them, the most used methods are temperature
replica exchange molecular dynamics [26], umbrella sampling
[27, 28], metadynamics [29, 30], scaled MD [31], and accelerated
molecular dynamics simulations [32, 33]. We can classify these
methods in two groups depending on whether the bias is added
along a reaction coordinate or not. In this case, the bias associated
to the reaction coordinate must represent the proper evolution of
the biological process of interest. Some methods such as REMD
and Simulated Annealing by their implemented algorithm produce
a simulation that is not time dependent but rather sampling
method, based on a Metropolis–Hastings algorithm.

3.4 Accelerated

Molecular Dynamics

Method

3.4.1 Boost Potential

Accelerated molecular dynamics (aMD) method improves the con-
formational sampling by reducing energy barriers separating differ-
ent conformational states of a system. A boost potential is added to
bring up potential energy wells below a certain threshold level
(Ethr) without modifying those that are above [32]. As a result,
the magnitude of energy barriers is reduced, allowing the system to
sample conformational space that cannot be easily accessed by cMD
simulations [34]. It should be noted that the underlying shape of
the real potential is conserved so that the distribution of sampling
of different structures is still related to the original potential energy
distribution and can be recovered by a reweighing procedure.

When the potential condition is below the chosen threshold
Ethr, a boost potential, ΔVboost(r), is added to the original potential
energy, V0(r) where r is the atomic positions. The new modified
potential energy V(r)∗ is defined as follows (see Note 6):
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V rð Þ∗ ¼ V 0 rð Þ þ ΔV boost rð Þ
Depending on the type of the boost potential (ΔVboost(r)), we

distinguish three methods of aMD.

1. Boosting only the dihedral potential energy by ΔVd(r):

ΔV d rð Þ ¼ Ethrd � V d rð Þð Þ2
αD þ Ethrd � V d rð Þð Þ

where Vd(r), Ethrd, and αD are respectively the dihedral energy,
the dihedral energy threshold, and the boost factor for the dihedral
energy.

In this case, the boost is applied when Vd(r) < Ethrd

2. Boosting the total potential energy by ΔVT(r):

ΔV T rð Þ ¼ Ethrp � V rð Þð Þ2
αP þ Ethrp � V rð Þð Þ

where V(r) ¼ V0(r) + ΔVd(r) and Ethrp, αP are respectively the
total potential energy threshold and the boost factor for the total
potential energy.

3. The dual boost aMD by ΔVTd(r) [35], in which the boost is
added on the total potential energy in addition of an extra
boost on the dihedral energy:

ΔV Td rð Þ ¼ ΔV T rð Þ þ ΔV d rð Þ
In these last two cases (ΔVT(r) and ΔVTd(r)), the boost is

applied when V(r) < Ethrp.

In our simulations, we use the dual boost aMD to study the
improvement of the sampling of the conformational space of the
protein structure compared to the cMD (see Note 7).

3.4.2 Parametrization

of aMD Simulation

The parameters that have to be specified by the user and that
directly impact the acceleration of the molecular dynamics simula-
tion are: the total potential energy threshold (Ethrp), the dihedral
energy threshold (Ethrd), the boost factors αP and αD. Note that
αP and αD are inversely proportional to the strength of the applied
acceleration. The bigger is Ethr (Ethrp or Ethrd), the greater is the
region of the potential energy surface affected by the boost,
whereas the smaller is α (αP or αD), the more flattened is the energy
barrier, which will be easier to cross (Fig. 1) (see Note 8).

As it was suggested in previous aMD studies [36, 37], it is
recommended to calculate these parameters from the estimated
average of total potential and dihedral energies (hEp(tot)i and
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hEdi) of a precomputed step of equilibration (cMD). From these
estimations, we calculate the values of Ethrp and Ethrd by adding a
quantity of energy per degree of freedom to the preestimated
average potentials in the form of multiples of alpha as described in
the following section.

From the 50 ns precomputed relaxation of the system we
obtained:

(a) Average total potential energy hEp(tot)i ¼ �165576.6800 kcal/
mol.

(b) Average dihedral energy hEdi ¼ 4508.4797 kcal/mol.

(c) Total number of atoms (Nbr Atoms) ¼ 54,126 atoms.

(d) Number of protein residues (Nbr residues) ¼ 351 residues.

Approximate energy contribution per degree of freedom:

(a) αP ¼ 0.16 kcal/mol/atom � Nbr Atoms (see Note 9)

¼ 0.16 * 54126 ¼ 8660.16 kcal/mol.
(b) Ethrp ¼ hEp(tot)i + (0.16 kcal/mol/atom � Nbr Atoms)

¼ �165576.6800 + (0.16 � 54,126) ¼ �156916.52 kcal/
mol.

(c) αD ¼ 0.2 � (4 kcal/mol/residues � Nbr residues) (see Note
9)

¼ 0.2 � (4 � 351) ¼ 280.8 kcal/mol.
(d) Ethrd ¼ hEdi + (4 kcal/mol/residues � Nbr residues)

¼ 4508.4797 + (4 � 351) ¼ 5912.4797 kcal/mol.

Fig. 1 Schematic representation of the biased potential, the threshold boost
energy Ethr and the normal potential
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3.4.3 Running the aMD

Calculations

Once the aMD parameters are defined, we run 200 ns of aMD
production with the same conditions of cMD. In addition to the
boost of the aMD, we use the power of GPUs to significantly
increase the conformational sampling in an acceptable total simula-
tion time. Additional aMD productions can be launched from the
output of the previous run.

3.4.4 Analyzing the aMD

Results

Principal Component

Analysis: Preliminaries

When using a biased molecular dynamics method to enhance the
conformational sampling of a protein, one important analysis step is
to assess whether the obtained conformational ensemble is a con-
sistent and robust representation of the accessible conformations of
the protein. This implies to identify the largest motions in the
protein, more precisely the protein regions whose movements con-
tribute the most to explain the conformational diversity. From a
mathematical point of view, a trajectory can be viewed as a matrix of
atomic coordinates where each line corresponds to a conformation
(snapshot) of the system at a time t (the individuals) and each
column corresponds to the considered xyz coordinates of protein
atoms (the variables). Extracting the variables that contribute to the
largest motions in protein (variance) over a long timescale (number
of individuals) and spatial scale (number of variables) is a common
task in multivariate statistical analysis. For this purpose, dimension-
ality reduction methods are particularly suited to achieve a reduc-
tion in the number of variables. Among them, the principal
component analysis (PCA) is a linear dimensionality reduction
technique that linearly combines the set of variables into a reduced
number of uncorrelated variables called principal components
(PCs), consisting of five major steps:

1. Calculation of the covariance matrix: from the atomic coordi-
nate matrix of the trajectory, a variance-covariance matrix is
calculated.

2. Diagonalization of the covariance matrix: in order to
de-correlate variables, we seek to minimize the covariance
between variables that is the off-diagonal entries of the covari-
ance matrix. Conversely, the diagonal entries, corresponding to
the variance, shall be maximized since they correspond to
interesting dynamics in the system. Note that the variance is a
special case of covariance when the two variables are identical.
Since minimizing the covariance consists in being as close to
zero as possible, we are then looking to diagonalize the covari-
ance matrix.

3. Extraction of the principal components: the columns of the
transformation matrix, that is the matrix having served to
diagonalize the covariance matrix, are the eigenvectors of the
new basis. These eigenvectors are the principal components of
the PCA space.

Enhanced Molecular Dynamics 413



4. Extraction of the principal components of interest: an eigen-
value is associated with each eigenvector and the eigenvectors
in the transformation matrix are sorted in descending order
according to their respective eigenvalue. By this way, the first
eigenvector of the transformation matrix, that is, the first prin-
cipal component, corresponds to the direction of largest vari-
ance (largest-amplitude fluctuations), the second to the
direction of second largest variance, and so on.

5. Dimensionality reduction: the latest components that are the
less significant are not considered.

6. Calculation of the new coordinate matrix: the original matrix of
atomic coordinates is projected onto the PCA space and the
new matrix of atomic coordinates is derived.

In our example, we use the PCA to compare the efficiency of
the conformational sampling of the aMD to cMD and its ability to
retrieve the experimental crystal structures available in the PDB
database.

Trajectory Preparation Using the module cpptraj of AMBER we:

1. Create a new trajectory by concatenating the trajectory of the
200 ns aMD with that of the 200 ns cMD and all DFG-in
structures of p38 without gaps available in the RCSB database.

2. Remove water molecules and counterions from the trajectory.
During the analysis, we also remove hydrogens to reduce the
size of the trajectory to avoid memory saturation.

3. Align the conformations of the trajectory on the C alpha atoms
of the backbone to get all the frames (snapshots) in the same
referential.

4. Export the new aligned trajectory and a single frame
(or snapshot) as pdb format to use it as information of topology
for the next analysis.

Principal Component

Analysis of the Trajectory

In PCA, a set of atoms is selected to describe the conformation of
the protein during the trajectory. Here, the atoms of the backbone
are selected to describe residue positions and the corresponding
trajectory constitutes the initial matrix of atomic coordinates (see
Note 10). The PCA was performed with the Bio3D package in R
(see Note 11) [38]. The topology is read from the pdb file. The
trajectory can be read in DCD format (format used by CHARMM,
NAMD, and X-PLOR) or NetCDF AMBER format after installing
the ncdf4 package. Since the trajectory has been previously aligned
on the backbone, PCA is directly applied on the initial matrix of
atomic coordinates.
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Analysis From the results of PCA, the conformational sampling is analyzed
on a 2D principal component plot as depicted in Fig. 2.

Each point represents one conformation of the trajectory at a
time t. In general, only the first principal components (PC1, PC2,
and PC3) that account for approximately 60–70% of the total
variance of atom positional fluctuations, are analyzed. Indeed,
these first components capture the most significant global move-
ments, that is, the fluctuations of highest amplitude that are gener-
ally biologically relevant motions. On a 2D principal component
plot, the larger the cumulative variance on the two considered
principal components, the more meaningful is the distance between
the points. It means that similar conformations will be grouped
while diverse conformations will be separated on the 2D PCA plot.

Fig. 2 PCA results for p38α conformational sampling. Individual maps: in green the 200 ns aMD trajectory, in
orange the 200 ns cMD trajectory and in blue the experimental structures. Scree plot: cumulative variance as a
function of the number of components
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Here, the first three principal components that accounts for 68.3%
of the total variance, as shown on the scree plot, are plotted against
each other (Fig. 2) (see Notes 12 and 13).

After aligning trajectories from each method, we observe that
the conformational spaces explored by cMD and aMD are partially
overlapped. Interestingly, aMD simulation explores larger and
more distant conformational space from the starting point than
the cMD. This result is particularly relevant since it includes most
of the experimental structures.

Reweighting the aMD

Results

The last step of analysis will be reweighting the aMD distribution to
recover the original free energy profile.

In an aMD simulation of an observable ensemble A(r), the
canonical ensemble distribution hAi can be calculated from the
ensemble-averaged Boltzmann factor of ΔV(r) in the aMD (heβΔV
(r)i*) as follows:

Ah i ¼ A rð Þ � eβΔV rð Þ� �∗

eβΔV rð Þh i∗

Where β ¼ 1/kBT and ΔV(r) is the boost potential of each
frame.

There are several available scripts that perform 1D and 2D
aMD reweight. We recommend the available scripts and tutorials
at: https://mccammon.ucsd.edu/computing/amdReweighting/.

For the reweighting procedure, we perform a PCA of the
backbone on the last 100 ns of the aMD simulation and the
22 crystallographic structures. The results from PCA were
reweighted using a modified method called “Maclaurin series
expansion algorithm” to the kth order [39] that greatly suppresses
the energetic noise. In this algorithm, the reweighting factor heβΔVi
is approximated by summation of the Maclaurin series to the tenth
order as follows:

eβΔV
� � ¼

X1

k¼0

βk

k!
ΔV k
� �

The results of the reweighting were projected on PC1–PC2
plot (Fig. 3) (see Note 14).

The projection of the crystallographic structures on the 2D free
energy surface shows that the crystal structures are located in
low-energy region but not in the lowest ones.
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3.5 Umbrella

Sampling (US) Protocol

for Unbinding Process

3.5.1 Bias and

Parameter Set

In this methodology, the main idea is to force the sampling of the
system in a particular direction, with the aim to sample an event of
interest. To do this, the system is constrained through the addition
of a harmonic potential energy (Ebias) to the energy of the system
(ESys) (seeNote 15). ζ is the restrained variable along which the bias
is applied and can be of different nature (distance, angle, dihedral,
geometrical combination, etc.) depending on the studied biological
event. Along ζ several windows are defined. One window is asso-
ciated to a specific value of the constrained variable (ζth), and each
window consists in a short molecular dynamic simulation with
Ebias defined with to the considered value of ζth. The energy of
the system is then defined by:

EUS ¼ ESys þ Ebias

with Ebias ¼ k

2
ζ � ζthð Þ2

ζ represents the value of the restrained variable sampled in the
current system state, k is the force constant of the harmonic poten-
tial, and ζth is the fixed value of the constrained variable in the
considered window. For each window, the value of ζth is different.
The main advantage of this type of protocol is the possibility to
unbias the simulation, in order to get the variation of energy
associated to the event that was sampled, called the Potential of
Mean Force (PMF) [40]. This PMF can be associated to a free
energy variation when the convergence of each window is reached,
meaning that the system is equilibrated around the corresponding
value of ζth. The sampling of ζ in each window has to be extracted
from these simulations, and the Weighted Histogram Analysis
Method (WHAM) [41] is used to unbias the simulation and to

Fig. 3 PC1–PC2 plots of the backbone calculated from the last 100 ns of the aMD simulation in green and the
crystallographic structures in red. (a) Before reweighting. (b) Two-dimensional free energy profile projection
(kcal mol�1) after reweighting using Maclaurin series to the tenth order
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construct the PMF (Fig. 4). US protocol has become a routine
method for the study of events involving nonequilibrium states,
such as conformational changes, binding/unbinding processes, or
even chemical reactions when coupled with QM/MM hybrid
methods.

In this guideline, we used US method in order to study the
unbinding process of the biaryl-triazolopyridine derivative bound
to p38 crystal structure. While we provide a detailed description of
the methodology, the proposed parameters of this particular study
are not necessarily the optimized ones. To make sure that the
calculation will provide useful and coherent results, the different
parameters of US calculations have to be verified first:

1. The choice of the restrained variable ζ is the crucial step for the
preparation of US calculation. The nature of the restrained
variable (distance, angle, dihedral, or linear combination of
them, etc.) has to be carefully chosen, to represent in the best
manner the event to sample. In this example, on p38 kinase in
complex with an inhibitor, the distance between one residue of
the Hinge region (THR104) and the ligand has been consid-
ered as the restrained variable ζ for the unbinding process. This
distance is measured between two points: for the threonine
residue, the center of mass of the three atoms of the backbone
is chosen. Indeed, the backbone of the protein is less flexible
than its side chains. The second center of mass is calculated
using the two six-membered rings of the inhibitor. The oscilla-
tor strength related to the bias is also a parameter to consider
and is dependent of the event to study and the nature of
ligand–receptor interactions. In this case, the strength is arbi-
trarily fixed to 20 kcal/mol (see Note 16).

Fig. 4 Scheme of the US principle. Left: Representation of the evolution of the energy along the restrained
variable ζ. Each window is centered on a fixed value of ζth. Right: potential of mean force (PMF) obtained with
the use of the WHAM algorithm. The sampling distributions obtained for each window are transformed into
free energy profile
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2. The US calculation consists to simulate several windows along
the chosen restrained variable ζ, in order to correctly sample
and explore the conformational space of every system state
during the unbinding event. To make sure that the potential
of mean force (PMF) obtained is correct, the sampling of each
window must overlap their neighboring sampling distribution.
This is very important when the system is sampling energy
states, such as transition states and/or energetic barriers. This
overlap allows the validation of sampling exhaustiveness along
the path, and then continuity of the free energy profile.

3. Another parameter of importance in this protocol is the step
size between windows. As described earlier, the sampling along
the restrained variable ζ is made with the definition of several
windows, centered on specific values of the bias. In order to
have a good overlap between windows, the step size, and
consequently the number of windows, must be well defined
(see Note 17). In our case, the first value of the constrained
distance, calculated from the cMD, is about 6.2 Å, but a smaller
initial distance (beginning the calculation at a distance of
ζth ¼ 5.2 Å) is chosen in order to correctly sample the global
minimum of the PMF. We will consider that the inhibitor is
totally separated from the protein once it is surrounded by two
water shells, corresponding in this case to a constrained dis-
tance of 36.2 Å, and the step between each window is set to
0.5 Å, representing a total number of 62 windows.

4. The last parameter to consider is the simulation time in each
window. The simulation time must be long enough to equili-
brate the system around each new fixed value ζth from the
current ζ. An equilibration step needs to be performed at the
beginning of each window, to allow the system and thus ζ to
sample around ζth. In our example, for each window, 200 ps of
equilibration are considered, followed by 2 ns of production.
The total simulation time for the 62 windows is 136.5 ns.

3.5.2 Results for the

Unbinding Process of

p38—Biaryl-

Triazolopyridine Ligand

1. Calculations were performed on a Quadro K5000 GPU unit
from a standard workstation, with AMBER14 program com-
piled with CUDA v6.0. Performance is estimated to 20 ns/day,
meaning that the whole calculation take about 6.5 days. After
the end of the calculation, cpptraj analysis module of Amber-
Tools has been used to center, align, and analyze the trajectory.
RMSD analysis, combined with distance measurement and
solvation estimation, could thus be performed to check the
stability of the protein kinase domain and estimate the progress
of the unbinding event. Then, the trajectory could be checked
with the VMD visualization software in order to verify if the
process is complete, meaning that the ligand is positioned in
the solvent, with no interactions left with the protein kinase.
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2. With the AMBER suite, Umbrella Sampling calculation gen-
erates a dump file, in which all the values of the restrained
variable ζ along the simulation of the unbinding process are
stored. A preprocess step is needed to split the large file into
multiple files, one for each window. These files can be viewed
and analyzed with, for example, xmgrace (http://plasma-gate.
weizmann.ac.il/Grace/), by converting each file into a histo-
gram plot. This analysis is essential to verify the shape of the
distribution (each window must have a Gaussian-type distribu-
tion, according to Boltzmann law) and an overlap of each
window with their neighborhoods all along the unbinding
process. In our case, one can see on Fig. 5 that the overlap
between all windows during the simulation is reasonable. All
distributions of each window have a Gaussian-like shape mean-
ing that the system has reached an equilibrium point and they
overlap with their neighborhoods. This protocol is important
for the relevance of the potential of mean force (PMF), created
in the next step.

From these files, the WHAM (Weighted Histogram Analy-
sis Method) algorithm is used to obtain the potential of mean
force (PMF) associated to the evolution of the bias. Informa-
tion, description of the methodology, and software sources are
available at (http://membrane.urmc.rochester.edu/content/
wham). Briefly, the WHAM protocol allows for the conversion
of sampling distribution of ζ into free energy, by comparison of
the distribution center to the expected value ζth for a single
window. This conversion is made for each window in order to
build the PMF profile. If the system is equilibrated enough in
each window, the PMF profile could be associated to the free
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Fig. 5 Left: Sampling distribution, for all windows, of the restrained variable ζ along the whole simulation of
the unbinding process. One distribution is associated to one window. Right: Focus on the first four distribution
of the simulation. The overlap between windows is quite satisfying, and the distribution shape is the one
expected in all cases
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energy variation of the dissociation of the complex. The
obtained profile in our case is shown on Fig. 6.

The estimated energetic barrier needed to leave the active site is
estimated to be 27.5 kcal/mol, obtained for a distance value of
about 30 Å between THR104 and the ligand. The global minimum
of the profile, corresponding to the crystallographic position of the
ligand in the cavity, is characterized at a distance of 6.5 Å. At the
end of the simulation, the PMF profile has reached a plateau
meaning that the ligand does not interact anymore with the recep-
tor, and progress in the bulk solvent. This profile could be used to
extract thermodynamic and kinetic properties of the molecule of
interest, but some replicas of US simulation are required in order to
make definitive conclusions on the pathway and on the energetic
values.

Umbrella Sampling is one of the state-of-the-art methods to
predict free energy variation associated to a rare event, as unbinding
and binding process of compounds or catalytic reactions of
enzymes (in combination with QM/MM hybrid method). How-
ever, it requires a correct representation of the reaction coordinate
related to the considered event, and it is less suitable to very
complex biological events such as protein folding and protein–pro-
tein interaction disruption.

From these two examples, we aimed at illustrating a RC non-
dependent method (aMD) and RC dependent method (US). The
aMD simulation has been used here to generate an ensemble of
protein conformations to enrich the limited conformational space
determined by experimental structures and explored by classical
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Fig. 6 Potential of mean force obtained for the unbinding process of the inhibitor
with p38α MAP kinase
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MD simulations. It can be further used to populate the conforma-
tional ensemble of a multiconformational docking. The RC nonde-
pendent method group exploits the fact that the free energy is a
state function, so free energy differences can be calculated to pro-
vide binding thermodynamic quantities regardless of the path.
However, from such methods, we cannot extract kinetic informa-
tion from free energy estimation because they need the definition of
(un)binding pathway along which energy barriers and possible
intermediates can be determined. Interestingly, scaled MD and
similar smoothed approaches have been successfully employed to
predict residence time from the simulation time, even though they
are RC nondependent methods [42, 43]. The US is convenient to
extract both thermodynamic and kinetic information through the
construction of the potential of mean force (PMF, Fig.6)
corresponding to a projection of the free energy along the reaction
coordinate.

4 Notes

1. In the absence of crystallographic structure or presence of gaps
in the structure, homology modeling can be envisaged.

2. There is no universal protocol for thermal equilibration. The
proposed five-step protocol can be modified depending on the
system.

3. The choice of the method depends on what we want to simu-
late but also on what we planned to analyze. For example, if we
want to generate several diverse conformations of the protein as
we did in our example using aMD, then a method using a
reaction coordinate is not appropriate. We can use aMD simu-
lation, REMD simulation, simulating annealing calculation
(Table 2) or Monte-Carlo methods. However, if the purpose
is to analyze the stability of the conformations through the
estimation of their free energy then aMD simulation is more
suitable. Now, if the purpose is to sample the conformations of
a protein between two states, then methods using reaction
coordinate are more suitable because it allows guiding the
sampling.

4. When several methods are possible for a given study, an impor-
tant reflex to have is to compare the performance of the meth-
ods and the supported hardware.

5. When using an enhanced molecular dynamics method, impor-
tant preliminary analyzes must be made to ensure that the bias
is not too strong and does not damage the system at the
considered physiological temperature. We recommend to
always assess the protein structure stability and fold analysis
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during the simulation through classical analyzes such as the
root mean square deviation, the root mean square fluctuation,
and radius of gyration. Moreover, it is also important to analyze
the bias per se over the simulation. For example, for the meth-
ods that add a potential energy to the original potential energy,
an important point is to analyze the evolution of the added
restraint potential energy over time and to compare the values
with respect to the literature. With a poorly parameterized bias,
the simulation can produce improbable processes.

6. In the current aMD implementation, the modified potential is
added to all the system, with no possibility to be limited to
some dihedrals.

7. It is recommended to use the dual boost if the solvent is
described explicitly and only on the torsion terms in the case
of implicit solvent.

8. α cannot be set to zero. When α ¼ 0, the modified potential is
flat and the system experiences a random walk.

9. As it was observed in previous studies of aMD, the value of 0.2
for αD and 0.16 for αP seems to work well for proteins.
Following the suggestions, for lower boost, value between
0.15 and 0.19 can be used instead of 0.2 for αD.

10. Instead of considering the protein backbone of the trajectory,
alpha carbons or atoms of the binding site constitute an alter-
native that can be also used for PCA depending on the studied
problem.

11. Many statistical packages provide PCA. Bio3D package in R
has been employed here for its practicality since it supports
both the PCA and diverse relevant graphic plot for PCA result
analysis. The cpptraj module supports the PCA but supposes to
make the graphic plots with another software. An example of
cpptraj script is given in the reweighting section of the support-
ing information.

12. In the literature, several criteria have been developed to deter-
mine the number of principal components to be analyzed.
Experience shows that 3–5 dimensions are often sufficient to
capture over 60–70% of the total variance; but it is not always
the case, especially when the two first components do not
express a high percentage of variance, which leads to consider
a relatively important number of components. The Cattell
scree criterion involves plotting the scree plot as in Fig. 2 and
considers the number of meaningful principal components as
to be the inflection point between the steep slope and a leveling
off. In our case, this number is 3. It is recommended to select
the number of component to be analyzed. The famous Kaiser
criterion, which considers all principal components having an
eigenvalue larger than 1, is not applicable when using a
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covariance matrix (only with a correlation matrix in the case of
a normalized PCA).

13. In addition to the 2D principal component plots, other types
of graphic plot are of interest and provide for example an
insight on protein regions whose movements contribute the
most to explain the conformational diversity along each princi-
pal component (residue wise loadings plot). All these analyses
are well described in the section PCA of the online tutorial
using bio3d R package at http://thegrantlab.org/bio3d/
tutorials/trajectory-analysis.

14. It should be taken into account that the energy used by
reweight script is in kT units. In Amber 14 the energy unit is
kcal/mol and must be converted.

15. One has to be sure that the considered system has reached its
equilibrium state before introducing a bias in the simulation.
Indeed, if the system is not equilibrated enough, the estimated
free energy variation could be the combination of the none-
quilibrated part of the system and the bias introduced.

16. The greater the force constant k, the smaller the region
explored by the system. This results in narrower distributions
of ζ and therefore a smaller overlap between two successive
windows. On the contrary, the lower the force constant k, the
greater the region explored by the system. This can have the
effect of exploring several stable states and therefore obtaining
non-Gaussian multimodal distributions of ζ.

17. The smaller the step size between windows, the greater the
sampling. However the number of windows strongly impacts
the amount of computing resources needed.
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Chapter 21

AGGRESCAN3D: Toward the Prediction of the Aggregation
Propensities of Protein Structures

Jordi Pujols, Samuel Peña-Dı́az, and Salvador Ventura

Abstract

Protein aggregation is responsible for the onset and spread of many human diseases, ranging from
neurodegenerative disorders to cancer and diabetes. Moreover, it is one of the major bottlenecks for the
production of protein-based therapeutics such as antibodies or enzymes. AGGRESCAN3D (A3D) is a web
server aimed to identify and evaluate structural aggregation prone regions, overcoming the limitations of
sequence-based algorithms in the prediction of the aggregation propensity of globular proteins. A3D allows
the redesign of protein solubility by predicting in silico the impact of mutations and protein conformational
fluctuations on the aggregation of native polypeptides.

Key words AGGRESCAN3D, Bioinformatics, 3D structure, Protein aggregation, Protein misfold-
ing, Protein production, Protein solubility

1 Introduction

Protein aggregation is currently considered to be a generic property
of the vast majority of existing polypeptides [1, 2]. It is triggered by
the permanent or transient exposure of specific clusters of amino
acids, named Aggregation Prone Regions (APR) or “hot spots”,
mainly composed by hydrophobic residues. These clusters are able
to form non native intermolecular contacts that promote protein
self-assembly and deposition into insoluble proteinaceous aggre-
gates [3, 4]. Remarkably, these threatening stretches are present
and somehow conserved across all phylogenetic kingdoms, consti-
tuting a paradox in protein evolution and biochemistry. It is
assumed that they cannot be purged from protein sequences due
to a shocking overlap between the physicochemical principles
underlying these type of aberrant intermolecular contacts and
those that govern native interactions, protein interfaces and struc-
ture compaction [1, 5–7]. Accordingly, cellular proteomes
have developed orthogonal protecting strategies, best illustrated
by the chaperone-proteasome machinery, to prevent an imbalance
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of the fragile equilibrium between protein solubility and aggrega-
tion by energetically favoring the native conformations of targeted
proteins and degrading sticky misfolded species [8–10]. Unfortu-
nately, under certain conditions, such as cellular stress, aging,
downregulation of proteostasis and/or specific genetic mutations,
certain proteins manage to overcome the quality control and con-
sequently aggregate, compromising cell fitness [1, 11, 12]. For this
reason, it is not surprising that, protein aggregation is closely
related to the onset of more than 40 severe human disorders,
including the well-known and devastating neurodegenerative Alz-
heimer’s and Parkinson’s diseases [1, 13–16]. In addition, protein
aggregation represents one of the major restrictions for pharma-
ceutical and biotechnology manufacturing of protein-based thera-
pies. Proteins can aggregate during synthesis, purification or
storage into visible or subvisible particles with significant immuno-
genicity [17–21]. Thus, protein aggregation not only limits the
disposal of active molecules in the formulation, but can convert a
beneficial drug into a deadly agent. Last but not the least, the
development of new bioinspired nanomaterials with self-
assembling features is significantly constrained by our present
understanding of the molecular mechanisms behind protein aggre-
gation and the mechanical and chemical properties of these insolu-
ble structures [22–26].

One classical strategy to overcome the aggregation phenome-
non has been the rational design of vulnerable protein regions
followed by protein engineering [27–30]. However, the
subsequent expression and purification of recombinant proteins
and the experimental assessment of their solubility is time-
consuming and precludes a high-throughput analysis of a signifi-
cant number of variants. This limitations pushed the development
of a series of predictive algorithms that allow to anticipate the
aggregation propensity of protein sequences and to virtually screen
for solubilizing mutations. To date, more than twenty 1st genera-
tion prediction algorithms are available as on-line servers or
packages. They are known as linear predictors, since they use the
amino acidic sequence of the protein as an input, and their generic
architecture involves a variable-in-length window, which slides over
the amino acidic sequence and averages, using different functions,
theoretical aggregation propensities of those residues inclosed in
the sequence frame. In spite of their pipeline similarity, each pre-
dictor take into account different variables when assessing theoret-
ical values of aggregation for a given amino acid. Specifically, this
include experimentally obtained data, theoretical physicochemical
properties, or a combination of these. Nonetheless, although their
performance is notable when predicting over disordered polypep-
tides or unfolded regions of a protein, they tend to overestimate the
aggregation propensities of globular and compact proteins
[31]. These regions usually emerge from the spatial approximation
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in the folded state of amino acids that are originally distant in the
sequence. In folded conformations, these potentially dangerous
regions are buried and protected inside the tertiary and/or quater-
nary structure, conforming protein cores, establishing protein–pro-
tein interactions or assembling (macro)complexes [2, 32], in such a
way that the formation of non native intermolecular contacts is
minimized. However, in solution, globular proteins might experi-
ment misfolding and/or structural fluctuations that can transiently
expose these hydrophobic regions and trigger aggregation. In a
nutshell, the structural context and dynamics of a globular protein
requires a new set of algorithms that consider their three dimen-
sional scenario to accomplish reliable predictions of aggregation.

AGGRESCAN3D (A3D) [33] is one of the last generation
structural predictors conceived to overcome the limitations of lin-
ear predictors when forecasting the aggregation propensity of glob-
ular proteins. A3D is based on AGGRESCAN [34], a sequential
algorithm that relies on empirical data to build a scale of intrinsic
aggregation values for the 20 natural amino acids. Nevertheless,
A3D takes profit of the atomistic 3D coordinates of protein struc-
tures to correct the aggregation propensity of each amino acid
according to the neighboring structural context. Therefore, both
the residue exposure to solvent and the influence of other residues
in the structural vicinity are also computed for each amino acid
according to a multifactorial equation. Using the A3D server, the
identified aggregation-prone residues can be mutated in situ to
design variants with increased solubility, or to model the impact
of pathogenic mutations in disease-linked proteins. Additionally,
A3D server enables to take into account the dynamic fluctuations of
protein structures in solution, which may significantly modulate the
structural intrinsic aggregation propensity, by using fast simulations
of the protein backbone with the high-resolution coarse-grained
molecular modeling approach CABS-flex [35]. In this way, A3D
assembles in a single application the prediction and modeling of
different features that are highly relevant for the aggregation of
globular states; namely, the modulation of this propensity by the
structural context, the assessment of the impact of clinical or syn-
thetic mutations on solubility and the role of conformational fluc-
tuations. The A3D server can be accessed at http://biocomp.chem.
uw.edu.pl/A3D/.

2 Materials

2.1 Algorithm Inspired by AGGRESCAN, A3D benefits from the intrinsic aggre-
gation propensity scale obtained experimentally by De groot et al.
(2006) and allocates intrinsic aggregation tendencies (Agg) to each
single residue for a given structure. However, in this case,
Agg values are subsequently modified by the amino acid exposure
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to solvent, approximated as the relative surface area (RSA) using the
Lee and Richards method implemented in the Naccess server
http://www.bioinf.manchester.ac.uk/naccess/nac_intro.html (see
Note 1) [36]. The impact of the exposition to solvent is modeled
with an exponential function in which the amino acids with:
(1) more than 55% RSA have a weight of 1 and contribute as fully
exposed; (2) less than 10% RSA have a weight of 0 and are consid-
ered as buried; (3) intermediate values of RSA (10–55%) have a
weight ranging from 0.1 to 0.99 and contribute as partially exposed
residues. In order to obtain a structurally corrected A3Dscore, the
algorithm takes into account the corrected aggregation propensi-
ties of the amino acid under evaluation “i” plus the sum of those
residues “e” included inside a projected sphere of 10 or 5 Å cen-
tered on its alpha carbon (Cαi) (Fig. 1). Besides, the specific dis-
tance between the sphere center and the alpha carbon of other
residues within the vicinity (Cαe) is measured in Å and is used to
modulate an inverse exponential function to calculate their contri-
bution to the A3Dscore. Accordingly, those amino acids at:
(1) shorter distances than 1 Å, receive a weight of 1 and are
predicted as strong influencers; (2) larger distances than the sphere
radius, receive a weight of 0 and are considered as distant and
non influencing residues; (3) distances between the sphere limit
and 1 Å receive a weight ranging from 0.1 to 0.99 and are consid-
ered as modulators. As a result of this computational scheme, the
A3D algorithm provides a value for each single protein residue,
which will be positive or negative depending on whether this
residue is predicted to contribute more to aggregation or to solu-
bility, respectively, or 0 if the amino acid is not predicted to play a
significant role.

2.2 A3D Pipeline Prior to the aggregation prediction, A3D exploits FoldX algorithm
to minimize the energy of the input structure in order to remove
unfavorable energies arising from improper torsion angles, steric

Fig. 1 Algorithm components. Aggi and Agge are the intrinsic aggregation propensities for the central amino
acid i under study and those amino acids e within the sphere, respectively; α and β are numeric parameters of
the exponential function referring to amino acid exposure; RSAi and RSAe are the relative surface area for the
central amino acid i under study and those amino acids e within the sphere, respectively; δ and γ are numeric
parameters of the exponential function referring to the amino acid distance to the sphere center; dist is the
distance between the Cα Carbons of the sphere center residue and other residues encompassed in the sphere

430 Jordi Pujols et al.

http://www.bioinf.manchester.ac.uk/naccess/nac_intro.html


hindrance between amino acid side chains and suboptimal rotamer
configurations of residues in close vicinity [37]. Then, the server
starts to calculate the aggregation propensity of the repaired static
structure. A3D incorporates the possibility to forecast the impact of
structure fluctuations on the aggregation propensity of polypep-
tides by implementing the CABS-flex protocol [35]. CABS-flex is a
high-resolution modeling approach that generates a collection of
derived structures, covering the most representative backbone fluc-
tuations. The dynamic mode of A3D calculates the structurally
corrected aggregation propensity upon each conformer and only
gives as an output the most aggregation prone as a proxy of the
conformation that will likely drive the aggregation reaction in
solution.

2.3 Input As an input, A3D only accepts 3D structures obtained from X-ray
diffraction, solution NMR, or modeling approaches in PDB format
(see Notes 2–4). A3D has different input requirements depending
on the run mode.

l For the standard static mode, which represents the vast majority
of A3D runs, files containing both monomeric or multimeric
protein structures are suitable; however, the A3D server is
capped to .pdb files built from a maximum of 20,000 atoms,
approximately 1000 amino acids (see Note 5). The system
accepts entries with missing amino acids and sequence gaps (see
Note 6).

l A3D dynamic mode is more restrictive in terms of input
requirements since multimeric and incomplete structures are
no longer accepted, due to incompatibilities with the implemen-
ted CABS-Flex algorithm version. Thus, structures must consist
of a single and continuous chain containing the complete set of
backbone atoms (N, Cα, C, and O). The sequence length is
restricted to a maximum of 400 amino acids.

3 Methods

3.1 Front Page

and Protein Input

A3D webserver has a clear and friendly display front page (Fig. 2).
By using the top-side toolbar links, the user can check the proper-
ties of the implemented algorithm (“About” tab) and anticipate
troubles while running the server (“tutorial” tab). It is possible to
check the status of submitted predictions and to review previous
runs on-line (“queue” tab). On the right side, is the submission
box, where the user can load the targeted structure and select some
optional run settings.

A3D is linked to the Protein Data Bank (PDB) and entries can
be introduced by just writing the PDB code inside the “PDB code”
window. Alternatively, local .pdb files can be uploaded manually
using the “Browse” button.

Predicting the Aggregation of Protein Structures 431



3.2 Run Options In the lower panel of the submission box named ‘options’ the user
can name the project and introduce an e-mail address in order to be
notified immediately after A3D ends the prediction (seeNote 6). If
needed, due to confidentiality issues, it is possible to hide a project
from the queue list by ticking the option “do not show my job on the
results page” (see Note 7). There are different possibilities to run
A3D and the user should use those that are more appropriate for
the protein under investigation.

l Static/dynamic: By default, A3D operates in static mode,
which is more tolerant in terms of input properties. In addition,
the absence of simulations provides the static mode with a
remarkable speed as compared to the dynamic version of A3D
(approximately 15 min vs 2 h for each run). However, in certain
occasions, the prediction of structural APRs requires dynamic
simulations in order to be biologically/biotechnologically rele-
vant (see Note 8). Chose “Yes” on Dynamic Mode in those
situations.

l Mutate: A3D integrates a useful tool which can be exploited to
virtually mutate any amino acid of the protein structure into a
different natural residue, select “Yes” on mutate residues. After

Fig. 2 Front page. Schematic view of the different options the user can select for an A3D calculation
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submission, this will open a new interactive window entitled
“which residue to mutate?” where the amino acids from the 3D
structure are displayed by chains using one-letter code and its
specific chemical structure scheme on the right side (seeNote 9).
By clicking each amino acid tab, a small popping window will
permit to select the desired amino acid from a scrollable list,
set alphabetically. Press “Save changes and submit” button to
finish the project submission and start the run; or “undo” button
to restore the wild type sequence (see Note 10).

l Distance: Two resolutions, named “distance of aggregation
analysis,” can be used to run A3D. Maintain the default 10 Å
distance to disclose aggregation prone clusters on a structural
region. Change to 5 Å when dissecting the specific contribution
of each amino acid to an individual aggregation prone region or
inspecting the local impact of one residue (wild type or mutated)
to close surroundings.

3.3 Submitting

and Queueing

Press “Submit” button to start A3D calculations. The project will
be immediately moved to the queue list, accessible from the toolbar
“queue” tab, and the user will be redirected to a new page with the
project details and status (see Note 11). The status of the user
project can be tracked in the queue list or in the project window
where it will change from: “pending” (orange) to “queue” (light
blue) and “running” (dark blue). If A3D encounters any incom-
patibility, it will be marked as “error” (red) and the developers will
be warned. As soon as the server would finish the task, the project
will be tagged as “done” (green) and A3D will inform through a
mail notification (optional). Only then, the user can access to the
full report of the prediction.

3.4 Output

and Evaluation

of the Prediction

The A3D output consists of a set of four different interfaces.
Aggregation propensities are presented in a comprehensive man-
ner, incorporating the possibility to download data for a more
accurate evaluation of the results.

3.4.1 Aggrescan3D Plot Probably the most extended and accepted representation of pre-
dicted aggregation propensities, where A3Dscores are plotted as a
function of the amino acidic sequential position (Fig. 3a). It can be
downloaded as a .png or .svg image file by opening “Download
plot” dropping window. By default, only the residues with A3Dscore

different from 0 are included; however, there is also the possibility
to show those residues even though they are predicted as non rele-
vant for aggregation. Finally, the interface allows the user to choose
which chain of the submitted structure, if several, is charted.

3.4.2 Aggrescan3D

Score

The score-table interface displays the numeric values of A3D calcu-
lations (Fig. 3b), which can also be downloaded as .csc or .txt files.
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Fig. 3 Output and evaluation. Ensemble of A3D output results obtained after a Dynamic run using the PDB code
2FEJ:A, no mutation, radius ¼ 10 Å. (a) A3D-Plot interface, where the A3D scores (Y axis) are plotted as a
function of the amino acidic position (X axis). A structural APR is highlighted with red arrows. (b) A3D score-table
interface. (c) Protein structure representation with JSmol interface. Residue surfaces are painted following a
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The user is able to obtain global scores accounting for the overall
protein propensity as well as for each specific amino acid (see Note
12). As in the A3D-plot, there exists the possibility to select indi-
vidual chains and specific sequence fragments. The central region of
the page is a scrollable table, which agglutinates the scores calcu-
lated for each amino acid and some extra information, such as the
residue number, the 1-letter residue code and the protein chain
where the specific amino acid is placed. Besides, the table can be
resorted, by clicking the top cell of the column. The amino acids
with positive values are colored in clear-yellow, and in this case
buried residues are displayed with an A3Dscore ¼ 0. Usefully, at
this point there exists the possibility to mutate an amino acid or
remutate those changed previously, by clicking the green button
“mutate” and following the instructions mentioned in Subheading
3.2 (see Note 13).

3.4.3 Structure It is the most visual interface of A3D (Fig. 3c). It projects the
propensity of each individual amino acid upon the 3D protein
surface according to a color code in which blue encodes for solu-
bility and red represents aggregation proneness. The structure is
presented in a 2 s looped motion picture, in which the protein
rotates 360� through the vertical axis. Both the 3D coordinates of
the resulting structure and the video can be downloaded as a .pdb
file and in .ogv, .mp4, or .webm formats, respectively (seeNote 14).
If needed, A3D also incorporates the option to manually rotate the
output structure by clicking the “JSmol” button.

3.4.4 Dynamic Mode

Details

Only accessible if the A3D run includes dynamic mode simulations
(Fig. 3d), two main objects are displayed; on the one hand, 3D
structures accounting for the initial input structure (blue) and the
most aggregation prone conformation (red) are superposed; on the
other hand, the root mean square deviation (RMSD) of the relative
distances between reciprocal amino acids of the aligned structures is
plotted as a function of the residue number. Both the 3D-structures
and the RMSD values can be downloaded as a .pdb and .csv files,
respectively.

�

Fig. 3 (continued) color code as a function of the A3D score, where red is linked to aggregation and blue to
solubility. The black circle highlights the equivalent structural APR from (a). (d) Dynamic details interface. On
the left side, superposition of both the initial (blue) and the most aggregation prone structures (red). On the
right side, the Single Model RMSD profile, in which in the distance between relative amino acids (Y axis) is
plotted in function of the residue sequence (X axis)
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3.5 Evaluating

the A3D Output

The evaluation of A3D predictions and the subsequent identifica-
tion of relevant APRs would benefit from a transversal handling of
the four outputs provided by A3D. This would allow the user from
a generic landscape of amino acidic propensities to the identifica-
tion of genuine specific structural APRs. There are five crucial issues
that the user should be warned about before evaluating any A3D
run:

1. Maximum knowledge of the protein under study is critical to
attain a reliable interpretation of the A3D output.

2. The A3D threshold is equal to 0. Thus, a positive A3Dscore

implies aggregation prone residues and structures, and vice
versa.

3. Buried residues are considered as noninfluencing aggregation
under native conditions, therefore, they are assigned with an
A3Dscore of 0.

4. Positive scores of A3D do not necessarily reflect deleterious
APR, these regions might be functional in a biological context.

5. A3D-plot and score-table interfaces are represented on the
amino acidic sequence basis, but they reflect structural propen-
sities (see Note 15).

When predicting APRs over a specific structure in static or
dynamic mode, the user should first identify the A3D positive
amino acids or regions on the protein sequence. The A3D-plot
and score-table combination (Fig. 3a) allow identifying rapidly
those putative regions that exceed the threshold. By taking advan-
tage of the JSmol tool, those preselected regions can be mapped on
the protein surface (red color if positive, blue if negative). A visual
inspection of the spatial vicinity—the JSmol interface provides the
identities of selected amino acids- which would allow to find the
neighboring residues contributing to a given structural APR, since,
usually, these amino acids are not consecutive in sequence (Fig. 3a
and c). The dynamic interface of A3D provides information on the
global plasticity of the protein of interest, regions with high flexi-
bility displaying higher RMSDs (see Note 16). Thus, when an
identified APR colocalizes with regions exhibiting high RMSDs
values is indicative that this aggregation-prone cluster is being
exposed due to conformational fluctuations. On the contrary, posi-
tive residues colocalizing with stable nondynamic regions of the
protein are always likely to be aggregation-prone and exposed to
the solvent.

On the other side, when handling large amounts of data, the
user should take advantage of the global numeric parameters from
the table-score, dissected in Note 12. In particular, the average
score is the best parameter to compare different proteins, and the
total score is optimal to scrutinize the effect of mutations over a
defined protein.
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3.6 Dissecting A3D

Performance

and Applicability

When compared with intrinsically disordered proteins or short
peptides, which are assumed to be highly exposed to solvent, the
aggregation propensity of a globular protein is difficult to approxi-
mate, because the specific contribution of each amino does not
depend exclusively of its sequential neighbors. In fact, globular
proteins exhibit diverse structural environments that should be
taken into account for a confident prediction; for example, protein
cores, which are mainly composed of hydrophobic amino acids and
represent regions with the potential to trigger protein aggregation
if exposed. From another point of view, protein interfaces involved
in protein–protein interactions and oligomerization are established
by the same type of contacts than those conforming protein cores.
Indeed, it has been demonstrated that in some disease-related
proteins such as transthyretin, destabilization and consequent dis-
assembly of the tetrameric form, induce their aggregation and
spread of the amyloid disorder [15]. As a consequence, it is not
surprising that these regions represent one of the major origin of
lineal predictors’ failure, because they assume that they are disor-
dered and unprotected, whereas in reality they are protected and
contribute little to the aggregation of properly folded globular
proteins. The structural-based correction of the A3D algorithm
allows to discriminate between buried and exposed APRs, increas-
ing one order of magnitude the ratio between true positive and false
positive predictions [33]. To illustrate this, we present the 3D
structure of the oligomerization domain of the human p53 protein,
colored with the A3D scale; in its monomeric state (Fig. 4a), where
it exhibits a clear APR; and its tetrameric state (Fig. 4b), where the
formation of the oligomeric state masks the threatening region and
turns it undetectable for A3D.

Apart, from discarding the contribution of sequential APRs
when they are buried, A3D correctly predicts structural aggrega-
tion prone regions that are not evident from the linear sequence
(Fig. 3a and c) [38–40] because in globular proteins close residues
in the sequence are not necessarily contiguous in space and indeed
they are usually amino acids from distant regions that coalesce to
build up a structural APR.

In solution, globular proteins are not frozen in terms of struc-
ture, but fluctuating between different conformations. It has been
reported that even for highly stable proteins, transient conformers
might expose APRs for a time that is enough to trigger their
aggregation [41–43]. Consequently, for those cases in which the
static run does not unveil a significant structural APR, it is worth
using the dynamic A3D approach, in order to uncover novel poten-
tial aggregation prone regions derived from protein fluctuations
[44]. This is the case of the DNA-binding domain of human p53;
whereas the static version of A3D does detect any significant struc-
tural APR (Fig. 4c), the dynamic mode brings to light several of
them (Fig. 4d).
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The capacity A3D to quickly generate mutated versions of a
given structure with the mutation tool is according to our records
the most used feature of this algorithm. As commented before,
genetically encoded amino acidic changes are linked to the out-
break of several conformational diseases and associated with the
severity of their symptoms [1]. Hence, A3D represents a useful tool
to model aggressive protein mutations to further redesign them, in
order to extend our knowledge about their implications in disease,
and, eventually, generate lead therapeutic compounds using this
structural knowledge. In the same way, A3D mutation modeling
can be used to enhance the solubility of proteins with biotechno-
logical interest, such as antibodies [45], or any protein with bio-
logic or biomedical relevance [46, 47]. A3D can be also used for
the screening and evaluation of large mutational protein data sets
[33] or as an alternative to phage display-like experimental
approaches.

Fig. 4 A3D performance. (a, b) A3D static run at 10 Å of the oligomerization domain of p53 corresponding to
the 3SAK pdb code. Monomeric chain (a) and tetrameric structure (b). Residues are colored following the A3D
scale in which blue means solubility and red aggregation. (c) and (d) runs at 10 Å of the DNA-binding domain
of p53 corresponding to the 2FEJ pdb code. Static mode (c) and dynamic mode (d). Residues are colored as in
(a) and (b)
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In conclusion, A3D is an extremely versatile tool which aims to
approximate protein aggregation propensities in physiological-like
environments, where proteins are folded into globular structures,
able to oligomerize and can fluctuate between several conforma-
tions, thus reshaping the protein aggregation prediction scenario.

4 Notes

1. Naccess server, accessible at http://www.bioinf.manchester.ac.
uk/naccess/nac_intro.html, obtains a Surface Accessible Area
(SAA) as a spheric probe of 1.4 Å radius, equivalent to a water
molecule that rolls over the Van der Waals surface of the
molecule. The contour traced by the probe center is the SAA
value, which is then normalized for an amino acid X consider-
ing the extended tripeptide Ala-X-Ala as SAAmax. A3D uses
normalized values of Naccess for its algorithm, named RSA
(relative surface area).

2. In the best case, the user will use a high quality 3D structure
obtained experimentally. Unfortunately, for some proteins or
even domains, this crucial information is not available. In these
situations, 3D modeling of protein structures represents a
suitable alternative approach to estimate the final structure.
A3D accept most of the models, if they fulfil the input
requirements.

3. The user should take note that, when running A3D upon a
solution NMR structure, the algorithm will consider the aver-
age structure.

4. If the targeted protein does not have either a well-defined
structure or a good quality 3D-model or it simply behaves as
an unfolded protein, the user should redirect the aggregation
propensity predictions to first generation tools, in which the
aggregation prone region is forecasted upon the primary
sequence. Examples of useful and powerful predictors are:
AGGRESCAN [34], Zyggregator [48], PASTA 2.0 [49], Fol-
dAmyloid [50], and TANGO [51].

5. A significant number of X-ray solved structures in the PDB
display artificial multimeric structures due to polypeptide repe-
titions in the asymmetric unit of the protein crystal. In these
cases, the user should select only one of them by writing the
letter of the specific sequence after the PDB code. Example: for
the PDB XXXX sequence A, XXXX:A.

6. A3D will not take into account for the mathematical calcula-
tions residues or atoms missing on the 3D structure. As a
consequence, the exposure of certain amino acids could be
wrongly estimated by the algorithm. In such a way: (1) apolar
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buried regions may become reexposed and overestimated;
(2) apolar stretches that were protected by nearby structural
gatekeepers could be overestimated; (3) vanishing of a key
apolar amino acid that determines an aggregation prone region
would cause underestimation. As a conclusion, the probability
to predict nondesired artifacts increases as the number of
sequence gaps increases. It is the user responsibility to evaluate
if the missing region of the protein structure is crucial for the
prediction of protein aggregation and if, accordingly, it can lead
to wrong A3D score values.

7. If the project has no associated name, A3D will automatically
label them using an internal standard code. When performing
predictions with large data sets or a large number of mutations
it is highly recommended to name the different projects
individually.

8. When deciding between the static and dynamic modes of A3D
the user should gather as much information as possible on the
target protein to balance the benefits and disadvantages that
might result from running the protein in any of the two modes.

9. Amino acids without 3D coordinates in the PDB file are not
taken into account in predictions and are not visible in the
mutation tool of A3D.

10. A3D tolerates as many mutations as the user considers appro-
priate to scrutinize. However, it has to be taken into account
that an excess of mutations might promote the attainment of
nonnative conformations and this effect is not considered by
the algorithm in its present form.

11. It is important to save the URL or bookmark the project
window if we have chosen the option “do not show my job on
the results page.” Even though the introduction of a user e-mail
address is not mandatory, it is highly recommended for those
projects that are not visible in the queue list. When the run
finishes, the system sends a link that redirects the user to the
specific job page, where the results are available. Skipping this
step might result in the user not being able to access the
prediction results.

12. “Total score value,” absolute value resulting of the sum of all
A3Dscore; “Average score,” results from dividing the total score
value for the number of total amino acids in the protein. It also
takes into account those buried residues with A3Dscore ¼ 0;
“Minimal score value,” amino acid with higher predicted solu-
bility within the structure and “Maximal score value,” amino
acid with higher aggregation propensity within the structure.

13. Usage of the score-table to mutate residues is recommended
when comparing a point mutation to the wild type version of
the protein, since the energetic correction performed by FoldX
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might result into slight differences between initial entries and
introduce a bias on the predictions. When a mutation is mod-
eled on top of an output A3D structure, the structures will
have the same starting background.

14. After download, .pdb files can be opened with specific any
software for 3D protein visualization, although we recommend
the use of PyMOL.

15. Despite the sequential plot and the score-table to gather a
general idea of the protein aggregation propensity landscape,
it has to be taken into account that propensities are not esti-
mated based on the primary sequence. Moreover, for globular
proteins most of the A3D detected APRs are built from amino
acids occurring in sequentially distant regions of the protein.
For this reason, A3D plots usually show profiles in which
several aggregation prone regions seem to be isolated on the
sequence, whereas in reality they are constituents of structural
APRs (Fig. 3a).

16. RMSD values of the dynamic output should be taken with
caution since they only account for one of the multiple struc-
tures generated during backbone simulations. As a conse-
quence, the relative distances displayed in the interface are
not the average values for the protein, but serve as a frozen-
picture of the most aggregation-prone conformation.
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Chapter 22

Computational Analysis of Solvent Inclusion in Docking
Studies of Protein–Glycosaminoglycan Systems

Sergey A. Samsonov

Abstract

Glycosaminoglycans (GAGs) are a class of anionic linear periodic polysaccharides, which play a key role in
many cell signaling related processes via interactions with their protein targets. In silico analysis and, in
particular, application of molecular docking approaches to these systems still experience many challenges
including the need of proper treatment of solvent, which is crucial for protein–GAG interactions. Here, we
describe two methods which we developed, to include solvent in the docking studies of protein–GAG
systems: the first one allows to de novo predict favorable positions of water molecules as a part of a rigid
receptor to be used for further molecular docking; the second one utilizes targeted molecular dynamics in
explicit solvent for molecular docking.

Key words Atomic probes, Electrostatics-driven interactions, Explicit solvent, Free energy calcula-
tions, Glycosaminoglycans, Molecular docking, Solvent displacement, Targeted molecular dynamics

1 Introduction

Glycosaminoglycans (GAGs) represent a particular class of anionic
linear periodic polysaccharides made up repetitive disaccharide
units [1], interactions with their protein targets in the extracellular
matrix of the cell can crucially affect many important biological
processes such as cellular signaling, adhesion, and intercellular
communication [2]. These molecules are challenging for computa-
tional analysis using standard tools because of their various sulfa-
tion patterns [3], high flexibility, extensive conformational space
they access [4], and, as a consequence of their highly charged
nature, importance and abundance of electrostatics-driven [5, 6]
and, in particular, solvent-mediated interactions in the complexes
with their protein targets [7]. The amount of water molecules
observed in available experimental structures from the PDB for
protein–GAG interfaces is about one order higher than in protein–-
protein interfaces [8]. Although taking into account explicit water
molecules into molecular docking approaches was shown to
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improve their performance [9–11], there is a persisting challenge to
predict proper positions of water molecules on the surface of the
unbound receptor, which is required when its crystal structure with
a ligand is unknown. Even if the structure of unbound receptor is
available from X-ray scattering experiments with a high resolution,
some of the observed water molecules present in the unbound
receptor could be displaced upon binding of a ligand. Moreover,
X-ray data represent only a structural snapshot of the receptor
molecule which reveals a highly dynamic behavior, therefore ren-
dering the data on solvent positions ambiguous and incomplete
[12]. In this chapter, we present methodological details on two
methods we developed to include explicit solvent into molecular
docking studies: (1) we use atomic probes to de novo predict
energetically favorable positions of water molecules on the receptor
surface and, furthermore, to exclude water molecules that are
supposed to be displaced upon ligand binding [13]; (2) We use
fully flexible receptor and ligand in explicit solvent to carry out
docking experiments applying targeted molecular dynamics (MD)
techniques [14].

Both methods yielded promising results when applied to repre-
sentative datasets of protein–GAG systems. Here, we discuss their
particular features and describe their applicability and limitations
one should be aware of.

2 Methods

2.1 De Novo

Placement of Explicit

Water Molecules on

the Protein Surface in

the Putative Binding

Site Prior to Docking

Application of this method allows to explicitly account for solvent
as a part of the receptor in molecular docking considering both
water molecules which occupy the same hydration sites in unbound
and bound protein receptor and the ones potentially displaced
upon ligand binding.

1. The starting structure of the protein receptor in one of the
standard molecular formats (pdb, mol2, mol, etc.) could be of
experimental origin and downloaded from the PDB or a mod-
eled structure.

2. In case it is an experimental structure obtained by X-ray scat-
tering, all experimental water molecules should be removed
from the receptor structure (see Note 1).

3. Ligands and ions should be removed from the protein surface/
binding site where the predictions are to be carried out (see
Note 2).

4. A complete receptor molecule (for global docking) or receptor
residues in the binding site (for local docking) should be energy
minimized (seeNote 3). In our original study [13], we used the
AMBER 99 force field as implemented in MOE (combination
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of steepest descent, conjugate gradient, and truncated Newton
methods using 0.01 Å RMSD for convergence criteria) [15]
(see Note 4).

5. The obtained structure (Fig. 1a) is used by a GRID run with
default parameters for the water oxygen probe [16] to generate
a grid corresponding to this probe (Fig. 1b).

Fig. 1 Example of the Method I pipeline used to de novo predict positions of water molecules on the surface of
the protein receptor prior to docking a GAG molecule: the complex of 3-O-sulfotransferase-3 and heparin
tetrasaccharide (PDB ID 1T8U, 1.95 Å). (a) Minimized protein receptor structure (in stick representation); (b)
Isosurfaces confining the volumes corresponding to favorable potential energies for water oxygen atomic
probe calculated by GRID (in yellow, in wireframe representation); (c, d) Water molecules (oxygen atoms)
placed into the grid points corresponding to the energy minima for water molecular probe (in red, in ball
representation) with and without the corresponding isosurfaces, respectively. (e) Isosurfaces confining the
volumes corresponding to favorable potential energies for water exclusion sp3-carbone atomic probe
calculated by GRID (in white, in wireframe representation); (f) Overlap of the exclusion probe isosurfaces
with the experimentally obtained structure of the bound ligand (in thick sticks colored by element)
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The most energetically favorable positions based on the visual
inspection of GRID-calculated isosurfaces are used to place
water molecules (Fig. 1c and d; see Note 5).

6. Another GRID run should be carried out on the same initial
receptor structure using the carbon sp3 probe as an approxima-
tion to account for solvent exclusion upon ligand binding
(Fig. 1e).

7. After overlapping the obtained isosurfaces for the carbon sp3

probe with the predicted water molecules, the water molecules
within 1.5 Å to the minima of the carbon sp3 energy grid are
discarded (Fig. 1f; see Note 6).

8. The receptor structure together with the de novo placed water
molecules can be used for molecular docking experiments (see
Note 7).

2.2 Dynamic

Molecular Docking

(DMD): Targeted

MD-Based Docking

Approach Accounting

for Explicit Solvent and

the Complete

Flexibility of Receptor

and Ligand

This method exploits anMD approach to perform a local molecular
docking experiment (seeNote 8). In the first step, the ligand, which
is placed at a certain distance from the receptor, is moved slowly
toward a putative binding site on the surface of the receptor as a
consequence of the application of an additional harmonic potential
(Fig. 2). In the second step, an MD simulation of the complex
obtained in the first step is carried out without additional poten-
tials. During both steps, the system is solvated explicitly, therefore,
accounting for solvent-mediated interactions. DMD runs are
repeated to obtain a statistical ensemble of docking solutions.

Fig. 2 Schematic representation of DMD procedure from Method II: (a) Receptor
(in cartoon) and ligand (in stick representation) are at the initial distance, t ¼ 0;
(b) Docked complex after the targeted MD step, t ¼ ttMD. C, F, and L points are
core, focus, and ligand center atoms
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1. To set up a DMD experiment structures of the receptor and the
ligand in one of the standard molecular formats are required. In
addition, the data about the receptor binding region is needed
to define the targeted region for the ligand in this local docking
approach (see Note 8). Such data can be obtained from muta-
genesis, mass spectroscopy, NMR experiments, etc.

2. Ligand is placed at a distance of the receptor so that (1) the
distance between the closest atoms in the receptor and ligand is
several times higher than the cutoff for the nonbonded inter-
actions in the used MD simulations (seeNote 9); (2) the short-
est pathway from the ligand to the receptor is roughly directed
into the geometrical center of the predefined binding region on
the receptor surface. The structure of the ligand should be
previously minimized and can be put in a different random
orientation for an individual DMD run (see Note 10).

3. One of the central atoms of the ligand is chosen as a ligand
central atom L.

4. One of the atoms in the core of the receptor is chosen as a core
atom C (see Note 11). The vector connecting L and C define
the focus point F on the surface (Fig. 2a).

5. The system then is read into Leap module of AMBER [17],
standard counter ions and an octahedral solvent box are added
with the minimum distance from solute atoms to the box
boundaries of 4 Å (see Note 12). Standard protein force fields
as FF99SB for parameterization of the protein part of the
system and GLYCAM 06 [18] for the GAG part are used.

6. An equilibration of the system is carried out, which includes
minimization of the solvent with the restrained solute
(10 kcal/(mol Å2)), minimization of the solute, short
(10–50 ps) heating of the system to 300 K in NVT canonical
ensemble with Langevin thermostat with the restraints on the
solvent. Then, 500 ps MD are carried out with Langevin
thermostat and Berendsen barostat in NPT ensemble. In all
MD simulations, the integration step was chosen as 2 fs,
SHAKE algorithm for bonds including hydrogen atoms and
Particle Mesh Ewald methods (with the cutoff of 8 Å) are used.
Dihedral angles NMR restraints (10 kcal/(mol Å2)) are applied
to GAG sugar rings to keep them in required conformations
(as suggested by literature or experimental data) because suffi-
cient sampling of ring conformations is not achieved at the time
scales of the MD simulations used in this protocol [4].

7. The distances between L, F, and C should be calculated after
the minimization and MD equilibration steps. The changing
with the time NMR distance restraint is defined as ||L � C|| at
initial moment of targeted MD, t ¼ 0, and as ||F � C|| at the
final moment of targeted MD, t¼ ttMD (Fig. 2b). The strength
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of the restraint is constant, and the restraint is applied to the
distance between C and L atoms. Beside this additional
restraint, the conditions in the targeted MD step are the same
as in the last part of the above-described equilibration step. The
restraint force constant k used is 200 kcal/(mol Å2) and the
length of the targeted MD step ttMD is 4 ns (see Note 13).

8. The complex obtained in the previous step is simulated further
without any restraints under the same conditions for 10 ns (see
Note 14).

9. Such procedure is repeated 100 times (see Note 15).

10. One hundred frames from the last 200 ps of each free MD
trajectory are taken for MM-PBSA/MM-GBSA analysis yield-
ing docking poses final scores and single residue energy decom-
position. Averaged from repeated DMD runs single residue
energy decomposition defines the anchoring residues in the
whole ensemble of docking solutions. The poses with
MM-PBSA ΔG>�1 kcal/mol are considered not to represent
binding and, therefore, are excluded from the further analysis.

11. DBSCAN algorithm [19] is used for clustering the obtained
docking solutions. Instead of RMSD as a metric for clustering,
we use a distance metric as the root-mean-square of pairwise
atomic distances while pairing up the spatially closest atoms of
the same type. This distance metric accounts for periodicity of
GAGs and so allows avoiding periodicity-related artifacts
obtained when classical RMSD is used.

3 Notes

1. After the complete water placement procedure is carried out,
these molecules can be used for comparison with the obtained
predicted water molecules, which could give an idea about the
reproducibility of the experimental data (if the receptor is not
energy minimized prior to the water placement) or about the
changes in the hydration pattern associated with the energy
minimization of the receptor structure (in case the receptor is
minimized). Note that although there are water molecules
explicitly obtained in X-ray structures, in most of the cases
the information about the hydration is far from being
complete.

2. This step should be done carefully: some divalent ions, for
example, could be crucial for the local protein structure and
its hydration properties and, therefore, substantially affect fur-
ther docking results obtained using this receptor structure. In
case there is direct literature evidence for this, such ions should
be taken into account either being included into water
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placement predictions or returned “in place” after the water
placement is accomplished. Then, the water molecules over-
lapping with the ions should be discarded.

3. If an initial structure includes a ligand in the binding site of
interest, the unbound receptor structure should be minimized
after discarding the ligand to avoid the bias of using a prebound
crystal structure, which could otherwise be a source of bias/
error both for water placement and consequent docking
performance.

4. Instead any other protocol for energy minimization as, for
example, an open source energy minimization implementation
in Open Babel [20] can be used.

5. Depending on electrostatic properties of a particular receptor,
absolute values of the displayed isosurfaces corresponding to
similar-sized confined volumes could be very different making
the decision about the number of water molecules to place
arbitrary and ambiguous. Therefore, such a decision should
be qualitatively based on previous experimental data on the
average amount of water molecules in the protein–ligand inter-
faces of similar sizes/geometry/composition and on sizes of
the volumes corresponding to the chosen isovalues that should
be big enough to cover at least one water molecule.

6. As in Note 5, this step should be carried out manually and
cannot be strictly defined qualitatively a priori. Calibration
studies on the experimental structures of the complexes similar
to the studied one should be carried out in order to gain
qualitative insights about how hydrophobic/hydrophilic are
the interactions in this particular class of protein–ligand
interfaces.

7. Due to the qualitative nature of such predictions, it is recom-
mended to carry out molecular docking both with and without
water molecules included into the structure of the receptor and
to compare the results rigorously to find out the putative role
of the particular water molecules in the interface. Consequent
application of MD simulations to the obtained complexes
could also help to understand how properly the positions of
water molecules are predicted.

8. In case no information about the binding region is available,
protein surface can be split into several parts, for each of which
an independent DMD study could be carried out. Then, the
docking poses obtained for these parts should be compared in
terms of scoring to derive the best candidates for binding poses.
Since such a division of the protein surface in several segments
is not unique, several combinations of segmentation (for exam-
ple, obtained by shifting the segments representing putative
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binding regions) are required in order not to neglect the solu-
tions located on the borders of the chosen segments.

9. Normally, a cutoff used was 8 Å, whereas such a distance
between the receptor and the ligand was defined as 20–30 Å.
Such difference is needed to provide the ligand enough time to
sample its conformational space when targeting to the receptor
without perceiving any influence of the receptor on this
sampling.

10. Although normally there is enough time for a ligand to be
relaxed during the targeted MD step of a DMD run, for
consistency we recommend to use the same force field for the
minimization of the ligand as the one used in the DMD run. In
the original paper [14], we propose several initial orientations
of the ligand for different DMD runs. However, for each ligand
type and size, dependence of the results on the initial orienta-
tion can be different and, therefore, should be investigated.
According to our experience, the docking results obtained by
DMD using the protocol presented here do not depend on
ligand’s initial orientation for ligand of the size up to octameric
oligosaccharide. However, if this dependence is observed,
either several initial random orientations of ligand or a longer
targeted MD step should be used to avoid the bias originated
from a particular initial orientation of the ligand.

11. The C atom should be chosen based on the following criteria:
(1) this atom should not essentially fluctuate in the MD simu-
lation (this information could either be obtained from the
previously run MD simulations of the receptor or could be
proposed based on the chemical type of the atom and its
belonging to secondary structure elements. In particular, the
backbone atoms from α-helices and β-sheets in a protein core
can be used since they are usually not too mobile); (2) the
vector drawn between L and C atoms should be roughly per-
pendicular to the surface comprising the predefined binding
region; (3) the surface of the sphere around C atom with the
radius equal to the distance from C to the point of the surface
of the protein defined by this vector should have significant
overlap with the surface in the predefined binding region. The
last criterion is usually fulfilled for most global proteins unless
dramatic peculiarities of their surface geometry are observed.

12. Although 4 Å seem to be quite a short distance and a potential
source of artifacts, the ligand is targeted toward the receptor,
going “into” the octahedral solvated box. Therefore, this initial
distance to the solvent box boundaries does not affect the
results. Moreover, because of the big size of the box due to
the long initial distance between the receptor and the ligand,
an increase of the box size would lead to undesirable
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computational expenses and to slowing down the performance
substantially.

13. These values of k and ttMD were calibrated for GAGs of length
up to heptasaccharide [14]. An increase of k and a decrease of
ttMD could lead to the insufficient conformational sampling of
the ligand during the targeted MD step. On the contrary, a
decrease of k and an elongation of the targeted MD step would
lead to the scenario when many ligands are not properly tar-
geted to the receptor but would be uniformly distributed on
the sphere defined by a distance restraint, which would lead to
the need of many more repetitions of the procedure to obtain a
statistical ensemble of docking solutions suitable for further
analysis. These values of k and ttMD for significantly longer
ligands, however, should be calibrated in terms of translational
and rotational freedom by comparing their RMSD in an MD
simulation with the RMSD expected from the targeting
through the shortest possible path.

14. In order to substantially decrease the invested computational
time, it is practically convenient to remove all waters and
counterions from the structure of the obtained complex, to
add them again and to use the equilibration protocol described
in Subheading 2.2 (steps 5 and 6) before the free MD step. In
this case the minimum distance from solute atoms to the box
boundaries could be increased to 8–9 Å to avoid possible
artifacts related to the insufficient treatment of system’s
hydration.

15. Some runs can end up with the ligand in an unbound state after
the tMD step or the ligand can unbind during the free MD
step. Depending on how many events like this are observed,
100 repeated procedures could be enough or not. We recom-
mend obtaining at least 80–90 bound docking poses for the
further analysis. In case of longer GAG ligands this number can
be increased to obtain higher statistical significance of the
results.
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Chapter 23

Understanding G Protein-Coupled Receptor Allostery
via Molecular Dynamics Simulations: Implications
for Drug Discovery

Shaherin Basith, Yoonji Lee, and Sun Choi

Abstract

Unraveling the mystery of protein allostery has been one of the greatest challenges in both structural and
computational biology. However, recent advances in computational methods, particularly molecular
dynamics (MD) simulations, have led to its utility as a powerful and popular tool for the study of protein
allostery. By capturing the motions of a protein’s constituent atoms, simulations can enable the discovery of
allosteric hot spots and the determination of the mechanistic basis for allostery. These structural and
dynamic studies can provide a foundation for a wide range of applications, including rational drug design
and protein engineering. In our laboratory, the use of MD simulations and network analysis assisted in the
elucidation of the allosteric hotspots and intracellular signal transduction of G protein-coupled receptors
(GPCRs), primarily on one of the adenosine receptor subtypes, A2A adenosine receptor (A2AAR). In this
chapter, we describe a method for calculating the map of allosteric signal flow in different GPCR confor-
mational states and illustrate how these concepts have been utilized in understanding the mechanism of
GPCR allostery. These structural studies will provide valuable insights into the allosteric and orthosteric
modulations that would be of great help to design novel drugs targeting GPCRs in pathological states.

Key words Allostery, G protein-coupled receptor, Hotspots, Molecular dynamics simulation, Net-
work model, Structural ensembles

1 Introduction

For more than five decades, researchers have been involved in
understanding the mechanism for signal transmission across long
distances in biologically active macromolecules, which forms the
basis for allostery. Protein allostery is a biophysical phenomenon
which explains the ability of interactions occurring at one site to
modulate interactions at a spatially distinct binding site in a recip-
rocal manner [1]. Thus, studying the mechanistic interplay
between active and allosteric sites is crucial to better understand
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the functional role of biomolecules. One of the transmembrane
(TM) proteins, such as G protein-coupled receptors (GPCRs),
provides an exemplary paradigm for allosteric proteins whose
basic functioning units are the communications between the two
poles of the seven TM helical bundle.

GPCRs are unarguably the most well-known pharmaceutical
target. They act as both gate-keepers and molecular messengers of
the cell converting extracellular signals to cellular activities. Struc-
turally, this receptor consists of a seven α-helical membrane span-
ning domain (TM1–TM7) which connects the extracellular
environment to the cell interior, and thus, they are also known as
seven-transmembrane (7TM or heptahelical) receptors
[2, 3]. GPCRs respond to the binding of extracellular ligands
inducing a conformational change in the orthosteric binding site,
and this change extends via the 7TM scaffold into their intracellular
domain, subsequently leading to the binding and activation of
G-proteins or arrestins [4, 5]. Identifying the allosteric mechanism
of proteins is important not only for understanding their functional
role but also as a base for structure-based drug design.

The mechanisms of protein allostery are difficult to be revealed
from the static snapshots provided by the X-ray crystallographic
structures. Therefore, molecular dynamics (MD) simulation has
emerged as a valuable tool in the study of allostery, because they
can capture the protein’s motion in full atomic detail. This method
has a unique strength of presenting the atomistic details of a pro-
tein’s dynamic behavior on several timescales ranging from femto-
second to seconds, thus acting as a “computational microscope”
[6]. However, even with the atomistic details of three-dimensional
(3D) structure at hand, determining the structural basis for allo-
stery often proves challenging. Currently, several methods are avail-
able to reveal networks or paths of communication in protein
ensembles (collected by MD simulation technique). Recent studies
have addressed the microscopic mechanism of protein allostery by
applying the strategies of network or community analysis in con-
junction with MD simulation on model systems [7–9].

When a complex system is simplified into a network (graph),
which is represented as “nodes” (vertices) and “edges” (links), the
architecture of the network allows one to extract the key properties
of the entire system and its individual elements [10]. The network
analysis method was first developed for analyzing social phenom-
ena, but now is popularly used in several research areas, including
statistical physics, particle physics, computer science, and econom-
ics. Recently, it has also been applied in several fields of biology for
the investigation of protein–protein interactions, metabolic net-
works, disease networks, drug–target networks, etc. [10–12]. The
3D structures of proteins can also be represented as networks,
where amino acid residues are considered as nodes and their inter-
actions as edges [13]. This residue interaction network has been
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utilized to explore various aspects of proteins, such as protein
structure plasticity, domain folding, identification of key residues
for protein folding and function, and residue fluctuation
[13–19]. Particularly, the network analysis of protein structures
and their wiring diagram can be extended further to identify key
residues responsible for allostery.

Several computational methods present the opportunity to
explore allosteric events at scales inaccessible for experimental studies.
Most of the in silico methods are focused on the identification of
allosteric binding sites and their signaling propagation pathway
[20]. In our previous work, we studied the link between allosteric
signal transduction and functional dynamics in S-adenosyl-homocys-
teine (SAH) hydrolase using multifaceted computational approaches
[21]. In this chapter, we describe a simple, but powerful approach to
glean the mechanism of receptor regulation and identify the allosteric
hotspots for signal transductions and their pathways. Thismethod has
been implemented in our previous study usingA2A adenosine receptor
(A2AAR) and other class A GPCRs, such as β1 adrenergic receptor,
β2 adrenergic receptor, chemokine CXCR4 receptor, dopamine D3
receptor, histamine H1 receptor, and rhodopsin as model systems
[22]. Based on the structural ensemble derived fromMD simulations,
we revealed the allosteric hotspots and signaling pathway of A2AAR by
utilizing betweenness centrality (CB)-based network analysis, glycine
scanning analysis, and cross-correlation analysis. The intramolecular
network analysis was applied to identify the key residues responsible
for GPCR allostery. The residues with high betweenness centralities
constitute physically connected sparse network linking the ligand
binding site to the G-protein binding site. These residues also
included several highly conserved microswitch residues which are
deemed important for GPCR function. Compared to other conven-
tionalmethods that utilize the informationof sequence coevolutionor
variants of normal mode analysis (NMA), our CB-based network
analysis approach is proven to be quite powerful in elucidating the
allosteric hotspots, and the results are in strong correlation with the
biochemical studies.

2 Methods

In the following section, we describe the primary steps involved in
the mapping of the allosteric signal flow by adopting A2AAR as a
model system (Fig. 1).

2.1 Molecular

Dynamics Simulations

of Membrane Proteins

MD simulation has become a popular tool in the investigation of
the dynamics of proteins, membrane proteins, and more complex
systems, providing insights into the biological processes at atomis-
tic level which are inaccessible via experiments. MD simulations
generate successive configurations of the system by integrating
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Newton’s second law of motion. The output is a trajectory which
describes the positions and velocities of the particles in the system
throughout the simulation as a function of time (seeNote 1). In the
following subsections, we describe the MD simulation steps for
membrane proteins, particularly focusing on the 7TM model sys-
tem (i.e., GPCRs).

2.1.1 Preparation

of the System

An all-atom MD simulation for a typical membrane protein system
consists of a membrane protein, ligand, surrounding lipid bilayer,
and water bath with ions. Prior to MD simulations, the ligand and
membrane protein structures should be prepared (for details, see

X-Ray Crystal Structures 1. MD Simulation

Agonist-bound form

Apo form

Apo form Agonist-bound form

3. Network Analysis

Residue network model

(C)

G-Protein 
binding site

Ligand binding 
site

(B) (A)

3D-Structure
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centrality
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π-π stacking 
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for agonism

CWxP
motif

DRY motif & 
Ionic lock

NPxxY
motif

2. Generation of Structural Ensembles

Fig. 1 Overview of our methodology for the identification of allosteric hot spot residues and pathways of signal
flow in A2AAR signaling. The three major protocols implemented in our method include: (1) MD simulations of
the apo (gray) and agonist-bound (cyan) forms of A2AAR for 300 ns each; (2) Generation of the conformational
ensembles; and (3) Residue interaction network construction and centrality analysis for the receptor’s 3D
structures. The allosteric hot spots and signaling pathways of A2AAR were elucidated using the measure of
betweenness centrality (CB) for each residue in the network, glycine scanning analysis, and cross-correlation
analysis. The figures in the bottom from right to left (A–C) denote network analysis of the A2AAR structure. (A)
Network representation of A2AAR apo form. The residue interaction network was constructed using a cutoff
distance of 7 Å; (B) Centrality is the most common concept in network analysis. The characteristics of a node
or the whole network can be deduced via this centrality analysis. The concepts of the three most popular
centrality measures, namely, degree, closeness, and betweenness, have already been detailed (refer to
Subheading 2). In the minimal energy structure, the key residues with high betweenness centralities
(CB � 0.05) were identified as the microswitch residues, which are important for agonistic signal flow or
ligand binding. In addition, the residues with high betweenness centralities create physically connected
networks; (C) Cross-correlation analysis is based on the network analysis for the structural ensembles derived
from MD simulation. The highly correlated, but physically distant residue pairs were extracted to quantify long-
range coupling. The represented apo- and agonist-bound structures of A2AAR show the minimum paths
between the cross-correlated residues. Long-range cross-correlations between the extracellular ligand
binding site and cytoplasmic G-protein binding site are detected for the agonist-bound structure
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Refs. [22, 23]). We performed MD simulation using NAMDv2.8
package with the CHARMM22/CMAP biomolecular force-field
[24, 25]. The topology and parameter files for the ligand were
generated using SwissParam web server, which provides topologies
and parameters based on the Merck molecular force field (MMFF)
and is compatible with the CHARMM force field [26]. Apo form of
A2AAR was obtained by minimizing the inactive A2AAR structure
after the removal of the bound antagonist. The water layer was
prepared using the Helmut Grubmuller’s SOLVATE 1.0 program,
followed by the merging of protein and water layer. Subsequently,
the water molecules surrounding the TM-regions were removed.
Since GPCRs are embedded in a lipid bilayer system, it is essential
to mimic native-like conditions, which remain a crucial aspect in
membrane simulations. We implemented the POPC membrane
building procedure using a plug-in available at http://www.ks.
uiuc.edu/Research/vmd/plugins/membrane/ to do the entire
process in VMD [27]. Some groups have made few preequilibrated
membrane systems available (Table 1), which may speed up the
process of membrane building protocol. To construct an explicit
membrane-protein system, the TM region of A2AAR was predicted
based on the Orientations of Proteins in Membranes (OPM)

Table 1
List of various software packages/webservers for membrane building.

Program/Server
Output compatibility with simulation
packages Source

Automated Topology
Builder (ATB)

GROMACS, GROMOS, LAMMPS https://atb.uq.edu.au/

CHARMM-GUI
Membrane Builder

CHARMM, GROMACS, AMBER,
GENESIS, OPENMM, CHARMM/
OPENMM

http://www.charmm-gui.
org/?doc¼input/membrane

ChemSite Pro® Information N/A ChemSW®

CELLmicrocosmos 2.2
MembraneEditor
(CmME)

GROMACS http://www.cellmicrocosmos.
org/index.php/cm2-project

MemBuilder II (Beta
Ver.)

CHARMM, GROMACS, AMBER http://bioinf.modares.ac.ir/
software/mb2/builder.php

MemGen Not restricted http://memgen.uni-
goettingen.de/

Packmol AMBER, GROMACS, MOLDY http://www.ime.unicamp.br/
�martinez/packmol

VMD Membrane-Plugin CHARMM http://www.ks.uiuc.edu/
Research/vmd/plugins/
membrane/
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database and hydrophobicity of the protein. The prepared receptor
was aligned and oriented to the proper position in the POPC lipid
bilayer (length: 88 Å in x-axis and 91 Å in y-axis) and the over-
lapping lipids and water molecules were removed. Removal of the
overlapping lipid molecules may result in a vacuum between the
receptor and lipid molecules. However, this problem could be
circumvented during the first stage of equilibrium, where the vac-
uum tends to disappear as the lipid molecules relax around the
protein. Subsequently, the receptor in the membrane system was
solvated with explicit water molecules and ionized with 150 mM
KCl salt condition.

2.1.2 Molecular

Dynamics Simulation Steps

Before running MD simulation, preparation of the system, topol-
ogy and force field files are necessary to start the process. The
topology file contains all the data about the input structure and
connectivity of the atoms in the system. The force field file contains
data about the interactions existing between each of the atoms or a
group of atoms connected in the initial structure. After setup, the
systems for the simulation need to be relaxed in a controlled
manner. In our MD protocol, the whole system was energy-
minimized using conjugate-gradient method in the order of lipid
membranes, water molecules, and entire molecules. Subsequently,
gradual heating of the system from 0 to 300 K using a 0.1 K interval
at each step was performed. Generally, equilibration of the system is
often carried out in two stages: first, the system is simulated under
NVT ensemble, where the number of molecules, volume, and
temperature are kept constant, followed by NPT ensemble (i.e.,
to couple a barostat to the simulation and maintain a constant
pressure) to more closely resemble the experimental conditions.
In our protocol, equilibration was carried out for 50 ns under
NVT ensemble at 300 K followed by the production runs for
300 ns under NPT ensemble (T ¼ 300 K; P ¼ 1 atm).

2.1.3 Quantitative Quality

Assurance

of the Simulation

Regarding the quality of the simulation, it is necessary to perform
additional checks to test for the convergence of thermodynamic
parameters, such as temperature, pressure, energy (potential and
kinetic energies of the system), volume, density, and root mean
square deviation (RMSD). If any of the thermodynamic parameters
has not converged sufficiently, it is necessary to extend the required
simulation steps (seeNote 2). Particularly, in the case of membrane
protein simulation, it is crucial to check the stability of both protein
and lipid bilayer. The widely used metrics for checking the stability
of the protein is calculating the RMSD of Cα-atoms with respect to
the initial structure. However, in the case of lipids, it is essential to
measure the mean surface area per lipid, which acts as a reliable
indicator for molecular packing and membrane fluidity, and make a
direct comparison with the available experimental data. Other
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details, such as formation of unexpected pores in the membrane
system, separation of the lipid leaflets, lipid bilayer thickness, deu-
terium order parameters, lateral diffusion coefficients of lipids, ion
aggregation on the protein surface, and loss of protein secondary
structure, should be assessed. If any of these properties calculated
during simulation steps is inaccurate, it may lead to major simula-
tion artifacts.

2.1.4 Generation

of Conformational

Ensemble

and Representative Protein

Structures

Selecting a representative structure from the MD trajectory frames
for analysis is one of the biggest challenges in the utilization of large
structural ensembles. The choice of the selection criteria may vary
depending on the goal of the subsequent analysis. The representa-
tive structure could be selected based on the RMSD, conforma-
tional energy, or certain known conformational changes which may
be crucial for protein function. In our protocol, the trajectories of
the MD production run for each system were monitored based on
the total conformational energy, TM6 tilt angle, and RMSD rela-
tive to the initial structure. We used an integration time step of 2 fs,
and for the analysis, simulated trajectories were saved for every 2 ps
and sampled every 300 ps. Thus, each system consists of a confor-
mational ensemble of 1000 structures for a total production run of
300 ns. The minimal energy conformation structures obtained
from the conformational ensembles were selected as the represen-
tative protein structures for the apo and agonist-bound forms of
A2AAR, which were subsequently subjected to network analysis.

2.2 Elucidation

of GPCR Allostery

Using Network

Analysis

2.2.1 Sequence

Conservation Free Energy

Sequence information of a protein family provides insight into their
functional mechanism [28]. In order to compare the conservation
pattern in class A GPCR and its specific subtype family, i.e., adeno-
sine receptor (AR), we computed ΔG(GPCR)/kBT

* and ΔG(AR)/
kBT

*, each of which is evaluated using different multiple sequence
alignment (MSA). Sequences of AR family (219 sequences) and
class A GPCR family (26,655 sequences) were collected from Uni-
ProtKB and Pfam databases, respectively. After removal of redun-
dant sequences, 208 and 24,507 sequences were considered for AR
and GPCR families, respectively. For GPCR family, sequence clus-
tering was performed using a sequence identity of at least 40% to
reduce the sequence space size, resulting in 2471 sequences. For a
given MSA of a protein family, we quantified the extent of sequence
conservation by using the following statistical free energy-like func-
tion scaled by an arbitrary energy scale kBT

* [21, 29]:

ΔGi=kBT
∗ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

Ci

X20

α¼1
pi

αlog pi
α=pα

� �� �2r
ð1Þ

where Ci is the number of amino acid types at position i along the
sequence, α denotes amino acid species, pi

α is the frequency of an
amino acid α at the position i, and pα is the frequency of an amino
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acid α in the full MSA, which serves as the background frequency.
The quantity S ¼P20

α¼1 pi
αlog pi

α=pα
� �

can be regarded as the
relative entropy, and S ¼ 0 if pi

α is no different than pα for all α.
Note that larger values of ΔGi denote better sequence conservation
at position i. In class A GPCR family, the conserved residues are
mainly located at the cytoplasmic region, where G-proteins may
bind. On the contrary, the residues at the extracellular ligand
binding site in AR family are highly conserved affecting ligand
binding selectivity. Especially, in A2AAR, 15 out of 18microswitches
(except for P189, S281, and E228) are highly conserved, satisfying
ΔG(GPCR)/kBT

* � 0.2.

2.2.2 Construction

of the Residue-Interaction

Network Model

By using 3D structures of proteins, we constructed the 3D-network
where each amino acid residue was represented as a single node. To
take into account the effect of side chain, we considered two coarse-
grained centers per residue, i.e., the alpha carbon (Cα) for backbone
and a farthest heavy atom from Cα for the side chain (SC). The
mutual distance between residue A and residue B was assumed by
the shortest distance among the ones between Cα(residue
A) � Cα(residue B), Cα(A) � SC(B), SC(A) � Cα(B), and SC
(A) � SC(B). By doing so, we incorporated the cases of back-
bone–backbone, backbone–side chain, and side chain–side chain
contacts. In our network model, a link was established between two
residues (Cα), where any pair of backbone and side chain distance is
less than 7 Å [30]. Thus, the side chain effects were implicitly
included in our network analysis.

2.2.3 Centrality Analysis Measuring centrality, which is the most studied concept in social
network analysis, can be a practical way of selecting essential nodes
in the network [11, 31, 32] (seeNote 3). This centrality calculation
was successfully applied in identifying functional residues, such as in
the active site or metal binding site of proteins [13, 16]. Also, this
method is considered to be useful in the investigation of allosteric
communications in protein structures [14, 15, 33]. For example,
allosteric propagation was modeled by considering all possible
signaling routes in a monomeric structure [33]. There are three
most popular centrality measures, i.e., degree, closeness, and
betweenness [11, 31]:

1. The degree centrality, CD(v), measures the total number of
edges linked to a node v. This value is identical to the number
of contacts with its neighboring residues.

CD vð Þ ¼ deg vð Þ ð2Þ
2. The closeness centrality, CC(v), is an inverse of the mean geo-

desic distance (shortest path length) from all other nodes to the
node v. It measures how fast a signal from the node v can be
transmitted to other nodes.
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CC vð Þ ¼
XN
i¼1

d i; vð Þ= N � 1ð Þ
 !�1

ð3Þ

where d(i,v) is the minimal number of edges that bridge the
nodes i and v. For a given network topology, d(i,j) can be
calculated by using Dijkstra’s algorithm [34].

3. The betweenness centrality, CB(v), measures the extent to
which a node has control over transmission of information
between the nodes in the network [35].

CB vð Þ ¼ 2

N � 1ð Þ N � 2ð Þ
XN�1

s¼1

XN
t¼sþ1

σst vð Þ
σst

ð4Þ

where s 6¼ t 6¼ v. In the above definition, σst is the number of
shortest paths linking the nodes s and t, and σst(v) is the number of
shortest paths linking the nodes s and t via the node v. The factor
(N � 1)(N � 2)/2 is the normalization constant. To reduce the
computational cost of Eq. 4, we used Brandes algorithm [36],
which exploits the sparse nature of typical real-world graphs, and
computes the betweenness centrality score for all vertices in the
graph in a very short time.

By surmising that allosteric hotspots are the mediators of infor-
mation flow in a network topology of a given protein structure, we
adopted betweenness centrality concept in identifying hotspot resi-
dues which can modulate the signal transduction in GPCRs (see
Note 4). Since the betweenness centrality calculates the extent to
which a particular node lies between other nodes in the network
[31, 36, 37], a member with high betweenness may act as a gate-
keeper or broker in the network for either smooth communication
or flow of information [37]. Using the minimum energy structures
generated by the MD simulation, the residue interaction network
was constructed with a cutoff distance of 7 Å. Subsequently, the
betweenness centrality was calculated to measure each residue’s
importance for the flux of information in the residue interaction
network (see Note 5).

2.2.4 Network

Vulnerability Analysis

(Glycine Scanning)

When a network is attacked by a certain perturbation, it may or may
not collapse depending on the importance of the attacked site
[38]. The rate at which the network is affected by perturbation
could be regarded as a network’s tolerance to an error or vulnera-
bility to an attack, and a member with high vulnerability can be
considered to have a crucial role in the stable formation or integrity
of the network [39]. In the theory of complex network, this
vulnerability is evaluated using a relative change in the average
network centrality when a node x is removed, which can be written
as follows [39]:
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Γ x
ξ ¼

Cξ

� �� C x
ξ

D E
Cξ

� � ð5Þ

where Cξ

� � �PN
i¼1 Cξ ið Þ=N

	 

is the average network centrality,

and C x
ξ

D E
is a value evaluated for a newly constructed network

when the node x is removed from the original network.
The idea of network vulnerability is similar to point mutagene-

sis assay, which measures the effect of mutations up to the degree
where proteins can retain their activity. Adopting this vulnerability
concept, we performed in silico glycine scanning experiments of the
constructed residue interaction network of A2AAR. As straightfor-
wardly implicated by the term “glycine scanning,” the side chain of
each residue was deleted systematically, and the corresponding
residue interaction network was reconstructed. Then, we compared
the original residue interaction network to the reconstructed one to
measure how much the centralities of whole network was changed
when the side chain of specific amino acid was deleted. The main
difference between our in silico glycine scanning analysis and the
previous studies applying network analysis [38, 40] is that only side
chain atoms were deleted, rather than the extraction of entire node
in the network. Therefore, our method could be considered more
realistic as it mimics changes similar to the experimental mutation
studies.

We assessed the effect of deleting side chains by calculating the
changes in average betweenness centralities (hCBi). In our case,
readjustment of local environment due to the removal of side
chain is not considered. The primary aim of this analysis is to
quantitatively assess the role of a specific residue side chain in the
original residue interaction network. The greater the role played by
the deleted side chain in maintaining the network structure, the
more significant the response of average network centrality would
be to the removal of that particular residue. Interestingly, the
residues with high network vulnerabilities included the regions
around NPxxY motif in TM7 and proline kink in TM6, which
were reported as important residues providing structural con-
straints in GPCRs [41, 42]. Along with our analysis, these regions
seem to be potent for maintaining the integrity of whole residue
interaction network modulating the entire activation process.

2.2.5 Cross-Correlation

Between Regions Based

on the Structural

Ensembles

In the active form of GPCR structure, the ligand binding site in the
extracellular side and the intracellular G-protein binding region are
functionally coupled, and this coupling is mediated by a structural
reorganization of 7TM helices. To quantify such long-range cou-
pling in the dynamics of A2AAR, we calculated cross-correlation
between residues (CCij) in terms of CB (Eq. 4) by using the
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conformational ensembles generated from the MD simulated
trajectories.

CCij ¼ CB ið Þ � CB jð Þh i � CB ið Þh i CB jð Þh iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
δCB ið Þð Þ2

D Er
�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
δCB jð Þð Þ2

D Er ð6Þ

where h. . .i indicates an ensemble average, thus hCB(i)i refers to the
average betweenness centrality for the residue i. The cross-
correlation matrices for the apo and agonist-bound forms showed
that the signatures of correlation between residues are scattered all
over the structure. In this map, high signal residue pairs indicate
that the two residues are linked to each other either via direct
contact or long-range communication. In order to identify the
residue pairs with long-range cross-correlation, the pairs which
showed high cross-correlation values (CCij � 0.5) but far from
each other, i.e., which have minimum path over six edges (dij > 6),
were extracted.

Surprisingly, in the agonist-bound form, there are significant
long-range cross-correlations between the extracellular ligand
binding site and cytoplasmic G-protein binding site. Between the
correlated residues, minimum path seems to pass through the
residues with high betweenness centralities, including the impor-
tant microswitches. The results correlate well with the function of
GPCRs, i.e., coordinated domain coupling [43]: an agonist bind-
ing induces a significant conformational change in the region where
G-protein may bind. On the contrary, such long-range cross-corre-
lation was not observed in the simulated trajectories of the apo
structure. The long-range coupling between the ligand binding site
and G-protein binding site for the agonist-bound form is also
grasped by computing the mean square fluctuation using structural
ensembles. In a recent review, Unal et al. proposed that the intrin-
sically flexible extracellular and intracellular regions are functionally
coupled and this coupling is mediated by TM helix structures
[44]. It is assumed that when a domain engages a ligand, the
intrinsic disorder of receptor structure is decreased, and it coopera-
tively influences the conformation of the neighboring domain
[44]. Our computational analysis gave a more detailed picture of
this model, which could be valuable in drug discovery (seeNote 6).

3 Conclusions

We have presented a computational protocol for the mapping of
allosteric signal flow in GPCRs using conventional MD simulations
and network analysis. Through network analysis, we identified the
hotspots accountable for agonistic activity of A2AAR and the cross-
correlation between the agonist- and G-protein binding sites were
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visualized using their pathways. Compared to other existing meth-
ods, our approach proved quite powerful in the identification of
allosteric hotspot residues in GPCR signaling pathway, and corre-
lated well with the existing biochemical studies. Additionally, rota-
meric microswitches, which are deemed critical for Class A GPCR
signaling, were located accurately. The strong signals for long-
range TM communications were observed only in agonist-bound
A2AAR model system. Our method provides valuable information
on both GPCR allosteric modulation and orthosteric signaling
pathway. This simple approach could not only be extended to
other proteins but also to study the allostery of several protein–-
protein or protein–DNA/RNA complexes that are of biological
and pharmaceutical interest.

4 Notes

1. In our protocol, we carried out MD simulations of the model
systems through a single trajectory. However, in order to avoid
incomplete sampling of larger proteins, it is preferable to use a
multicopy approach, through which a series of simulations with
different initial velocities could be performed.

2. Insufficient conformational sampling limits the application of
traditional all-atom MD simulation technique. However, there
are several enhancedMD simulation techniques (Table 2) avail-
able to address sampling problems and generate more diverse
structural ensembles.

3. An exemplary graph in Fig. 2 nicely represented the signifi-
cance of betweenness centrality. The node x has a greater
connectivity (CD ¼ 6) to other nodes, however, the removal
of x from the network does not destroy the communication
among other nodes. In contrast, removal of node y, which has
less connectivity (CD ¼ 4) than x, would split the whole net-
work into three pieces. With respect to communication or the
flow of information, node y could be the most critical one.
Node y has the highest betweenness centrality which evaluates
the importance of each node based on the amount of traffic or
the amount of internode communication. Betweenness could
be one of the most ideal measures to identify allosteric hotspots
for a given protein structure.

4. In our analysis, there was no significant correlation between the
residues’ centrality values in the network and sequence conser-
vation. The key residues identified from the network analysis
method were not necessarily identical to the entire set of well-
conserved residues, but to a subset of them.
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Table 2
List of various enhanced sampling methods in molecular dynamics (MD) simulation

Enhanced MD technique Methodology Applications

Accelerated MD Adds a positive boost potential to the
system’s potential energy (PE) when
it drops below a certain threshold,
thus decreasing the energy barriers
and accelerating the transitions
between low energy conformational
states

Protein–ligand binding and protein
folding mechanisms

Adaptive biasing force
(ABF) simulation

Adds a continuously updated biasing
force to the equations of motion,
such that in the long-time limit a
Hamiltonian devoid of an average
force acting along the transition
coordinate of interest is added

Free-energy calculations along a
reaction coordinate, potentials of
mean force (PMF) profile
estimation

Biased/Steered
molecular dynamics
(SMD)

A dummy atom is attached to the
center of mass (COM) of the ligand
through a virtual spring with a
spring constant (k), which is later
pulled with a constant velocity (v)
along a predefined direction for the
unbinding of ligand

Free energy calculations, binding/
unbinding mechanisms of
biomolecular systems, PMF profile
estimation

Conformational flooding Adds a flooding potential to the
systems’s PE that destabilizes the
initial conformation, thus lowering
free-energy barriers of structural
transitions and accelerating the
transitions

Protein structure prediction/
conformational search, check
protein models stability, predict
functional motions, improve
thermodynamic quantities like free
energies and entropies for proteins

Dynamic importance
sampling (DIMS)/
self-guided Langevin
dynamics

Employs a bias with correction
approach to improve the sampling
efficiency of rare events

Transition pathways

Local elevation (LE) Adds a bias term (i.e., sum of repulsive
functions) to the PE function

Low-energy structure search

Metadynamics The location of the system is calculated
based on the collective variables

A positive Gaussian potential is
subsequently added to the energy
landscape to drive the simulation
back to its previous location

Folding of small proteins, protein
switches, ligand dissociation
pathways, and ion-induced
diffusion of small molecules in
channels or cavities

(continued)
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5. Elastic network model (ENM) is one of the methods which
characterize a protein based on its residue interaction network,
and ENM-based NMA was successfully applied to investigate
functional dynamics or global motion of proteins [21, 45,
46]. Several methods have been proposed to identify hot spot
residues or allosteric communication network for protein func-
tion. Statistical coupling analysis (SCA), which adopts
sequence covariation analysis based on MSA, has gained grow-
ing popularity [29, 47, 48]. Perturbative study based on ENM,
known as structural perturbation method (SPM), has also been
proposed and provides deep insights into the critical residues
for maintaining the functional dynamics of an enzyme
[49]. Although each method can predict few key protein resi-
dues based on its own concept or algorithm, there are still

Table 2
(continued)

Enhanced MD technique Methodology Applications

Multicanonical ensemble A constant temperature MD on a
deformed PE surface, which
provides a multicanonical ensemble
with a flat energy distribution

The multicanonical ensemble is
subsequently converted into a
canonical ensemble by reweighting
the formula of Ferrenberg and
Swendsen

Larger conformational space
sampling

Random acceleration
molecular dynamics
(RAMD)

Applies a force in a random direction
to COM of the ligand in addition to
its forcefield

Allow ligands to explore possible
dissociation pathways in an unbiased
manner

Ligand dissociation pathways

Replica exchange
molecular dynamics
(REMD)/Parallel
tempering

Run multiple MD simulations with
different values of a specific
exchange variable, i.e., temperature

Based on Metropolis criterion, the
systems states are exchanged
between neighboring simulations at
regular intervals

Free energy landscape, protein
protonation states, and peptide/
protein folding mechanism

Umbrella sampling (US) Employs collective variables
The restraint bias potential (quadratic

or harmonic form) forces the
collective variables in a window to
remain close to the COM

The sets of collective variables must
allow slight overlapping of windows

Ligand binding mechanism, and
ion-induced diffusion in
membrane proteins
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limitations linked with the identification of specific key residues
for protein function. For example, SPM can only identify resi-
dues which affect the global motion of proteins, while SCA is
not suitable for highly conserved residues. Therefore, instead
of searching for some other methods to predict hot spot resi-
dues with a different approach than previous in silico methods,
we assume that network analysis of the 3D structures is quite
suitable for the identification of allosteric hot spots in the target
proteins.

6. With the reliable format of representing network (nodes and
their connectivity), the centrality values can also be calculated
using Gephi [50], an open source software for exploring and
manipulating networks. The residue interaction graph in 2D
can be visualized with Force Atlas layout implemented in
Gephi.
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Fig. 2 An exemplary graph showing the importance of betweenness centrality.
(a) Degree centrality and (b) betweeness centrality values calculated for each
node are shown
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Chapter 24

Identification of Potential MicroRNA Biomarkers
by Meta-analysis

Hongmei Zhu and Siu-wai Leung

Abstract

Meta-analysis statistically assesses the results (e.g., effect sizes) across independent studies that are con-
ducted in accordance with similar protocols and objectives. Current genomic meta-analysis studies do not
perform extensive re-analysis on raw data because full data access would not be commonplace, although the
best practice of open research for sharing well-formed data have been actively advocated. This chapter
describes a simple and easy-to-follow method for conducting meta-analysis of multiple studies without
using raw data. Examples for meta-analysis of microRNAs (miRNAs) are provided to illustrate the method.
MiRNAs are potential biomarkers for early diagnosis and epigenetic monitoring of diseases. A number of
miRNAs have been identified to be differentially expressed, i.e., overexpressed or underexpressed, under
diseased states but only a small fraction would be highly effective biomarkers or therapeutic targets of
diseases. The meta-analysis method as described in this chapter aims to identify the miRNAs that are
consistently found dysregulated across independent studies as biomarkers.

Key words microRNA, Noncoding RNAs, Meta-analysis, Quality assessment, Biomarkers, Differen-
tial expression, Early diagnosis

1 Introduction

Meta-analysis is a statistical method for systematically synthesizing
the scientific reports and quantifying an overall results such as effect
size from multiple independent studies by weighing each one by its
reliability and credibility [1, 2]. Meta-analysis has been widely used
in synthesizing the evidence for efficacy of medical treatments and
performance of diagnostic tests. It is increasingly used in many
other fields of research, such as education, psychology, criminology,
ecology, and molecular biology [3, 4]. Depending on the types of
the included studies and the information provided therein, their
outcome measures should be comparable for a meta-analysis.
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Common outcome measures include relative risk, odds ratio, cor-
relation coefficient, risk difference, and (standardized) mean differ-
ence [5]. Since most of gene expression studies have small sample
sizes [6], meta-analysis is useful to increase statistical power by
combining multiple gene expression studies. A recent academic
literature review discussed pros and cons of genomic meta-analysis
for biomedical sciences, particularly on the identification of differ-
entially expressed genes, analysis of pathways/networks and predic-
tive models [6]. It is noticed that most of the genomic meta-
analysis methods are designed for those studies published with
the raw data. However, many of such genomic studies still do not
make their raw data readily accessible to the public. For this reason,
this chapter describes a proper statistical meta-analysis method
(instead of the simple vote-counting that was misused in many
genomic meta-analyses) that is widely used in evidence-based med-
icine [7] and applicable to the situations with or without raw data.
This chapter also covers the quality assessment (which are missing
from many genomic meta-analysis) of studies in accordance with
the evidence-based research guidelines including the PRISMA [8]
and MIAME [9]. Here, meta-analysis of microRNA (miRNA)
differential expression studies on type 2 diabetes (T2D) is taken
as an example.

Type 2 diabetes is a complex metabolic disorder characterized
by insulin resistance [10] that is often undetected until hyperglyce-
mia is observed [11]. The pathogenesis of T2D involves genetic,
environmental, and lifestyle factors. Over time, multiple organ
damages can occur, especially to the heart, blood vessels, eyes,
kidneys, and nerves [12]. According to the International Diabetes
Federation (IDF) [13], 415 million adults were estimated to live
with diabetes with 46.5% undiagnosed in 2014. By 2040, this
figure will rise to 642 million. High prevalence and no cure avail-
able make achieving and maintaining glycemic control as the pri-
mary goal of an initial pharmacological treatment to prevent
progressive deterioration, which can be markedly improved by
identifying novel early biomarkers and therapeutics for diabetes.
MiRNAs are likely candidates of the early biomarkers of T2D for
detecting and monitoring of the disease [14]. Meta-analysis may
help to screen the miRNA-related biomarkers of highest potential
for experimental and clinical validation.

MiRNAs are a class of small (approximately 22 nucleotides),
endogenous, noncoding, highly stable RNAs that regulate gene
and protein expression. Generally, precursors of miRNAs are
co-transcribed with their hosting gene in mammal [15] by RNA
polymerase II, which contain a characteristic stem-loop structure
[16]. The pri-miRNAs are subsequently cleaved by the nuclear
ribonuclease III (RNase III) enzyme Drosha to produce
pre-miRNAs of 70–100 nucleotides that are transported by
Exportin-5 into cytoplasm. Following the transportation, a further
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cleavage occurs via the endoribonuclease Dicer to generate the
mature miRNAs [17]. Mature miRNAs can associate with one of
Argonaute (AGO) proteins to form an RNA-induced silencing
complex (RISC) and guide translational repression of fully or par-
tially complementary target mRNAs [18]. Mature miRNAs can also
be released by the cells after binding to proteins such as Argonaute-
2 [19] or lipoproteins [20] or loading in the microvesicles [21]
formed by plasma membrane blebbing. Alternatively, miRNAs can
be associated with exosomes that are released by exocytosis
[21]. Figure 1 shows the biogenesis and release of miRNAs.

MiRNAs are involved in many biological processes, including
cellular differentiation, metabolism, and cancer development
[22, 23]. Their modes of dysregulation are related to many diseases
[24]. In attempts to identify novel early biomarkers of T2D, most
of the miRNA expression profiling studies were performed in
cultured cells, blood, or solid tissue samples [25–28]. A large
number of miRNAs were identified to be differentially expressed,
either overexpressed or underexpressed, while only a small number
would be important signatures or therapeutic targets. It is, there-
fore, challenging to determine which miRNAs are potential bio-
markers; which miRNAs are tissue-specific; whether circulating
miRNAs make the best biomarkers; and whether animal models
are sufficient for pilot studies. The results from these studies are,
however, subject to rigorous evaluation for consistency and repro-
ducibility by meta-analysis. Academic laboratories provide only

Fig. 1 Biogenesis and release of miRNAs

MicroRNA Meta-analysis 475



11–50% of reproducible results [29–31]. We also found that the
findings from recent literature reviews on miRNAs were discrepant
(Table 1). Therefore, this meta-analysis method would fill this gap
to identify consistently dysregulated miRNAs in T2D.

2 Materials

1. Statistical software R (https://www.r-project.org) and RStudio
(https://www.rstudio.com).

2. Installation of metafor package in R environment.

3. An example dataset with dysregulated miRNAs (Additional file
data.csv).

2.1 Instructions R could be downloaded and installed from https://www.r-project.
org and RStudio could be downloaded from https://www.rstudio.
com. In RStudio we can install metator package [37] (see Note 1).

Table 1
Inconsistencies among literature reviews on miRNA dysregulation in T2D

miRNA

Literature review

Guay
(2011)
[32]

Guay
(2012)
[33]

Hamar
(2012)
[34]

Karolina
(2012) [11]

McClelland
(2014) [35]

Natarajan
(2012) [36]

Shantikumar
(2012) [14]

miR-103
(adipose)

N – D – U – N

miR-107
(adipose)

D – – – U – –

miR-132
(adipose)

– – U – – – D

miR-143
(adipose)

N – – D – – N

miR-144
(liver)

D – – U – – –

miR-192
(kidney)

– – U N N N –

miR-21
(kidney)

– – – D U N –

miR-29c
(liver)

N – – – – – –

miR-375
(islets)

D U – U U – U
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The process for package installation is shown in Fig. 2. The example
data as part of a full dataset [7] is used in the statistical meta-analysis
of this chapter.

3 Methods

In general, meta-analysis focuses on answering a well-defined ques-
tion (see Note 2) [38]. The question of our interest, i.e., which
miRNAs are consistently dysregulated, is to be addressed by meta-
analysis, which includes a comprehensive search of relevant studies,
an impartial selection according to appropriate criteria, unbiased
assessment of study quality, transparent data extraction, and repro-
ducible statistical analysis [38]. Here, we summarize a meta-analysis
workflow to identify the dysregulated miRNAs in T2D (Fig. 3).

3.1 Identification Since meta-analysis is conducted to gather and synthesize the evi-
dence on a particular topic, the first step is to comprehensively
search related studies from some important databases, such as
PubMed, Web of Science, ScienceDirect, MINDLINE, ProQuest,
and Embase. Here, PubMed, ScienceDirect, Embase, and Google
Scholar were searched to identify relevant miRNA profiling studies

Fig. 2 R code for metafor package installation. The words in red under R code indicate the package is being
installed and the subsequent words in black indicate the package has been installed successfully
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of T2D. An example search strategy for PubMed is provided as
follows (see Note 3):

(“miRNA,” “diabetes,” and “expression” in the title/abstract)
or (“miRNA,” “diabetes,” and “profile” in the title/abstract) or
(“miRNA,” “diabetes,” and “profiling” in the title/abstract) or
(“microRNA,” “diabetes,” and “expression” in the title/abstract)
or (“microRNA,” “diabetes,” and “profile” in the title/abstract) or
(“microRNA,” “diabetes,” and “profiling” in the title/abstract).

3.2 Study Selection

(Screening, Eligibility,

and Inclusion)

After identification of relevant studies, study selection criteria are
used to include or exclude studies. Eligible studies have to meet
the inclusion criteria: (1) they are miRNA expression profiling stud-
ies on human patients or on animal models of T2D; (2) they com-
pare diabetic and nondiabetic samples; (3) they use miRNA
expression arrays; (4) they report cutoff criteria of differentially
expressed miRNAs; and (5) they report sample sizes. In our exclu-
sion criteria, miRNA profiling studies using saliva or urine samples
are excluded because we focus on the miRNAs in blood. However, if
we were studying miRNAs in oral cancer [39] and urinary tract
cancer [40–42], saliva and urine samples would be important. In
any case, a meta-analysis report should provide a flow diagram of
study selection, which includes identification, screening, eligibility
extraction, and inclusion steps. The PRISMA guideline [8] provides
a four-stage flow diagram, which is a template downloadable for use.
Figure 4 shows our example study selection process according to our
selection criteria (see Note 4).

Fig. 3 A workflow for meta-analysis of dysregulated miRNAs

478 Hongmei Zhu and Siu-wai Leung



3.3 Data Extraction

and Quality

Assessment

From the full text and supplementary information of each included
expression profiling study, the following eligibility items (Fig. 5) are
collected and recorded for subsequent analysis: first author, year of
publication, location of study, selection and characteristics of
recruited T2D patients or animal models of T2D, etc. Quality
assessment of arrays is performed according to the Minimum
Information About a Microarray Experiment (MIAME) guideline
[9] and the Minimum Information for Publication of
Quantitative Real-time PCR Experiments (MIQE) guideline [43]
(see Note 5). Figure 6 shows an example table for quality assess-
ment, and Fig. 7 shows the results of the quality assessment of the
included studies.

3.4 Statistical Meta-

analysis

Extracted data are transferred to the statistical software R [44] with
the package metafor [37] for meta-analysis under a random-effects
model. The outcomes are represented in terms of log10 odds ratios
(logORs), based on the numbers of dysregulation events in both
T2D and nondiabetic control samples (see Note 6), with their 95%

Fig. 4 Flow diagram of study selection. The process of study selection, including identification, screening,
eligibility, and inclusion stages, is depicted in the flow diagram
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confidence intervals. Correction of P values (seeNote 7) by such as
Bonferroni method should be performed due to multiple testing.
Adjusted P values less than 0.05 are considered statistically signifi-
cant. R code for this meta-analysis is shown in Fig. 8.

Fig. 5 Example tables for information extraction of miRNA expression profiling studies (T2D vs nondiabetic
controls). (a) Characteristics of human miRNA expression profiling studies; (b) Characteristics of animal miRNA
expression profiling studies

Fig. 6 An example table for quality assessment according to the MIAME and MIQE guidelines. Abbreviations:
NR not reported, I insufficient, S sufficient

Fig. 7 Quality assessment according to the MIAME guideline. Green bars, yellow bars, and red bars,
respectively, indicate the items that were sufficient in annotation, not sufficient in annotation and not reported
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3.5 Subgroup

Analysis (See Note 8)

MiRNAs are differentially expressed among tissue types and spe-
cies, with corresponding overall effects and heterogeneities. Sub-
group analyses divide the extracted data of miRNA expression
profiling according to tissue types (blood, muscle, pancreas, liver,
etc.) and species (i.e., tissue specificity and species specificity).
Technical details and full examples could be found in [7].

3.6 Sensitivity

Analysis

Sensitivity analysis is performed on using stricter inclusion criteria
such as sample sizes to test the robustness of findings. Sample size is
a dominant factor affecting precision in determining the overall
effects. Technical details and full examples could be found in [7].

4 Notes

1. RStudio is easier to use than ordinary R environment. RStudio
will work only after proper installation of R.

2. When you have a question of interest suitable for conducting a
meta-analysis, you should check whether there are existing
meta-analyses, whether the existing meta-analyses can
fully answer your question, and how your meta-analysis
would make a difference in providing stronger evidence.

3. Detailed search strategy and search dates for databases should
be documented for reproducibility and updating. You may
follow the method to update the results.

4. Figure 3 shows the example results from a PubMed search, you
should not only update it but also add the search results from
other databases. The selection criteria are often based on the

Fig. 8 R codes used for meta-analysis
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study design, characteristics of participants, intervention (such
as disease or healthy control, exposure or not) and outcome
measures.

5. The profiling studies included in this example employ micro-
arrays or PCR. For quality assessment, MIAME and MIQE
would be appropriate. The choice of the quality assessment
tools or scales is based on the design of included studies in
specific fields. For example, randomized controlled trials
should be evaluated according to the Cochrane Collaboration
tool for risk of bias assessment tool while primary diagnostic
accuracy studies should be evaluated according to the
QUADAS-2 in medicine.

6. Meta-analyses in the health/medical sciences are often based
on the data in 2 � 2 tables (Fig. 9):

where ai, bi, ci, and di denote the cell frequencies and n1i and
n2i the row totals in the ith study. In our example, they are
based on the numbers of dysregulation events in both T2D and
nondiabetic control samples. log odds ratio is equal to the log
of (ai*di)/(bi*ci). Suppose an miRNA is reported upregulation
in a study, where the sample size is 6 both in type 2 diabetes and
nondiabetic control groups, then the logOR is equal to the log
of (6*6)/(0*0). A cell entry with zero value can be problematic
especially for odds ratio. Adding a small (negligible) constant
to the cells of the 2 � 2 tables is a common solution to this
problem. For example, adding 0.1 to the cell entries with
zero values, then the logOR will equal to 3.11. It should be
noted that different software packages might deal with zero
values differently.

7. P value correction methods include the Bonferroni (bonfer-
roni in R) method in which P values are simply multiplied by
the number of comparisons. Less conservative corrections
include Holm (1979) (holm), Hochberg (1988) (hochberg),
Hommel (1988) (hommel), Benjamini and Hochberg (1995)
(BH or its alias fdr), and Benjamini and Yekutieli (2001)
(BY) methods. Researchers could choose a correction method
according to their study designs and purposes.

Fig. 9 A 2 � 2 table
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8. In general, subgroup analysis could be done on any character-
istics of included studies to detect whether the study character-
istics could explain the heterogeneities.
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