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Todo comenzó con una llamada telefónica a mi madre, como muchas otras
decisiones en mi vida: ”Mama, estoy cansado de la farmacia y creo que voy a
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For millenia, people from many cultures believed mysterious forces of good
and evil governed their lives. Fate was a direct consequence of human action,
and thus an illness was a physical manifestation of mysterious forces. Luckily,
the tribe leader with his inborn power, transmitted generation to generation,
was ready to orchestrate a shamanic ritual to cast away malevolent spirits
and heal. During this shamanic ritual, the practitioner reached an altered
state of consciousness that allowed him to visit the spirit world and channel
transcendental energies into this world. Of course, the most important part in
all this magic show were the herb mixtures the practitioner learned to prepare
from his ancestors, mixtures that altered his consciousness and could relieve or
even heal a sick patient. This knowledge on herbs granted him and his family
an advantageous position within the tribe during generations.

This is considered the most remote antecedent of medicine and pharmacy.
The tribe leader, as a physician and apothecary at the same time, even following
supernatural beliefs and without any rationale, already had the knowledge to
diagnose and the ability to prepare an appropriate herb mixture for a given
patient condition.

Thanks to science, with its slow evolution during centuries, the rationale
behind the ritual has dramatically changed from a supernatural thing to a very
precise biochemical process. Nowadays we know the herb mixtures the shaman
was using, most probably, included some drugs like the Salvia divinorum, a
plant with a high hallucinogenic terpenoid content, Salvinorin A. This molecule
forces the exaggerated activation of two central nervous system receptors (κ-
opioid and D2 dopamine receptors) which cause hallucinations among other
powerful effects.

This deeper and fast growing understanding on the complex mechanisms
of health and disease urges us to seek new treatments for which traditional
medicine and popular knowledge cannot offer solutions anymore. We reached
a point where targets (the molecular entities responsible for the biological ef-
fect to be modulated) are more easily identified, but we still lack the complete
knowledge to design an effective and safe drug molecule from scratch. A multi-
disciplinary team of scientists joins their efforts in the very complex and costly
task of finding a suitable molecule (a drug) for obtaining the desired pharma-
cological response.

The methodology presented in this thesis work aims to support the ardu-
ous drug discovery process at the early stages of hit identification following a
structure-based rational design strategy. Throughout the introduction, several
key aspects of the field will be reviewed and the current challenges discussed.
Following chapters will present the objectives and results of the work.

1.1 Drug discovery

Drug discovery origins can be dated back to the mid 19th century, when chem-
istry had matured enough. In that moment, Paul Ehrlich argued for the first
time that differences between bacterial and human chemoreceptors could be
exploited therapeutically[1]. This incipient idea of a chemical substance selec-
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tively targeting one receptor pursuing a desired effect is the basic goal of drug
discovery: finding an effective and non toxic molecule which modulates a de-
sired effect without interfering with other normal functioning processes in the
organism. Starting as a chemical challenge, the problem grew in complexity:
finding the optimal molecule not only depends on chemistry but also on human
biology, on understanding the precise physiological and molecular mechanisms
by which the organism will respond to the drug presence. Molecular biology,
biochemistry, physiology and other disciplines became a fundamental part of
the process. New technologies were developed to study biochemical processes,
molecular structures or genes (e.g. PCR, DNA sequencing, crystallography),
involving engineering, mathematics, informatics and physical sciences to the
pool of disciplines guiding this multidisciplinary endeavor. The elucidation of
mathematical models based on statistics, physics or chemistry principles help
to establish working hypotheses and even to suggest predictions to guide the
drug design process. In this sense, computational tools have been widely in-
corporated in many stages of the process.

The pipeline depicted in Figure 1.1 exemplifies a drug development pro-
cess following the target-based approach explained later. Two main stages can
be identified: pre-clinical and clinical stages. The former stage includes, in a
nutshell, the target identification and validation, active molecules (hit) find-
ing, lead proposal and optimization and testing in animal models. Thus a
drug candidate with an appropriate efficacy and safety profile is obtained, so
that administration to humans can be attempted. Human administration and
evaluation is the focus of the latter stage: the clinical phase. Phase I trials
of this clinical stage are designed to test drug safety in a reduced number of
healthy people, phase II and III test safety and efficacy compared to control
treatments or placebo in patients. If the drug candidate has indeed a favorable
efficacy/toxicity balance, the drug candidate will go through a bureaucracy
process to finally, if approved, become a drug.

Figure 1.1: The drug discovery pipeline.

Despite many drug candidates being successful in pre-clinical stages, a high
attrition rate is observed when they enter clinical phases, mainly due to a poor
efficacy/toxicity balance. This high attrition rate is specially relevant in cancer
research, where only a 5% of the preclinical candidates are finally licensed[2].
Given that clinical stages are costly, time-consuming and have a low success
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rate, it is reasonable to question the pre-clinical stage performance at providing
good drug candidates. In this sense, pre-clinical studies are still an open field
of research, seeking novel methodologies, techniques and protocols to better
identify drug candidates with higher probability of success.

This thesis focuses on the hit discovery and lead optimization stages follow-
ing a structure-based approach described in the next section. Before entering
into the core of the subject, next subsections introduce two main strands of
research present in the current drug discovery model. Their merits, limita-
tions and relative contribution to marketed drugs are discussed. Afterwards,
a description of the different types of marketed drugs and a discussion on the
druggable scenario space are presented.

1.1.1 Systems-based vs. Target-based approaches

Whether we focus on a particular target activity or we focus on the ultimate
effect of a drug candidate without knowing the target define the two main
streams of research in the current drug discovery model. Figure 1.2 depicts
both strategies’ pipeline hereafter compared.

Systems-based approaches, ignore the target and pursue measurable effects
directly in vivo or in vitro with cell-based or organism-based assays. This is a
reverse approach by which we first measure an effect and, later, try to identify
the responsible targets and mechanisms. This target-agnostic approach has
been widely applied during early drug discovery and its success is supported
by the numerous marketed drugs: Recent studies estimate that 30% of first-in-
class drugs were discovered in a systems-based manner[3].

Figure 1.2: Phenotype-based versus target-based drug discovery. From Terstappen
et al.[4].

This target-agnostic feature is, at the same time, the main advantage and
the main drawback of this approach. It is the main advantage because the
target and the mechanism of action by which the effect is produced, once
known, can be completely novel and provide new insights in which molecular
entities can be targets and by which mechanisms they can be modulated. In
some cases, this information can provide new insights into macro molecular
recognition. However, it is also the limiting factor because unveiling the target
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and the mechanism of action is still a very challenging task. Without target, it
is far more complicated to generate hypotheses to drive the drug development
process in a more rational manner further.

Nowadays, phenotypic screening is still a widely applied technique follow-
ing this hypotheis-agnostic approach. Once an appropriate assay is set up for
measuring a desired phenotypic change (e.g. Hepatitis C viral charge in a liver
cell culture), a large library of compounds is tested to identify those molecules
which produce the desired effect (e.g. reduction of viral charge after a n-day
period of incubation). Daclatasvir is a recently approved drug for the treatment
of Hepatitis C which was discovered using this approach[5]. In this case, the
target could be readily determined with biochemical assays, probably because
the Hepatitis C Virus is very well characterized and all constituent proteins
are well known. Other examples of successful target deconvolution are well de-
scribed in the work of Terstappen et al.[4]. However, this success is not always
achievable. Since 2008, three independent campaigns screening more than 5
million compounds for the discovery of antimalarial molecules have reported
more than 10,000 cell-based active hits. Some of them have already completed
Phase II clinical trials without an identified mechanism of action[6, 7]. The dif-
ficulty now lies in finding which target and mechanisms of action are involved
in the activity. This is specially relevant for determining possible causes of trial
failures and to guide future molecule optimization[8]. In this target identifica-
tion task, three different methodologies are currently used (independently or in
combination): direct biochemical methods, genetic interactions and deduction
from computational work. Each technique and variants thereof have advan-
tages and inconveniences which are well described elsewhere[9, 4].

In target-based approaches, the macromolecular entity is firstly identified
and validated to be responsible for the desired effect. All efforts concentrate
then in the drug finding and optimization to reach the effectiveness and safety
required for human administration. This is a forward approach: From a given
target, a drug has to be rationally designed to interact and modulate its activity.

The main advantage over systems-based approaches is the possibility to
generate hypotheses to guide the drug design process, making the project more
efficient. On average, the median time from the first publication of the ther-
apeutic concept, target or chemotype to FDA approval is 20 years for target-
based approaches and 25 years for system-based ones[3]. If we only consider
the time since patent publication to FDA approval, the difference is evident: 8
years in target-based approaches versus 16 years in systems-based ones. This
is probably due to the additional difficulty of demonstrating the mechanism of
action in systems-based approaches. Another advantage is the current boost
in target discovery mainly due to the advances in DNA sequencing, bioinfor-
matics tools and modern gene cloning and expression methods. The fast target
discovery exceeds therefore the drug discovery pace.

Successful examples of target-based approaches include the recently ap-
proved hepatitis C virus treatment Sofosbuvir [10]. Experimental structure-
activity relationships were used to guide the design process. The sialidase-
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inhibitor Zanamivir [11] for the treatment of influenza, is another example of
target-based development. This case is one of the earlier examples of structure-
based successful projects where computationally generated hypotheses had a
relevant impact.

However, this approach also has some disadvantages: the rational hypothesis-
driven design is based on our previous knowledge, and therefore might prevent
the discovery of completely novel mechanisms of action and novel chemical en-
tities.

To summarize, phenotypic screening can be considered as a potential source
of still unknown mechanism of actions and chemical entities, and target-based
approaches are more efficient. Other aspects like costs, time and the yield of
marketed drugs need also to be considered and are source of debate[12, 3].

1.1.2 Drug types

From a molecular point of view, drugs can be classified as biologics (e.g. mono-
clonal antibodies and other proteins) or small molecules, either synthesized or
modified after extraction from natural sources. A third heterogeneous group ex-
ists, which has a minimum representation (about a 1% of the marketed drugs),
that includes inorganic salts and other molecules not falling into the two major
groups (e.g. Lithium or Potassium ions). Between 1999 and 2013, 45 out of
the 78 approved first-in-class drugs discovered using target-based approaches,
were small molecules. When also considering systems-based approaches, the
number greatly exceeds biological types.

There are several reasons which explain the higher percentage of small
molecules over biologics. Despite being the only current cure for several diseases
and having opened a promising window to novel treatments[13], immunogenic-
ity is their major drawback. Once these proteins are administered to humans,
the immune system might respond to the exogenous agent triggering an im-
mune response that can range from a simple urticaria and fever to severe in-
flammatory responses and even death. The factors leading to such reactions are
unknown[14]. Moreover, the response can often not be predicted with animal
models.

Other drawbacks are related to the pharmacokinetic profile, the manufac-
turing and handling process:

- Biologics are usually obtained as a product of cell cultures which require
more resources and control than the chemical synthesis process by which
small molecules are obtained.

- They present solubility and stability problems. Proteins tend to aggregate
and denature, thus the half life of biologics is drastically shortened as
compared to small molecules which can be easily stabilized.
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- Pharmacokinetics issues. Administration is done intravenously because
oral absorption of proteins without denaturation is virtually impossible.
This hampers patient administration and adherence to the treatments.
Moreover, proteins can not cross barriers, and thus biologics are only
suitable for extra-cellular targets.

- The economic cost due to all the points listed above.

Despite their disadvantages, biopharmaceuticals offer a new tool for treat-
ments that were not achievable with small molecule approaches, and are part
of a fast growing sector of the pharmaceutical industry. The research in this
field is still emergent and is trying to address the main drawbacks, specially
those related to immunogenic problems[15, 16].

Small molecules, on the other hand, are better studied and present several
advantages with respect to biologics. Immunogenic responses are extremely un-
likely, and the attention is focused on the possible toxic effects due to off-target
activities. Our understanding in this field is broader: synthesis and manufac-
turing processes are better established than for biologics, the response of the
human body is better understood (even metabolic products can be predicted),
and most common toxic off-targets are identified allowing a pre-screening pro-
cess to test toxic effects[17]. The pharmacokinetic properties can be better
modulated and, therefore, many routes of administration are possible (e.g.
oral, topic, ocular, etc.), helping the patient to adhere to the treatment.

Considering the drug design process, biologics and small molecules follow
two completely distinct pathways. This thesis focuses on the still challenging
small molecule drug design.

1.1.3 The druggable genome

Targets are the main actors of a pharmacological treatment and it has always
been questioned how many of them are encoded in the human genome. Hopkins
and Groom coined the term druggable genome to conceptualize the portion of
the human genome that is susceptible to pharmacological interaction[18]. Many
publications have yielded estimations on the number of druggable and drugged
proteins there encoded[18, 19, 20]. The work by Rask-Andersen et al. provides
the most recent estimations with 555 targets for marketed drugs[13] and 475
novel targets currently in clinical trials.

Figure 1.3 shows the estimated number of proteins in the largest drug-target
families, the number of already established ones and those in clinical trials. In
the majority of families, the number of still unexplored proteins surpasses that
of the established ones and, therefore, novel systems and mechanisms of action
need to be investigated.

However, the low pace of discovery is evident: In a retrospective analysis,
out of the 19 new chemical entities and biologics approved each year by the
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Figure 1.3: Targeted portions of the largest drug-target families. Modified figure
from data in reference [13].

US Food and Drug Administration (FDA), only 4 are on average directed at
previously unexploited molecular targets [13]. This might be explained by the
increasing complexity of the unmet proteins and the lack of novel approaches
to target them.

In an effort to tackle this lack of novelty when approaching unmet targets,
a major research line of the group addresses the exploration of non-standard
mechanisms of action. To accomplish it, new methodological developments are
needed to escape from the knowledge-based approximations currently used in
drug design. In this scope, this thesis develops a novel methodology which
follows the line of research exposed.

1.2 Computer Aided Drug Design

The Drug design process is a mixture of state-of-the-art techniques and method-
ologies coming from various disciplines that synergize in a common task. Com-
putation nourishes the drug design process by proposing mathematical models
that help to rationalize experimental observations and to suggests hypotheses
to guide projects.

Two main classifications arise within the computational approaches to drug
design depending on the target structure availability: ligand-based approaches
(or Ligand-Based Drug Design - LBDD ) and structure-based approaches (or
Structure-Based Drug Design - SBDD ).

1.2.1 Ligand-based approaches

These approaches are independent of the knowledge of the drug target. The
structure of the active hits contains valuable information that ligand-based drug
design tries to exploit. In particular, the information gained is useful in the
pre-clinical processes of hit discovery and lead optimization:
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LBDD in hit discovery: The molecular structures and activities can be
used to build pharmacophore models and quantitative structure-activity rela-
tionship (QSAR) models. The former will help finding new molecules while
the latter can predict the activity of untested molecules.[21, 22]

LBDD in lead optimization: QSAR models, and other techniques, help
also to predict pharmacokinetic ADMET properties such as metabolic prod-
ucts, toxicity effects (e.g. hERG blockage prediction[23]), permeability to cell
membranes and many others. This information is useful to guide lead opti-
mization in a rational manner[24, 25].

Both applications depend on the quality and quantity of the data. The
more information is available, the better models can be constructed. In any
case, some active hits must be already known before conducting LBDD studies
and, therefore, this approach is not an option for the initial hit finding process.

1.2.2 Structure-based approaches

Structure based drug design (SBDD) aims to exploit the structural information
contained in the drug target for discovering and optimizing active molecules.
Therefore, one has to know the target (so this approach is only applicable
in target-based projects) and the target three-dimensional atomic structure
should be resolved.

With current developments in bioinformatics, gene-sequencing and molec-
ular biology techniques, drug targets are identified at an increased pace[26].
Thus target-based approaches, as discussed in the previous section, are still
a very promising way to guide drug discovery projects. Moreover, thanks to
technology advances (e.g. more precise and clear X-ray light, more potent
electromagnetic fields, etc.), crystallography and Nuclear Magnetic Resonance
(NMR) techniques can now easily elucidate many macromolecule structures at
very high resolution. The evolution of these techniques is directly linked to
the number of structures released and, as shown in Figure 1.4, the growth in
the last decade is notorious. Currently, the Protein Data Bank - PDB (main
database for macromolecular structures) contains more than 100.000 structures.

Despite this wealth of structures, the SCOP (one of the main authorities in
protein tertiary structure classification) currently identifies 1.390 different folds
independently of the origin organism. This value is surprising if we consider
that about 50.000 different proteins are estimated to be encoded in the human
genome. This gap between the number of proteins and the number of different
folds paves the road for homology modelling . In some situations where experi-
mental techniques fail to resolve a protein structure (e.g. membrane proteins,
transporters or receptors), it is still possible to predict the structure of the
target in study if the sequence is close enough to an already resolved homolog
protein. Generally, above a 30% sequence similarity, it is possible to obtain a
reliable structure estimate[28].
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Figure 1.4: Number of structures deposited in the PDB per year. Figure extracted
from Berman et al. publication[27].

In principle, knowing the target structure, we already have all the infor-
mation necessary to design effective, selective and safe drugs. Nevertheless, an
important gap between structure and a successful drug exists, and it is our un-
derstanding of the fundamental process of molecular recognition in biological
systems which is still limited, and so are the predictions. Unlocking the full
potential of structural information is an essential goal, with major repercus-
sions on the drug design process and it is a matter of continuous research.

SBDD exploits the structural information of targets for drug discovery in hit
identification (e.g. by conducting docking-based virtual screening campaigns)
and lead optimization (e.g. potency improvement by predicting binding affini-
ties or ADMET predictions based on off-target protein structures). Figure 1.5
depicts an example workflow for hit finding using docking-based virtual screen-
ing. Some key steps of SBDD which are relevant in this thesis are discussed in
the following sections.

Druggability assessment and binding site identification

One important task to reduce attrition rates in drug discovery that was some-
how omitted in early projects, is the assessment of target druggability . A target
is druggable (i.e. pharmacologically tractable) if it can ”bind a small molecule
with the appropriate chemical properties at the required binding affinity”[18].
Appropriate molecules might also be referred to as drug-like molecules. A cor-
rect classification of a macromolecule as either druggable or undruggable helps
to choose the appropriate target in early stages of the drug design process,
discarding those which are presumably more difficult to be modulated. Good
predictions have an evident economical impact on the project and help to redi-
rect all efforts to most promising targets. The assessment of druggability is
particularly relevant when targeting novel systems for which previous experi-
ence and data is scarce.
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Figure 1.5: Example structure-based drug discovery workflow.

The drug-like term is defined based on statistical studies, which dictate
a set of rules a molecule should fulfill (e.g. molecular weight, number of
hydrogen bonds, number of rotatable bonds, etc), for increasing the proba-
bility of success in the drug design of orally deliverable molecules. One of
the most followed theories is the Lipinski’s rule of 5, with more than 8500
citations[29, 30].

Druggability can be assessed either experimentally or computationally. The
former include the retrospective analysis of the hit rates in high-throughput
screening or fragment screening campaigns. Several publications demonstrate
a link between early hit rate discovery for a given target and final project
success[31, 32]. However, these approaches are not applicable in a prospective
manner and various computational methods have been developed to gain this
predictive ability based on the target structural information analysis[33, 34].

Usually, the first step for evaluating a protein’s druggability by computa-
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tional means is the identification of potential binding sites. For each of them,
several descriptors and properties are computed and, finally, a trained algo-
rithm processes the information to provide a druggability score or classification.
An a priori simple process starts with a very complex task: the identification
of the binding site.

The most common protein ligand binding site detection algorithms use
structural geometric information to detect concave cavities in the surface and
extract some descriptors of the spatial arrangement of atoms. The main objec-
tive is to distinguish the true ligand binding site from the rest of cavities in a
protein structure. All cavities are then ranked according to a trained scoring
function taking the calculated descriptors and properties as input. An average
success rate of 70% when considering the top ranking pocket, or 90% when
considering the top 5 ranking cavities, is documented[35, 36]. Fpocket [35, 37],
currently accumulating 185 citations, is a representative open source program
for binding site detection based on geometric criteria.

A second group of binding site finding algorithms is based on energetic ap-
proaches. The interaction energy of different chemical probes is estimated and
mapped on the protein surrounding three-dimensional space. In this case, the
binding site detection depends on the spatial arrangement of the lower energetic
interaction spots. The proprietary program SiteMap[38] is a representative of
this approach.

Depending on the descriptors used, the data set and training methods of
the scoring function, several programs with varying performance have been de-
veloped and are well reviewed elsewhere[39, 40].

Despite having different aims, computational binding site detection and
druggability assessment are usually linked because the latter depends, on a
great extent, on the former. Not surprisingly, many binding site detection pro-
grams have evolved to incorporate druggability estimation (e.g. the previously
cited Fpocket and SiteMap).

It is worth to notice that, in both the cavity detection by geometric ap-
proaches and the druggability estimation methods, a knowledge bias is intro-
duced by the training procedures. Thus, binding sites with novel characteristics
falling outside the training set properties, will be poorly scored. Moreover, the
flexibility of the target and the solvation effects are also overlooked. In the
following section, these limitations will be further discussed.

The method developed in this thesis offers an alternative view of binding
site identification, which is not based on protein surface descriptors, but on the
presence of binding hot spots[41].

Binding site characterization

Besides binding site identification, the correct characterization of the pocket
will likely increase the probabilities of drug design success. Binding sites specify
structural and physicochemical constraints that must be met by any putative
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ligand. Hence, it is imperative to analyze the constitution of the binding site
by mapping the characteristics that are essential for ligand recognition. This is
particularly relevant in first hit finding stages and for potency increase, when
small ligands are grown into new areas or the chemical structure is modified to
improve complementarity.

A detailed analysis of the receptor binding site should identify those regions
where most favorable non-covalent interactions are formed, i.e. the binding hot
spots. Several approaches directed toward this task are available and, generally,
can be classified in two main groups:

• Grid-based mapping: The space around the protein is partitioned
using a lattice and several probe atoms or small molecules are placed at
the different subspace divisions and evaluated for their interaction with
the protein. Several evaluation or scoring functions can be applied here to
obtain a fast energy estimation. These approaches provide visual results
easily interpretable, which are useful in guiding virtual screening or in
the process of ligand optimization. The algorithm is the same as for
energy-based binding site finding approaches although the information
here is interpreted with another objective. GRID[42] or SiteMap[38] are
representative programs.

• Simulation-based mapping: Several probe groups are randomly dis-
tributed over the protein surface and then subjected to minimization
and/or molecular simulations to obtain clusters at the local minima,
which help to identify the most favorable interaction sites. The Multiple
Copy Simultaneous Search (MCSS) method was the first representation
of these approaches, which uses minimization and Monte Carlo simula-
tions for sampling the protein surface[43]. Other recent approaches, use
aqueous-organic solvent mixtures and classical Molecular Dynamic (MD)
simulations to sample the protein surface and density maps for identify-
ing hot spots. The methodology presented in this thesis is one of the first
representatives of this latter approach. Therefore, it will be presented in
detail in the final section of the introduction.

Virtual screening and docking

After the binding site has been identified, the computational hit finding via
virtual screening (VS) follows. The objective is to find active molecules from
a pool of virtual compounds. The process can be either ligand-based, when
using similarity to known active ligands as a filtering tool (e.g. 2D or 3D
fingerprints), or structure-based, when the likelihood for binding to a target
is evaluated, i.e. the docking process[44]. When first hit molecules are found,
usually both approaches are combined to enrich the pool of molecules to be
docked (i.e. a similarity search followed by a docking process will likely increase
the probability of finding more active hits).

Figure 1.6 shows a typical workflow of a virtual screening run and incor-
porates tools and methodologies available at the different stages. The ligand
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database preparation will not be commented in this introduction, as it is a
topic on his own and is out of scope of the current thesis. However, the re-
ceptor preparation and the docking process are discussed, as the success of the
virtual screening largely depends on these stages.

Figure 1.6: The workflow of a virtual screening run against a specific target. The
typical workflow consists of a preparation phase for the ligand database and the
target structure (which includes the binding site identification and characterization,
if needed), followed by a molecular docking phase, and concludes with the post-
processing and compound selection phases. The molecular docking portion of the
screen is categorized according to the approach employed. This is not an exhaustive
list of molecular docking tools, but includes examples of common docking tools that
could be employed. In the post-processing phase, several approaches that might be
used are listed. Extracted from Lyne review in Drug Discovery Today[45].

The docking process is based on the principle of complementarity between
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the receptor and the ligand. The molecules in the virtual library are first fitted
into the cavity and the protein-ligand interactions are estimated to finally assign
a score to each molecule and binding mode. If scoring is correct, the molecules
with the lower energy values ranking at the top will be the most actives as well.
The advantage of this computational tool over experimental high throughput
screening is obvious: being virtual, there is no need to set up a biochemical
assay, neither purchase nor synthesize all the compounds to be assayed, leading
to a reduced time and cost expense.

However, the process of docking depends on two main factors that affect the
outcome in great measure: the conformational space sampling and the scoring
functions used. Both topics along with the receptor preparation will be dis-
cussed in the next section.

Once a final ranked list is obtained, an expert will carefully examine the top
ranking compounds and select those which are more likely to be active to be
experimentally assayed. To somehow simplify this subjective picking process
which depends on the user experience, a common task is to re-score the list
using several scoring functions and finally sort the compounds with a consensus
score[46], a process that may increase the hit success rate dramatically in some
cases: from 10% with a single scoring function to 40% or 70% when combining
two or three different scoring functions[47].

Selected molecules will be finally tested in a suitable biologic assay and,
once first hits are identified, both SBDD and LBDD approaches can be used in
combination to provide improved predictions for future iterations in the quest
for the most potent and safe drug candidate.

1.3 Current challenges in SBDD

In this section, some hot topics in structure-based drug discovery, which also
affect the methodology presented, will be discussed. Most of them directly
affect docking and virtual screening processes, which are the core in SBDD
approaches for hit identification.

1.3.1 Target flexibility

Protein structural flexibility is a key factor of many biological processes like
protein-ligand or protein-protein binding, signal transduction, macromolecule
assembly, allosteric regulation and others. It can be involved at different de-
grees: from a single side chain motion to a large loop rearrangement or even
partial protein unfolding. In the particular case of ligand binding, the opening
of the binding site in the presence of the ligand (induced fit) is a classical ex-
ample of flexibility being a key player in the process.

Though flexibility is crucial in many aspects of the binding process, it is a
common practice to treat the target as a static structure in many SBDD appli-
cations. There are several reasons for this simplification: with less degrees of
freedom, the problem is better manageable, computational costs are reduced
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(up to date, an important limiting factor) and the interpretation of results is
facilitated. Additionally, using multiple protein conformations requires that
the internal energy of the protein is properly considered, which is generally
not possible[48]. For all these reasons, the receptor is usually considered as a
rigid body or, in the best case, some side chains are allowed to move or a small
ensemble of conformations are used to represent the receptor[49, 50].

Molecular Dynamic simulations[51] are an excellent tool to study conforma-
tional changes and are a source of flexibility information. This methodology,
on its own or coupled to biasing potentials or free energy methods, allows
the explicit consideration of protein flexibility in the calculation. In this case,
the limiting factor is the current computational power, which permits to ex-
plore changes in the nano/micro-second timescale (with exceptions[52, 53]). It
is known, however, that major conformational changes take place at a much
slower pace (e.g. protein folding will occur within the millisecond to second
range). Moreover, the probability of observing the desired transition event is
related to the energetic barrier of such event. Therefore, complex conforma-
tional changes which require high energy transitions still require exhaustive
sampling and ”some luck” to sample the complete event.

Biasing techniques, such as metadynamics[54, 55], steered molecular dy-
namics (SMD)[56],or replica exchange[57, 58], were designed to overcome sam-
pling problems and have been successfully applied in many studies[59, 60, 61].
Nevertheless, the success of these biased sampling techniques greatly depends
on the bias introduced, which in turn depends on the correct interpretation
of the problem. Steered MD and Metadynamics, for instance, rely on a set of
collective variables which reduce the problem to a set of 1 or 2 variables (e.g.
a distance, a root mean square difference or a dihedral) that should describe
the entire process in study. The correct choice of such collective variables is
their main limitation. In replica exchange, a distribution of temperatures and
number of replicas must be appropriately chosen depending on the system size
to increase the probability of exchange. Thus, the computational costs of in-
creased sampling techniques largely exceed those for classical MD.

Owing to recent advances in computational power, which make it easier to
run molecular simulations in shorter time, many methodologies are starting
to incorporate classical MD-generated structures as part of the static analysis.
MDpocket[62], developed based on fpocket[37], is a binding site identification
program that, by reading different structures generated from a molecular sim-
ulation, identifies and treats binding sites and their properties as a dynamic
object. Ensemble docking can also take advantage of MD generated structures.

Summing up, although flexibility is key in many biological processes, its
incorporation to daily SBDD methodologies is still a major concern. Yet, the
demonstrated success of simplified models over the past years shows that, for
many applications, this problem reduction is still a good approximation. In
the results, we will study the impact of limiting or not protein flexibility in our
method, which is a combination of a fully flexible MD technique and a static
space representation.
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1.3.2 Water treatment

Water molecules are a key component of biological systems and act as or-
dered structural elements at binding interfaces. The mediation of ligand bind-
ing by water molecules has important consequences for binding affinity and
specificity[63]. It is therefore crucial to correctly identify those water molecules
that will bridge the protein-ligand interaction. However, this information may
become available at late drug discovery stages when some active ligands have
been already identified and the complex structure solved.

Although the successful prediction of the water molecule structure and ther-
modynamics would allow to correctly guide the drug design process,[64] many
computational methods approximate its behavior by means of mathematical
models (e.g. Generalized Born implicit solvation model) or empirical correc-
tions (e.g. solvation terms in docking scoring functions). Nevertheless, a correct
interpretation of the waters solvating a binding site will help to better define the
target cavity and conduct a virtual screening process with higher probabilities
of success. This information will also help to improve lead optimization stages
when more potency is needed, as displacing structured waters is favorable for
the ligand binding affinity[65]. For all these reasons, the study of the role of
water in the binding process is a hot topic in structure based drug design.

There is one prominent theory for characterizing the water structure in a
receptor binding sites: Inhomogeneous Fluid Solvation Theory (IFST)[66]. Im-
plemented in the popular software WaterMap by Schrödinger[67], the method
calculates several thermodynamic properties at the most probable water posi-
tions, obtained from a short MD simulation of the protein in explicit water.
The objective is to quantify the water binding affinity in terms of its thermo-
dynamic components (namely, entropy and enthalpy contributions). Knowing
the thermodynamic fingerprint helps to classify waters as displaceable or non-
displaceable. Non-displaceable waters will have a high binding affinity against
the protein cavity and are less likely to be displaced by a ligand, thus the
ligand very probably will interact with it. Despite being the best estimations
up to date, the method can roughly achieve a mild correlation to empirically
measured displaceabilities as recently measured for some target[68].

Understanding the role of water in the ligand recognition process is im-
perative to correctly suggest working hypotheses with a higher probability of
success. It is therefore an still open field of research.

1.3.3 Scoring functions in docking

The success of a docking run depends on three main factors: the correct def-
inition of the target binding site (including waters if necessary), the correct
sampling of the protein-ligand conformational space (which is often limited to
the ligand space, as previously discussed) and finally the way the protein-ligand
interaction is evaluated. Optimally, this evaluation of the interaction should
yield the exact binding affinity of the ligand towards the protein. This would
allow a rational modification and evaluation of ligands without the need for
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experimental validations. However, the correct estimation of binding affinities
is a very challenging task, which is only achievable within some acceptable er-
ror limits through costly and complex computation methodologies (e.g. free
energy methods, umbrella sampling, thermodynamic integration, and others)
usually involving molecular simulations[69, 70].

The application of such accurate and costly methods in a high-throughput
manner, as it would be required in virtual screening, is still impossible. The
solution is to sacrifice accuracy and gain speed by using empirically or statis-
tically derived scoring functions. These functions can evaluate a single pose
in milliseconds, but the ligand binding affinity estimation will barely correlate
with experimental values.

Current scoring functions include several terms describing the ligand-receptor
interactions from a mechanical point of view. The specific formula of each term
and the way they are combined make the difference between the large variety
of scoring functions available at the moment. Normally, all of them will include
some term referring to Van der Waals interactions for steric effects, Coulomb
for electrostatics, geometrical terms for hydrogen bonding interactions and a
desolvation term to account for the implicit solvation. All these terms are pa-
rameterized according to a training set, that is, taking into account previous
knowledge, a weighing factor is applied to each of them in order to reproduce
the experimental results. Then, if the function is not over-fitted, it will be
able to predict binding modes in novel systems which were not included in the
training set.

On average, docking software correctly predicts a ligand binding confor-
mation in about 80% of the cases. However, when discriminating active from
inactive molecules in a virtual screening run, the average ROC/AUC is about
0.7 (been 0.0 a very poor discrimination and 1.0 a perfect one) and an aver-
age enrichment factor of 22 is achieved in the top 1% of the ranked list[71].
The latter measure indicates how many times that portion of the ranked list is
enriched with active molecules.

Therefore, there is still ample room for improvement for docking, and there
is always uncertainty on the expected performance for a novel binding site,
which might be sufficiently different from the training set to lie beyond its scope.
For this reason it is important to find alternative computational approaches
that may supplement existing scoring functions and increase the chances of
success in virtual screening campaigns.

1.4 MDMix methodology

In 1997, Liepinsh and Otting described the presence of small organic molecules
in the binding site of Hen Egg White Lysozime (HEWL) in their NMR studies.[72]
Not only they described the ability of DMSO, methanol, acetonitrile and other
small co-solvents to bind in the protein active site, but they could also deter-
mine their binding affinity. The multiple solvent crystal structures (MSCS)
methodology, first published in 1999 by English et al., was also presented as a
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method to determine binding sites and hots pots using different organic solvent
mixtures[73, 74, 75]. This unspecificity is not surprising if we understand bind-
ing sites as regions naturally designed to be desolvated for binding substrates,
and the simple chemical structure of the co-solvents allows them to bind in one
way or another[76].

As discussed in previous sections, the correct identification and characteriza-
tion of binding sites is crucial for conducting a successful drug design campaign,
and these techniques can clearly help in such determination. However, it must
be feasible to produce protein and determine its structure in the presence of
the co-solvents, which is not possible for many systems.

Consequently, in 2009, Seco and Barril[41] developed a computational method
(MDmix) which uses molecular simulations to mimic the experimental tech-
niques. As an in silico version of previous experiment with aqueous-organic
mixtures by Otting, Mattos or English above referenced, the method simulates
the behavior of the target protein in a solvent mixture (an isopropanol-water
mixture in this case). The whole system is modeled and simulated using clas-
sical MD which allows the system to move and evolve in time. By calculating
the regions in space with higher occupancy of isopropanol molecules, the study
aims at identifying binding sites and to estimate the maximum binding affinity
a perfect ligand would attain upon binding. This latter measure was given as
an indicator of druggability (i.e. more druggable binding sites will have more
favorable estimated energies).

Since the initial publication, the method has been extended with different
solvent mixtures. As main objective of this thesis, we will investigate the
potential applications of different solvents in many aspects of drug design.
To completely understand the results presented in the following chapters, a
detailed explanation on how the method works is needed. But, before entering
into the core of the method, some key definitions should be considered:

MDmix keywords

Solvent mixture Pre-equilibrated solvent box used during the molecular
dynamics simulations to solvate the target in study. Usually composed by
one small organic amphiphilic molecule (e.g. ethanol) and water. The con-
centration of the mixture is variable (usually 20% w/w) and selected to grant
correct sampling in reasonable simulation time. The small organic molecule
composing the mixture with water will be named co-solvent. The mixture is
only once prepared by putting the molecules together in a box which is sim-
ulated to obtain a homogeneous and stable mixture. These pre-equilibrated
boxes are replicated as many times as needed to solvate the system under
investigation.

Co-solvent Small organic solvent molecule accompanying water in the sol-
vent mixtures, selected to be small for having fast diffusion rates and am-
phiphilic to ensure water miscibility and mimic small drug-like moieties.
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Each co-solvent molecule can bear different chemical moieties that will iden-
tify distinct interactions: the probes.

Probes Within each co-solvent molecule, the atom or group of atoms that
will be tracked during the simulation to construct the density and energy
maps. Each atom or group of atoms will identify a particular type of chem-
ical interaction. For example, the oxygen atom in the ethanol molecule
will identify hydroxyl interactions and the tail methyl the hydrophobic ones;
namely, hydroxyl probe and hydrophobic probe from ethanol.

Hot spot Low energy regions over the protein surface that will identify
most favorable interactions for a particular probe (e.g. hydrophobic hot
spots).

Replica Independent simulations with same system, same solvent mixture
and same parameter setup. Several replicas are usually run in parallel to im-
prove sampling and increase the probability of explore rare events (e.g. cavity
openings), always ensuring independent results by differential assignment of
velocities upon simulation.

Figure 1.7: MDmix keywords illustrated

The workflow

In Figure1.8, a basic MDmix workflow is depicted. Two main actors are needed
to setup a calculation: the solvent mixtures (selected according to the probes
one is interested in) and the target macromolecule (usually a protein but it
could also be a nucleic acid chain). After choosing the simulation parameters
(e.g. temperature, number of replicas, time of simulation, etc.), the calculations
can be submitted. MD simulation process, can be seen as a movie making
process: the atoms move during time and their movement is captured in a
trajectory.

All results are contained within these films or trajectories. The analysis
process in the lower box in Figure 1.8 highlights the most important steps for
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obtaining the results. The first step is the alignment of all the replica’s tra-
jectories to a single reference frame, usually the starting configuration of the
protein. Then, superposing a rigid grid that partitions the space, it is counted
how many times the probe atoms in the co-solvent fall in each of the small space
partitions (the grid points or voxels). In this way a density map is obtained.
For instance, in a simulation with ethanol and water mixture, a density map
for oxygen in ethanol will represent hydroxyl interactions (or hydrogen bond
donor and acceptor interactions in general) and the tail carbon will show hy-
drophobic interactions. Figure 1.9 show a minimum set of co-solvents which
covers the most basic chemical interaction types.

Calculate energy maps
for each probe

Calculate minimum
energy coordinates
for each probe or 

across probes

Target preparation

Selection of solvents
according to chosen probes

and number of replicas

Selection of MD parameters
Simulate all replicas and all

selected mixtures

Analysis process

Project setup MD simulations

Alignment of all
trajectories

to a common 
reference structure

Merge information 
from replicas belonging 

to same mixture

Calculation of
density maps for 

all probes

Figure 1.8: MDmix workflow

When multiple simulation replicas of the same mixture are calculated, the
density grids can be added up to obtain better converged results before con-
verting the densities to energies by applying the inverse Boltzmann relationship
in Equation 1.1,

∆G0
bind = −RTlnNi

N0
+RTln

Vsim
V0

(1.1)

where Ni is the observed number of counts in a grid voxel and N0 is the



1.4. MDMIX METHODOLOGY 25

expected number (calculated from the pre-equilibrated mixture without the
protein). The second term of the equation is an analytical expression needed
to obtain standard state free energies: Binding free energies should be reported
at 1M concentration, whereas the co-solvent concentration usually exceeds this
value. Therefore, Vsim is the simulation volume available to each co-solvent
molecule and V0 is the standard volume corresponding to 1M concentration
(1661 Å3)[77]. The final result is then one binding free energy map for each
probe simulated (e.g. if we simulate a target in ethanol mixture only, the out-
put will be one hydroxyl and one hydrophobic map).

NH2 H-bond donor

O H-bond acceptorCH3 Hydrophobic

OH H-bond donor 
and acceptor

ethanol acetamide

acetate

*OO- Negative charge

*both oxygen atoms are tracked together

NH3+ Positive charge

methylammonium

Figure 1.9: Example set of small organic molecules covering a basic range of chemical
interaction types.

The visualization and interpretation of 3D maps is sometimes tricky as a
handful of maps are available and each one can be represented with a different
isolevel. To ease the interpretation, a final process of minimum finding is car-
ried out. With this process, for each map, the lower energy spots are identified
and extracted as a set of xyz coordinates and an energy value. When multi-
ple probe maps are available, it is also possible to extract lower points across
probes. That is, if in certain region of the space there are two probes with
favorable binding energy, only the point with lower energy will be selected. In
this way, we can also know which is the most favorable interaction amongst all
calculated probes.

Overall, the process is not very complicated, results are easy to be visually
interpreted and the information we obtain is useful in many stages of the drug
design process. In the results, we will investigate how to use all this informa-
tion and which advantages it provides with respect to similar computational
techniques.
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The use of small organic solvents to reveal binding sites and to identify
most favorable interactions has been exploited by NMR and crystallography
studies[72, 75] and by recent computational methods like MDmix[41]. How-
ever, the particular application of different solvent mixtures in the drug design
process by these computational methods is still a currently emerging topic that
needs to be explored and validated.

General aims

Our objective is to validate and explore the computational use of organic sol-
vents in the drug design process using MDmix methodology, focusing on the
hit discovery and optimization stages. This thesis aims to optimize protocols,
assess the method performance and encourage the adoption of the technique.

Particular objectives

1 Study convergence and reproducibility of the results. Propose guidelines
on how to treat protein flexibility to obtain accurate and reproducible
results.

2 Applications in binding site characterization and hot spot mapping com-
pared to standard grid-based techniques. Exploration of the method’s
capabilities.

3 Facilitate the method application and adoption by the scientific commu-
nity by providing a software.

Results addressing these three particular objectives are discussed in the
next chapter.
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In this chapter the articles addressing the thesis objectives are presented.
For each work, a brief summary of the results, the discussion and conclusions
is presented before the actual journal article.

The first work investigates the effect of protein flexibility on the results to
understand how this important factor should be treated during protein sim-
ulation. The aim is to establish some guidelines for the correct application
of MDmix methodology and other structure based computational techniques
which also rely on target flexibility approximations.

In the second work, the accuracy in reproducing known pharmacophore
models for two well-known test systems is assessed with special attention on
how well the chemical types are matching and how precise is the 3D location
of the most favorable interaction spots within the protein binding site. In this
study, a comparison with other standard methods for binding site character-
ization is also included. Moreover, the capability of the method to discern
between displaceable and non-displaceable water molecules in the binding site
is investigated.

Finally, the third work presents a software package developed during the
method design. The aim is to make the methodology more accessible for non-
experts in molecular simulations.

3.1 Impact of flexibility in MDmix results

In the initial work by Seco et al.[41], the protein was embedded in an isopropanol-
water mixture and all the system was allowed to freely evolve during time
without restrictions. At the end of the simulation, the protein backbone was
superposed to the starting conformation to align all the trajectory, the space
surrounding the protein was partitioned using a grid representation and the
density for isopropanol was measured at each grid point. This creates a contra-
dictory scenario: free solvent and protein motion is captured on a rigid static
space representation. The impact of this paradox is evident when visualizing
the results: regions of the protein which underwent conformational changes
have no clear density of the co-solvent nearby. This is due to a blurring effect
that will hide potentially good interactions. So, should we remove or limit
protein motion? What will be the effect in the results from a qualitative and
a quantitative perspective?

Within a related study in 2011, Lexa and Carlson[78], using very similar
methodology, argued that only when the protein was completely flexible, the
real minimum would appear to identify the protein active site. When restraints
were applied to the protein motion, a myriad of spurious spots appear and the
active site could not be identified. These two statements were incompatible
with our results we were starting to have with limited protein motion. A year
later, several computational studies not based in MD simulations, also reported
results contradictory to Lexa and Carlson findings[79, 80].
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As a consequence of our concerns and previous contradictory publications,
the results presented in the following paper entitled ”Relationship between
protein flexibility and binding: lessons for structure-based drug de-
sign” study the pros and cons of limiting protein flexibility within MDmix
methodology and extrapolate the findings to structure based drug design in
general.

There are two main goals in this study:

• Understand the consequences of reducing protein flexibility in both the
qualitative and quantitative interpretation of the results.

• Establish some rules for correctly deciding when to do flexible simulations,
when to limit protein motion, and to what extent.

To solve these questions, the Hen Egg White Lysozime (HEWL) protein
was chosen to conduct all the experiments, enabling us to compare results
with previous publications. The protein was simulated using different solvent
mixtures: acetonitrile (ACN), ethanol (EtOH), methanol (MeOH), isopropanol
(IPA) and pure water and; in the case of ethanol mixture, using different re-
straining schemes and using different independent replicates.

Hereafter the results are summarized in four different groups depending on
the question addressed:

1 Validate the energy estimates obtained with the method: The
binding affinity was calculated for each co-solvent molecule in the pro-
tein active site and compared to the experimental measures published by
Liepinsh and Otting[72] obtained by NMR for this same system. Our
findings agree with the experimental values within a 1.5 kcal/mol error
range, which is within the best predictions obtained with computational
methods for non-covalent complexes up to date.

2 Give an explanation for Lexa and Carlson findings: After repro-
ducing their results and including other solvents in the study, we could
determine the reason why the global minimum was only determined using
flexible simulations: lack of sampling. In the rigid protein representation,
acetonitrile molecule used in the study, was not able to pass through the
narrow pocket neck. However, using ethanol, which is similar in chemi-
cal nature but more flexible, the minimum could be reproduced without
problem. This highlights the importance of a correct solvent sampling
that should be closely monitored. A more complex explanation can be
found in the manuscript.

3 Describe the quantitative relationship between local protein
fluctuations and predicted binding affinities: following an harmonic
oscillator model, an empirical relationship is derived which confirms a
logarithmic relationship between the local environment motion and the
binding affinity. The more flexible a region of the protein is, the more we
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are overestimating the real binding affinity. It is therefore not surpris-
ing that neglecting completely the flexibility, like it is common in many
SBDD applications, will have mild impact on the predictions when the
binding site is rigid (which tends to be the case for some natural binding
sites[81]). However, on protein regions more exposed and flexible (e.g.
protein-protein interfaces), this effect can be considerable, and should be
taken into account.

4 Suggest a practical guide for restrain application in MDmix:
After comparing the results between flexible and restrained simulations,
we demonstrate how letting the protein explore local conformations (by
applying soft forces to the protein atoms), one could estimate the binding
affinity with a minimal error and limit some of the troubles presented by
free simulations. In flexible simulations, each of the replicates adopted
a different conformation that made the results difficult to interpret, so
we recommend the use of soft restrained simulations when seeking accu-
rate quantitative predictions for a given protein ensemble. On the other
hand, when investigating the druggability of binding sites, we found that
flexibility was necessary to see the opening of induced pockets.

To conclude, depending on the application, one should either let the protein
explore different conformations to find probable binding sites or, when a confor-
mation is selected to be suitable for binding a molecule, the protein should be
restricted to obtain more accurate predictions for that particular conformation.
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ABSTRACT: Conceptually, the simplistic lock and key model
has been superseded by more realistic views of molecular
recognition that take into account the intrinsic dynamics of
biological macromolecules. However, it is still common for
structure-based drug discovery methods to represent the
receptor as static structures. The practical advantages of this
approximation, the notable success attained over the past few
decades with such simple models and the absence of clear
guidelines for weighing the pros and cons of accounting for
flexibility may prompt some investigators to stretch the rigid
model beyond its scope. Here, we investigate the relationship between protein flexibility and binding free energy and present
some useful hints for understanding when, and to what extent, flexibility should be considered. Using molecular dynamics
simulations of hen egg-white lysozyme (HEWL) with explicit aqueous/organic solvent mixtures and a range of restraint
conditions, we find out how artificially restricted mobility affects binding hot spots. Barring sampling errors or an inappropriate
choice of reference structure, we find that decreased mobility (measured as B-factors) leads to artifactually more negative binding
free energies, but a logarithmic relationship between both terms attenuates the errors. Consequently, ignoring flexibility may be
an acceptable approximation for intrinsically rigid regions (such as the active site of enzymes) but may lead to larger errors
elsewhere. For the same reason, local conformational sampling yields very accurate predictions and, owing to its practical
advantages, may be preferable to full conformational sampling for many applications.

■ INTRODUCTION

Predicting the binding free energy of noncovalent complexes
(ΔGbind) is the primary objective of computer-aided drug design,
as it enables the identification of new bioactive compounds and
rational optimization of initial hits.1,2 However, ΔGbind is an
elusive property that can only be attained if the molecular system
(including the solvent) and the bound−unbound transitions are
accurately replicated in silico. Since this is generally not feasible,
numerous approximations have been developed to reduce the
complexity of the system (e.g., implicit solvent), decrease the
degrees of freedom (e.g., limited conformational sampling),
consider the bound and unbound states only (e.g., linear
response theory), bypass physics with empirical relationships
(e.g., docking scoring functions), or settle for relative binding
free energies (ΔΔGbind) to a reference state (e.g., thermody-
namic integration of alchemical transformations). Several such
approximations are often used simultaneously, making it difficult
to evaluate their individual merits and limitations. Sampling the
conformational flexibility of the protein is particularly challeng-
ing and, though well recognized as a necessary consideration in
drug discovery,3,4 most often it is considered to a minimal extent
or simply neglected. The consequences of such approximation
are not well-understood and there have been conflicting reports,
with some authors suggesting that protein rigidity can cause loss

of binding affinity on some sites and the opposite effect on
others,5 a finding that has been challenged by other authors.6

With new software and hardware solutions, it has become
possible to bypass most approximations and to use unbiased
molecular dynamics (MD) simulations to identify the association
process of protein−ligand complexes, retrieving the correct
binding mode as well as their binding affinity and kinetic
constants.7−9 Such simulations are still limited by the molecular
mechanics framework, but at least on the protein side, molecular
force fields have proven as accurate as experimental method-
ologies.10 Unfortunately, even with the most advanced software
and hardware solutions only binding events in the microsecond
scale have been replicated in silico, while many drugs have slower
association rates and the typical residence time ranges from
minutes to hours.11 But proteins also display affinity for small
organic solvents, a feature that has proven useful in experimental
and computational hot spot and binding site identification.12,13

In this case, the whole binding and unbinding event takes only a
few nanoseconds and can be fully reproduced by MD
simulations.14 This provides an ideal test bed to investigate the
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relationship between protein flexibility and binding affinity,
which is the main goal of this study.
We have used MD simulations with explicit aqueous/organic

solvent mixtures (MDmix method)15 to identify binding hot
spots on hen egg white lysozyme (HEWL) and to investigate the
consequences of limiting protein flexibility. Comparison with
existing experimental data and with previous computational
results allows us to quantify the consequences of using a rigid
representation of the protein and to unravel the problems that
arise from including full flexibility in the simulations, namely
convergence and transferability of results.

■ MATERIALS AND METHODS
MD simulations of HEWL in different aqueous/organic solvent
mixtures (MDmix method) were used to identify the high
binding affinity spots (hot spots) over the surface of the protein
and to estimate their binding free energies using different
restraining schemes with varying strengths. The protein was
simulated in ethanol (EtOH), acetonitrile (ACN), methanol
(MeOH), and isopropyl alcohol (IPA) aqueous mixtures. EtOH
was chosen as the simplest representation of a druglike molecule
with fastest diffusion rate and is the basis for this study. The latter
three solvents where chosen for availability of experimental
binding data.13 Moreover ACN has been widely used in
theoretical studies on HEWL in hot-spot identification and is
used for comparison and cross-validation.5,6,16 After simulation,
binding free-energy grids are calculated and lower points
identified and quantified as hereafter described.
MDmix Simulations. HEWL protein structure was down-

loaded from the Protein Databank (PDB: 2lyo).16 All molecular
dynamics simulations were prepared and run following the same
protocol: the protein was protonated and termini-capped using
MOE.17 Using AMBER’s tLeap,18 the protein was placed in a
truncated octahedral box spanning 13 Å further from the solute
in each direction and solvated using pre-equilibrated solvent
mixture boxes (details on the preparation of the different solvent
boxes can be found in the Supporting Information). AMBER
force field 99SB was used to parametrize the system. The protein
and solvent were minimized for 3000 steps, initial velocities
assigned to obtain a distribution at 150 K and gradually warmed
up to 300 K in 800 ps in the NPT ensemble. The system was
further equilibrated for 1 ns at 300 K in the NPT ensemble. The
production part of the simulation was run in the NVT ensemble,
storing the coordinates every picosecond. During all equilibra-
tion and production steps, a Langevin thermostat with a collision
frequency of 4 was used; the cutoff for van der Waals interactions
was set to 9 Å, and the time step to 2 ps.
Different restraining schemes were used: the protein was

allowed to move freely (FREE simulations) or positional
restraints on all nonhydrogen atoms were applied with varying
intensity. Restraints are implemented as harmonic potentials
centered on the crystallographic coordinates with a force
constant of 1 kcal/mol·Å2 (HA1 simulations), 0.1 kcal/mol·Å2

(HA01 simulations), or 0.01 kcal/mol·Å2 (HA001 simulations).
For each condition, several independent replicas were run with

different seed numbers to ensure better sampling. A summary of
simulations run can be found in Table 1.
Binding Free-Energy Grids. AMBER’s ptraj program was

used to align the trajectories over a single reference structure (the
crystal coordinates). The density grids were calculated using a
custom program that allows tracking the center-of-mass of the
solvent molecules instead of particular atoms. A grid spacing of
0.5 Å was used to construct the density map. The resulting count

units were converted to free energies using the inverse
Boltzmann relationship, shown in eq 1:

Δ = −G k T
N
N

ln i

o
b

(1)

where the expected density (N0) was calculated dividing the
number of molecules in the equilibrated mixture box by the
equilibrated box volume (e.g., the equilibrated mixture of EtOH
20% had 17 EtOH molecules and an average volume of 7984 Å3;
N0 = 2.13 × 10−3 counts/Å3 per snapshot). Since the change in
free energy of the organic solvent molecules is caused by, and
measured at, the protein surface, from now on we refer to this
quantity as binding free energy.

Standard State Correction. The aqueous/organic mixtures
were prepared to a final concentration of 20% (v/v). In order to
compare the calculated binding free energies with published
experimental affinities, a standard state correction was analyti-
cally introduced to estimate the binding free energy at 1 M
concentration. In accordance with the literature,19 this cost can
be estimated as follows:

Δ = Δ +°G G k T
V
V

lnb
sim

0 (2)

where Vsim is the simulation volume accessible by each solvent
molecule and V0 is the standard volume corresponding to a 1 M
concentration (i.e., 1661 Å3). All binding free-energy values
reported in this work were corrected accordingly.

Hot Spot Binding Free-Energy Estimation.To provide an
estimate of binding free energy to a particular hot spot, the grid
point containing the minimum is identified and values 2 Å
around (considering the average radii of an atom) are averaged to
reduce possible artifacts introduced by the grid spacing. The total
hot spot binding free energy will be

Δ = − ⟨ ⟩β− ΔG k T eln G
hotspot
0

b
i
o

(3)

where <···> indicates an arithmetic average over the values
surrounding the minimum point and β the thermal factor (1/
kbT).

Hot Spot B-Factor Calculation. The B-factor value for a
particular hot spot is calculated from the trajectory using an in-
house program following the standard B-factor formula (B = 8π2

<x2>). Only protein atoms within 6 Å of the center of the hot
spot are considered.

Table 1. Summary of Simulations Run in This Work

solvent restraint scheme
replicas ×

simulation time

water free 1 × 20 ns
MeOH
(methanol 20% water)

free 3 × 20 ns

IPA
(isopropanol 20% water)

free 3 × 50 ns

ACN
(acetonitrile 20% water)

free 3 × 20 ns

heavy atoms (HA1, k = 1a) 3 × 20 ns
EtOH (ethanol 20% water) free 3 × 200 ns

heavy atoms (HA1, k = 1a) 3 × 20 ns
heavy atoms
(HA01, k = 0.1a)

3 × 20 ns

heavy atoms
(HA001, k = 0.01a)

3 × 200 ns

aForce constant in kcal/(mol Å2) units.
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Solvent-Exchange Plots. All solvent molecules visiting the
C-site along the trajectory were tracked using custom software
and results plotted using the python Matplotlib package.20 The
C-site was defined as the coordinate inside the cavity with
minimum binding free energy and added a tolerance of 2 Å
around.

■ RESULTS

Unbiased MDmix Simulations Reproduce Experimen-
tal Binding Data. Before proceeding to investigate the effect of
protein flexibility, we must confirm that MDmix simulations are
capable of correctly reproducing binding hot spots. HEWL was
the first system on which NMR solvent screening was described,
and the binding affinity of several organic molecules for the
catalytic site (C-site) was reported.13 The predicted ΔGbind for
ACN in this site is −1.25 ± 0.1 kcal/mol (see Methods for
calculation details), in good agreement with the experimental
value of −0.8 ± 0.1 kcal/mol. In the case of MeOH, the results
differ by at least 1.5 kcal/mol from the experimental data (−0.75
± 0.1 kcal/mol calculated vs +0.7 ± 0.1 kcal/mol or +1.4 ± 0.2
kcal/mol from the NMR data, depending on the observed
chemical shift13). A similar level of error is found for IPA:−2.0±
0.4 kcal/mol calculated vs 0.0 ± 0.3 kcal/mol, according to the
NMR experiments. With consideration of the nonobvious
relationship between the ensemble of molecular structures
provided by MD and the experimental observables (chemical
shift differences of one particular atom, W108 NεH, in this case),
the agreement is remarkable. MD approaches remain limited by
the quality of the force field, but consideration of protein
flexibility and explicit solvation bring about a major improvement
relative to standard methods: the corresponding values obtained
with a rigid description of the protein and an implicit solvent
method are −10.2 kcal/mol (ACN), −7.2 kcal/mol (MeOH),
and −11.6 kcal/mol (IPA).21
Simulations with all the organic solvents investigated confirm

that the C-site is the most favorable binding site (i.e., highest
occupancy and lowest binding free energy), but other putative
hot spots are also identified on the surface of HEWL, as shown in
Figure 1a for EtOH. Numerous crystal structures of HEWL with
organic solvents, larger ligands, or protein complexes confirm
that, besides the C-site, other sites are recurrently used to form

noncovalent complexes. As shown in Figure S1 of the Supporting
Information, these tend to overlap with hot spots derived from
the simulations, providing confidence on the quality of the
predictions. This allows us to investigate the effect of protein
rigidity on binding free energy, binding kinetics, and convergence
of results in the following sections.

Rigidity Favors Binding, With Exceptions. Protein
rigidity is generally associated with increased binding. This
becomes evident observing the distribution of binding hot spots
over the protein surface, as they tend to localize on rigid areas
(Figure S2 of the Supporting Information). A recent analysis of
hot spots occurring in protein−protein interfaces also suggests
that hot spots are located in “stability islands”, that is, regions of
the protein with lesser degree of mobility.22 In trying to explain
the avidity of hot spots to engage in noncovalent complexes,
many authors have pointed toward a tendency to become
desolvated,23,24 but reduced mobility of the site in the apo state is
a logical contributing factor, as it implies a lower entropic cost of
conformational selection. This is consistent with the fact that
structured proteins can achieve strong binding while intrinsically
disordered proteins display lower affinities.25 Introducing
artificial restraints has the same effect and, as previously noted
by Lexa and Carlson,5 when the protein is kept rigid, existing hot
spots acquire more negative ΔGbind values and a myriad of
additional hot spots emerge (Figure 1b).
However, protein rigidity can also cause the opposite effect.

This is the case of ligand-induced binding sites, as illustrated in
Figure S3 of the Supporting Information, where a modest shift of
position of the lateral chain of Asn93 is necessary to make a small
hydrophobic pocket accessible to EtOH molecules. Mutual, and
sometimes substantial, adaptation is a natural part of the binding
process (see the animations in the work by Giorgino, T. et al.26

for a visual example), and a rigid structure may conceal part of its
binding surface. This probably explains why apo structures yield
significantly worse results than holo structures in rigid receptor
docking.27,28 The same can happen if the initial structure
contains inaccuracies, as in the case of homology models
generated from low identity templates.27,29 In summary, rigidity
can cause both gain or loss of binding affinity, depending on
whether the reference structure is suitable for binding or not, but
the first situation is far more common on well-defined structures
and will be better-characterized in the next section.

Logarithmic Relationship between Protein Flexibility
and ΔGbind. In order to quantify the effect of protein rigidity on
binding affinity, it is useful to consider the thermodynamic cycle
depicted in Figure 2, according to which, the free energy of
binding to a constrained protein (ΔGbind′) can be related to the
intrinsic binding free energy (ΔGbind) as

Δ ′ = Δ + Δ − ΔG G G Gbind bind fix
PL

fix
P

(4)

Figure 1. Binding free energy of ethanol on the surface of HEWL
simulated: (a) without restraints (FREE) and (b) with strong restraints
(HA1). Left column: general hot spots overview at same isocontour
level (−1 kcal/mol). Right column: global minima at the level indicated
(in kcal/mol).

Figure 2. Thermodynamic cycle showing the relationship between free
energy of binding and free energy of restraining the protein
conformational space.
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WhereΔGfix
PL andΔGfix

P are the free-energy costs of rigidifying the
protein in the presence or absence of the ligand, respectively. It is
useful to consider the ideal situation where the protein atoms
surrounding the binding site behave as a harmonic oscillator. In
such a case, the cost of changing the mobility from a state i to a
reference state ref can be expressed as

Δ = − = −

= −
⟨Δ ⟩
⟨Δ ⟩

G RT
Z
Z

RT
k

k

RT
x
x

ln
1
2

ln

1
2
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i

i

fix
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ref
2

ref
2

(5)

where Z is the partition function, k the spring constant and ⟨Δx2⟩
the mean squared displacement (see the Supporting Information
for details). Introducing the last part of eq 5 in eq 4 and using a
common reference state, ΔΔGbind (ΔGbind − ΔGbind′ ) can be
expressed as

ΔΔ = Δ − Δ

= −
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This expression suggests that the change in binding free energy
upon protein rigidification should bear a logarithmic relationship
with the change of atomic mobility upon complex formation. In
other words, the binding free energy derived from restrained or
unrestrained simulations should be very similar for intrinsically
rigid sites, where ligand binding barely alters the mobility of the
site. If, on the other hand, ligand binding in the unrestrained state
causes a significant reduction of mobility, the difference in
calculated binding free energies will be larger but still limited by
the logarithmic relationship. This simplified model provides an
initial guess of the type of relationship that one should be looking
for.
Empirically, we have measured the binding free energy of

EtOH at 17 different sites on the surface of HEWL (Figure S4 of
the Supporting Information) in the free state (ΔGbind) and after
applying strong harmonic restraints (k = 1 kcal/mol Å2) on the
nonhydrogen protein atoms (ΔGbind′ ). The sites were selected for
having an estimated binding free energy below −0.3 kcal/mol,
and they include the C site (named hp1), sites validated by
superposition with crystal structures (Figure S1 of the
Supporting Information: names hp3, hp4, hp6, hp9, hp12,
hp13, and hp14) and others randomly chosen. We have also
calculated the average B-factor (B = 8π2<Δx2>) of the protein
atoms surrounding the hot spots in the free and restrained
simulations (B and B′, respectively). Plotting the relative change
of binding free energy (ΔGbind′ /ΔGbind) versus the logarithm of
the B-factors (Figure 3), we can see that most sites have a similar
slope (−0.4 ± 0.15) and therefore the change in ΔGbind caused
by protein rigidification can be anticipated from the change in
mobility by the following relationship:

Δ ′
Δ

= − ′ −
G
G

B B1 0.4(ln ln )bind

bind (7)

Δ ′
Δ

= − ′⎜ ⎟⎛
⎝

⎞
⎠

G
G

B
B

1 0.4 lnbind

bind (8)

Which can be rewritten as

ΔΔ = Δ ′⎜ ⎟⎛
⎝

⎞
⎠G G

B
B

0.4 lnbind bind (9)

It is noteworthy that binding sites with very different structural
and chemical properties conform to the same relationship. For
instance, the C site is mostly hydrophobic, relatively rigid and
occluded, while hp14 (shown in Figure S5 of the Supporting
Information), is very exposed, flexible, and positively charged.
Though the theoretical relationship (6) and the empirical one
(9) have similar forms, they are not equivalent, but it is
comforting to see that in both cases the change in binding free
energy has a logarithmic relationship with the change in mobility
of the binding site. In order to gain confidence on the empirically
derived equation, we have carried out additional simulations with
intermediate restraining forces [0.1 kcal/(mol Å2) and 0.01 kcal/
(mol Å2)]. As shown in Figure S6 of the Supporting Information,
a majority of the binding sites (11 out of 17) adapt to the
previously described empirical relationship with high correlation
coefficients (r2 > 0.8). This shows that, in many cases, the change
in binding free energy depends on, and can be predicted from,
the initial mobility of the site. Indeed, enforced rigidification has a
relatively mild effect on intrinsically rigid sites such the C-site
(overestimated by ∼1.5-fold) but leads to much larger errors on
flexible regions, whereΔGbind can be overestimated by a factor of
3. This finding indicates that the same approximation (e.g., rigid
receptor docking) may be acceptable or not depending on the
nature of the binding site.

Protein Rigidity Alters the Ligand Exchange Pathway.
As discussed, protein rigidity generally leads to more favorable
binding free energies. However, Lexa and Carlson reported that
the hot spot corresponding to the C site of HEWL essentially
disappeared when the protein was kept rigid.5We find that the C-
site adopts the same conformation in the apo and holo states,
discarding the possibility of a ligand-induced effect. Further, in
our simulations with EtOH, binding affinity increases upon
protein rigidification, as expected (Figure 1b). Since Lexa and
Carlson used ACN as organic solvent, we have replicated those
experiments in order to understand the causes of such conflicting

Figure 3. Binding free energies (relative to the free simulation: ΔGbind′ /
ΔGbind) plotted against the mobility of the binding site (in logarithmic
scale) corresponding to eq 7. The binding free energy of EtOH and the
B-factor of the binding site was calculated at 17 different positions from
free (ΔGbind; B) and restrained (ΔGbind′ ; B′) MD simulations. Restricted
mobility has similar consequences for most binding sites, with an
average slope of −0.4 ± 0.15.
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results. Surprisingly, ACN does not visit the C site in the course
of 60 ns, while in the flexible simulation, we observe several
binding events for the same period of time, but we also noted that
if an ACN molecule is placed in the binding site in the beginning
of the restrained simulations, it remains there for the whole
period (Figure S7 of the Supporting Information). This indicates
that ACN molecules cannot diffuse in and out of the binding site
when the protein is held rigid, which is explained by the tight fit of
the complex (Figure S8 of the Supporting Information) and the
rigid nature of ACN. Entering and leaving the binding site likely
requires a small breathing movement on the protein side, which
cannot be accomplished if the protein atoms are restrained. In
spite of the similarity between EtOH and ACN, both in terms of
the chemical structure and in the way they bind to the C site,30

the more compact shape of EtOH allows it to exchange in all
simulations (Figure S9 of the Supporting Information). Even
when the protein adopts the same conformation in the apo and
holo states, as it is the case here, transient fluctuations may be
necessary to facilitate ligand exchange. Not surprisingly then, one
of the consequences of making the protein rigid is an alteration of
the association pathway and a concomitant increment in the
energy of the transition state, leading to slower on- and off-rates.
In itself, a change in the association pathway should not affect
ΔGbind because it is a state function. But in the case of ACN,
protein rigidity creates an insurmountable barrier, making it
impossible to recover the bound state. Naturally, thermodynamic
parameters can only be inferred if sampling is correct and solvent
exchange should be closely monitored in MDmix simulations.
End-state methods, on the other hand, simply ignore the binding
process, and it is therefore not surprising that binding of ACN to
the C-site is correctly predicted by FTMAP and GCMC, even if
the protein is represented as a rigid body.6,31

Protein Rigidity Facilitates Convergence of Calculated
ΔGbind. Sampling the protein conformational space requires
extremely long simulations, and obtaining an equilibrated
distribution of the solvent (and ligands) around the protein for
each one of the main conformational states makes convergence
even harder to achieve. This is exemplified in Figure 4, where the
predicted binding free energy of EtOH for the C-site of HEWL is
calculated along three independent 200 ns MD simulations.
Starting from the same initial structure, each replica reaches
different conformational states with characteristic binding free
energies and solvent-exchange properties (Figures S10−S11 of
the Supporting Information). The macroscopic binding affinity
corresponds to the average between these and other states, with
exchange rates between them far surpassing the time that is
amenable to simulation. In such circumstances, limiting protein
flexibility provides a significant advantage in terms of
convergence, but this should be balanced against the error in
ΔGbind caused by the artificial restraints. This is illustrated in
Figure 5, where the average ΔGbind of EtOH for the C-site is
plotted against the average B-factor obtained under different
restraining schemes. As indicated by the error bars, unrestrained
simulations span a wide range both in the B-factor and theΔGbind
axes. Expanding the simulation time changes the average value
but retains the variability. At the other end, strong restraints
produce simulations that are invariable in the B-factor coordinate
and have very small standard deviation of the ΔGbind value even
after very short simulation times (20 ns). But, as discussed in the
previous section, this leads to a significant error in the estimated
value. Weak restraints offer a good compromise between
precision and accuracy since, contrary to unrestrained simu-
lations, predicted ΔGbind from independent replicas converge

rapidly and continuously (Figure 4). Such mild restraints prevent
large conformational changes but do allow for local conforma-
tional sampling. Accordingly, the B-factors are reduced by a
factor of approximately 2. On virtue of the logarithmic
relationship between mobility and ΔGbind, this causes only a
small overestimate of this property. Using mild restraints, one
desists from exploring the whole conformational space available
to the protein, but this has a small impact on accuracy and
sampling becomes only limited by the diffusion rate of the ligand.
For all the organic solvents investigated here, 20−50 ns are
sufficient to obtain consistent results under these circumstances.
Even for an intrinsically rigid site, such as the C-site of HEWL,
unrestrained simulations would require several orders of

Figure 4. Convergence of binding free-energy predictions. Predicted
ΔGbind for the hot spot located at the C-site is represented at various
time points along the 200 ns trajectories. Three independent replicas
(dotted lines), their average value (solid lines), and the standard
deviation (colored areas) are represented for the FREE (green) and
HA001 (i.e., soft restraints) simulations (blue). Data can be found in
Table S1 of the Supporting Information.

Figure 5. B-factor and binding free-energy variability in the C-site of
HEWL, as a function of time and restraining scheme. Mean values
(dots) and standard deviations (error bars) are calculated from 3
independent replicas of EtOH MDmix simulations under different
restraining forces [FREE: no restraints; HA001: k = 0.01; HA01: k = 0.1;
HA1: k = 1 kcal/(mol Å2)] and simulation times (20 and 200 ns).
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magnitude longer MD simulation to reach a similar level of
confidence.
Protein Rigidity Facilitates Interpretation and Trans-

ferability of Calculated ΔGbind. Often, proteins are probed
with specific atom types or chemical moieties, and the results are
extrapolated to larger ligands. This is the case in hot spot
mapping,32 identification of potential pharmacophores,33 or in
precalculated interaction potentials used in docking programs.34

In such cases, it is important that interaction patterns can be
visually interpreted and thatΔGbind values obtained with a probe
are transferable to larger ligands. Full protein flexibility may not
be advisible in such cases because some protein regions adopt
conformations with very different molecular recognition patterns
that, when averaged out, become uninterpretable. This is
illustrated on 3 EtOH binding hot spots that appear next to
the main binding site (Figure S12 of the Supporting
Information). In the absence of restraints, residues Trp62,
Trp63, Arg73, Leu75, and Asp101, explore two different states:
an open conformation corresponding to the crystal structure
(Figure S12a of the Supporting Information) and a closed
conformation in which Arg73 bends and closely interacts with
Asp101, rendering two of those spots partly inaccessible (Figure
S12b of the Supporting Information). The closed conformation
was also observed during the simulation in pure water, excluding
the possibility of an artifact or denaturation due to the cosolvent.
The subset of the flexible trajectory adopting conformations
similar to the crystallographic structure provides equivalent
results to the restrained simulation, while in the fully flexible
simulation, the two states become entangled. Large ligands will
preselect either one of those two conformations, hence it would
be more meaningful to use ΔGbind values derived from the
relevant conformation rather than from the scrambled states
explored in the free simulation. Additionally, in the absence of
restraints, the protein may adopt solvent-specific conformations
or even denature,35 in which case the conformational sampling
obtained with the probe would be irrelevant for the ligand-bound
state.

■ CONCLUSIONS
Proteins are very flexible entities, and their conformational
freedom has major consequences for binding. Taking protein
flexibility fully into account would seem the ideal solution, but it
presents major methodological as well as practical challenges. In
contrast, using a single receptor structure is a very crude
approximation but its simplicity is very appealing and has been
used with reasonable success for many years. Striking the right
balance between those two extreme situations is key to achieve
satisfactory results. Here we have studied the relationship
between protein flexibility and binding, obtaining clues to choose
the necessary level of flexibility for a given application. Proteins
should never be constrained when the goal of the simulation is to
recapitulate the binding event and/or the kinetic parameters
because, as experimentally observed in viscous environments,36

dampening protein mobility causes alteration of the ligand
exchange pathways. In extreme cases, ligand exchange may be
seriously hampered, preventing the system from reaching
thermodynamic equilibrium. This effect explains the lack of
ACN density observed in the C-site of HEWL, rather than an
intrinsic limitation of rigid structures to identify proper minima,
as was suggested by Lexa and Carlson.5 Besides inadequate
sampling, neglecting protein flexibility will only fail to find true
minima if the selected conformation is not suitable for binding
(e.g., cryptic sites, lack of ligand fit). In all other cases, protein

rigidity favors binding. This is true both for natural and simulated
systems: hot spots locate on intrinsically rigid parts of the
protein,22 while artificial rigidity leads to exaggerated binding
affinities. We have found a logarithmic relationship between
those two variables, meaning that small changes in protein
flexibility have minimal consequences on ΔGbind, but absolute
rigidity may cause errors of several fold in the predicted value,
particularly on very flexible sites. This indicates that using a single
structure may be acceptable for binding sites that are intrinsically
and homogeneously rigid but is a poor approximation on binding
sites with a heterogeneous distribution of flexibility because
interactions with the more mobile parts will be artificially
exaggerated relative to others. Interestingly, a large majority of
structure-based drug discovery efforts have focused on enzyme
active sites, which display a much lower level of mobility than the
average protein surface.37 Although formally incorrect, the lock-
and-key approximation may be approximately valid in those
pockets. Our results warn that the same should not be expected
on more dynamic sites such as those found in GPCRs, protein−
protein interfaces, or allosteric pockets. We have also shown that
most hot spots display a change in binding free energy that can be
predicted from the mobility of the protein atoms in the free state.
This information could be used to take flexibility into account in
an implicit manner, a possibility that we will investigate in the
future. Finally, we have shown how unrestrained protein mobility
hampers convergence, transferability, and interpretability of the
results. Soft restraints appear as an attractive option to allow local
conformational sampling with a minimal impact on predicted
ΔGbind, affording significant gain in computational efficiency and
preserving the univocal relationship between a given protein
structure and the calculated interaction potentials, which
facilitates visual interpretation. Taking larger conformational
changes into account may require full protein flexibility, but it is
also possible that, as is the case for docking, using a few carefully
selected experimental structures may be a more realistic and
productive alternative.38,39 Ultimately, choosing the right level of
flexibility will depend on the goal of each individual investigation
and the nature of each particular system. We trust this study
provides useful hints to make the right decision.

■ ASSOCIATED CONTENT
*S Supporting Information
Additional information on the preparation of the solvent
mixtures for simulation, eq 5 derivation, and additional images,
tables, and figures. This material is available free of charge via the
Internet at http://pubs.acs.org.

■ AUTHOR INFORMATION
Corresponding Author
* Address: Departament de Fisicoquiḿica, Facultat de Farmac̀ia,
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Relationship	  between	  protein	  flexibility	  and	  binding:	  lessons	  for	  structure-‐based	  drug	  
design	  

	  
Daniel	  Alvarez-‐Garcia	  and	  Xavier	  Barril	  

	  
Departament	  de	  Fisicoquímica,	  Facultat	  de	  Farmàcia,	  Universitat	  de	  Barcelona,	  Av.	  Joan	  XXIII	  s/n,	  08028	  Barcelona,	  

Spain.	  
	  
	  
	  
	  
	  
	  

SUPPLEMENTARY	  METHODS	  
	  
Acetonitrile	  mixture	  box	  preparation.	  Forcefield	  parameters	  were	  extracted	  from	  the	  Amber	  Parameter	  Database	  
ACN	  solvent	  box.1A	  cubic	  box	  with	  17	  ACN	  molecules	  and	  209	  TIP3P2water	  molecules	  (which	  approximates	  a	  20%	  
(v/v)	  concentration)	  was	  prepared	  with	  the	  tLeap	  module	  of	  AMBER3	  and	  subsequently	  minimized,	  warmed	  up	  to	  
300K	  and	  equilibrated	  for	  a	  total	  of	  10ns	  using	  sander.	  	  
	  
Ethanol	  mixture	  box	  preparation.	  Most	  forcefield	  parameters	  are	  readily	  available	  for	  ethanol,	  as	  it	  resembles	  the	  
side	  chain	  of	  serine,	  and	  only	  the	  electrostatic	  charges	  had	  to	  be	  parameterized	  using	  the	  RESP	  procedure.4	  Table	  S2	  
lists	   the	  set	  of	  parameters	  used.	  The	  box	  was	  constructed	   in	  the	  same	  way	  as	  ACN	  box	  using	  the	  same	  number	  of	  
molecules	  (17	  EtOH	  molecules	  and	  209	  waters)	  as	  the	  empirical	  densities	  are	  very	  similar	  for	  both	  solvents.	  
	  
Methanol	  and	  isopropanol	  mixtures	  box	  preparation.	  The	  procedure	  is	  the	  same	  as	  for	  ethanol.	  Table	  S3	  and	  S4	  
show	  the	  atom	  type	  and	  charge	  assignment.	  
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SUPPLEMENTARY	  TABLES	  
	  
Table	  S1.	  Data	  for	  plot	  in	  Figure	  3.	  
	  
	  

Free	   10ns	   20ns	   30ns	   40ns	   100ns	   200ns	  
Replica	  1	   -‐1.44	   -‐1.30	   -‐1.16	   -‐1.10	   -‐1.16	   -‐1.11	  
Replica	  2	   -‐1.44	   -‐1.44	   -‐1.24	   -‐1.12	   -‐1.40	   -‐1.23	  
Replica	  3	   -‐1.61	   -‐1.67	   -‐1.54	   -‐1.40	   -‐1.60	   -‐1.60	  
Restrained	   10ns	   20ns	   30ns	   40ns	   100ns	   200ns	  

Replica	  1	   -‐1.37	   -‐1.49	   -‐1.49	   -‐1.47	   -‐1.49	   -‐1.51	  
Replica	  2	   -‐1.63	   -‐1.63	   -‐1.62	   -‐1.59	   -‐1.59	   -‐1.61	  
Replica	  3	   -‐1.36	   -‐1.44	   -‐1.46	   -‐1.52	   -‐1.59	   -‐1.60	  

	  
	  
Table	  S2.	  Atom	  types	  and	  partial	  charges	  used	  for	  EtOH.	  The	  van	  der	  Waals	  parameters	  and	  bonded	  terms	  are	  those	  
associated	  with	  these	  particular	  atom	  types	  in	  the	  Amber	  forcefield.	  
	  
	  

Scheme	  EtOH	   Atom	  name	   Atom	  type	   Partial	  charge	  

	  
	  

C1	   CT	   -‐0.2502	  
C2	   CT	   0.5193	  
O1	   OH	   -‐0.7114	  
H1	   HO	   0.4147	  
H2	   H1	   -‐0.0822	  
H3	   H1	   -‐0.0822	  
H4	   HC	   0.0640	  
H5	   HC	   0.0640	  
H6	   HC	   0.0640	  

	  
	  
	  
Table	   S3.Atom	   types	   and	   partial	   charges	   used	   for	  MeOH.	   The	   van	   der	  Waals	   parameters	   and	   bonded	   terms	   are	  
those	  associated	  with	  these	  particular	  atom	  types	  in	  the	  Amber	  forcefield.	  
	  
	  

Scheme	  MeOH	   Atom	  name	   Atom	  type	   Partial	  charge	  

	  
	  

C1	   CT	   0.25021	  
O1	   OH	   -‐0.68340	  
H1	   HO	   0.42740	  
H2	   H1	   0.00130	  
H3	   H1	   0.00130	  

H4	   H1	   0.00130	  
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Table	  S4.	  Atom	  types	  and	  partial	  charges	  used	  for	  IPA.	  The	  van	  der	  Waals	  parameters	  and	  bonded	  terms	  are	  those	  
associated	  with	  these	  particular	  atom	  types	  in	  the	  Amber	  forcefield.	  
	  
	  

Scheme:	  IPA	   Atom	  name	   Atom	  type	   Partial	  charge	  

	  

	  
	  
	  
	  

	  

C1	   CT	   -‐0.4282	  
C2	   CT	   0.6378	  
C3	   CT	   -‐0.4281	  
O1	   OH	   -‐0.7426	  
H1	   HC	   0.1027	  
H2	   HC	   0.1027	  
H3	   HC	   0.1027	  
H4	   HO	   0.4202	  
H5	   H1	   -‐0.0753	  
H6	   HC	   0.1027	  
H7	   HC	   0.1027	  
H8	   HC	   0.1027	  
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DERIVATION	  
	  
Relationship	  of	  a	  classical	  harmonic	  oscillator	  with	  the	  mean	  squared	  displacement.	  
	  
For	  a	  classical	  harmonic	  oscillator:	  
	  

	   	  
(5)	  

	  
where	  x	  is	  the	  displacement	  from	  the	  reference	  position	  (xi-‐x0).	  Hence	  the	  partition	  function	  of	  the	  system:	  

€ 

Z = e
−
1
2
k
RT

x 2

∫ dx	   	   (6)	  

Which	  can	  be	  solved	  analytically:	  

€ 

Z =
2πRT
k 	   	   (7)	  

	  
Therefore,	  the	  difference	  in	  free	  energy	  between	  two	  such	  systems	  (assuming	  that	  they	  have	  the	  same	  kinetic	  
energy)	  is:	  	  

	   	  
(8)	  

	  
Also,	  for	  the	  harmonic	  oscillator,	  the	  maximum	  displacement	  that	  can	  be	  achieved	  (amplitude,	  A)	  relates	  to	  the	  
mean	  squared	  displacement	  (〈x2〉)	  in	  this	  form:	  
	  

€ 

〈x 2〉 =
1
2
A2
	   	   (9)	  
	  

At	  the	  same	  time,	  A	  is	  limited	  by	  the	  thermal	  energy:	  
	  

	  

€ 

1
2
kbT =

1
2
kA2

	   	   (10)	  
	  

where	  kb	  is	  the	  Boltzmann	  constant	  and	  T	  is	  the	  temperature	  at	  which	  the	  experiment	  is	  carried	  out.	  Combining	  the	  
two	  previous	  equations	  and	  reorganizing,	  we	  obtain:	  
	  

€ 

k =
kbT
2〈x 2〉 	   	   (11)	  

	  
So,	  finally	  we	  get	  to	  this	  relation	  (note	  we	  have	  changed	  the	  nomenclature	  from	  x	  to	  ∆x	  to	  make	  its	  meaning	  more	  
explicit):	  
	  

ΔG = −RT ln Z1
Z2

= −
1
2
RT ln k2

k1
= −

1
2
RT ln 〈Δx

2 〉1
〈Δx2 〉2 	   	   (12)

	  

€ 

U(x) =
1
2
kx 2

€ 

ΔG = −RT ln
Z1
Z2

= −
1
2
RT ln

k2
k1

48 CHAPTER 3. RESULTS



	  

-‐S5-‐	  

SUPPLEMENTARY	  FIGURES	  
	  
Figure	  S1.	  Overview	  of	  ethanol	  binding	  hot	  spots	  (orange	  mesh:	  ΔGbind	  isocontour	  of	  -‐0.8	  kcal/mol),	  superimposed	  
with	  ligands	  from	  PDB	  structures	  3RW8	  (EtOH	  at	  40%),	  3AJN	  (aminomethylamide)	  and	  2HJ9	  (anti-‐HIV	  agent	  Ni+2-‐
xylylbicyclam).	  Front	  view	   (top)	   and	  back	  view	   (bottom).	  Blue	   colored	  atoms	  are	  within	  4	  Å	  of	   a	  protein-‐protein	  
interface	  (PDB	  files	  used:	  3M18,	  3G3A,	  2I25,	  1ZVH,	  1ZV5,	  1UUZ,	  1T6V,	  1RJC,	  1RI8,	  1MEL,	  1JTO,	  3G3B,	  3F6Z,	  2I26,	  
1ZVY,	  1ZMY,	  1XFP,	  1SQ2,	  1JTT,	  1GPQ,	  2ZNX	  &	  2ZNW).	  
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Figure	   S2.	   HEWL	   colored	   by	   the	   average	   B-‐factor	   calculated	   from	   3	   independent	   MD	   simulations.	   The	   color	  
spectrum	   ranges	   from	  a	  maximum	  value	  of	   100	   (red)	   to	   a	  minimum	  of	  20	   (blue).	  The	  orange	  mesh	   represents	   a	  
ΔGbind	   for	   EtOH	   in	   the	   rigid	   replicas	   and	   the	   green	   surface	   represents	   the	   energy	   values	   for	   EtOH	   in	   the	   flexible	  
replicas,	  both	  at	   same	   isocontour	  value.	  Three	  views	  are	  presented:	   front	   (top),	  back	   (middle)	  and	  a	  detail	  of	   the	  
region	  near	  Thr47	  and	  Arg45,	  where	  maximum	  differences	  can	  be	  observed	  both	  in	  terms	  of	  flexibility	  and	  observed	  
binding	  preferences	  of	  EtOH	   (bottom).	  Note	   that	   isocontours	   coincide	   the	  most	   on	   the	   rigid	   (blue)	   areas	   and	   the	  
least	  on	  the	  flexible	  (red)	  areas.	  
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Figure	  S3.	  EtOH	  induces	  a	  Asn93	  conformational	  change	  opening	  a	  small	  hydrophobic	  pocket	  not	  present	  in	  rigid	  
simulations.	   Protein	   conformation	   and	   surface	   after	   20ns	   of	   flexible	   simulation(in	   yellow)	   is	   compared	  with	   the	  
crystallographic	   conformation	   of	   ASN93	   (grey).	   For	   comparison,	   the	   energy	   values	   for	   the	   rigid	   simulations	   (red	  
isomesh)	  are	  compared	  with	  the	  energy	  values	   from	  flexible	  simulations	  (green	   isomesh).	  Notice	   the	  bigger	  more	  
favorable	  hot	  spot	  appearing	  in	  the	  flexible	  case.	  
	  
	  

	  
	  
	  
	  
	  
Figure	  S4.	  Location	  of	  17	  studied	  hot	  spots	  over	  HEWL	  surface.	  
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Figure	  S5.	  Detail	  of	  hot	  spots	  14	  (hp14)	  in	  a	  very	  exposed	  area	  near	  C-‐terminal	  ARG128	  and	  LEU129.	  	  
	  
	  

	  
	  
	  
	  
Figure	  S6.	  Binding	  free	  energies	  (relative	  to	  the	  free	  simulation:	  ∆G’bind/∆Gbind)	  plotted	  against	  the	  mobility	  of	   the	  
binding	   site	   (in	   logarithmic	   scale).	   The	   binding	   free	   energy	   of	   EtOH	   and	   the	   B-‐factor	   of	   the	   binding	   site	   was	  
calculated	  at	  17	  different	  positions	  from	  free	  MD	  simulations	  and	  from	  simulations	  with	  restraint	  strengths	  of	  0.01,	  
0.1	  and	  1kcal/mol·Å2.	  From	  all	  the	  17	  hotspots	  studied,	  11	  had	  an	  R2	  value	  >	  0.8	  and	  are	  plotted	  here.	  
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Figure	   S7.	   ACN	   simulations	   solvent	   exchange	   in	   the	   active	   site	   of	   HEWL.	   The	   two	   rows	   correspond	   to	   the	   rigid	  
simulations	  (HA1,	  top),	  and	  unrestrained	  simulations	  (Free,	  bottom).	  Three	  independent	  replicas	  were	  run	  for	  each	  
condition,	  the	  first	  one	  starting	  with	  an	  ACN	  molecule	  in	  the	  active	  site.	  Solvent	  molecules	  within	  1.5Å	  of	  the	  central	  
carbon	  of	   ethanol	   in	  PDB	  structure	  1YXK	  were	   identified	  at	   each	   snapshot	   and	   represented	   in	   the	  plots	  with	   red	  
colored	   dots	   for	   water	   molecules	   and	   purple	   colored	   dots	   for	   ACN	   molecules.	   Y-‐axis	   represents	   the	   molecule	  
number	  and	  x-‐axis	  the	  simulation	  time.	  The	  two	  molecule	  numbers	  with	  higher	  residence	  time	  has	  been	  highlighted	  
in	  y-‐axis	  for	  each	  molecule	  type.	  
	  
	  
	  
	  

Replica	  1	   Replica	  2	   Replica	  3	  

	  
One	  ACN	  molecule	  present	  in	  the	  beginning	  
remains	  inside	  the	  whole	  of	  the	  trajectory	  

	  
Approximately	  250	  water	  molecules	  visit	  the	  
binding	  site	  but	  no	  ACN	  molecule	  ever	  enters	  

	  
Approximately	  210	  different	  water	  molecules	  
visit	  the	  binding	  site	  but	  no	  ACN	  molecule	  ever	  

enters	  

	  
The	  ACN	  molecule	  present	  in	  the	  beginning	  
leaves	  after	  ~5ns.	  A	  second	  one	  occupies	  the	  

binding	  site	  for	  ~4ns.	  

	  
One	  ACN	  molecule	  enters	  during	  equilibration,	  

leaves	  for	  nearly	  10ns	  and	  enters	  again.	  

	  
One	  ACN	  molecule	  enters	  shortly	  after	  the	  start	  
of	  the	  simulation	  and	  remains	  inside	  the	  whole	  

period.	  
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Figure	  S8.	  Front	  (top)	  and	  side	  (bottom)	  view	  of	  the	  binding	  mode	  of	  ACN	  (left)	  and	  EtOH	  (right)	  taken	  from	  the	  X-‐
ray	   crystallographic	   structures	   with	   PDB	   id	   2LYO	   and	   1YKX	   respectively.	   Note	   the	   coincidence	   of	   shape	   and	  
chemical	  features.	  
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Figure	   S9.	   EtOH	   simulations	   solvent	   exchange	   in	   the	   active	   site	   of	  HEWL.	  The	   two	   rows	   correspond	   to	   the	   rigid	  
simulations	  (HA1,	  top),	  and	  unrestrained	  simulations	  (Free,	  bottom).	  Three	  independent	  replicas	  were	  run	  for	  each	  
condition,	  the	  first	  one	  starting	  with	  an	  EtOH	  molecule	  in	  the	  active	  site.	  Solvent	  molecules	  within	  1.5Å	  of	  the	  central	  
carbon	  of	   ethanol	   in	  PDB	  structure	  1YXK	  were	   identified	  at	   each	   snapshot	   and	   represented	   in	   the	  plots	  with	   red	  
colored	   dots	   for	   water	   molecules	   and	   purple	   colored	   dots	   for	   EtOH	   molecules.	   Y-‐axis	   represents	   de	   molecule	  
number	  and	  x-‐axis	  the	  simulation	  time.	  The	  two	  molecule	  numbers	  with	  higher	  residence	  time	  has	  been	  highlighted	  
in	  y-‐axis	  for	  each	  molecule	  type.	  
	  
	  
	  
	  
	  

Replica	  1	   Replica	  2	   Replica	  3	  
	  

One	  EtOH	  molecule	  present	  in	  the	  beginning	  
leaves	  after	  17ns	  and	  a	  second	  one	  enters	  

shortly	  after.	  

	  

One	  EtOH	  molecule	  enters	  shortly	  after	  the	  start	  
of	  the	  simulation	  and	  remains	  inside	  the	  whole	  

period.	  

	  

One	  EtOH	  molecule	  enters	  during	  equilibration,	  
leaves	  after	  ~3ns	  and	  a	  second	  one	  enters	  ~2ns	  

later	  to	  remain.	  
	  

One	  EtOH	  molecule	  present	  in	  the	  beginning	  
leaves	  after	  ~13ns.	  A	  second	  one	  occupies	  the	  

binding	  site	  for	  ~4ns.	  

	  

One	  EtOH	  molecule	  enters	  during	  equilibration	  
and	  is	  replaced	  by	  two	  other	  EtOH	  molecules	  at	  

~5	  and	  ~17ns.	  

	  

One	  EtOH	  molecule	  enters	  during	  equilibration	  
and	  remains	  inside	  the	  whole	  of	  the	  trajectory.	  
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Figure	  S10.	  Superposition	  of	  protein	  conformation	  after	  200ns	  simulation	  runs	  (for	   three	  replicas,	   in	  pink,	  green	  
and	   cyan)	   and	   the	   crystal	   structure	   of	   HEWL	   (in	   dark	   grey),	   showing	   different	   end	   states	   for	   each	   independent	  
replica.	  In	  Replica	  1	  (left),	  TRP108	  at	  binding	  site	  flips	  its	  conformation	  making	  the	  pocket	  less	  accessible;	  a	  partial	  
helix	   unfolding	   is	   also	   observed.	   In	   Replica	   2	   (middle),	   the	   initial	   conformation	   is	   maintained	   at	   the	   active	   site	  
although	  the	  upper	  loop	  unfolds.	  In	  Replica	  3	  (right),	  partial	  unfolding	  of	  the	  highlighted	  helix	  occludes	  the	  binding	  
site.	  	  
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Figure	  S11.	  Solvent	  exchange	  at	  C-‐site	  hot	  spot	  of	  HEWL	  during	  200ns	  runs	  for	  three	  independent	  replicas:	  Replica	  
1	  (top),	  Replica	  2	  (middle),	  Replica	  3	  (bottom).	  Y-‐axis	  represents	  the	  molecule	  number.	  X-‐axis	  the	  simulation	  time.	  
Purple	   colored	   dots	   represent	   EtOH	   molecules	   and	   red	   colored	   dots	   are	   water	   molecules.	   Completely	   different	  
solvation	  patterns	  are	  observed	   for	  each	  replica	  (correlating	  with	   the	  different	  conformational	  states	  each	  replica	  
has	  explored	  –	  see	  Figure	  S10).	  
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Figure	  S12.	  Identification	  of	  hot	  spots	  near	  the	  active	  site.	  The	  mesh	  corresponds	  to	  predicted	  ΔGbind=-‐1	  kcal/mol	  
for	  EtOH.	  The	  crystallographic	  structure	  of	  a	  bound	  EtOH	  (yellow)	  in	  PDB	  structure	  1YKX	  is	  shown	  as	  reference	  in	  
all	  cases.	  a)	  rigid	  simulation	  (HA1);	  b)	  flexible	  simulations	  subset	  with	  closed	  conformation	  (selection	  of	  snapshots	  
shown	   in	   grey	   and	   representative	   structure	   in	   green);	   c)	   subset	   of	   flexible	   simulation	   with	   RMSD	   of	   the	   group	  
W62,W63,R73,L75,D101	   below	   1.5Å	   respect	   to	   the	   rigid	   structure	   -‐	   open	   conformation	   (selection	   of	   snapshots	  
shown	  in	  grey,	  representative	  structure	  in	  green).	  	  
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3.2 MDmix validation

After the method was validated for binding site discovery and for druggability
assessment in the first publication by Seco et al., several questions remained
open: can we use the different maps obtained from the co-solvents (different
probe maps) to predict important interactions? Can we predict the correct
chemical type using different probes? Is the method better than existing alter-
natives which are much faster in computation time?

Moreover, the challenging process of water characterization of the waters
in the binding site, and also due to recent interest in the area, prompted us
to know whether the water maps obtained as a by-product of the simulations
could useful for this purpose.

The work presented under the title ”Molecular simulations with sol-
vent competition quantify water displaceability and provide accurate
interaction maps of protein binding sites” investigates all these aspects.

The results can be divided in two main sections:

• The identification of the key interaction points in a binding site

• The prediction of water displaceability

Pharmacophore finding

Heat shock protein 90 (Hsp90) N-terminal domain, and particularly its ATP
binding site, is a classical target in drug discovery for its implication in several
cancer pathologies. This protein has a wealth of structures both in complex
with several inhibitors and uncomplexed deposited in the Protein Data Bank.
HIV-1 protease (HIVpr) is also a classical target, in this case for the treatment
of AIDS, for which many structures are publicly available. Both systems have
been widely studied and were selected for this reason to conduct our exper-
iments. The wealth of protein-inhibitor complexes allows us to determine a
pharmacophore model that will be used to asses the MDmix results.

The results are compared to those obtained by Molecular Interaction Po-
tentials (MIP) calculations (e.g. GRID methodology), extensively used by the
drug design community. GRID calculations use a set of probes which mimic dif-
ferent chemical moieties to calculate classical energy potentials (van der Waals
and electrostatics mainly) over a lattice superposed over the target structure.
The results are equivalent to those obtained with MDmix in the sense that both
provide energy maps for different simulated probes which aim to guide drug
design process by pinpointing the most favorable interactions. GRID calcula-
tion can take a few minutes whereas MD simulations with a complete solvent
mixture set, might take days. Therefore, the question is whether the results
compensate the increased computational cost.

To answer the above formulated questions, the results of MDmix and GRID
are evaluated and compared using two different criteria :
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1 The energy values enclosed within the experimentally-derived pharma-
cophoric points for the different probes are calculated and compared to
the expected outcome. Thus, at a given pharmacophoric point with de-
fined chemical type, one would expect favorable (more negative) energies
for probes matching the chemical type or zero otherwise. A heat map of
matches and mismatches with the different probes and pharmacophore
points can be constructed and statistically evaluated. This results will
highlight the importance of using different probes and the correct identi-
fication of distinct chemical interactions.

2 Extracting the lower energy points from the different probe maps and cal-
culating the spatial and type overlap with the expected pharmacophore.
This results will provide an idea of the potential use in prospective ap-
plications.

In summary, MDmix greatly outperforms GRID in both approaches, show-
ing better accuracy (0.69 versus 0.37 respectively for Hsp90 and 0.68 versus
0.41 for HIVpr results) and a better agreement between the minimum energy
spots from the corresponding probe maps and the pharmacophore model. The
better performance is due to the explicit consideration of water molecules in
the simulation, which renders a complex energy landscape not reachable by im-
plicit solvation methods (e.g.MIP calculations). Concrete examples provided
in the paper show the extremely good match between the probes simulated
and the pharmacophoric points, even in regions were a dual chemical envi-
ronment can be created depending on the particular solvent arrangement (i.e.
when waters are in place or displaced by the ligands, the chemical environment
changes). Therefore, by using MD techniques with solvent mixtures, the best
pharmacophoric points can be correctly identified and the predictive potential
validates the increased computational cost.

Water displaceability

Haider and Huggins[68] published a very detailed study on waters displace-
ability at the Hsp90 binding site. The aim of the work was to review existing
methods and provide a novel scoring method to predict water displaceability.
On one hand, they determined a Displaceability coefficient (D) from all the
available protein-ligand complexes in the PDB, ranging from 0 (not displace-
able) to 1 (displaced by all ligands). Then, for each of the water molecules in
the binding site, they calculated the predicted free energy of binding (∆Gbind)
and other thermodynamic properties following the Inhomogenous Fluid Solva-
tion Theory (IFST), and also calculated the binding affinity of different probe
groups binding at the water coordinates by MMPBSA to suggest a combined
score. The idea behind this combination is that when a water molecule attains
low free energy (and be classified as non displaceable), it might be displaceable
if a ligand binds more tightly and compensates the cost of displacing it. They
calculated a correlation of 0.57 (pearson r2 coefficient) between IFST ∆Gbind

and D coefficient. However, when the information of the probe molecules is
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incorporated, only a minimal gain in the correlation factor was observed.

In the current study, we wanted to compare the free energy values we obtain
from MDmix water maps to the IFST binding free energy and the D coefficient
for each water molecule. The aim is to investigate whether the method is also
able to predict water displaceability and to which extent.

The free energy of binding for each water position was calculated by aver-
aging the grid values 1Å around the crystallographic coordinate. The energy
was then directly correlated with D and IFST binding free energy, obtaining a
correlation of r2 = 0.61 with respect to D and 0.70 to IFST ∆Gbind. Though
better than IFST, the improvement is not so impressive, but confirms that the
energy values predicted from the observed densities in MD simulations (with or
without organic co-solvents) are a good alternative to the complex IFST calcu-
lations. Moreover, following the principle that a water can still be displaced if a
ligand can compensate its displacement with a stronger interaction, a combined
score was proposed (MDmix D-score). This score replaces the water energy if
any of the probes in the co-solvent attain negative free energy, meaning that
even if the water on its own has affinity for the site, the organic molecule will
spontaneously displace it. With this substitution, the correlation with IFST
decreases (r2 = 0.30) but the correlation with D reaches an outstanding r2

of 0.71, highlighting the importance of having a competing probe in the same
simulation.

Overall, this part of the study confirms the water free energy maps obtained
as a by-product of MDmix simulations are useful for identifying displaceable
waters and, more importantly, give an idea of the kind of molecule or interaction
that could displace them.
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ABSTRACT: Binding sites present well-defined interaction
patterns that putative ligands must meet. Knowing them is
essential to guide structure-based drug discovery projects.
However, complex aspects of molecular recognitionsuch as
protein flexibility or the effect of aqueous solvationhinder
accurate predictions. This is particularly true for polar contacts,
which are heavily influenced by the local environment and the
behavior of discrete water molecules. Here we present and
validate MDmix (Molecular Dynamics simulations with mixed
solvents) as a method that provides much more accurate
interaction maps than ordinary potentials (e.g., GRID). Addi-
tionally, MDmix also affords water displaceability predictions, with advantages over methods that use pure water as solvent (e.g.,
inhomogeneous fluid solvation theory). With current MD software and hardware solutions, predictions can be obtained in a
matter of hours and visualized in a very intuitive manner. Thus, MDmix is an ideal complement in everyday structure-based drug
discovery projects.

■ INTRODUCTION

As the old adage goes, a picture is worth a thousand words, and
visual cues are essential to guide medicinal chemists in their
efforts to design bioactive molecules with improved properties.
Nearly 30 years ago, Peter Goodford had the insight of using
probe atoms to convert the powerful, but complex, information
contained in three-dimensional structures of target macro-
molecules into visual contours delineating areas in space with
favorable interaction potentials for a given chemical group.1

The resulting program, GRID, has been extraordinarily
successful and is still widely used (>1700 accumulated citations,
averaging 100 citations per year lately). Additionally, a number
of alternative methods, such as knowledge-based potentials,
have emerged over the years to provide a similar perspective.2,3

However, GRID has some intrinsic limitations that subsequent
extensions4 and alternative methodologies have not been able
to resolve. In particular, the effect of protein flexibility and
aqueous solvation are largely overlooked, even though both
effects are major determinants of binding.5,6 In the best of
cases, solvation is considered implicitly (e.g., in knowledge-
based potentials7) or simulated as a continuum (e.g.,
generalized Born approximation8), but water is known to
behave as a highly inhomogeneous element in the environment
created by binding sites, and individual water molecules play an
important role in ligand recognition.9−11 Protein flexibility can,
in principle, be simulated with multiple conformations, but

obtaining representative ensembles is far from trivial, and this
approach can easily downgrade the quality of the predictions.12

Here we propose a method that is analogous to GRID in the
sense that probes are used to obtain interaction potentials, but
it uses molecular dynamics (MD) to take explicit account of the
solvent effect and local protein dynamics, thus addressing the
two major approximations. Results are visualized in the same
manner, but the quality of the predictions is much better and
has the added capacity of identifying hydration points and
predicting if, and under which conditions, they can be
displaced.
We introduced the use of MD simulations with aqueous/

organic solvent mixtures (MDmix)13 as the in silico equivalent
of solvent mapping experiments carried out by NMR or
crystallography.14,15 In the original study, a solution of 20%
isopropanol in water was used and preferential binding spots
(hot spots) were clustered together to identify druggable
binding sites. Though hot spots were not considered
individually, we already noted that they could reveal key
protein−ligand contacts, thus serving as a guide in drug
discovery. After introducing a number of methodological
improvements, we bring the potential of the method to fruition
in this study. The groups of MacKerell and Carlson have
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introduced related approaches (SILCS16,17 and MixMD,18,19

respectively), with some distinct technical details, which have
been successfully applied to ligand design16,17 and reproducing
crystallographic binding sites of small organic molecules.18,19

However, the ability of these methods to identify important
interaction points has not been systematically assessed and their
advantages over existing binding site mapping techniques,
which are computationally far less expensive, have not been
well established. Here we use two solvent mixtures representing
four atom types (hydrophobic, hydroxyl, amide nitrogen, and
amide oxygen) and introduce robust simulation protocols and
analysis procedures to obtain high-quality interaction maps that
can be used as a guide in ligand design. Results are validated on
Heat shock protein 90 N-terminal domain (Hsp90) and HIV-1
protease (HIVpr), two systems for which a wealth of
information is available, using pharmacophore models derived
from known ligands as reference. In order to demonstrate its
advantage over currently used methods, MDmix interaction
maps are also compared to GRID potentials. Further, we
demonstrate the ability of the method to predict hydration sites
and water displaceability, comparing the results with exper-
imental data and the well-established inhomogeneous fluid
solvation theory (IFST),20 a method popularized by
Schrödinger’s WaterMap.21

■ EXPERIMENTAL DESIGN
Key elements of the experimental design are outlined here, and further
details are provided as Supporting Information.
1. Simulation Protocols. Proteins X-ray structures (1YER22 for

Hsp90 and 1A8G23 for HIVpr) are protonated and checked for
accuracy as is usual in MD studies, then immersed in a solvent-filled
truncated octahedral box constructed from replicas of a pre-
equilibrated box of solvent mixture. Equilibration consists of a heating
stage of 800 ps to reach 300 K in the NPT ensemble and a 1 ns stage
in the NVT ensemble at 300 K. Production runs of 20 ns in the NPT
ensemble are then carried out, storing atomic coordinates every
picosecond. Three independent simulations are carried out for each
protein−solvent combination to obtain a total sampling of 60 ns for
each system and solvent mixture.
2. Protein Flexibility. All non-hydrogen atoms of the protein are

restrained with soft harmonic potentials (k = 0.01 kcal/mol·Å2). We
have shown that this treatment allows local conformational sampling
with a negligible effect on the predicted ΔGbind values, while at the
same time, facilitating convergence and visual interpretation of
results.24

3. Choice of Solvents. All drugs contain a mixture of polar and
apolar atoms. While each atom maintains its salient character, they are
mutually influenced by the close proximity in a manner thatwe
presumecannot be adequately represented by monotypic probes.
Thus, we have opted for solvent molecules combining polar and apolar
groups representative of typical moieties in drug-like ligands. We have
also favored solvents with excellent water miscibility, thus eliminating
the need to use artificial forces to prevent phase separation16 or to
correct for increased local concentration due to self-aggregation.13 The
solvents used in this paper are listed in Table 1. Extensions to this
solvent set will be presented elsewhere, together with an investigation
on the optimal choice of solvent concentration. At present, we use
20% organic/water mixtures as a compromise, where the amount of
probe molecules is sufficient to ensure efficient sampling, but the
environment remains predominantly aqueous, thus capturing the water
solvation effect.
4. Analysis. Coordinates taken at regular intervals of 1 ps along the

simulation are superimposed to a reference structure (backbone atoms
of the protein in the crystallographic coordinates). A grid with 0.5 Å
spacing in each direction is constructed, and for each one of atom
types listed in Table 1, the observed density inside each grid element

(Ni) is compared to the expected density (N0) and converted to
binding free energy using the inverse Boltzmann relationship:

Δ = − ·G k T N Nln( / )bind B i 0 (1)

The assumption underlying this expression is that the observed
density is exclusively due to intrinsic propensities. An important
approximation at this point is that the formula considers the atom
types as independent entities, but the observed densities are at least
partially due to the rest of the molecule. We will discuss the
consequences of such approximation. Incomplete sampling would also
invalidate the inverse Boltzmann relationship, but we have previously
shown that on open cavitiesand if soft restraints are applied to the
non-hydrogen atoms of the protein20 ns simulations are sufficient
to obtain converged results.24

5. Pharmacophore Models. In order to assess the quality of the
predictions, the free energy grids obtained with MDmix are
benchmarked against experimentally derived pharmacophore models,
calculated as follows: (a) retrieval of all structures of the protein in the
PDB (162 for Hsp90; 441 for HIVpr); (b) alignment of the protein
backbone to obtain a meaningful superimposition of ligands; (c)
selection of a diverse set of ligands (120 for Hsp90; 129 for HIVpr);
d) automatic pharmacophore model calculation using MOE,25 which
provides a list of preserved interaction features (pharmacophoric
points) with their rate of conservation (score); e) pharmacophore
points with a low score were removed and the remaining points
checked against the set of existing ligands to verify their soundness.
Additionally, for Hsp90, 2 pharmacophoric points located in the
ligand-induced hydrophobic subpocket were eliminated, as it is only
accessible through a major conformational transition26 not explored in
the MD simulations. Following this procedure, 10 and 11
pharmacophoric points were identified for Hsp90 and HIVpr,
respectively (Figure 1 and Tables 2 and 3).

6. Assessment of Results 1: Pharmacophore Matching.
Pharmacophoric points are deemed special points in the binding site,
with distinct interaction preferences that should be correctly predicted,
thus, at each pharmacophoric point, the ΔGbind value of each probe
was calculated as the Boltzmann average of all grid values enclosed by
the pharmacophore sphere. Success or failure at individual points is
discussed throughout the text. Graphically, this is presented in the
form of heatmaps, where color indicates agreement (purple) or
disagreement (brown) between the probe and the pharmacophoric
feature, and color intensity reflects the magnitude of ΔGbind. To obtain
a global measure or performance, each element of the matrix is then
classified as one of the following: true positive (ΔGbind< 0 and types
agree); false positive (ΔGbind< 0 and atom types disagree); true
negative (ΔGbind ≥ 0 and atom types disagree); or false negative
(ΔGbind ≥ 0 and atom types agree). This allows us to calculate the
following statistical measures of performance: sensitivity, or true
positive rate, which measures the proportion of positives correctly
identified as such; specificity, or true negative rate, which measures the
proportion of negatives correctly identified as such; precision, or
positive predictive value, which is the probability of positive
predictions being correct; negative predictive value (NPV), which is
the probability of negative predictions being correct; and accuracy, an
overall measure that takes into account the positive and negative
predictive value. These rates are computed for each pharmacophoric

Table 1. Solvent Mixtures and Atom Types Used in This
Study

solvent
probe atoms
(name)

equivalent
pharmacophore

feature
equivalent

GRID probes

20% ethanol in
water

CH3 (ETA_CT) hydrophobic DRY
OH (ETA_OH) HBDa + HBAb O1

20% acetamide
in water

CH3 (MAM_CT) hydrophobic DRY
O (MAM_O) HBAb O

NH2 (MAM_N) HBDa N2
aHydrogen Bond Donor. bHydrogen Bond Acceptor.
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point (each column in the heatmap), weighted by the relative score of
the pharmacophoric point, and aggregated to obtain the performance

values presented in Table 4. Full details, including equations, can be
found in Supporting Information.

7. Assessment of Results 2: Prospective Hot Spot
Identification. As a complementary evaluation of performance, the
regions of the grid with most negative ΔGbind values have been
identified for each probe (procedure detailed in Supporting
Information) and compared with the interaction preferences of the
binding site inferred from known ligand, which provides an idea of the
applicability of the method in prospective pharmacophore identi-
fication.

8. Evaluation of Water Displaceability. From the ethanol and
acetamide simulations, we also compute the binding free energy of
water with the inverse Boltzmann relationship (eq 1) on a grid of 0.5 Å
spacing. ΔGbind values at the crystallographic water positions are then
computed as the Boltzmann average of the grid elements contained
within a sphere of 1 Å around the water coordinate. For comparison, a
simulation with pure water as solvent was also carried out and ΔGbind
values computed in the same manner. Table S1 shows the computed
ΔGbind values for each simulation and the correlation coefficients
between the results. The agreement is excellent, particularly on
favorable hydration sites (ΔGbind < 0) and the minimum value across
MDmix simulations is equivalent to the one obtained with pure water,
so there is no need to carry out this additional simulation.

9. Calculation of GRID Potentials. MOE was used to calculate
molecular interaction potentials for different GRID probes1,4 on
Hsp90 and HIVpr crystal structures after removing all water molecules
(same PDB id as for the MD set up). Probes were chosen to match the
chemical types also present in the solvents used in this study (Table
1). The calculation was repeated keeping important interstitial waters
as part of the receptor. In Hsp90, waters 301, 303, and 328 were kept
(1YER numbering), and in HIVpr, water 136 was maintained (1A8G
numbering).

■ RESULTS AND DISCUSSION

MDmix Provides Accurate Interaction Patterns. The
output of MDmix is a series of grids containing binding free
energy values for each atom probe listed in Table 1. To assess
the reliability of the predictions, we first investigate the
agreement between those grids and the experimentally derived
pharmacophore models shown in Figure 1. To do that, we
calculated the average binding free energy of each atom type
inside each pharmacophoric sphere and plotted the results as
heatmaps for Hsp90 and HIVpr (Figure 2). The statistical
performance (calculated as explained in the previous section) is
presented in Table 4. Results are benchmarked against GRID
interaction potentials, which are commonly used to identify
preferential binding patterns. The corresponding heatmaps are
shown in Figure 2c (Hsp90), Figure S1 (Hsp90 with
nondisplaceable water molecules included as part of the
receptor) and Figure S2 (HIVpr without and with interstitial
water molecules).
Both MDmix and GRID have an excellent ability to identify

known pharmacophoric points as energetically favorable
positions (sensitivity values in the 70−90% range). However,
GRID has a tendency to assign favorable energies everywhere
in the binding site, while it is far less frequent for MDmix
probes to acquire negative ΔGbind values in nonmatching
pharmacophoric points (brown squares in Figure 2). As a
consequence, MDmix largely outperforms GRID for both
Hsp90 and HIVpr results in specificity (0.58 and 0.91 vs 0.04
and 0.36), precision (0.66 and 0.86 vs 0.21 and 0.39) and
accuracy (0.67 and 0.80 vs 0.37 and 0.51). These results
highlight the surprisingly good match between corresponding
pharmacophore types and the simulated probes at the right
locations, only achievable with MDmix.

Figure 1. Hsp90 (a,b) and HIVpr (c) pharmacophore models derived
from known ligands. For clarity, the pharmacophoric points are shown
relative to representative ligands: (a) ADP (PDB code 1BYQ); (b)
resorcinol-based inhibitor (2YI6); (c) BEA388, a peptidomimetic
inhibitor (1EBZ). Pharmacophore types and radii are shown in Tables
2 and 3.

Table 2. Hsp90 Pharmacophore Modela

ID score radius type

F1 0.83 1.57 don
F2 0.83 1.57 acc
F3 0.52 1.04 don and acc
F4 0.38 1.06 aro
F5 0.38 1.09 aro or hyd
F6 0.30 1.20 acc or don
F7 0.32 1.20 don or acc
F8 0.25 0.92 hyd or aro
F9 0.28 0.97 aro or hyd
F10 0.18 0.95 acc or don

aAbbreviations: don = hydrogen bond donors; acc = hydrogen bond
acceptors; hyd = hydrophobic moieties; and aro = aromatic moieties.

Table 3. HIV Protease Pharmacophore Modela

ID score radius type

F1 0.80 1.60 aro or hyd
F2 0.62 1.57 aro or hyd
F3 0.57 1.60 aro or hyd
F4 0.56 1.60 aro or hyd
F5 0.71 1.30 don and (acc or cat)
F6 0.64 1.20 acc
F7 0.64 1.20 acc
F8 0.42 1.20 acc
F9 0.41 1.20 acc
F10 0.24 1.00 acc or don
F11 0.64 1.20 acc

aAbbreviations: don = hydrogen bond donors; acc = hydrogen bond
acceptors; hyd = hydrophobic moieties; aro = aromatic moieties; and
cat = cationic interactions.
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It is worth to notice that, despite being an aliphatic probe,
ETA_CT indistinctly identifies aliphatic and aromatic inter-
actions with a great specificity. MAM_CT probe, however, fails
to reproduce most of hydrophobic pharmacophoric points in
Hsp90 and is wrongly predicted to bind favorably to several
polar pharmacophoric points (F1, F2, F3, and F10). This result
clearly indicates that the observed densities for MAM_CT are
due to the polar interaction formed by the rest of the molecule
rather than to its intrinsic preferences. As indicated by the
octanol/water partition coefficient (logP = −1.26),27 acetamide
partitions preferably into polar environments, thus the methyl
group can be easily dragged into noncomplementary
surrounding, defeating its role as probe. Eliminating this
probe produces a large increase in the statistical performance of
MDmix for Hsp90 (Table 4). Although the effect on HIVpr
results is minimal, it is clear that MAM_CT should not be used
as a hydrophobic probe. The relative contributions of the other
probes (MAM_O vs MAM_N and ETA_CT vs ETA_OH) are
more evenly balanced, but assuming that they are independent
of each other remains a strong approximation that should be
closely monitored.
Beyond the statistical measures, the behavior of MDmix at

specific locations in the binding sites of Hsp90 and HIVpr
provides a good idea of the capacity of the method and will be
discussed later.
Explicit Solvation Is Key to Performance. Compared to

MDmix, GRID lacks selectivity because polar probes acquire
negative values almost everywhere on the binding site. This can
be explained by the clearly distinct nature of the interaction
potentials produced by each method. GRID calculates effective
interaction energies that do not take explicit account of water
molecules. In consequence, the energy profile has a very deep
minimum and a monotonic increase with distance. By contrast,
the ensemble of conformations obtained with MDmix reflects
both the excluded volume and the electrostatic screening effects
created by water molecules, thus it displays discrete minima
with depth in the region of 0 to −1.5 kcal/mol (Figure 3). In
fact, the MDmix profile is a potential of mean force.
The complex energy landscape rendered by the explicit

solvent explains the surprising gain in accuracy described above,
with special impact on polar interactions. The effect of aqueous
solvation is far more predictable for hydrophobic contacts, and
explicit solvation does not provide such a clear advantage in this
case. Indeed, the GRID DRY probe behaves very similar to the
MDmix ETA_CT probe, as can be seen from a comparison of
the corresponding rows in Figure 2 (a comparative image can
be found in Figure S3). Regrettably, the predictability of
hydrophobic contacts has motivated a tendency to increase
ligand lipophilicity as a means to gain potency, but such

“molecular obesity” is a serious handicap for drug candidates.28

In this context, improved predictions for polar contacts are
particularly valuable.
An additional and very important advantage of explicit

solvation is that the simulations spontaneously identify
nondisplaceable water molecules. When this information is
available, important interstitial water molecules can be defined
as part of the receptor, which can have an important effect on
the predicted recognition pattern of implicit solvation methods.
In the pharmacophore recognition task, including this
information improves GRID specificity and NPV (Table 4
and Figures S1−S2). For Hsp90, a system where non-
displaceable water molecules play a particularly important
role, including nondisplaceable water molecules improves
GRID accuracy from 0.37 to 0.51. Even then, MDmix performs
much better (0.80) and has the important advantage of not
relying on empirical information that would not be available at
the beginning of a drug discovery project.

Agreement with the Pharmacophore Model − Hsp90.
The key anchoring interaction in Hsp90, used by almost all
known ligands, is a double hydrogen bond with Asp93 and a
neighboring water molecule. It can be satisfied with a hydrogen
bond donor plus a separate hydrogen bond acceptor (F1 and
F2; Figure 1a) or with a hydroxyl forming a bidentate
interaction (F3; Figure 1b). The first option is perfectly
reproduced by the MAM_N and MAM_O probes of
acetamide, while the second is recognized by the ETA_O
probe of ethanol. In spite of the very close proximity between
these points (1.5 Å), the probes show a very selective behavior,
with marginal binding affinities for nonmatching pharmaco-
phoric points (Figure 2). ETA_OH also reproduces the
secondary pharmacophoric points F6 and F7. These are
mutually exclusive: the hydrogen bond with an interstitial
water molecule stabilizes position F6, while polar groups
capable of displacing the same water satisfy F7. The fact that
ETA_OH recognizes both positions indicates that it displaces
the water molecule during the simulation, but also interacts
with it at other times. The last polar pharmacophoric point is
F10, a favorable position for acceptor groups, correctly
identified as such by MAM_O. Importantly, the predicted
ΔGbind for secondary sites is not as negative as for the key
interactions with Asp93, indicating that their importance is
ranked correctly. It should be emphasized that the interaction
patterns derived from MDmix rely on a single X-ray structure of
Hsp90 in the apo state (1YER − the first structure ever released
for this protein), which makes the agreement with ligand-based
pharmacophore all the more significant.

Agreement with the Pharmacophore Model − HIVpr.
The binding site of HIVpr has a central polar region

Table 4. Performance of MDmix and GRID Reproducing Known Pharmacophore Models for Hsp90 and HIV Proteasea

sensitivity specificity precision npv accuracy

Hsp90 MDMix (all) 0.68 0.74 0.66 0.78 0.69
MDMixb 0.78 0.91 0.86 0.82 0.80
GRID 0.68 0.32 0.21 0.16 0.37
GRID_watc 0.68 0.36 0.32 0.23 0.51

HIV protease MDMix (all) 0.85 0.58 0.69 0.65 0.68
MDMixb 0.92 0.58 0.67 0.65 0.67
GRID 1.00 0.04 0.39 0.11 0.41
GRID_watc 0.90 0.14 0.34 0.16 0.41

aThe statistical parameters are defined in the Experimental Design section. bMAM_CT probe not used. cNondisplaceable water molecules included
as part of the receptor.
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surrounded by four hydrophobic subpockets (S1, S2, S1′, and
S2′) and some additional polar contact points in the solvent-
exposed periphery. The part of the central polar region facing
the protein core contains the catalytic Asp dyad, where almost
all ligands place a hydroxyl (F5 point in Figure 1c), which is
well reproduced by the negative ΔGbind of the ETA_OH probe.
The pure hydrogen bond donor MAM_N probe is a false
positive in this point, albeit its ΔGbind is very close to zero
(−0.12 kcal/mol) and can be considered as a mild error. The
part of the central polar region facing the flaps has a more
complex behavior: most ligands, including all peptidomimetics,
interact with the protein through a conserved water molecule,
while cyclic ureas and other ligands displace that water. The
first type of inhibitors place two hydrogen bond accepting
groups in the pharmacophore positions F6 and F7.
Satisfactorily, both ETA_OH and MAM_O display negative
ΔGbind at these sites. Inhibitors of the second type place an
acceptor group that forms a double hydrogen bond with the
protein backbone (F11). This position is identified by the
ETA_OH probe, indicating that this probe not only detects
that the water-mediated contacts are favorable but also that the
conserved water molecule is displaceable. When ETA_OH falls
on−or around−position F11, ETA_CT falls into F7, giving rise
to an apparent false positive, but it should be noted that the

Figure 2. Heatmaps representing the agreement between the
experimentally derived pharmacophore models and MDmix binding
free energies or GRID effective energies. (a) Hsp90 MDmix results,
(b) HIVpr MDmix results, and (c) Hsp90 GRID results. Color
intensity indicates the average energy values of a particular atom type
within the volume of the pharmacophoric sphere. Purple tones
indicate agreement between the probe atom type and the
pharmacophoric feature, whereas brown tones indicate the opposite.
Star (circle) symbol indicates the first (second) lower energy value
within the pharmacophore column. Values reported in kcal/mol. Data
is available in Tables S2−S4 of SI.

Figure 3. Interaction potential of a −NH2 probe in the active site of
Hsp90 derived from MDmix (MAM_N probe; top) and GRID (N2
probe; bottom). ADP is depicted for reference only. The inset shows a
smoothened 2D profile of the interaction potentials along the drawn
vector.
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region is quite hydrophobic, particularly when the water
molecule has been displaced. Ligands of the second type, and
even some peptidomimetics like Nelfinavir,29 place hydro-
phobic moieties in positions near F6 and F7. The MAM_O
probe is not capable of displacing the conserved water
molecule, a fact possibly explained because in that orientation
acetamide would have to place its NH2 group in a hydrophobic
environment. This suggests that more specific probes (e.g.,
sulfone, ketone) would be needed to recapitulate the preference
for acceptor groups at position F11. The hydrophobic points
F2−F4 are well reproduced by the ETA_CT probe, but some
polar groups also reach negative (albeit small) ΔGbind values at
these positions. The hydrophobic subpockets are relatively
large, as they usually accommodate 6-membered aromatic rings.
When the small hydrophobic probes explore this space, they
draw the polar groups along, explaining the false positives. The
interdependence of polar and apolar probes is an intrinsic
limitation of using small amphiphilic organic molecules. The
pharmacophoric points F8 and F9 (corresponding to groups
that accept a hydrogen bond from the backbone NH of Asp29)
acquire almost negligible ΔGbind values. But both the ETA_OH
and MAM_O probes show a very strong tendency to bind in a
position only 3 Å away (ΔGbind = −1.6 and −1.4 kcal/mol,
respectively), where they can alternate between the backbone
NH of Asp29 and Asp30, and even form two simultaneous
hydrogen bonds with them. It is interesting to note that most
ligands exploit only one of those interaction points, but some of
the most potent inhibitors, including darunavir and tipranavir,
exploit both positions simultaneously. Finally, the F10 point is
also detected as a favorable position for hydrogen bond
donating groups (MAM_N and ETA_OH), albeit with mild
potency (ΔGbind = −0.27 and −0.19 kcal/mol, respectively). It
should be noted that many ligands place hydrophobic groups
around this position, denoting a poor tendency to form polar
contacts, which is in agreement with our results. Though the
predictions arise from an early structure of HIVpr (1998) in
complex with a first generation inhibitor (SDZ283−910, a
peptidomimetic), they reveal information about the active site
that was unknown at the time but later exploited by more novel
ligands, highlighting the significance of the findings.
Prospective Hot Spot Identification. So far we have

shown that MDmix is capable of detecting pharmacophore
points as favorable binding regions for equivalent probes. But
are the regions with lower ΔGbind real anchoring points (i.e.,
binding hot spots)? This is a particularly relevant question,
because an affirmative answer implies that MDmix would have
been useful in prospective pharmacophore identification and to
guide hit identification and optimization on those systems,
while a negative answer means that predictions are only
qualitatively correct. Hence, we extract the more negative
values from the free energy grids in the binding site (protocol
explained in Supplementary Methods) and compare them with
the interaction patterns of known ligands. For clarity, only the
Hsp90 case is discussed here. Readers interested in HIVpr
(which has a larger and more complex binding site) are referred
to the Supporting Information.
For Hsp90, there are seven spots with predicted ΔGbind

below −1.5 kcal/mol (Table 5 and Figure 4), perfectly
matching the experimental pharmacophore: [Points 1 and 2]
MAM_N forming a hydrogen bond with Asp93 (ΔGbind = −1.9
kcal/mol) and MAM_O forming a hydrogen bond with an
interstitial water molecule (ΔGbind = −1.7 kcal/mol). These
points colocalize with the most important pharmacophoric

points (F1 and F2), satisfied by 83% of ligands. [Point 3]
ETA_CT filling a small hydrophobic pocket that coincides with
pharmacophoric point F7 (ΔGbind = −1.7 kcal/mol). F7 is only
fulfilled by 25% of ligands because a conformational change
occurs at this position,26 but groups satisfying F7 boost binding
affinity by ∼10-fold for ligands binding to the protein
conformation that we have simulated.30 [Point 4] ETA_OH
interacting with Asp93 (ΔGbind = −1.6 kcal/mol), which
coincides with F3, a pharmacophoric points satisfied by 52% of
ligands. [Point 5] ETA_OH matching the pharmacophoric
point F7 (ΔGbind = −1.6 kcal/mol). In total, 32% of ligands
exploit this position, while the rest interact with a water
molecule binding at this position. The predicted binding affinity
suggests that fulfilling F7 is actually more beneficial, which is in
agreement with the increased binding affinity of ligands
targeting this conserved water position relative to compounds
in the same series not displacing the water.31,32 [Points 6 and 7]
ETA_CT forming two hydrophobic contacts (ΔGbind = −1.5
kcal/mol) that correspond to F9 and F4 in the pharmacophore,
respectively. These positions are generally occupied by the
aromatic rings that constitute the scaffold of most Hsp90
inhibitors. The excellent coincidence between MDmix-derived
hot spots and the empirical pharmacophore demonstrate that
this information would be extremely useful in virtual screening
processes for hit identification (e.g., in guided docking

Table 5. Minimum Energy Points Identified at the Binding
Site of Hsp90 with MDmix (left) and GRID Keeping the
Interstitial Water Molecules as Part of the Receptor (right)a

MDmix GRID_wat

ID probe ΔGbind (kcal/mol) ID probe Eint (kcal/mol)

1 MAM_N −1.91 1 O1 −7.25
2 MAM_O −1.74 2 N2 −6.41
3 ETA_CT −1.68 3 O −6.08
4 ETA_OH −1.63 4 DRY −2.70
5 ETA_OH −1.59 5 DRY −2.24
6 ETA_CT −1.54
7 ETA_CT −1.53

aTheir positions are presented in Figure 4.

Figure 4. Location of the lowest energy points in the binding site of
Hsp90 detected with MDmix (left) and GRID (right). Points are
identified by rank order, from lower to higher energy. For reference,
the experimental pharmacophoric points (circles with labels) and
nondisplaceable water molecules (small gray spheres) are also
displayed. The color of the low energy points represent the atom
type: blue = donor; red = acceptor; orange = hydroxyl; green =
hydrophobic. Data are available in Table 5.
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approaches33) and to take informed decisions in the hit-to-lead
stage of drug discovery.
In spite of the above-discussed differences between GRID

interaction potentials and MDmix free energies, it can be
argued that the position of minimum energy for polar contacts
will be similar in both cases (i.e., the hydrogen bond distance).
Hence, it is legitimate to ask whether GRID is still capable of
identifying the most important interaction points. The first
drawback of the methodrelative to MDmixis that each
probe spans a different energy range (O1 reaches the most
negative values, followed by N2, O, and DRY), meaning that
probes cannot be compared on their absolute values. GRID
calculations on Hsp90 without crystallographic waters would
predict the position of a nondisplaceable water as the best
position for the N2 probe, missing all the important polar
interaction points (Figure S4). Keeping nondisplaceable water
molecules as part of the model, GRID identifies the hot spots
depicted in the right-hand side of Figure 4: [Points 1 and 3] O1
and O probes fulfill F7 with very favorable interaction energies
(Einter = −7.2 and −6,1 kcal/mol, respectively). [Point 2] N2
probe forms a hydrogen bond with Asp93, which coincides with
F1 (Einter = −6.4 kcal/mol). [Points 3 and 4] The DRY probe
has two binding hot spots close to positions F8 and F4 (Einter =
−2.7 and −2.2 kcal/mol). Clearly, the agreement is only partial
for the polar probes, while the hydrophobic regions are fairly
well reproduced. This confirms that using explicit solvation is
particularly necessary for characterizing polar regions and
MDmix provides a substantial advantage over existing methods.
MDmix Predicts Water Displaceability. Just like with the

organic solvents, it is also possible to calculate the binding free
energy of water molecules using the inverse Boltzmann
relationship. In this manner, hydration sites and their tendency
to be displaced by ligands (displaceability) can be attained as a
byproduct of the MDmix simulations. Many authors have
emphasized the importance of water displaceability in drug
design, and the inhomogeneous fluid solvation theory (IFST)
has emerged as a robust technique for this purpose.34−37 Haider
and Huggins have compared empirical displaceabilities (D) of
water molecules in the binding site of Hsp90 with the IFST
ΔGbind, finding a correlation of 0.57.38 They also tried to
predict D from interaction energies of probes used by MCSS (a
method that, like GRID, does not consider solvation
explicitly39), and combining IFST with MCSS, but no
significant correlation was found. ΔGbind derived from
MDmix simulations (see Experimental Design section)
provides a correlation of 0.61 with D and 0.70 with IFST
(Table 6), indicating thatat least for this systemdirect
measurement of water densities along the MD trajectory is as
useful as the more convolute IFST. However, both methods fail
to predict the displaceability of water 336, which corresponds
to the key hydrogen bond with Asp93 formed by all ligands
(Figure 5). IFST classifies water molecules as low- or high-
energy (colloquially referred to as “happy” or “unhappy” waters,
respectively). Although the latter clearly prefer to be displaced
by ligands, the former are expected to remain in place.
However, displaceability is a balance between the free energy of
the water molecule and that of the water-displacing ligand,10

which cannot be predicted from MD simulations in pure water
but is directly observed in MDmix simulations. For instance,
the low-energy water 336 (ΔGbind = −0.41 kcal/mol) is, in fact,
competed off both by MAM_N (ΔGbind = −0.93 kcal/mol) and
ETA_OH (ΔGbind = −0.56 kcal/mol), in agreement with the
fact that it is displaced in 99% of crystallographic structures.

Table 6. List of Hydration Sites in the Active Site of Hsp90,
with Experimental Displaceability Values, Water Binding
Free Energy According to IFST, Water Binding Free Energy
Derived from Observed Densities in the MD Simulations,
Binding Free Energy of the Most Favorable Probe in MDmix
Simulations, and Net Water Binding Score (MDmix D-
Score)a

ΔGwat ΔGwat ΔGprobed MDmix

IDb Dc (IFST)c (MDmix) (MDmix) D-score

301 0.05 −11.81 −0.74 >0 −0.74
303 0.03 −6.9 −0.55 >0 −0.55
323 0.27 −9.07 −0.24 >0 −0.24
324 0.57 −3.95 −0.33 >0 −0.33
325 0.3 −6.55 −0.56 >0 −0.56
328 0.09 −5.92 −0.51 >0 −0.51
336 0.99 −8.28 −0.41 −0.93 0.93
338 0.92 −1.47 0.34 −0.06 0.34
346 0.18 −6.75 −0.5 >0 −0.5
357 1.0 −0.5 0.35 −0.68 0.68
379 0.95 −1.79 −0.02 >0 −0.02
381 0.96 −1.81 0.0 >0 0.0
385 0.64 −2.37 0.31 >0 0.31
405 0.97 −2.23 −0.08 −0.58 0.58
412 0.7 −5.97 −0.07 >0 −0.07
435 0.97 −2.43 −0.06 −0.21 0.21
476 0.99 −1.27 0.14 >0 0.14
529 0.42 −6.62 −0.34 >0 −0.34
536 0.89 −0.73 0.29 >0 0.29
547 0.92 −1.4 0.06 >0 0.06
598 0.81 −5.49 0.03 >0 0.03
W2e 0.45 −2.44 0.02 −1.04 1.04

r2 (D) 1.0 0.57 0.61 0.72
r2 (IFST) 0.57 1.0 0.70 0.31

aAll ΔG values are reported in kcal/mol units. bWater number
according to PDB code 1YER;22 cValues taken from ref 38. dMinimum
ΔGbind across all MDmix probes; eNot included in the correlation for
consistency with ref 38.

Figure 5. Correlation between empirical water displacement and
MDmix D-score. Where different, water ΔGbind is also shown (blue
circles), and the displacement is highlighted with connecting arrows.
The right panel shows the location of water molecules. The ligand
(2YI6) is provided for reference only. Arrows and water molecules are
colored according to the atom type displacing them (blue = MAM_N;
red = ETA_OH; green = ETA_CT).
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Thus, we use a displaceability score (D-Score), where water
ΔGbind values are replaced by −ΔGbind of an organic probe if
the latter is a more positive value (Table 6). This trans-
formation only affects five water molecules, but being located in
the core of the binding site, they are particularly important
(Figure 5). Besides 336, the perceived displaceability of waters
405, 435, and 357 also improves significantly in D-Score,
although these were already high-energy waters in the first
place. Haider and Huggins considered water W2 separately, as
it is not visible in the reference PDB structure 1YER and other
crystal structures of the protein. As previously mentioned, this
water can be either displaced or used to form hydrogen bonds
with. The empirical D value (0.52) likely reflects the chemical
scaffolds of Hsp90 inhibitors present in the PDB, but displacing
W2 leads to significant improvements in inhibitor potency,31,32

and the high D-Score should be a useful signpost in ligand
design.

■ CONCLUSIONS
Identification and quantification of nonbonded interactions is at
the heart of structure-based applications. In spite of the
important role of water both as an intermediary and as an
environment that changes the interaction preferences of
solutes, its effect is generally ignored or approximated with
implicit solvation methods. Here, we have tested the capacity of
MD simulations with explicit aqueous/organic solvent mixtures
to obtain high-quality interaction maps and to predict water
displaceability. The first application has been statistically
quantified using a set of pharmacophoric points derived from
existing ligands. On two different binding sites where water
plays a dominant role (Hsp90 and HIVpr), we demonstrate
that MDmix provides a significant advantage over standard
methods, which do not consider aqueous solvation explicitly
(GRID). Further, we have demonstrated that the most
favorable interaction spots (hot spots) derived from MDmix
simulations coincide with key anchoring points, information
that can be very useful in prospective applications. While the
binding preferences of hydrophobic regions are well captured
by implicit solvation methods, the advantage of MDmix is
particularly evident on polar regions, where water behaves as a
nonhomogeneous medium. As noted, increasing lipophilicity of
the ligand is the easy path in potency optimization while
“obtaining hydrogen bonds of the optimal length and angle is
difficult and often achieved only serendipitously”.40,41 However,
ligands with more polar contacts (which usually translates into
a stronger enthalpic component) offer important advan-
tages.28,40,42 In this context, MDmix removes an important
bottleneck in structure-based drug design.
Additionally, the fact that water molecules are explicitly

represented permits identification of hydration sites, distin-
guishing those that are displaceable by ligands from those that
are not. The intrinsic binding free energy of water at a given
spot can be calculated from the relative density (compared to
bulk). Values obtained from simulations with pure water
correlate well with those obtained from IFST. This information
is useful because ligands often displace weakly bound water
molecules, but there are notorious exceptions to this rule. We
find that combining the binding free energy of water molecules
with that of organic molecules for the same spot (MDmix D-
score) is more instructive, because it provides direct evidence of
displaceability and gives valuable clues about the type of
chemical moiety that a ligand should place at that particular
location in order to gain binding affinity.

The validation of MDmix presented here also reveals some
important limitations that will be tackled in future works. They
can be classified in two different categories: representativeness
and sampling accuracy. The first one refers to the ability of the
solvent probes used in MDmix simulations to capture the
behavior of specific chemical moieties in more complex ligands.
A failure in this regard is exemplified by the inability of the
acceptor probe used in this study (MAM_O) to bind at
position F11 of HIV protease, where keto groups form very
stable interactions. In principle, this issue can be trivially solved
extending the range of organic solvents. Sampling accuracy is a
more difficult problem and may require some human
supervision. As implemented here, there are two possible
causes for inadequate sampling. The first one is lack of solvent
exchange, which can be particularly problematic on closed or
very deep cavities. The combination of Grand Canonical Monte
Carlo and MD simulations provides a very promising way
forward,43 and other strategies can be devised. The second type
of sampling error is due to the underlying assumption that
atomic probes behave independently. We have found that most
of the inaccuracies in the method are due to this approximation,
because the rest of the solvent molecule makes non-negligible
contributions (favorable or repulsive) that will lead to
exaggerated or underrated contributions, respectively. This
disadvantage cannot be solved using pure polar probes because
they behave very differently to the atom type they are meant to
represent (e.g., water and ETA_OH display very different
interaction patterns). We are currently investigating mecha-
nisms to decouple the contributions of atomic probes, such that
predicted binding free energies become quantitative.
Although the method has been showcased on protein−ligand

binding sites, it is equally applicable to protein−protein
complexes, nucleic acids, host−guest systems and any other
molecular system that can be faithfully represented by the
molecular mechanics formalism. Simulations of 20 ns are
sufficient to obtain converged results everywhere on the protein
surface (except for the most occluded sites) meaning that
even allowing for multiple replicates on a range of solvents
results can be ready for inspection in less than a day. Such fast
timelines are an important advantage, particularly for drug
discovery in industrial settings, and the increased computational
cost is fully justified by the information gain and its numerous
applications, ranging from the initial hit finding to the late lead
optimization stages. An open source software package designed
to handle preparation, execution and analysis of MDmix
simulation is available for download and will greatly facilitate its
application (http://mdmix.sourceforge.net). We expect that
MDmix will become a useful addition to the toolbox of
structure-based methods.
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SUPPLEMENTARY	  RESULTS	  

Hot	  spots	  identification	  on	  HIVpr	  with	  MDmix.	  	  
HIV	  protease	  has	   a	   larger	   and	  more	   complex	  binding	   site	  with	  multiple	  minima,	  

thus	  the	  ranked	  list	  here	  explained,	  contains	  16	  points	  below	  -‐1.30	  kcal/mol	  (Figure	  
A	  and	  Table	  A).	  Points	  are	  presented	  by	   its	   rank	  order	  and	  grouped	  by	   symmetric	  
interactions	  when	  possible.	  The	  list	  is	  as	  follows:	  [Points	  1,	  3,	  5,	  11	  and	  14]	  ETA_OH	  
and	   MAM_O	   spots,	   at	   both	   sides	   of	   the	   binding	   site,	   accepting	   two	   simultaneous	  
hydrogen	  bonds	  from	  the	  backbone	  NH	  of	  Asp30	  and	  Asp29	  (∆Gbind	  =	  -‐1.66	  to	  -‐1.32	  
kcal/mol).	  Forming	  two	  simultaneous	  hydrogen	  bonds	  with	  the	  backbone	  of	  Asp29	  
and	   Asp30	   is	   one	   of	   the	   main	   reasons	   behind	   the	   strong	   potency	   and	   excellent	  
resistance	  profile	  of	  darunavir,1	  which	  confirms	  the	  validity	  of	  the	  prediction.	  [Points	  
2,	   4,	   7	   and	   10]	  Hydrophobic	   pockets	   S2	   and	   S2’,	   identified	   by	   the	   ETA_CT	   probe	  
(∆Gbind	  =	  -‐1.59	  to	  -‐1.38	  kcal/mol).	  [Points	  6,	  12	  and	  13]	  Hydrophobic	  pockets	  S1	  and	  
S1’,	  identified	  by	  the	  ETA_CT	  probe	  	  (∆Gbind	  =	  -‐1.40	  to	  -‐1.33	  kcal/mol).	  The	  majority	  
of	   ligands	   occupy	   all	   four	   hydrophobic	   pockets,	   demonstrating	   the	   importance	   of	  
these	   sites	   for	   binding	   potency.	   [Point	   8]	  MAM_N	   forming	   an	   interaction	  with	   the	  
backbone	   and	   side	   chain	   of	   Asp30	   (∆Gbind	   =	   -‐1.39	   kcal/mol).	   This	   interaction	   is	  
satisfied	  by	   the	  aniline	  moiety	  of	  Darunavir,	  which	   is	  an	   important	  contribution	   to	  
the	   broad	   spectrum	   activity	   of	   this	   drug.2	   Though	   the	   interaction	   is	   intrinsically	  
favorable,	   the	   presence	   of	   the	  MAM_N	   probe	   at	   this	   location	   is	   helped	   by	  MAM_O	  
binding	  at	  a	  close	  position	  (see	  above),	  which	  holds	  the	  acetamide	  molecule	  in	  place.	  
This	   interaction	   is	   not	   so	   clearly	   evidenced	   at	   the	   other	   end	   of	   the	   binding	   site,	  
where	  multiple	  minima	  appear	   for	   the	  MAM_N	  probe	  also	   stabilized	  by	   the	  Asp29	  
side	  chain,	  rendering	  a	  more	  complex	  scenario.	  [Point	  9	  and	  16]	  MAM_N	  forming	  a	  
hydrogen	  bond	  with	  the	  backbone	  carbonyl	  of	  Gly27	  and	  Gly27’	  (∆Gbind	  =	  -‐1.39	  and	  -‐
1.30	   kcal/mol).	   Both	   interactions	   are	   used	   by	   peptidomimetic	   inhibitors	   (40%	   of	  
ligands	   in	   the	   construction	   of	   the	   pharmacophore	   fulfill	   both	   interactions).	   These	  
pharmacophoric	   points	   were	   discarded	   from	   the	   final	   model	   due	   to	   its	   high	   bias	  
towards	  peptidomimetic	  ligands	  and	  its	  proximity	  to	  the	  main	  Asp	  dyad	  interaction	  
at	  F5.	  [Point	  15]	  ETA_OH	  interacting	  with	  the	  catalytic	  Asp25	  and	  Asp25’	  (∆Gbind	  =	  -‐
1.32	  kcal/mol).	  This	  a	   fundamental	   interaction	  used	  by	  a	   large	  majority	  of	   ligands.	  
Although	  not	   discussed	  here,	   the	   remaining	  points	   below	   -‐1.20	   kcal/mol,	   coincide	  
with	  favorable	  interactions	  exploited	  by	  HIVpr	  inhibitors	  (e.g.	  interactions	  at	  F6	  and	  
F7).	  
Overall,	   the	   agreement	   is	   substantial	   and	   all	   the	   important	   interactions	   are	  

correctly	   identified.	   The	   relative	   ranking	   of	   hot	   spots	   is	   better	   for	  Hsp90	   than	   for	  
HIVpr	  (e.g.	   the	  key	  interactions	  with	  the	  catalytic	  dyad	  does	  not	  appear	   in	  the	  first	  
position).	   Partly,	   this	   could	   be	   due	   to	   the	   fact	   that	   the	   solvents	   we	   have	   used	   as	  
probes	  are	  more	  representative	  of	  the	  chemical	  groups	  present	  in	  Hsp90	  inhibitors	  
than	  those	  of	  HIVpr	  inhibitors.	  The	  use	  of	  a	  larger	  set	  of	  organic	  probes	  would	  allow	  
identification	   of	   optimal	   complementarities	   and	   should	   further	   improve	   the	  
predictions.	  
	  

Hot	  spots	  identification	  on	  HIVpr	  with	  GRID.	  
On	  HIVpr	  (Figure	  B	  and	  Table	  A),	  the	  most	  favorable	  interaction	  detected	  by	  GRID	  
falls	   in	   F8	   pharmacophore	   [point	   1	   with	   O1	   probe]	   being	   point	   4	   the	   symmetric	  
interaction	   in	  F9	  pharmacophore.	  The	   second	  most	   favorable	   interaction	   is	   in	  F11	  
[points	  2	  and	  7	  ],	   identified	  by	  O	  and	  O1	  probes.	  This	  position	  is	  reproduced	  when	  
the	  water	  molecule	  is	  removed	  from	  the	  receptor	  in	  the	  calculation.	  When	  the	  water	  
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molecule	  is	  kept	  as	  part	  of	  the	  receptor,	  F11	  position	  is	  obviously	  not	  identified	  but	  
neither	  are	  F6	  and	  F7	  polar	  interactions	  with	  this	  bridging	  water	  (data	  with	  explicit	  
water	  as	  part	  of	  the	  receptor	  not	  shown	  differs	  just	  by	  point	  2	  and	  7	  from	  the	  data	  
shown).	  Interactions	  with	  Asp30	  and	  Asp29	  backbone,	  although	  not	  included	  in	  the	  
pharmacophore	  model,	  are	  important	  interactions	  also	  identified	  with	  MDmix.	  GRID	  
also	   identifies	   them	  with	  a	   lower	  rank	  energy	  with	  O	  and	  O1	  probes	  [points	  3,5,	  8	  
and	  10].	  In	  6th	  position	  we	  find	  the	  main	  interaction	  with	  the	  Asp	  dyad,	  but	  identified	  
with	   the	   N2	   probe	   (pure	   donor),	   thus	   mismatching	   the	   atom	   type.	   Last	   in	   the	  
ranking,	  the	  DRY	  minima	  identify	  hydrophobic	  pharmacophores	  F1	  and	  F4;	  but	  miss	  
F2	   and	   F3.	   These	   results,	   compared	   to	   MDmix	   results	   in	   the	   main	   manuscript,	  
highlight	  the	  important	  advantage	  of	  explicit	  solvation	  and	  simulation	  methods	  over	  
standard	  techniques	  in	  the	  field	  where	  solvation	  effect	  is	  not	  fully	  included.	  
	  
Table	  A.	  Minimum	  energy	  points	  identified	  at	  the	  binding	  site	  of	  HIVpr	  with	  MDmix	  
(left)	  and	  GRID	  (right).	  Their	  positions	  are	  presented	   in	  Figures	  A	   (MDmix)	  and	  B	  
(GRID).	  

MDmix	   GRID	  
ID	   Probe	   ∆Gbind	  (kcal/mol)	   ID	   Probe	   Eint	  (kcal/mol)	  
1	   ETA_OH	   -‐1.66	   1	   O1	   -‐7.97	  
2	   ETA_CT	   -‐1.59	   2	   O1	   -‐7.82	  
3	   ETA_OH	   -‐1.55	   3	   O1	   -‐7.75	  
4	   ETA_CT	   -‐1.44	   4	   O1	   -‐7.67	  
5	   MAM_O	   -‐1.43	   5	   O1	   -‐7.32	  
6	   ETA_CT	   -‐1.40	   6	   N2	   -‐6.71	  
7	   ETA_CT	   -‐1.40	   7	   O	   -‐6.32	  
8	   MAM_N	   -‐1.39	   8	   O	   -‐5.46	  
9	   MAM_N	   -‐1.39	   9	   O	   -‐5.26	  
10	   ETA_CT	   -‐1.38	   10	   O	   -‐5.21	  
11	   MAM_O	   -‐1.38	   11	   DRY	   -‐2.67	  
12	   ETA_CT	   -‐1.35	   12	   DRY	   -‐2.57	  
13	   ETA_CT	   -‐1.33	   13	   DRY	   -‐2.56	  
14	   ETA_OH	   -‐1.32	   14	   DRY	   -‐2.48	  
15	   ETA_OH	   -‐1.32	   15	   DRY	   -‐2.43	  
16	   MAM_N	   -‐1.30	   	   	   	  
17	   ETA_OH	   -‐1.30	   	   	   	  
18	   MAM_O	   -‐1.29	   	   	   	  
19	   MAM_O	   -‐1.28	   	   	   	  
20	   ETA_OH	   -‐1.27	   	   	   	  
21	   ETA_OH	   -‐1.27	   	   	   	  
22	   ETA_OH	   -‐1.26	   	   	   	  
23	   MAM_N	   -‐1.26	   	   	   	  
24	   MAM_N	   -‐1.26	   	   	   	  
25	   MAM_O	   -‐1.25	   	   	   	  
26	   MAM_O	   -‐1.24	   	   	   	  
27	   MAM_N	   -‐1.24	   	   	   	  
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Figure	  A.	  Location	  of	  the	  lowest	  energy	  points	  (below	  -‐1.20	  kcal/mol)	  in	  the	  binding	  
site	   of	   HIVpr	   detected	   with	   MDmix.	   Left	   (top	   view),	   right	   (side	   view).	   Points	   are	  
identified	  with	  its	  rank	  order	  from	  lower	  to	  higher	  energy	  as	  presented	  in	  the	  Table	  
S11.	  For	  reference,	  the	  experimental	  pharmacophoric	  points	  (circles	  with	  labels)	  are	  
also	  displayed.	  The	  colour	  of	  the	  low	  energy	  points	  represent	  the	  atom	  type:	  blue	  =	  
donor;	  red	  =	  acceptor;	  orange	  =	  hydroxyl;	  green	  =	  hydrophobic.	  	  

	  

Figure	  B.	  Location	  of	  the	  lowest	  energy	  points	  in	  the	  binding	  site	  of	  HIVpr	  detected	  
with	  GRID	  (without	   interstitial	  water	  molecule	   in	   the	  calculation).	  Left	   (top	  view),	  
right	   (side	   view).	   Points	   are	   identified	   with	   its	   rank	   order	   from	   lower	   to	   higher	  
energy.	  For	  reference,	  the	  experimental	  pharmacophoric	  points	  (circles	  with	  labels)	  
are	   also	   displayed.	   The	   colour	   of	   the	   low	   energy	   points	   represent	   the	   atom	   type:	  
blue	  =	  donor;	  red	  =	  acceptor;	  orange	  =	  hydroxyl;	  green	  =	  hydrophobic.	  	  
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SUPPLEMENTARY	  METHODS	  

HSP90	   N-‐terminal	   domain	   simulation	   set	   up.	   PDB	   id	   1YER3	   was	   chosen	   to	  
conduct	   all	   the	   experiments,	   as	   a	   representative	   structure	   of	   the	   protein	   and	   to	  
ensure	   comparability	  of	   the	  water	  displaceability	   results	  with	   the	  work	  by	  Haider	  
and	  Huggins.4	  The	  protein	  was	  protonated	  and	  capped	  using	  MOE.	  Crystallographic	  
waters	  were	  removed	  to	  test	   for	  the	  correct	  reproduction	  of	   the	  solvent	  structure.	  
Using	  pyMDMix5	  software,	   the	  system	  was	  solvated	  within	  a	  truncated	  octahedron	  
box	  of	  the	  different	  solvent	  mixtures,	  spanning	  13Å	  from	  the	  protein.	  AMBER	  force	  
field	   99SB	   was	   used	   to	   parameterize	   the	   system.	   The	   protein	   and	   solvent	   were	  
minimized	  for	  3000	  steps,	  initial	  velocities	  assigned	  to	  obtain	  a	  distribution	  at	  150K	  
and	  gradually	  warmed	  up	  to	  300K	  in	  800ps	  in	  the	  NPT	  ensemble.	  The	  system	  was	  
further	  equilibrated	   for	  1ns	  at	  300K	   in	   the	  NPT	  ensemble.	  The	  production	  part	  of	  
the	  simulation	  was	  run	  in	  the	  NVT	  ensemble	  for	  20ns,	  storing	  the	  coordinates	  every	  
picosecond.	   During	   all	   equilibration	   and	   production	   steps	   a	   Langevin	   thermostat	  
with	  a	  collision	  frequency	  of	  4	  was	  used,	  the	  cut-‐off	  for	  Van	  der	  Waals	  interactions	  
was	   set	   to	   9Å	   and	   the	   time	   step	   to	   2ps.	   The	   system	   was	   replicated	   to	   improve	  
convergence	  with	  3	  independent	  simulations	  for	  each	  mixture	  (90ns	  of	  production	  
for	   each	   mixture	   in	   total).	   Harmonic	   restraints	   over	   the	   crystallographic	   atomic	  
positions	  were	  set	  up	  with	  a	  force	  constant	  of	  0.01kcal/mol.A².	  	  

HIV-‐1	   protease	   simulation	   set	   up.	   PDB	   id	   1A8G6	   was	   selected	   as	   an	   early	  
published	   HIV	   protease	   structure	   with	   a	   peptidomimetic	   ligand	   bound.	   The	  
structure	  was	  prepared	  following	  exactly	  the	  same	  procedure	  as	  for	  Hsp90.	  

Solvent	   mixtures	   and	   probes.	   Both	   systems	   were	   solvated	   using	   the	   following	  
mixtures:	   ethanol/water	   20%	   (ETA	   identifier),	   acetamide/water	   20%	   (MAM)	   and	  
100%	  water	  (WAT).	  Ethanol	  parameters	  are	  the	  same	  as	  in	  previous	  studies.7	  Pre-‐
equilibrated	   box	   for	   acetamide	   was	   prepared	   following	   same	   protocol	   as	   in	  
Supplementary	  Reference	  3	  with	  parameters	  in	  Table	  S13	  .	  	  

Calculation	  of	  energy	  maps.	  Using	  pyMDmix,	  the	  production	  part	  of	  the	  trajectory	  
was	   aligned	   and	   density	  maps	   for	   each	   probe	   atom	   in	   the	   solvent	  was	   calculated	  
over	   a	   rigid	   lattice	   with	   voxels	   spanning	   0.5	   Å	   in	   each	   direction,	   for	   three	  
independent	   replicas.	   An	   average	   energy	   grid	   for	   each	   probe	  was	   calculated	   from	  
the	   three	   density	   maps	   by	   adding	   up	   the	   densities	   (Ni)	   and	   converting	   to	   free	  
energies	  using	  the	  inverse	  Boltzmann	  equation,	  comparing	  to	  the	  expected	  density	  
(N0,	  the	  mean	  bulk	  value)	  and	  correcting	  by	  volume	  to	  reproduce	  the	  standard	  state	  
at	  1M	  concentration8:	  

∆𝐺! = −𝑅𝑇𝑙𝑛𝑁! 𝑁!   + 𝑅𝑇𝑙𝑛
𝑉!"#

𝑉!!                     (1)	  

Ligand-‐based	   pharmacophore	   elucidation.	   The	   following	   procedure	   applies	   to	  
both	  systems	  in	  study:	  Heat	  shock	  protein	  90	  N-‐terminal	  domain	  (Hsp90)	  and	  HIV-‐1	  
protease	  (HIVpr).	  The	  Protein	  Data	  Bank	  was	  queried	  to	  obtain	  a	  list	  with	  all	  entries	  
of	  the	  protein-‐ligand	  complexes	  available.	  The	  list	  with	  the	  PDB	  codes	  used	  can	  be	  
found	  at	  the	  end	  of	  this	  section.	  

To	   ensure	   no	   duplicated	   ligands	   are	   considered	   when	   constructing	   the	  
pharmacophore	   and	   avoid	   bias	   towards	   most	   common	   scaffolds,	   a	   clustering	  
procedure,	   followed	   by	   a	   diverse	   subset	   selection,	   was	   carried	   out	   using	   MOE.	  
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Clustering	   procedure	   was	   done	   using	   BIT_MACCS	   fingerprints	   and	   a	   cluster	   was	  
defined	  with	  molecules	  sharing	  at	  least	  85%	  similarity	  and	  85%	  overlap.	  A	  diverse	  
subset	  was	  selected	  using	  BIT_MACCS	  and	  taking	  only	  1	  molecule	  from	  each	  cluster.	  
This	  procedure	  reduced	  the	  initial	  list	  from	  162	  to	  120	  molecules	  for	  Hsp90	  and	  441	  
to	   129	   for	   HIV	   protease.	   These	   reduced	   sets	   were	   used	   to	   construct	   the	   first	  
pharmacophore	   definition	   with	   a	   tolerance	   value	   of	   0.5Å	   and	   10%	   threshold.	  
Pharmacophore	   points	   with	   a	   low	   score	   were	   discarded.	   Some	   Hsp90	   inhibitors	  
induce	  the	  opening	  of	  a	  small	  hydrophobic	  pocket,	  which	  is	  not	  accessible	  from	  the	  
starting	   configuration	   of	   the	   protein	   used	   for	   the	   simulation;	   therefore	   2	  
pharmacophoric	  points	  in	  this	  region	  were	  also	  removed.	  

List	  of	  PDB	  structures	  used	   to	  derive	   the	  Hsp90	  pharmacophore	  model:	  1yet	  
3t10	  3b28	  2yk9	  2yi7	  3vha	  2yke	  3vhc	  3vhd	  3b27	  3o0i	  3rkz	  3bm9	  3r92	  3eko	  4egh	  
3r91	   3owd	   2xjx	   4eeh	   2yjw	   3bmy	   2byi	   2yi0	   3b24	   3hhu	   4b7p	   4jql	   4hy6	   4fcr	   3inx	  
3r4p	  4awq	  3rlr	   3rlr	   3r4m	  2yk2	  3b25	  4egk	  1osf	   3qdd	  3tuh	  2xdu	  4awo	  3d0b	  2yjx	  
2yi6	  3ow6	  2yea	  2ye5	  2byh	  4egi	  2qfo	  2ye2	  1uy6	  2xjj	   1uy7	  2qg2	  3mnr	  2ye3	  2h55	  
2xdk	  3hyy	  2ccs	  2bz5	  3owb	  3rlq	  3rlq	  4bqg	  2bt0	  2xab	  1uye	  1uyg	  2ykb	  3b26	  3k97	  
1uy9	  3r4n	  2xdl	  3hz5	  4bqj	  3ft5	  3hek	  2qg0	  2xds	  4efu	  2vci	  1uyf	  2ye7	  4fcq	  1uyd	  1uyi	  
3k99	  2yed	  4eft	  2yeh	  3ft8	  4fcp	  2wi5	  2yec	  3hz1	  2wi6	  2ye8	  2ye4	  2xht	  3k98	  2yej	  2xhr	  
2yee	  2yei	  1uyh	  2wi4	  2wi7	  2vcj	  2ye6	  2wi1	  2yeg	  2ccu	  2xhx	  2qf6	  

List	  of	  PDB	  structures	  used	   to	  derive	   the	  HIVpr	  pharmacophore	  model:	  1a8g	  
1a8k	  1a9m	  1aaq	  1aid	  1ajv	  1ajx	  1axa	  1bdl	  1bv7	  1bve	  1bwb	  1d4h	  1d4i	  1d4j	  1d4s	  1dif	  
1ebw	   1eby	   1ebz	   1ec1	   1ec2	   1ec3	   1fb7	   1fej	   1fqx	   1hbv	   1heg	   1hih	   1hos	   1hpo	   1hps	  
1hpv	  1hpx	  1hte	  1htf	  1hvh	  1hxw	  1izh	  1k2b	  1k6c	  1k6p	  1k6v	  1kzk	  1lzq	  1mtb	  1mui	  
1npa	  1npv	  1odw	  1ody	  1pro	  1qbr	  1t7k	  1upj	  1vij	  1w5v	  1xl2	  1xl5	  1yt9	  1zp8	  1ztz	  2a1e	  
2aqu	  2az8	  2azb	  2azc	   2bb9	  2bpy	  2bpz	  2bqv	  2cej	   2cem	  2f3k	  2fdd	  2fgu	  2pqz	  2pwr	  
2pym	  2q3k	  2qhy	  2qi0	  2qi1	  2qi3	  2qi7	  2upj	  2uxz	  2uy0	  2xye	  2xyf	  2zga	  3a2o	  3aid	  3bc4	  
3bgb	  3bgc	  3bhe	  3ckt	  3gga	  3ggv	  3gi4	  3h5b	  3i6o	  3kdb	  3kdc	  3kf0	  3kfs	  3nls	  3psu	  3qbf	  
3qih	   3qn8	   3qp0	   3qpj	   3qrm	   3r4b	   3t11	   3th9	   3tof	   3tog	   3zps	   3zpt	   4a4q	   4a6c	   4gb2	  
4k4q	  4phv	  9hvp	  

Energy	  value	  calculation	  at	  pharmacophoric	  points.	  The	  energy	  value	  at	  a	  given	  
pharmacophore	   point	   was	   calculated	   by	   taking	   and	   averaging	   all	   grid	   values	  
enclosed	   by	   the	   pharmacophore	   sphere.	   Excluded	   volume	   points	   surrounding	   the	  
protein	  atom	  positions	  are	  identified	  by	  its	  huge	  positive	  energy	  value	  and	  excluded	  
from	  the	  calculation.	  The	  average	  energy	  (Eph4)	  for	  the	  pharmacophore	  is	  computed	  
using	  the	  following	  expression:	  

𝐸!!! = −𝑅𝑇𝑙𝑛 < 𝑒!
!!"#$%
!" >!"#$%&	   	   	   (2)	  

Where	   <…>	   indicates	   an	   arithmetic	   average	   over	   all	   points	   inside	   the	  
pharmacophore	  and	  E	  can	  be	  ∆Gbind	  for	  MDmix	  values	  or	  Eint	  for	  GRID	  values.	  If	  Eph4	  
is	  greater	  than	  zero,	  value	  is	  set	  back	  to	  zero.	  	  

Calculation	  of	  minima	  points	  from	  energy	  grids	  (binding	  hot	  spots).	  To	  extract	  
all	  relevant	  minima	  (either	  local	  or	  global)	  from	  the	  3D	  grid	  representing	  the	  energy	  
landscape	  for	  a	  particular	  probe,	  we	  conduct	  a	  3	  step	  clustering	  protocol:	  

1) Extract	  all	  grid	  points	  below	  a	  certain	  energy	  cutoff	  as	  3D	  coordinate-‐energy	  
pairs.	   To	   be	   independent	   of	   the	   energy	   range	   each	   probe	  may	   acquire,	   the	  
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cutoff	   value	   is	   individually	  established	  with	   the	   lower	  0.02	  percentile	  of	   all	  
negative	  values.	  

2) All	  points	  belong	  to	  a	  same	  cluster	  if	  they	  are	  at	  a	  maximum	  distance	  of	  1.5	  Å	  
of	  each	  other.	  

3) Within	   each	   cluster,	   all	   energy	   values	   are	   averaged	   following	   equation	   (2).	  
The	  average	  value	  is	  finally	  assigned	  to	  the	  minimum	  energy	  coordinate.	  

4) To	   focus	   only	   on	   the	   binding	   site	   region,	   only	   points	   around	   5	   Å	   to	   any	  
pharmacophore	  center	  are	  considered.	  	  

This	  protocol	  is	  implemented	  in	  the	  software	  package	  pyMDMix5.	  	  

Statistical	   analysis	   of	   energy	   heatmaps.	   To	   evaluate	   the	   performance	   of	   the	  
different	   methods	   to	   reproduce	   the	   ligand-‐based	   pharmacophore,	   the	   sensitivity,	  
specificity	  and	  accuracy	  measures	  were	  computed.	  	  

Sensitivity	  defines	  the	  True	  Positive	  Rate	  (ratio	  of	  true	  positives	  within	  all	  positive	  
results	   	   -‐	   TPR),	   Specificity	   defines	   the	  True	  Negative	  Rate	   (ratio	   of	   true	   negatives	  
within	  all	  negative	   results),	  precision	  or	  Positive	  Predictive	  Value	   summarizes	   the	  
real	   positive	   amongst	   all	   predicted	   positives	   (PPV)	   and	   accuracy,	   which	   is	   a	  
summary	  measure	  that	  relates	  the	  correct	  results	  (true	  negative	  and	  true	  positives)	  
with	  the	  total	  number	  of	  results	  (either	  true	  or	  false).	  	  

This	  statistics	  are	  categorical,	   thus	  energies	  are	  categorized	  between:	  true	  positive	  
(TP)	  when	  the	  probe	  chemical	  type	  matches	  the	  pharmacophore	  chemical	  type	  and	  
the	   free	   energy	   obtained	   is	   negative;	   true	   negative	   (TN)	   when	   the	   probe,	   has	   a	  
different	  chemo	  type	  and	  shows	  zero	  or	  positive	  energy	  inside	  the	  pharmacophore;	  
false	   positive	   (FP)	   when	   the	   probe	   is	   not	   matching	   the	   pharmacophore	   type	   but	  
does	   have	   negative	   energies;	   false	   negative	   (FN)	   when	   the	   probe	   matches	   the	  
pharmacophore	  type	  but	  shows	  positive	  or	  zero	  energy.	  	  

Sensitivity	  or	  true	  positive	  rate:	  

𝑇𝑃𝑅 = 𝑇𝑃
𝑃 =

𝑇𝑃
(𝑇𝑃 + 𝐹𝑁)	  	  	   	   (3)	  

Specificity	  or	  true	  negative	  rate:	  

𝑇𝑁𝑅 = 𝑇𝑁
𝑁 = 𝑇𝑁

(𝐹𝑃 + 𝑇𝑁)	   	   (4)	  

Precision	  or	  positive	  predictive	  value:	  

𝑃𝑃𝑉 = 𝑇𝑃
(𝑇𝑃 + 𝐹𝑃)	  	   	   	   (5)	  

Negative	  predictive	  value	  (NPV):	  

𝑁𝑃𝑉 = 𝑇𝑁
(𝑇𝑁 + 𝐹𝑁)	  	   	   	   (6)	  

Accuracy:	  

𝐴𝐶𝐶 = (𝑇𝑃 + 𝑇𝑁)/(𝑃 + 𝑁)	  	   (7)	  
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These	   rates	  are	   computed	   for	  each	  pharmacophore	   (each	  column	   in	   the	  heatmap)	  
and	  weighted	  by	  the	  relative	  score	  of	  the	  pharmacophore	  (Wph4):	  

𝑊!!!
! = !"#$%!

!"#$!!  
	   	   	   	   (8)	  

The	  total	  ratio	  of	  the	  heatmap	  is	  evaluated	  as	  the	  sum	  of	  the	  ratios	  weighted	  by	  the	  
relative	  score	  of	  the	  pharmacophore.	  E.g.	  for	  ACC	  and	  i	  pharmacophores	  (columns):	  

𝐴𝐶𝐶!!"#$"% =    𝐴𝐶𝐶!𝑊!!!
!

! 	   	   (9)	  
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SUPPLEMENTARY	  FIGURES	  

Figure	   S1.	  Heatmap	   representing	   the	   agreement	  between	   experimentally	   derived	  
pharmacophores	   of	   Hsp90	   and	   computational	   predictions	   based	   on	   GRID	  
considering	   interstitial	  waters	  as	  part	  of	   the	  receptor.	  Color	   intensity	   indicates	   the	  
average	   binding	   free	   energy	   of	   a	   particular	   atom	   type	   within	   the	   volume	   of	   the	  
pharmacophoric	   point.	   Purple	   (brown)	   tones	   indicate	   that	   the	   atom	   type	   agrees	  
(disagrees)	  with	  the	  pharmacophoric	  feature.	  Star	  (circle)	  symbol	  indicates	  the	  first	  
(second)	   lower	   energy	   value	  within	   the	   pharmacophore	   column.	  Data	   available	   in	  
Table	  S5.	  

	  

Figure	   S2.	  Heatmaps	  representing	  the	  agreement	  between	  experimentally	  derived	  
pharmacophores	  of	  HIV-‐1	  protease	  and	  computational	  predictions	  based	  on	  a)	  GRID	  
without	  considering	   interstitial	  waters	  and	  b)	  GRID	  considering	   interstitial	  waters.	  
Color	   intensity	   indicates	   the	  average	  binding	   free	  energy	  of	  a	  particular	  atom	  type	  
within	  the	  volume	  of	  the	  pharmacophoric	  point.	  Purple	  (brown)	  tones	  indicate	  that	  
the	   atom	   type	   agrees	   (disagrees)	   with	   the	   pharmacophoric	   feature.	   Star	   (circle)	  
symbol	   indicates	   the	   first	   (second)	   lower	   energy	   value	  within	   the	  pharmacophore	  
column.	  Data	  available	  in	  Tables	  S6-‐7.	  

	  

	  

	  

a)	   b)	  
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Figure	   S3.	   Heatmap	   comparing	   DRY	   and	   ETA_CT	   probe	   results	   in	   reproducing	  
Hsp90	  pharmacophore.	  Color	  intensity	  indicates	  the	  average	  binding	  free	  energy	  of	  
a	   particular	   atom	   type	   within	   the	   volume	   of	   the	   pharmacophoric	   point.	   Purple	  
(brown)	   tones	   indicate	   that	   the	   atom	   type	   agrees	   (disagrees)	   with	   the	  
pharmacophoric	  feature.	  

	  

	  
Figure	   S4.	   Location	   of	   the	   lowest	   energy	   points	   in	   the	   binding	   site	   of	   Hsp90	  
detected	   with	   GRID	   discarding	   all	   waters	   in	   the	   calculation.	   Points	   are	   identified	  
with	   its	   rank	   order	   from	   lower	   to	   higher	   energy.	   For	   reference,	   the	   experimental	  
pharmacophoric	  points	  (circles	  with	  labels)	  are	  also	  displayed.	  The	  colour	  of	  the	  low	  
energy	   points	   represent	   the	   atom	   type:	   blue	   =	   donor;	   red	   =	   acceptor;	   orange	   =	  
hydroxyl;	  green	  =	  hydrophobic.	  	  
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SUPPLEMENTARY	  TABLES	  

	  

Table	  S1.	  Computed	  ∆Gbind	  values	  at	  the	  crystallographic	  water	  coordinates	  for	  the	  
different	  water	  maps	  calculated	  from	  MDmix	  and	  pure	  water	  simulation	  for	  Hsp90	  
in	   kcal/mol	   units.	   Pearson	   correlation	   coefficient	   to	   the	   pure	   water	   simulation	  
results	  is	  given	  at	  the	  bottom	  of	  the	  table.	  Water	  ID	  follow	  1YER	  numbering.	  

	  

Water	  ID	   100%	  WAT	   ETA-‐WAT1	   MAM-‐WAT2	   MIN3	  
301	   -‐0.71	   -‐0.74	   -‐0.64	   -‐0.74	  
303	   -‐0.54	   -‐0.55	   -‐0.54	   -‐0.55	  
323	   -‐0.23	   -‐0.24	   -‐0.18	   -‐0.24	  
324	   -‐0.34	   -‐0.33	   -‐0.18	   -‐0.33	  
325	   -‐0.43	   -‐0.56	   -‐0.49	   -‐0.56	  
328	   -‐0.47	   -‐0.51	   -‐0.45	   -‐0.51	  
336	   -‐0.47	   -‐0.19	   -‐0.41	   -‐0.41	  
338	   0.19	   0.34	   0.50	   0.34	  
346	   -‐0.46	   -‐0.50	   -‐0.39	   -‐0.5	  
357	   0.04	   0.35	   0.78	   0.35	  
379	   -‐0.11	   -‐0.02	   -‐0.02	   -‐0.02	  
381	   -‐0.10	   0.04	   0.00	   0.00	  
385	   0.55	   0.39	   0.31	   0.31	  
405	   -‐0.11	   -‐0.08	   0.05	   -‐0.08	  
412	   -‐0.14	   -‐0.07	   -‐0.05	   -‐0.07	  
435	   -‐0.15	   -‐0.06	   -‐0.02	   -‐0.06	  
476	   -‐0.03	   0.14	   0.16	   0.14	  
529	   -‐0.32	   -‐0.32	   -‐0.34	   -‐0.34	  
536	   0.25	   0.29	   0.37	   0.29	  
547	   0.00	   0.06	   0.14	   0.06	  
598	   -‐0.02	   0.03	   0.03	   0.03	  
W2	   0.11	   0.02	   0.51	   0.02	  

r2	  (WAT)	   1.00	   0.87	   0.77	   0.88	  
r2	  (WAT	  <	  0)	   1.00	   0.88	   0.94	   0.96	  
1Values	  from	  water	  oxygen	  energy	  map	  in	  ethanol	  mixture	  simulation	  
2Values	  from	  water	  oxygen	  energy	  map	  in	  acetamide	  mixture	  simulation	  
3Minimum	  between	  ethanol	  and	  acetamide	  water	  columns	  
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Table	  S2.	  Energy	  values	  calculated	  with	  MDmix	  inside	  derived	  pharmacophores	  for	  
Hsp90.	  Values	  expressed	  in	  kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	  

ETA_CT	   0	   0	   0	   -‐0.499	   -‐0.125	   0	   0	   -‐1.188	   -‐1.003	   0	  

ETA_OH	   0	   -‐0.324	   -‐1.238	   0	   0	   -‐0.409	   -‐0.966	   0	   0	   0	  

MAM_O	   0	   -‐1.334	   0	   0	   0	   0	   0	   0	   0	   -‐0.662	  

MAM_CT	   -‐0.315	   -‐1.614	   -‐0.441	   0	   -‐0.473	   0	   0	   0	   0	   -‐0.780	  

MAM_N	   -‐1.791	   0	   -‐0.409	   -‐0.148	   0	   0	   0	   0	   -‐0.252	   0	  

	  

Table	  S3.	  Energy	  values	  calculated	  with	  MDmix	  inside	  derived	  pharmacophores	  for	  
HIVpr.	  Values	  expressed	  in	  kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	   F11	  

ETA_OH	   0	   -‐0.254	   -‐0.026	   -‐0.350	   -‐0.524	   -‐0.419	   -‐0.809	   0	   -‐0.016	   -‐0.188	   -‐0.401	  

MAM_O	   0	   -‐0.084	   -‐0.107	   -‐0.295	   0	   -‐0.206	   -‐0.329	   -‐0.002	   -‐0.010	   -‐0.044	   0	  

MAM_N	   0	   -‐0.293	   0	   -‐0.029	   -‐0.120	   0	   -‐0.154	   0	   -‐0.262	   -‐0.270	   0	  

ETA_CT	   -‐0.766	   -‐0.789	   -‐0.335	   -‐0.792	   0	   0	   -‐0.718	   0	   0	   0	   0	  

MAM_CT	   0	   -‐0.575	   -‐0.096	   -‐0.509	   0	   0	   -‐0.090	   0	   -‐0.020	   0	   0	  

	  

Table	   S4.	   Energy	  values	   calculated	  with	  GRID	   inside	  derived	  pharmacophores	   for	  
Hsp90.	   GRID	   calculation	   did	   not	   include	   interstitial	   waters.	   Values	   expressed	   in	  
kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	  

GRID_O1	   0	   -‐2.603	   0	   -‐2.896	   -‐3.271	   -‐2.804	   -‐2.499	   -‐0.067	   -‐1.967	   -‐1.347	  

GRID_OH2	   0	   -‐3.52	   0	   -‐4.759	   -‐3.63	   -‐3.982	   -‐2.475	   -‐0.064	   -‐2.107	   -‐1.494	  

GRID_DRY	   0	   -‐0.064	   0	   -‐0.145	   -‐0.015	   -‐0.01	   -‐0.193	   -‐0.127	   -‐0.358	   0.19	  

GRID_N2	   0	   -‐3.579	   0	   -‐4.16	   -‐3.46	   -‐3.844	   -‐2.181	   -‐0.088	   -‐2.241	   -‐1.734	  

	  

Table	   S5.	   Energy	  values	   calculated	  with	  GRID	   inside	  derived	  pharmacophores	   for	  
Hsp90.	  GRID	  calculation	  including	  interstitial	  waters.	  Values	  expressed	  in	  kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	  

GRID_O1	   0	   -‐3.915	   0	   -‐4.635	   -‐3.211	   -‐2.614	   -‐2.31	   -‐2.146	   -‐4.017	   -‐3.01	  

GRID_O	   0	   -‐0.942	   0	   -‐2.13	   -‐1.646	   -‐1.484	   -‐2.568	   -‐1.321	   -‐2.654	   -‐1.403	  

GRID_DRY	   0	   -‐0.004	   0	   -‐0.29	   -‐0.858	   -‐1.03	   -‐0.068	   -‐2.055	   -‐0.599	   0	  

GRID_N2	   0	   -‐4.228	   0	   -‐4.524	   -‐4.196	   -‐3.522	   -‐0.359	   -‐2.579	   -‐2.884	   0	  
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Table	   S6.	   Energy	  values	   calculated	  with	  GRID	   inside	  derived	  pharmacophores	   for	  
HIVpr.	   GRID	   calculation	   did	   not	   include	   interstitial	   waters.	   Values	   expressed	   in	  
kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	   F11	  

GRID_O1	   -‐2.626	   -‐3.166	   -‐1.912	   -‐1.897	   -‐4.087	   -‐2.232	   -‐3.252	   -‐6.81	   -‐6.743	   -‐2.793	   -‐6.307	  

GRID_O	   -‐1.576	   -‐1.972	   -‐0.543	   -‐0.808	   -‐2.112	   -‐1.118	   -‐2.313	   -‐4.369	   -‐4.051	   -‐1.089	   -‐5.184	  

GRID_DRY	   -‐1.62	   -‐1.362	   -‐0.816	   -‐0.713	   0	   -‐0.362	   -‐0.496	   -‐0.007	   -‐0.005	   -‐0.203	   -‐0.08	  

GRID_N2	   -‐2.541	   -‐2.948	   -‐2.209	   -‐2.114	   -‐5.542	   -‐2.167	   -‐2.442	   -‐3.859	   -‐4.023	   -‐2.928	   -‐2.258	  

	  

Table	   S7.	   Energy	  values	   calculated	  with	  GRID	   inside	  derived	  pharmacophores	   for	  
HIVpr.	  GRID	  calculation	  included	  interstitial	  water.	  Values	  expressed	  in	  kcal/mol.	  	  

Probe	   F1	   F2	   F3	   F4	   F5	   F6	   F7	   F8	   F9	   F10	   F11	  

GRID_O1	   -‐2.607	   -‐3.171	   -‐2.005	   -‐1.933	   -‐5.706	   -‐2.049	   -‐2.463	   -‐-‐6.795	   -‐6.746	   -‐2.849	   0	  

GRID_O	   -‐1.583	   -‐1.979	   -‐0.582	   -‐0.835	   -‐2.282	   -‐0.491	   -‐1.097	   -‐4.37	   -‐4.052	   -‐1.123	   0	  

GRID_DRY	   -‐1.637	   -‐1.38	   -‐0.852	   -‐0.733	   0	   -‐0.594	   -‐0.555	   -‐0.007	   -‐0.005	   -‐0.239	   0	  

GRID_N2	   -‐2.554	   -‐2.957	   -‐2.284	   -‐2.155	   -‐5.601	   -‐2.261	   -‐2.323	   -‐3.86	   -‐4.025	   -‐2.984	   0	  

	  

Table	  S8.	  Acetamide	  Amber	  99SB	  forcefield	  parameters.	  

Scheme	   Atom	  name	   Atom	  type	   Charge	  

	  

C1	   CT	   -‐0.5568	  
C2	   C	   0.9808	  
H1	   HC	   0.1483	  
H2	   HC	   0.1483	  
H3	   HC	   0.1483	  
N1	   N	   -‐1.1237	  
H4	   H	   0.4507	  
H5	   H	   0.4507	  
O1	   O	   -‐0.6466	  
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3.3 pyMDMix software

The use MDmix methodology involves the target preparation for simulation,
the preparation of solvent mixtures, the set up of the simulation parameters
and a final process of analysis once the simulation is completed. Although
an expert user can follow these steps, it requires extensive knowledge about
MD simulation software and involves the development of custom-made scripts
which represent a barrier, specially when multiple systems are to be investigated
or multiple replicas and solvents are to be analyzed. For non-experts, the
difficulty of the set-up and analysis is probably overwhelming and would act as
a deterrent.

Aiming to facilitate the access to MDmix methodology, a software was devel-
oped and delivered as open source. Implemented as a python package, pyMD-
Mix is currently available for download at http://mdmix.sourceforge.net.

The package has an extension of roughly 14000 lines of code and implements
the following features:

• Management and easy incorporation of different solvent mixtures.

• Easy set up of all the molecular dynamics simulation input files and
execution commands. Automatic application of positional restraints and
alignment of the completed trajectories.

• Computation of density maps for the selected probes within each solvent
mixture.

• Conversion to free energy maps, averaging between replicates, and stan-
dard state corrections included (i.e. analytical correction for the high
concentration of co-solvent used in the mixtures).

• Minimum energy points calculation from the energy maps to facilitate
use.

• Plotting RMSD and energetic terms evolution during simulation to con-
trol quality.

• Residence time calculations to control correct solvent sampling.

• Easy user command interface to perform all the tasks.

• Parallelizable analysis to speed up calculations.

pyMDMix, currently tested in Linux and Mac OSX operating systems, pro-
vides a tool for helping the adoption of the methodology by non-experts and
provides a framework for further development. pyMDMix website, developed
using Wordpress framework, contains all the user documentation, several ex-
amples and tutorials to help get the user started. Figure 3.1 shows a snapshot
of the website welcome page.

The document presented in this section is a communication draft pending
for submission, which collects some of the features above explained.
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Figure 3.1: pyMDMix website home page.
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ABSTRACT 
Summary: Methods for the identification of high affinity interaction 
sites (hot spots) in structure based approaches provide valuable 
information for the identification of binding sites, discovery of ligands 
and potency optimization through increased complementarity. 
Algorithms based on molecular dynamics (MD) simulations with 
mixed solvents (MDmix) explicitly consider the solvation effect and 
offer the most accurate predictions, revealing at the same time the 
hydration patterns and water displaceability. Nevertheless, the use 
of these techniques is hampered by the human time needed to setup 
the virtual systems, submiting the calculations and analysing the MD 
trajectories to obtain visually interpretable results. pyMDMix 
automates all these processes and, as the first software specifically 
designed for this prupose, will facilitate the adoption of MDmix 
methodologies and exploitation of its multiple applications. 
Availability: pyMDMix is free and open-source software and can 
be downloaded at http://mdmix.sourceforge.net. 
Contact:	  daniel.alvarez@ub.edu 

1 INTRODUCTION  
High affinity interaction sites or “hot spots” identify regions over a 
target protein which contribute the most to the binding affinity 
upon a ligand-binding event (Hajduk et al., 2005). Its identification 
and characterization provide highly valuable information for 
structure based approaches, i.e. in protein protein interfaces 
carachterization, and in Structure-Based Drug Design (SBDD) 
processes, from binding site discovery to molecular optimization 
(Vajda and Guarnieri, 2006; DeLano, 2002). 

The avidity of binding hot spots for small organic solvents, 
firstly demonstrated by different experimental works (Mattos et al., 
2006; Liepinsh and Otting, 1997), has been exploited in 
computational applications for their identification (Brenke et al., 
2009; Kulp et al., 2011; Seco et al., 2009). From the different 
algorithms and implementations the most accurate results are 
obtained by means of molecular dynamics (MDs) simulations that 
explicitly consider organic/aqueous solvent mixtures (MDmix). 
The protein under study is embedded in a mixture of a small 
organic molecule and water and simulated using classical MD 
algorithms. Hot spots are identified by analyzing the higher 

                                                             
* To whom correspondence should be addressed.  

occupancy regions of the co-solvent molecule over the protein 
surface. Finally, using the inverse boltzmann equation, an energy 
estimate is obtained for each co-solvent atom type of interest. 
These energy maps allow the identification of binding sites (Seco 
et al., 2009), the estimation of binding affinities with explicit 
consideration of target flexibility (Alvarez-Garcia and Barril, 
2014) and the identification of pharmacophores with unprecedent 
accuracy (Alvarez-Garcia and Barril, submitted). Moreover, the 
explicit treatment of the water, and the competitive co-solvent 
molecules, identify displaceable and undisplaceable water 
molecules in the binding site (Alvarez-Garcia and Barril,  2014).  

The whole process to conduct such analysis requires a good 
knowledge of several tools for setting up the system with different 
solvents, creating input and execution files to carry out the MD 
simulations, and finally several other tools for the analysis (usually 
in-house tailored scripts). pyMDMix package has been developed 
to simplify this process and to establish a framework for further 
developing and extension.  

2 IMPLEMENTATION 
pyMDMix is developed as a python module and distributed with a 
command line user interface. The program, developed using part of 
Biskit (Grünberg et al., 2007) molecular library, implements its 
own code routines for density and energy analysis, minima 
location and other operations. Tasks involving structure 
preparation and trajectory alignment are delegated to Ambertools 
(Case et al., 2005) ptraj and tLeap programs. In this section, main 
features implemented are described: 

2.1 Main features 

1) Solvent Management. The package includes some pre-
equilibrated aqueous-organic solvent mixtures (e.g. ethanol 20%, 
isopropanol 20%, acetonitrile 20% and acetamide 20%). Moreover, 
users can incorporate their own pre-equilibrated solvent mixture 
into the package with a simple configuration file, where atoms of 
interest for the analysis must be stated.  
2) System and simulation parameters set-up. Input to the pipeline 
is a PDB file of the target structure prepared according to AMBER 
standards (i.e. protonated, with residue names conforming to 
AMBER, capped termini, etc.) or an AMBER object library file. 
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Through calls to tLeap, the system is automatically embedded in 
the solvent mixtures of choice, and input files for running the 
simulation are prepared. The default configuration offers a fast 
setup with the most common conditions, but it can be tailored to 
choose alternative protein restraining schemes, number of replicas 
to simulate, temperature, and other fine tuning options. Input files 
and execution scripts are then written for running the simulation 
with AMBER or NAMD programs. It is possible to incorporate 
non-standard residues (i.e. ligands) in the system preparation. 
3) Simulation run. After all the inputs are prepared, the user can 
take the folder structure to the computer facility (or local machine) 
to run the simulation. In many cases, job submission is 
orchestrated by a job scheduler. Tools for the preparation of the 
input files needed for running in such environments are also 
included in the program. 
4) Analysis. Once all simulations are completed, the common basic 
process of analysis involves a trajectory alignment, a counting 
process to obtain density grids and a final step of conversion from 
densities to energies. These last two steps are solvent-specific and 
the program takes care of the differences between solvents 
automatically. Free energy grids are written in common formats for 
visualization with standard molecular visualization software. Using 
a clustering and pruning algorithm, local and global minima can be 
identified and saved as PDB files for further use. 
5) Quality control. One of the limiting features of molecular 
dynamics is that it is difficult to decide wether the results are 
converged. To assess this convergence and the quality of the 
simulation runs, pyMDMix incorporates two main quality 
assessment functions: RMSD plotting and residence time plots to 
assess solvent exchange.  

6) Additional tools. Grid data manipulation tasks are usually 

complicated. The program incorporates operations to add, 
substract, averaging and extract values from the probe maps. 

Figure 1. Example workflow with input files, shell commands to 
be executed and outputs.  

2.2 Example workflow 

Through a configuration file, the user will easily set up the 
conditions for simulation: solvents, number of runs, MD program 
to use, etc.; and create a project. File specifications are detailed in 
the documentation. 
As an example, Figure 1 shows a configuration file which will take 
a PDB file previously prepared with the target protein 
(mysystem.pdb) and set up all MD input files for running the 
system 20 ns in water and ethanol 20 mixtures, 3 replicas per 
mixture (60 ns in total) and limit protein motion with positional 
restraints over all protein heavy atoms (automatically identified). 
After simulation is completed, trajectory files obtained are aligned 
to a reference structure and density maps for each co-solvent atom 
of interest are calculated. These density maps are automatically 
converted to energies by comparing to the expected bulk 
distribution. If multiple replicas of the same solvent are run, 
density grids are joined before conversion, granting better 
converged results. The easy execution of such analyses is 
exemplified in Figure 1. More examples are provided in the web 
site of the program.  

3 CONCLUSIONS 
The use of molecular simulations with explicit aqueous-organic 
solvent mixtures in drug design projects is showing very promising 
results with a wide range of applications. Despite its potential, the 
applicability is hampered by the costly process of setup and 
analysis. Here we present pyMDMix, an open-source software, 
that will ease the usage of these techniques and facilitate its 
adoption. 
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MDmix methodology, presented as a novel tool with many applications in
structure based drug design, has been tested over different target proteins and
with different solvent mixtures to understand the advantages and limitations
of the technique. In this section, main results are summarized and discussed
in the context of structure-based drug discovery.

Impact of protein flexibility on the results

In the quest for an optimal protocol, target flexibility was the first topic to be
investigated. It has direct impact on the length and type of simulations to be
conducted and thus a big influence on the results. The publication included in
section 3.1 addresses this topic in full detail.

The impact of restricting protein motion during the simulation on the re-
sults, as a bypass to enhance sampling, has been studied by simulating the
protein (hen egg white lysozime in this study) in the presence of several organic
mixtures with full flexibility (FREE) and with positional restraints over all pro-
tein heavy-atoms with increasing strengths (HA1=1; HA01=0.1; HA001=0.01
kcal/molÅ2 ). The energy for several hot spots over the protein surface and
their mobility (measured as b-factors) was computed under the different re-
straining schemes.

Figure 4.1 shows the effect of rigidification on the hot spots’ energy esti-
mates by comparing binding free energy at the protein catalytic site, as ob-
tained from ethanol/water mixture simulations under three restraining condi-
tions and varying simulation lengths, with the local environment flexibility. It
is noticeable the wide deviation in the flexible simulations (FREE) and how
the mild restrained simulations (HA001) reach an energy estimate within the
flexible estimation error.

After studying other hot spots over the protein surface, we found that forc-
ing rigidity (as it could be in a single structure study in other methods where
flexibility is completely neglected) has an overall effect of over-estimation of the
hot spots free energy. This effect is less important on intrinsically rigid regions
of the protein (e.g. enzymes active sites) as we found a logarithmic relation-
ship to the change in b-factors (Figure 4.2). On the other hand, on regions
with increased mobility (e.g. protein-protein interfaces) this effect might gain
importance and over-estimate particular interactions up to 4 times.

On the other hand, flexibility is important to ensure a good sampling and
correctly reproduce kinetic barriers or reveal induced pockets. In this situa-
tion, calculation of energy maps using a static lattice will yield blurred results
resulting from the sum of different conformations visited. This will hamper the
hot spot interpretation and transferability to other applications (e.g. pharma-
cophoric restraints definition in virtual screening). Moreover, peril of protein
denaturation exists.

As a compromise between sampling and accuracy, we propose mild re-
straints to explore a particular protein ensemble (e.g. the bioactive protein



96 CHAPTER 4. RESULTS SUMMARY AND DISCUSSION

High reproducibility
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High variability
Lower reproducibility

Correct ∆Gbind
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Correct ∆Gbind

Figure 4.1: HEWL catalytic site mean energy estimation over three independent
replicas vs. mean site b-factor under three restraining schemes run for 20ns and
200ns.

conformation), obtaining energy values with low overestimation (with a maxi-
mum of 1.5 folds in more flexible sites) and still permitting results interpretation
and transferability. When a first protein exploration is needed, flexible simu-
lations will identify induced binding sites and highlight more rigid areas with
the strongest interactions, which help to identify binding sites, but the results
will not provide reproducible interaction maps.

The issue of protein flexibility has been thoroughly studied for docking ap-
plications, and the current consensus is that conformational variability is best
represented by small ensembles of experimental structures [49, 82]. As recently
demonstrated by Fischer et al., less populated conformations can be used ef-
fectively, but only if the relative energy of each conformation in the ensemble
is known[50]. Going forward, we consider that large conformational transitions
will still need such an ensemble approach, but it can be supplemented with
local conformational sampling, thus ensuring that binding free energies are not
overly exaggerated.
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Figure 4.2: Relationship between energy overestimation in the y-axis (restrained
simulation energy / free simulation energy) versus the b-factor under each simulation
condition for several hotspots over HEWL surface. Notice the most mobile hotspots
in the FREE simulation also reach higher energy overestimation upon rigidification
(follow lines right to left).

Validation on pharmacophore finding and comparison to
standard methods

After some guidelines on how to treat flexibility were established, a complete
validation of the results accuracy and potential applications was carried out by
comparing MDmix results with experimentally derived pharmacophore models.
The work, presented in results section 3.2, also includes a study on the water
information obtained as a by-product of the method. Main results are here
summarized and discussed.

In order to validate the use of different co-solvents as probe molecules to
identify the most important interactions in a binding site, two well-known
proteins were studied: heat shock protein 90 (Hsp90) and HIV-1 protease
(HIVpr). The systems were solvated with an ethanol/water (ETA) and an
acetamide/water mixture (MAM) to calculate four representative chemical
types: hydrophobic probe (HYD) and hydrogen bond donor and acceptor probe
(HDA), as obtained by the methyl and hydroxyl in ethanol molecule respec-
tively, and hydrogen bond donor (HBD) and hydrogen bond acceptor (HBA),
calculated from acetamide oxygen and nitrogen respectively. Three replicas
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were run for each system, using mild positional restraints applied to the pro-
tein non-hydrogen atoms, to incorporate the ideas derived from the previous
flexibility study.

To complete the work, a comparison with a well established methodology
was also conducted. GRID was chosen as a representative method for molecu-
lar interaction potentials (MIP) calculations. For both systems in study, MIP
grids were computed for the probes matching the chemical type represented
by the co-solvent atoms in MDmix (namely DRY for HYD, O1 for HDA, O
for HBA and N2 for HBD). In this technique and related, implicit solvent and
protein rigidity are known to be a limiting factor, but the extent of such impact
is yet to be understood. Flexibility issue was investigated in the previous work
and we will focus on the solvation model implications.

The results obtained for both methods on the reproduction of well known
pharmacophores and a discussion on the importance of explicit solvation models
for gaining accuracy are here presented:

Reproduction of pharmacophores

All Hsp90 protein-ligand complexes deposited in the PDB were downloaded
and filtered to calculate a pharmacophore model which was finally refined to
retain most important and distinctive features. Same procedure was carried
out for HIV protease.

The average energy inside each pharmacophoric point was calculated for the
MDmix free energy maps and the GRID MIPs obtaining a data table which is
statistically analyzed for the reproduction of true positives and true negatives.

Results for Hsp90 show a comparable sensitivity or true positive rate (0.68
for both methods) but a notorious lack of specificity in GRID calculations, with
a true negative rate for MDmix of 0.74 versus 0.32 for GRID. Precision, or pos-
itive predictive value, summarizes both sensitivity and specificity estimations
yielding an outstanding 0.66 ratio for MDmix (0.21 for GRID). This great dif-
ference can be explained by the treatment of the solvation effect. Competing
explicit waters render a more complex and accurate chemical landscape which
can better distinguish between the different probes and their correct position
in the configurational space. In this scenario non-displaceable water molecules
also have a direct impact on the true negative predictive power.

Values above described are obtained from the data shown in Figure 4.3
where energy values at the pharmacophores is represented as a heatmap, being
darker colors more negative and favorable values. Violet color indicates that
the probe chemical type and the pharmacophore type match, being the brown-
ish color an indicator of mismatch between them. Notice the few brown colors
and greater number of white spaces in MDmix (left) as compared to GRID
(right).

HIVpr results hold the same trend when comparing the corresponding sta-
tistical results for both MDmix and GRID heatmaps: sensitivity 0.85 vs 1.0,
specificity 0.58 vs 0.04 and precision 0.69 vs 0.39.
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Figure 4.3: Heatmaps of the mean energy enclosed by the pharmacophore model
spheres for each probe map in MDmix (left) and GRID (right). Purple color indi-
cates matching between probe type and pharmacophore type; brownish color indicate
missmatch. Color intensity depend on the energy value being darger colors the most
negative. Notice the higher presence of blank spaces and purple tones in MDMix
results indicating a higher sensitivity and specificity.

However, after careful inspection of Hsp90 and HIVpr results, two possible
limitations of the method can be spotted:

- Probe entanglement: Energy minima for different probes appear cor-
related when belonging to the same co-solvent. For instance, regions
where the hydroxyl of ethanol is making good interactions, good energy
values for the methyl will be present nearby although the interaction for
hydrophobic moieties might not be strong enough. That is, hydroxyl
good interactions can compensate for the methyl unfavorable ones. The
result, in any case, is a favorable interaction for the hydrophobic probe
in a region where it is not (a false positive). Visual inspection of the
results help to easily discard such false positives because there is no good
interaction possible with the protein surrounding the hot spot. The con-
cern is more serious when using the results in a quantitative manner, as
the energy values for each individual probe are inevitably affected by the
binding preferences of the remaining atoms in the solvent molecule. A
clear example of this problem is found for the MAM CT probe, which
barely identifies hydrophobic regions but is found most of the time ac-
companying the polar interactions formed by the rest of the molecule.
This is an extreme case and the results clearly improve when removing
this probe. However, this correlation is present, to different extents, in
all the probe maps and should clearly be further investigated.

- Probe choice: In the particular case of HIVpr, more favorable energy
values are found on pharmacophores which rank in lower positions, that
is, lowest grid energy values are not corresponding to the more favor-
able pharmacophores. It is worth to emphasize here that the results are
still positive, meaning that the chemical types coincide but the energy
levels are not as expected. Probably, this second issue indicates that
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the co-solvents chosen to study this cavity may not bear the most suit-
able chemical types for correctly mapping the binding site interactions. A
clear example is found at F11 pharmacophore position, were the hydroxyl
probe gets some favorable energy, but the most appropriate moiety would
be a ketone group. Acetamide, bearing the nitrogen nearby, is also not
able to obtain a correct energy estimate for this point. The solution in
this case would be to add more solvents to the simulation study (e.g.
acetone).

Despite the two limitations identified in this work, the use of molecular
simulations with explicit small organic molecules in the solvent, allows to map
the most important interactions in the binding site with exceptional accuracy.
Two main factors influence this gain: the controlled incorporation of the target
flexibility (by means of soft positional restraints) and the presence of water
molecules and competing co-solvent.

The method can be applied at different levels in the drug design process:
in the hit finding stage to predict pharmacophoric restraints that can be used
to guide virtual screening, and to guide the lead optimization stages, when
the potency of known active molecules must be increased, by proposing chem-
ical modifications that better match the predicted high affinity interactions.
The increased cost of computation time with respect MIP calculations is fully
justified by the gain in quality of the predictions.

Understanding water information

As discussed above, the explicit consideration of water molecules and co-solvent
molecules render a precise water net structure within the binding site which
increases the predictive power and the quality of MDmix results. The availabil-
ity of this water information, as a by-product of MDmix simulations, brings
us to question whether this information might have applications in other of
current SBDD challenges: the prediction of water displaceability. Moreover,
we question whether, besides discplaceability, the combination of information
with the probe maps can shed light on the type of chemical moieties that might
displace them.

To answer these questions we have used the water displaceability data in
the Hsp90 binding site from the work of Huggins and co-workers[68]. In the
study, the authors calculated an experimental displaceability index (D-value)
from direct observation of the structures deposited in the PDB, and ran sev-
eral computational predictions to assess current method’s performance. Using
Inhomogeneous Fluid Solvation Theory (IFST), implemented in the popular
Schrödinger WaterMap[83, 67] software amongst other, provides the higher
correlation to the observed D-value (r2 = 0.57).

To briefly summarize results obtained, energy values derived from MDmix
water maps correlate to D-value with a r2 coefficient of 0.61 (0.70 to IFST).
When combining water’s energy maps with the co-solvent information (MDmix
D-score), this r2 value increases to 0.72 (0.31 correlation to IFST). This suggest



101

that even a water is predicted to be highly stable (or ”happy”), there might
be still some chemical group able to displace it if the energy gain surpasses the
water displacement cost. This feature will never be correctly captured with
IFST or any other predictive method which does not consider explicit compe-
tition.

As discussed in the introduction, one of the current challenges of structure-
based drug discovery is the correct interpretation of the receptor binding site.
The correct identification of the higher affinity interaction sites within the cav-
ity will increase the success rate of hit finding and lead optimization stages with
the implied time and economical cost reduction. This identification involves not
only direct protein-ligand interactions but also water-mediated ones. In spite
of the results obtained in this study, MDmix has shown its potential to better
predict both interactions thanks to the incorporation of protein flexibility and
explicit solvent competition.

Moreover, the ability of the method to anticipate which molecular moi-
eties are able to displace particular waters in a binding site, although being a
topic to be further validated, provides very valuable clues to guide molecular
optimization stages. A recent example on the application of this technique to
study water displaceability in bromodomains can be found in the literature[84].

pyMDMix

The method has been evolving for the last few years and is still prone to fur-
ther development. For this reason, what started as a set of in-house scripts for
setting up simulations and analysis, were put together in a more user-friendly
shape and a python software package was designed. The program greatly fa-
cilitates the method application and is designed to allow future optimization
and improvement. Under the name of pyMDMix, I developed and distributed
an open source package written in python which addressed these objectives.

Basically, the program will allow the easy set-up of MD simulations using
different solvent mixtures (including configuration file writing for AMBER soft-
ware or queue management for submitting jobs in computing clusters). Non-
experts in molecular simulations can use default parameters to run molecular
dynamics simulations with few previous knowledge. It allows the easy man-
agement of solvent mixtures and includes a set of automatic analysis tools
(trajectory alignment, density maps calculation, energy conversions, minimum
point extraction, and some quality control routines) that greatly facilitates the
analysis process even for most experienced users. All these operations are pre-
pared for parallel running environments. The online documentation and the
software are available at http://mdmix.soruceforge.net.
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In this chapter, some of the current and future work on the development and
application of MDmix are briefly summarized. Much of this work is still incom-
plete or is part of an industrial collaboration subject to confidential agreements
and thus, the results obtained so far are not included as the main part of this
thesis.

5.1 Methodological improvements

Two main questions remain open in the methodology development. First, how
do different solvent mixtures and concentrations affect the results? And second,
how can the issue of the probe energy entanglement described in the previous
chapter be resolved?. Understanding how different solvents behave will allow us
to establish some guidelines on how to choose the appropriate solvents mixtures
for a particular application or system. Solving the second issue is fundamental
to improve accuracy, reduce the number of false positives and to obtain more
reliable quantitative energy estimations.

Solvent mixtures study

As discussed in the previous chapter, the proper selection of the probes to use
when mapping a protein cavity is still an open question. One possible solution
is to add many probes to the analysis and cover all kinds of chemical moi-
eties. But this is far from efficient and the computational cost will be further
increased. Therefore, a complete study providing some guidelines on which
solvents to use is absolutely needed.

Solvent extension

An extended set of solvent mixtures was parameterized and used to map the
beta-secretase 1 protein surface. This system was selected for its wealth of
protein-inhibitor complexes with resolved structures and the chemical diversity
of the ligands. First preliminary results, evaluating the overall relationships be-
tween the different probes, are presented in Figure 5.1.

Two exploratory analyses were conducted: a principal component analysis
(PCA) and a hierarchical clustering (HC). For both of them, a fingerprint was
first obtained for each probe map. Here the fingerprint chosen is a vector
containing all the energy values at the protein binding site. Each position of
the vector identifies a particular location within the binding site space and
the energy value the probe achieved there. To maximize differences, vector
positions with low variance (below 0.2 kcal/mol) or containing only zero values
were removed.

Starting with the PCA results, two main conclusions can be drawn: 1)
There is a big diversity among the results. Principal component 1 (PC1) and
principal component 2 (PC2) explain less than 40% of the total variance and to
reach roughly a 80%, 9 PCs would be needed (data not shown). 2) Despite this
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Figure 5.1: Study on the information content of solvent probes using hierarchi-
cal clustering (top) and PCA (bottom). Probe names and corresponding atoms are
depicted in the center image.
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huge variance and diversity, some groups of solvent probes can be identified
when plotting the first and second PCs owing to their chemical nature.

In the top part of Figure 5.1, a dendrogram with the hierarchical cluster-
ing results is presented. Here again, well defined groups are observed linking
together the probes with similar chemical nature. Some other conclusions can
further be drawn from this latter representation:

1 Despite the probe entanglement problem presented in the previous chap-
ter, some molecules are less affected and, as a result, probes within the
same molecule still are grouped far from each other (see ETA OH and
ETA CT probes which belong both to ethanol).

2 Some probes like MAM CT (already commented in the previous chapter)
or CLE CT, seem to be more affected by this entanglement effect and are
thus clustering within groups to which they should in principle not belong
to.

Given these preliminary PCA and HC results, it seems that for identifying
roughly the type of chemical interactions within a biding site, simulating one
representative probe for each chemical group could be enough. However, more
differences seem to arise on the quantitative scale, as seen by the huge variance
in the PCA. This would mean that each probe is yielding unique energetic
profiles.

An extension of the solvent list and a proper evaluation of the information
gain when using different combinations of solvents will improve the results of
the method.

Concentration study

Further work could include studying the solvent concentrations. In the work
by Seco et al., and in all the results presented in the previous chapters, a 20%
(v/v) concentration was used for all mixtures. This value was empirically cho-
sen to obtain a good balance between good sampling (higher concentration
means less time to sample all the protein surface) and to reduce potential pro-
tein denaturation or phase separation effects. This issue will be investigated
along with the solvent mixture selection.

The probe entanglement issue

Different probes belonging to the same solvent molecule (e.g. acetamide amine
- MAM N - and carbonyl oxygen - MAM O -), will not behave completely in-
dependently. Visual inspection of the results may help to discard a hot spot
for any of them if no clear interaction pattern with the protein side is observed.
From a qualitative point of view, results may not be strongly affected by this
inter-dependence. However, from a quantitative point of view, this direct re-
lationship can not be ignored. The energy values from the correct hot spot
will still be influenced by the presence of the partner probe, and will likely be
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under-estimated if the counterpart is not forming favorable interactions with
the protein.

One possible solution is to measure the relative positional fluctuations be-
tween probes as a surrogate for the interaction stability. That is, if probe A is
static, but the related probe B is fluctuating around, we could infer that almost
all the interaction energy in that particular solvent position is due to probe A.
In this way, the energy at the position of probe B should be decreased and the
energy at probe A position should be increased proportionally. This approxi-
mation provides a framework to explore different ways to evaluate fluctuation
divergences and energy correction terms.

Particular details on how the energy can be corrected following this ap-
proach and some preliminary results were filed in a patent approved in 2013
(WO 2013/092922) and currently licensed to Minoryx Therapeutics for its ap-
plication in the discovery of non-competitive pharmacological chaperones for
the treatment of rare diseases. Although the framework is established, more
validation is needed before presenting these results in the form of a scientific
paper.

5.2 Experimental application cases

The MDmix methodology has been used in early hit discovery stages in two
different projects with successful results. In both of them non-conventional
mechanisms of action were sought.

Protein-protein interaction stabilization

There are many potential ways one could interfere a signal transduction path-
way. The classical mechanism of action will seek to compete the binding of
ATP or any co-factor or small organic substrate (if it is the case) to its well
defined binding site, thus inactivating the protein function. Binding at the
protein-protein interface inhibiting the complex formation that should trigger
the response is another one.

Other possible mechanism is to stabilize the complex instead of disrupting
it[85]. This will equally alter the signaling cascade by hijacking one of the el-
ements into a stable complex that should be transient otherwise. The benefits
of such approach compared to the protein-protein interaction inhibition are: 1)
The designed small ligand will not directly compete with the partner protein,
thus the binding affinity needed is independent on the protein-protein inter-
action affinity. 2) The cavity that forms when both proteins interact is more
likely to have appropriate physicochemical properties (e.g. more concave).

To demonstrate this mechanism of action is viable, a rational drug design
campaign was started in our group taking the CheA-CheY complex as test
case. Both proteins are involved in the chemotaxis pathway of Escherichia
Coli and control the flagellar motion in response to the extracellular chemical
environment. This system was chosen after a high-throughput scan of the PDB
looking for druggable cavities between two different proteins. The bulk of the
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work was done by collaborators, thus only the MDmix related work is here
summarized.
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Figure 5.2: CheA-CheY complex structure and cavity detail with the hotspots iden-
tified with MDmix using an ethanol/water mixture. The coordinates of the spheres
inside the blobs were used in the VS process as pharmacophoric restraints. In the
right side, an active hit profile by Surface Plasmon Resonance (SPR or BIOACORE)
where the affinity CheA-CheY is stabilized by the presence of the ligand (green curve
vs. black curve).

MDmix was applied to assess the druggability of the interface cavity and
to characterize its most important interactions: The complex was simulated
in ethanol and acetamide mixtures using positional restraints, then hot spots
for the associated probes were calculated and used to bias a VS. After some
top ranking compounds were selected and purchased, the activity was measure
using Surface Plasmon Resonance technique (BIACORE). Active compounds
should stabilize the complex and show slower elution times. Figure5.2 shows a
summary of the work done.

Protein-protein inhibition

In this study, run in collaboration with a small biotech company, a drug to block
the complex biochemical process of neurotransmitter release was sought. A key
protein-protein interaction known to mediate in the vesicle docking process be-
fore exocitosis, with resolved crystal structure, was the target of the project.
MDmix was used to evaluate the potential druggability of the binding inter-
face, and study possible allosteric sites for modulation. Then, extracted hot
spots were used to guide a virtual screening campaign. Due to confidentiality
issues, a summary of the work and results is presented without details or names.

Protein A (globular shape and three sub-domains) binds protein B (smaller
and with an elongated shape) in the hinge region between sub-unit 1 and sub-
unit 2. Protein A was simulated in the apo form to assess the binding interface
druggability with an ethanol/water mixture and without positional restraints.
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The binding interface did not show very promising results but, due to a sub-unit
rearrangement in space, probably induced by the presence of ethanol molecules,
a small and more promising cavity opened between sub-units 1 and 3.

The hot spots for the hydroxyl and methyl probes were determined for both
cavities and a virtual screening process was conducted for both of them after
some selected hot spots were established as pharmacophoric restraints to guide
the docking and scoring process.

PP binding interface

pocket 1
pharmacophoric restraints

pocket 2
pharmacophoric restraints

Induced pocket

Figure 5.3: Protein A binding interface (blue mesh) and induced cavity observed
during simulation in the ethanol/water mixture. In the detail, pharmacophoric re-
straints defined inside each cavity are shown: Green spheres define hydrophobic spots
and red spheres define polar interactions.

Figure 5.3 shows the binding interface and the cryptic cavity which opened
during simulation. Notice the binding interface is bigger and more solvent ex-
posed. Any ligand binding there should attain a very favorable energy capable
to compete with the partner protein B. The induced pocket 2, much smaller
and ocluded, is sitting at the opposite region of pocket 1. Even being smaller,
a ligand binding in this region should lock a protein conformation incompatible
with the protein protein binding event and thus, although having lower affinity,
be able to interrupt the interaction without the need to compete with protein
B.

Using the pharmacophoric restraints depicted in the details of Figure 5.3,
several ligands were identified which had inhibitory activity. The most active
one has an IC50 value of 6.90µM and is currently in molecular optimization
stages to increase its potency.

5.3 Future work

We are currently investigating other lines of application within the group or in
collaboration:

- Automatic pharmacophoric points and water information extraction to
guide protein ligand docking. Results will be assessed in controlled virtual
screening and binding mode prediction experiments.
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- Automatic pharmacophoric points and water information extraction to
guide protein-protein docking. In this case, results will be assessed in
terms of success rate in binding mode prediction experiments.

- Ultimately, after all advantages and limitations of the method are well un-
derstood, the final objective is to build a parameter-free scoring function
which directly uses the MDmix free energy grids.
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The drug design community is continuously seeking new strategies and
methodologies to overcome the great challenge of rational drug design. Among
them, computational physics-based techniques, with its predictive power, pro-
vide great advantages to tackle novel targets and exploit non-conventional
mechanisms of action (e.g. pharmacological chaperones, protein-protein inter-
action stabilizers, conformational traps, etc.) for which no previous knowledge
exists.

The current thesis proposes a simulation-based approach (MDmix) to iden-
tify and characterize binding sites by the discovery of high affinity interaction
spots using MDs of the target in study embedded in aqueous-organic solvent
mixtures. The identification of these high affinity spots (hot spots) bring
promising applications to the following three drug design processes:

• Binding site identification: regions of the surface with high density
of hot spots usually identify probable cavities able to bind small organic
molecules.

• Pharmacophore finding: inside the identified cavities, a correct dis-
crimination of favorable and unfavorable interactions increases the success
rate of posterior virtual screening campaigns.

• Hit and lead optimization: Increase binding affinity by introducing
chemical modifications that favor high affinity interactions.

The results presented in three different publications highlight the promis-
ing utility of MDmix in Structure Based Drug Design. Even still more work
is needed to unleash its full potential, hereafter the main conclusions reached
during this thesis work are outlined.

Firstly, in order to standardize protocols and guide the simulation set up,
the impact of protein flexibility on the result was evaluated in a quantitative
manner. The study reveals how flexibility plays a major role and must be care-
fully considered depending on the application of method. For an initial binding
site identification and a general qualitative analysis, a flexible representation
of the protein might be a good solution if we ensure a good sampling and no
large transitions are observed. On the contrary, for a drug design project where
we want to conduct a virtual screening campaign or we want to improve the
binding affinity of a known hit, soft restraints are recommended to study the
bound conformational ensemble.

Key conclusions:

• Limiting protein flexibility with weak positional restraints offer the best
trade-off between energy prediction accuracy and simulation convergence.

• Full flexible simulations are needed to discover binding sites and explore
protein conformations, thus we recommend its application in binding site
finding and druggability assessment.
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• In general, a rigid treatment of the protein can overestimate the energy
predictions up to a factor of 4. This can be more relevant when targeting
regions intrinsically more mobile; e.g. allosteric sites or protein protein
interfaces.

• The logarithmic relationship between local protein motility and energy
overestimation partly explains the relative success attained up to date
with total rigid representations of the protein.

Secondly, we have shown how different probe atoms of different co-solvent
molecules can accurately reproduce well-known pharmacophores in two test
systems. This give us confidence to trust future predictions in order to pro-
pose pharmacophoric restraints in a virtual screening campaign or to propose
chemical modifications to gain potency in a lead or hit optimization campaign.
The explicit consideration of water in MDmix, shows a clear advantage over
traditional methods which follow implicit solvation models in their implemen-
tation. Moreover, we showed how the water information obtained from the
method can also be used in identifying important water molecules that may
bridge protein-ligand interactions.

• Novel method using MD and aqueous-organic solvent mixtures provide
probe-wise energy maps to unveil the protein’s binding site most impor-
tant interactions. The method is applicable to any macromolecule of
known structure.

• Using different co-solvent molecules a set of probes can be calculated
that correctly identify important pharmacophoric points within protein
binding sites. This information can be very useful for guiding virtual
screening experiments and in hit/lead optimization stages.

• The explicit treatment of water during the simulations, provides very
accurate results not reachable with implicit models. This provides a clear
advantage over traditional and computationally faster methods.

• The water maps obtained by MDmix can predict non-displaceable and
displaceable waters with even more accuracy than complex inhomoge-
neous fluid solvation theory (IFST) calculations. This information is very
useful to guide the drug design process when no previous information on
the binding site or active ligands exists.

• The type of probe that displaces the water molecule during the simulation
gives hints on the possible molecular structure that a putative ligand
might have.

Thirdly, I have designed pyMDMix software and the project website, to
facilitate the use of MDmix methodology and permit further method devel-
opment. By distributing it under open source licenses, we aim to ease the
adoption of the methodology by the scientific community.
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Finally, along all these studies we have established some of the methods’ lim-
itations, being the probes energy entanglement the most remarkable. Probe en-
ergy entanglement becomes an important drawback when using the results in a
quantitative manner. Moreover, the introduction of pharmacophoric restraints
derived from MDmix is another field of application in the virtual screening pro-
cess that we are currently investigating by modifying rDock software (recently
released as open-source by our group and collaborators)[71].

We are aware that experimental validation is important. Thus, in parallel
with the methodological development, we have been collaborating with small
biotech companies (e.g. BRAINco, Mynorix), with academic groups and con-
ducting in-house experimental projects to exploit the method in a prospective
manner with promising initial findings.

Concluding, we have reasons to believe that the presented work and fu-
ture publications will have a broad interest in the drug design community and
will establish MDmix as the technique providing the most accurate interaction
maps which will have numerous applications in hit discovery and molecular
optimization, particularly for novel and non-standard binding sites.
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[44] H. Köppen, “Virtual screening - what does it give us?,” Current opinion
in drug discovery & development, vol. 12, pp. 397–407, May 2009.

[45] P. D. Lyne, “Structure-based virtual screening: an overview.,” Drug dis-
covery today, vol. 7, pp. 1047–55, Oct. 2002.

[46] D. B. Kitchen, H. Decornez, J. R. Furr, and J. Bajorath, “Docking and
scoring in virtual screening for drug discovery: methods and applications.,”
Nature reviews. Drug discovery, vol. 3, pp. 935–49, Nov. 2004.

[47] C. Bissantz, G. Folkers, and D. Rognan, “Protein-based virtual screening
of chemical databases. 1. Evaluation of different docking/scoring combi-
nations,” Journal of Medicinal Chemistry, vol. 43, pp. 4759–4767, 2000.



125

[48] X. Barril, “Ligand discovery: Docking points.,” Nature chemistry, vol. 6,
pp. 560–1, July 2014.

[49] E. M. Novoa, L. R. D. Pouplana, X. Barril, and M. Orozco, “Ensemble
Docking from Homology Models,” Journal of Chemical Theory and Com-
putation, vol. 6, pp. 2547–2557, Aug. 2010.

[50] M. Fischer, R. G. Coleman, J. S. Fraser, and B. K. Shoichet, “Incorpora-
tion of protein flexibility and conformational energy penalties in docking
screens to improve ligand discovery.,” Nature chemistry, vol. 6, pp. 575–83,
July 2014.

[51] M. Karplus and J. A. McCammon, “Molecular dynamics simulations of
biomolecules.,” Nature structural biology, vol. 9, pp. 646–52, Sept. 2002.

[52] Y. Shan, E. Kim, M. P. Eastwood, R. O. Dror, M. a. Seeliger, and D. E.
Shaw, “How Does a Drug Molecule Find its Target Binding Site?,” Journal
of the American Chemical Society, vol. 133, pp. 9181–3, May 2011.

[53] T. Giorgino, I. Buch, and G. D. Fabritiis, “Visualizing the Induced Binding
of SH2-Phosphopeptide,” vol. 134, pp. 8–12, 2012.

[54] A. Laio and M. Parrinello, “Escaping free-energy minima.,” Proceedings of
the National Academy of Sciences of the United States of America, vol. 99,
pp. 12562–6, Oct. 2002.

[55] V. Leone, F. Marinelli, P. Carloni, and M. Parrinello, “Targeting biomolec-
ular flexibility with metadynamics.,” Current opinion in structural biology,
vol. 20, pp. 148–54, Apr. 2010.

[56] S. Izrailev, S. Stepaniants, and B. Isralewitz, “Steered molecular dynam-
ics,” in Computational Molecular Dynamics: Challenges, Methods, Ideas
(P. Deuflhard, J. Hermans, B. Leimkuhler, A. E. Mark, S. Reich, and R. D.
Skeel, eds.), vol. 4, pp. 39–65, 4 ed., 1998.

[57] Y. Sugita and Y. Okamoto, “Replica-exchange molecular dynamics
method for protein folding,” Chemical Physics Letters, vol. 314, pp. 141–
151, 1999.

[58] K. Ostermeir and M. Zacharias, “Advanced replica-exchange sampling to
study the flexibility and plasticity of peptides and proteins.,” Biochimica
et biophysica acta, vol. 1834, pp. 847–53, May 2013.

[59] M. Sotomayor and K. Schulten, “Single-molecule experiments in vitro and
in silico.,” Science (New York, N.Y.), vol. 316, pp. 1144–8, May 2007.
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8.1 Other published articles

Our research group has always been involved in methodology development
projects for the structure-based drug design area. One of them is the release
of a docking software as open-source after thorough validation of the results
against other common programs has been conducted. In this section, the orig-
inal work is included.

rDock

rDock, previously known as RiboDock, was developed at the company now
known as Vernalis to conduct virtual screening experiments on RNA molecules.
Since its origins, the algorithms and scoring functions have been continuously
refined and it is now useful for both nucleic acids and protein targets. De-
spite its successful application within the company, the proprietary software
was never published with the current improvements and capabilities and was
never benchmarked against commonly used programs.

As part of the efforts of our group in developing new methodologies and
applications in the field of drug discovery, in collaboration with the original
authors, we have released the software as open-source, fixed old dependencies
and, most importantly, benchmarked the results.

Comparative analysis with Glide and Autodock Vina (two main docking
software used nowadays), shows that rDock provides results as accurate as
those obtained by Glide and surpasses Autodock performance, with the advan-
tage that it is highly parallelizable and does not require any license for its use.

My contribution to this work was mainly in the code development of auxil-
iary programs used for setting up tethered bias docking and some other involved
in the results processing pipeline.
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1 Departament de Fisicoquı́mica, Facultat de Farmàcia, Universitat de Barcelona, Barcelona, Spain, 2 Institut de Biomedicina de la Universitat de Barcelona (IBUB),

Barcelona, Spain, 3 Vernalis (R&D) Ltd, Granta Park, Cambridge, United Kingdom, 4 Amper Programas, Madrid, Spain, 5 Omixon Biocomputing, Budapest, Hungary,

6 Discngine, Paris, France, 7 Catalan Institution for Research and Advanced Studies (ICREA), Barcelona, Spain, 8 YSBL, University of York, Heslington, York, United Kingdom,

9 Enspiral Discovery Limited, Cambridge, United Kingdom, 10 Ariana Pharma, Paris, France

Abstract

Identification of chemical compounds with specific biological activities is an important step in both chemical biology and
drug discovery. When the structure of the intended target is available, one approach is to use molecular docking programs
to assess the chemical complementarity of small molecules with the target; such calculations provide a qualitative measure
of affinity that can be used in virtual screening (VS) to rank order a list of compounds according to their potential to be
active. rDock is a molecular docking program developed at Vernalis for high-throughput VS (HTVS) applications. Evolved
from RiboDock, the program can be used against proteins and nucleic acids, is designed to be computationally very
efficient and allows the user to incorporate additional constraints and information as a bias to guide docking. This article
provides an overview of the program structure and features and compares rDock to two reference programs, AutoDock
Vina (open source) and Schrödinger’s Glide (commercial). In terms of computational speed for VS, rDock is faster than Vina
and comparable to Glide. For binding mode prediction, rDock and Vina are superior to Glide. The VS performance of rDock
is significantly better than Vina, but inferior to Glide for most systems unless pharmacophore constraints are used; in that
case rDock and Glide are of equal performance. The program is released under the Lesser General Public License and is
freely available for download, together with the manuals, example files and the complete test sets, at http://rdock.
sourceforge.net/

Citation: Ruiz-Carmona S, Alvarez-Garcia D, Foloppe N, Garmendia-Doval AB, Juhos S, et al. (2014) rDock: A Fast, Versatile and Open Source Program for Docking
Ligands to Proteins and Nucleic Acids. PLoS Comput Biol 10(4): e1003571. doi:10.1371/journal.pcbi.1003571

Editor: Andreas Prlic, UCSD, United States of America

Received November 29, 2013; Accepted February 19, 2014; Published April 10, 2014

Copyright: � 2014 Ruiz-Carmona et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding: The rDock program was developed from 1998–2006 by the software team at RiboTargets (subsequently Vernalis (R&D) Ltd). Maintenance,
benchmarkings and subsequent developments have been funded by the Wellcome Trust (C2D2 initiative; York U.) and the Spanish Ministerio de Economı́a y
Competitividad (SAF2009-08811& SAF2012-33481; Barcelona U.). The funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Competing Interests: I have read the journal’s policy and have the following conflicts: A. Beatriz Garmendia-Doval is a paid employee of Amper Programas.
Szilveszter Juhos is a paid employee of Oximon Biocomputing. Peter Schmidtke is a paid employee of Discngine. Roderick E. Hubbard and Nicolas Foloppe are
paid employees of Vernalis Ltd. S. David Morley is a paid employee of Enspiral Discovery Limited and Ariana Pharma. This does not alter our adherence to the
PLOS policies on sharing data and materials. All other authors have declared that no competing interests exist.

* E-mail: xbarril@ub.edu (XB); roderick.hubbard@york.ac.uk (REB); d.morley@enspiral-discovery.com (SDM)

This is a PLOS Computational Biology Software Article.

Introduction

The discovery of small molecules with biological activities is

important to probe biological mechanism in chemical biology and

to provide drug candidates as potential therapeutic agents. The

first step in this process is to identify compounds that bind to a

specific target (hits); experimentally this is usually achieved with

high-throughput (HTS) or fragment screening (FS). The resulting

hits are then optimised to higher affinity compounds, usually

guided by a model of how the compounds bind to the target,

increasingly with crystal structures of the target used to guide the

optimisation.

Computational methods are often used as a central part of this

process. Molecular docking can play an important role in the

optimisation, where a proposed position and conformation

(so-called pose) of the compound can be generated and provide

useful models for how the compounds are binding, in advance of

any experimental structure determination. However, if the

structure of the target is known and a druggable cavity has been

identified [1], molecular docking can also be used to screen virtual

chemical collections to identify those molecules that offer good

shape and chemical complementarity [2]. Such virtual screening

(VS) offers opportunities for small research groups without access

to HTS or FS to identify new hit compounds, as setting up a low-

throughput assay to test a few tens of compounds is relatively fast

and inexpensive. Such VS has been successful, but it requires a

docking program that is computationally efficient and can be

finely tuned to achieve optimal performance [3–5]. rDock is a

molecular docking platform which has been optimised for such

tasks.

rDock has its origins in the program RiboDock [6], designed

initially for VS of RNA targets. Developed at the company now

known as Vernalis (http://www.vernalis.com), the software,
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scoring functions, and search protocols have been refined

continuously over a number of years to meet the demands of in-

house discovery projects on heat-shock proteins [7–9], kinases

[10–13] and other targets. The major components of the platform

now include fast intermolecular scoring functions (vdW, polar,

desolvation) validated against protein and RNA targets, a Genetic

Algorithm (GA)-based stochastic search engine, a wide variety of

external restraint terms (tethered template, pharmacophoric

restraints), and novel Genetic Programming-based post-docking

filtering [14]. In this paper we describe the platform, benchmark it

against two other state of the art docking programs for both

binding mode prediction and VS and discuss its use in high-

throughput VS (HTVS).

Design and implementation
The rDock platform is a collection of command-line programs

and scripts (Table 1 and Figure S1). The main tasks are carried out

by the programs rbcavity (cavity generation) and rbdock(docking).

rDock is written in ANSI C++ and compiles under the Linux

operating system using the GNU g++ compiler. Apart from the

C++ Standard Template Library (STL) there are minimal external

dependencies (e.g. OpenBabel bindings for running sdtether and

sdrmsd [15]). The core functionality is compiled into a single shared

library, which is linked with each of the (light-weight) command-

line applications. Scoring functions and docking protocols are

assembled at run-time from well-defined C++ object class

hierarchies, allowing for customisation at source code level by

extending the base classes. Ancillary scripts are provided for file

management and output processing and are described in the

manuals.

Preparation
The receptor is provided in Tripos MOL2 format with standard

atom typing. Amino acid ionisation states in the vicinity of the

cavity must be defined, as the rDock scoring functions depend on

formal charge assignments. Metal ions, cofactors and structural

water molecules can be included as part of the receptor. The user

should also resolve other structural issues such as alternate

locations or missing atoms. The docking volume is defined by

the rbcavity program which provides two mapping algorithms; the

accessible volume within a specific distance of a reference ligand,

and a two probe sphere method [6]. In the examples presented in

this paper, the reference ligand method is used with a distance of

6 Å.

Ligands to be docked are read in the MDL SDFile format (SDF)

and should have the correct topology and bond orders. The

program can protonate and deprotonate certain ionisable groups,

but pre-processing the ligands with a dedicated program is

preferable. Since the program only samples exocyclic dihedral

angles, a correct input geometry is required for bonds, angles and

rings. In the case of flexible rings, a variety of low-energy

conformers should be pregenerated by a suitable program. We

have used LigPrep [16] for all ligand preparation steps. The

execution of the programs is controlled by a series of parameter

(.prm) files; this allows user controlled tuning of the docking

protocol and scoring functions (described in more detail in the

Manual). The following sections describe the main characteristics

of the program and the available options.

Scoring
The rDock master scoring function (Stotal) is a weighted sum of

intermolecular (Sinter), ligand intramolecular (Sintra), site intramo-

lecular (Ssite), and external restraint terms (Srestraint). Sinter is the

main term of interest as it represents the protein-ligand (or RNA-

ligand) interaction score. Sintra reports the change in energy of the

ligand relative to the input ligand conformation. Similarly, Ssite

represents the relative energy of the flexible regions of the active

site. In the current implementation, the only flexible bonds in the

active site are terminal OH and NH3
+ bonds. Srestraint is a

collection of non-physical restraint functions that can be used to

bias the docking calculation in several useful ways (vide infra). Sinter,

Sintra, and Ssite are built from a common set of constituent

potentials, which are described in the Manual. Briefly, they mainly

consist of a van der Waals potential (vdW), an empirical term for

attractive and repulsive polar interactions, and an optional

desolvation potential that combines a weighted solvent accessible

surface area approach [17] with a rapid probabilistic approxima-

tion to the calculation of solvent accessible surface areas [18] for

computational efficiency. The vdW term can be calculated during

docking, or precalculated and stored on grid files by the ancillary

Table 1. List of main programs and utilities included in the rDock package.

Name Language Use Description

rbdock C++ Docking The main rDock docking engine

rbcavity C++ Cavity definition Cavity mapping and preparation of docking site (.as file).

rbcalcgrid C++ Preparation Calculation of vdW grid files (usually called by make_grid.csh
wrapper script)

sdtether python Preparation Prepares a ligand SD file for tethered scaffold docking,
annotating the atom indices of the tethered substructure.
Requires OpenBabel python bindings [15]

sdrmsd python Analysis Calculation of ligand Root Mean Squared Displacement (RMSD)
between reference and docked poses, taking into account ligand
topological symmetry. Requires OpenBabel python bindings [15]

sdfilter perl Analysis Utility for filtering SD files by arbitrary data field expressions.
Useful for simple post-docking filtering by score components.

sdsort perl Analysis Utility for sorting SD files by arbitrary data field. Useful for simple
post-docking filtering by score components.

sdreport perl Analysis Utility for reporting SD file data field values in tab-delimited or
CSV format.

doi:10.1371/journal.pcbi.1003571.t001
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program rbcalcgrid; this increases computational performance. Two

distinct scoring functions have been optimized using a binding

affinity validation set (described in the Manual). The default

scoring function (SF3) uses the repulsive polar term but not the

desolvation term, while the solvation scoring function (SF5) does

the opposite. The default SF3 is slightly faster and works better for

proteins while the solvation term is generally better for nucleic

acids. More importantly, the weighting terms of the scoring

function can be re-optimized with larger or more focused

validation sets to improve its performance.

Sampling
rDock uses a combination of stochastic and deterministic search

techniques to generate low energy ligand poses. The standard

docking protocol to generate a single ligand pose uses 3 stages of

Genetic Algorithm search (GA1, GA2, GA3), followed by low

temperature Monte Carlo (MC) and Simplex minimization (MIN)

stages. The GA stages are interdependent and are designed to be

used sequentially. Several scoring function parameters are varied

between the stages to promote efficient sampling of the starting

poses, whilst minimising the likelihood that the poses become

trapped early in the search. The variations are in the functional

form of the Sinter vdW potential (switched from 4–8 potential in

GA1/GA2 to 6–12 potential in GA3/MC/MIN), the tolerances

on the polar distance and angular functions (relaxed in GA1 and

progressively tightened in GA2/GA3/MC), and the weight of the

ligand dihedral potential (reduced in GA1 and progressively

increased in GA2/GA3/MC). All scoring function parameters are

at their final reported values for the final MC/MIN stages. The

GA chromosome consists of the ligand centre of mass (COM), the

ligand orientation, as represented by the Euler angles (heading,

attitude, bank) required to rotate the ligand principal axes from the

Cartesian reference axes, the ligand rotatable dihedral angles, and

the receptor rotatable dihedral angles. The initial population is

generated such that the ligand COM lies on a randomly selected

grid point within the defined docking volume, and the ligand

orientation and all dihedral angles are randomised. Mutations are

applied to a randomly selected degree of freedom and the

magnitude of the mutation is selected from rectangular distribu-

tions of defined width. A generation is considered to have passed

when the number of new individuals created is equal to the

population size. Instead of having a fixed number of generations,

the GA is allowed to continue until the population converges

(scoring improvement ,0.1 units over the last three generations).

This allows early termination of poorly performing runs for which

the initial population is not able to generate a good solution. Once

the GA converges, a low temperature Monte Carlo simulation is

used to refine the pose, followed by Simplex routine to generate a

minimised solution. A more detailed description of the sampling

protocol can be found in the Manual. In a typical docking

calculation, the whole process is repeated 10 to 100 times and the

overall lowest scoring pose is taken as the correct solution (see

below for discussion on convergence), but it is also possible to

access the minimisation stage directly or simply score a pre-docked

pose.

Biased docking
The main limitation in molecular docking is the quality of the

scoring functions. It is therefore usual to introduce empirical bias,

which can improve the quality of the results and also reduce the

search space, thus improving performance. rDock implements

several pseudo-energy scoring functions that are added to the total

scoring function under optimisation, and a restricted search

protocol.

Pharmacophoric restraints. This feature ensures that

pharmacophores (derived from known ligands or hot-spot

mapping methods) are satisfied by all generated poses. rDock

recognizes nine feature types: neutral hydrogen bond acceptor,

neutral hydrogen bond donor, hydrophobic, hydrophobic aliphat-

ic, hydrophobic aromatic, negatively charged, positively charged,

and any heavy atom. Each pharmacophore restraint is defined by

a combination of feature type and position, specified as a tolerance

sphere with coordinate (x,y,z), and radius (r). Restraints are

classified as either mandatory or optional, where the user can

specify how many optional restraints (Nopt) should be met. Ligands

that have insufficient quantities of the defined restraint feature

types are removed prior to docking. The penalty score for a single

pharmacophore restraint is proportional to the square of the

distance from the nearest ligand feature of the required type to the

surface of the tolerance sphere, and is zero when the nearest ligand

feature is within the tolerance sphere. The total pharmacophore

restraint score, Sph4, is the sum of all the mandatory restraints plus

the Nopt lowest scoring optional restraints.

Tethered template. Tethered template docking can be used

to enforce partial binding modes obtained from crystal structures

of related molecules or constituent fragments. The template is

defined by a reference bound ligand structure and a SMARTS

query string defining the substructure to be tethered. The sdtether

utility prealigns molecules with matching substructures with the

reference substructure coordinates prior to docking. Non-match-

ing molecules are rejected. Molecules that have more than one

substructure match with the query are replicated within the library

of compounds to be docked, and each replicate prealigned and

docked individually, thus ensuring that all possible substructure

alignments are examined. In this mode, the centre of mass and

principal axes of the tethered substructure, rather than the whole

molecule, define the ligand position and orientation. Dihedral

angle mutations operate exclusively on the free (untethered) end of

each ligand rotatable bond, ensuring the tethered substructure

coordinates remain unchanged. Some movement of the tethered

region is allowed up to user-defined maximum deviations from the

reference coordinates for ligand translation (typically 0.1 Å) and

ligand rotation (typically 1u). For greater sampling efficiency,

tethering in rDock is enforced absolutely during pose generation

by restricting the randomisation and mutation functions for the

tethered degrees of freedom, rather than through the use of an

external penalty function.

Other. 1) To ensure that all poses are contained wholly within

the defined docking volume, a cavity penalty function (Scavity) is

calculated over all non-hydrogen ligand atoms. If the atom is

within the docking volume this term is zero, else, it is proportional

to the square of the distance to the nearest docking volume grid

point.2) When experimental NMR distance limits (NOE or STD)

are known for a specific ligand, restraints can be used to ensure

that a minimum distance is fulfilled between an atom (or group of

atoms) of the ligand and an atom (or group of atoms) of the

receptor.

Results

Benchmarking
The performance of rDock was compared with that of Glide

(version 57111 [19]) and AutoDock Vina [20] for database

enrichment and binding mode prediction for various test sets. As

detailed in Supporting Information Text S1, all receptors, docking

cavities and ligands were prepared in the same manner and

running parameters modified to ensure exhaustive sampling by all

programs.

rDock: An Open Source Program for Ligand Docking

PLOS Computational Biology | www.ploscompbiol.org 3 April 2014 | Volume 10 | Issue 4 | e1003571

8.1. OTHER PUBLISHED ARTICLES 135



Protein-ligand binding mode predictions. The CCDC-

Astex Diverse Set of 85 diverse protein-ligand complexes was

selected for comparing binding mode prediction [21]. The results,

represented by percentage of correct predictions (ligand RMSD

below 2 Å) can be seen in Table 2. rDock calculations converge

after 20–50 GA runs (Figure S2; convergence also discussed

below). The predicted binding mode is correct in approximately

80% of cases for rDock and Vina, while Glide’s performance is

close to 70%. Failures for rDock and Vina are due to scoring

errors, as a correct pose is nearly always generated (99% and 97%

of times, respectively). However, Glide fails to sample the correct

binding mode in 16% of cases. Figure S3 shows the docking

outcome for each system and program. Although no obvious trend

can be identified, it would seem that rDock and Vina have a

higher coincidence in the type of systems for which they succeed or

fail.

RNA-ligand binding mode predictions. We selected 56

RNA-ligand complexes from the original RiboDock [6] and

DOCK6 [22] sets to assess the performance of rDock with RNA as

the receptor. RNA structures are more challenging than proteins

(less closed cavities, less hydrophobic, featureless) and the ligands

themselves are larger and more flexible (7.764.3 rotatable bonds

vs. 5.163.1 for the Astex set). For this reason the success cut-off

criterion is an RMSD below 2.5 Å, relative to the crystal structure.

The scoring function SF5, which includes a solvation term, is

better for RNA than SF3, as independently assessed [23]. After

50 GA runs, the top-ranked docking solution is correct in 5463%

of the systems (Figure S4), and at least one correct pose is

generated in 98% of cases, confirming that as with proteins, errors

are attributable to scoring rather than sampling problems.

However, both SF3 and SF5 have been primarily optimized for

proteins suggesting that development of an RNA-specific scoring

function could result in improvements. Vina and Glide can work

with but have not been optimised for ligand docking to RNA. On

the same set of complexes, we obtain success rates of 2962 for

Vina and 17.8 for Glide.

Virtual screening (DUD). VS enrichment was assessed

using the DUD benchmark set [24] which consists of 39

protein-ligand complexes with crystal structure, with an average

of about 100 known active ligands per complex and 36 decoys per

active ligand. The decoys are physically similar but topologically

dissimilar to the ligands in order to avoid bias. The DUD-E

benchmark set [25] was published recently, adding more protein-

ligand complexes. For our test set, 20 of the original DUD sets

were substituted with DUD-E data with more ligands and decoys

per system. Figures S5 and S6 show the ROC curves for all

systems and the most relevant parameters are summarized in

Table S1. The results are summarised in Table 3. Using most

metrics, Glide outperforms the other programs in ,70% of the

systems, while rDock is better in ,20% of systems and Vina in the

remaining 10%. On average, rDock AUC is 11% lower than Glide

and 5% better than Vina. In terms of logAUC, on average, Glide

outperforms rDock by 30%, while rDock outperforms Vina by

8%.

Sampling exhaustiveness and computing performance
A distinctive feature of rDock is that the GA converges very

quickly. This behaviour was designed for VS, where it is important

to discard poor ligands early on. Multiple docking runs (which

includes GA optimisation followed by MC and Simplex mini-

misation) are necessary to reach the global minimum score (Smin),

but few docking runs are necessary to reach a similar score

(Figure 1). For instance, after 5 runs, approximately 80% of

ligands reach a score of 0.8*Smin, and the median value is

0.94*Smin. Convergence depends on the dimensionality of the

problem and fewer docking runs are necessary when the ligands

contain fewer rotatable bonds (Figure 1) or when the cavity has a

smaller size (Figure S7). System-specific multi-step HTVS

Table 2. Percentage of top-ranked poses with an RMSD below 2 Å.

% Correct (top 1) % Correct (all)

rDock 76631 9960.21

Glide 67.6 83.8

Vina 81.2621 9760.51

1Average and standard deviation taking 100 random sets of 100 docking poses out of a pool of 1000 solutions.
doi:10.1371/journal.pcbi.1003571.t002

Table 3. Average values of different VS performance metrics over the 39 DUD/DUD-E systems.

Program AUC1 logAUC2 EFmax3 EF 1%4 EF 20%4

rDock 0.69 0.26 98.7 11.4 2.5

(18%) (18%) (33%) (19%) (18%)

Glide 0.78 0.37 334.6 22.6 3.2

(69%) (72%) (41%) (69%) (72%)

Vina 0.66 0.24 124.3 8.9 2.2

(13%) (10%) (26%) (11%) (10%)

The values in parentheses indicate the percentage of systems for which the program provides the optimal performance on a given metric.
1Area Under the ROC Curve.
2Area Under the semilogarithmic ROC Curve.
3Maximal Enrichment Factor.
4Enrichment Factor when the top x% of the virtual collection is selected.
doi:10.1371/journal.pcbi.1003571.t003

rDock: An Open Source Program for Ligand Docking

PLOS Computational Biology | www.ploscompbiol.org 4 April 2014 | Volume 10 | Issue 4 | e1003571

136 CHAPTER 8. APPENDIX



protocols (see section below and Manual) achieve optimal

performance with an average of 8–10 runs per ligand. Table 4

shows the average computing times per ligand on 4 DUD systems

[24]. Precalculating the van der Waals potentials on a grid saves

20% to 40% of docking computing time, depending on the system.

For exhaustive docking, rDock is approximately 5-fold faster than

Vina, but still 8-fold slower than Glide SP. HTVS protocols

achieve a further reduction of 5 to 8-fold in computing time,

bringing the performance of rDock to be very similar to Glide SP

with no negative impact on the results (Table S3). Using a

relatively modest 100-core computing facility, a VS campaign of 1

million compounds can be completed in less than 1 day and the 21

million commercially accessible compounds compiled in ZINC

database [26] could be screened in 10 to 20 days for most systems.

Considerations for real VS applications
Design of multi-step HTVS protocols. Different docking

protocols are required for different applications. For detailed

docking, where the user is interested primarily in high accuracy, a

suggested rDock protocol is to allow receptor flexibility, bypass the

pre-calculation of van der Waals potentials and perform exhaus-

tive sampling (50–100 GA runs). For HTVS applications, where

computing performance is important, the recommended rDock

protocol is to limit the search space (i.e. rigid receptor), apply the

grid-based scoring function and to use a multi-step protocol to stop

sampling of poor scorers as soon as possible. An example is for the

DUD system COMT, where the computational time can be

reduced by 7.5-fold without affecting performance by: 1) 5 GA

runs for all ligands; 2) ligands achieving a score of 220 or lower

run 10 further GAs; 3) for those ligands achieving a score of 225

or lower, continue until 50 GAs. The optimal protocol is specific

for each particular system and parameter-set, but can be identified

with a purpose-built script (see Manual).

Guided docking. Usually, VS applications exploit existing

information to optimize the cavity definition (e.g. choice of protein

conformation, displaceable water molecules) and to bias the

docking protocol with empirical restraints (e.g. pharmacophoric

points, shape similarity). This is an essential step common to all

successful docking-based VS undertakings [3,27]. For this reason,

we have compared the outcome of VS on Hsp90, a DUD system

for which we have developed and used optimal docking protocols

[7,8,28]. The cavity includes 2 interstitial water molecules and two

pharmacophoric points. As shown in Table 5 and Figures S8 and

S9, all VS performance metrics improve significantly, particularly

those related to early enrichment (logAUC, EF1%). As scoring

functions are supplemented with empirical information, perfor-

mance increases and the difference between programs reduce

(Table S2).

Availability and future directions
The program is released under the Lesser General Public

License and the source code, scripts, manuals, and test sets are

available at http://rdock.sourceforge.net/. The current version

has prototype code to sample fully the degrees of freedom and

occupancy of interstitial water molecules, as previously described

for GOLD [29], or to dock simultaneously to an ensemble of

receptor coordinates to simulate receptor flexibility in an efficient

way. These features require further validation. Future develop-

Figure 1. Relative score vs. the number of docking runs for all
the protein-ligand complexes in the CCDC-Astex set. The
boxplot indicates the median value (out of 1000 possible solutions)
and the first and last quartile, while the whiskers span the 10% to 90%
range. The whole set (black) has been sub-divided into ligands with 5 or
fewer rotatable bonds (green) and the rest (red).
doi:10.1371/journal.pcbi.1003571.g001

Table 4. Average computing times (in seconds per ligand) on 4 DUD systems.

Vina1 Glide SP1 rDock

Grid-based SF Indexed SF

VS2 Full1,3 VS2 Full1,3

ADA 86.4 4.2 4.2 27.0 5.4 33.0

COMT 77.4 3.0 3.0 22.5 5.0 31.8

PARP 54.0 1.5 3.9 16.5 5.7 29.1

Trypsin 372.0 6.0 14.1 53.1 20.1 82.5

Average 147.5 3.7 6.3 29.8 9.1 44.1

1Default program parameters were used.
2On HTVS mode, the average number of docking runs needed for these 4 systems is 10.
350 docking runs are used for default docking.
All figures were obtained on Intel Xeon X5660 CPUs at 2.80 GHz.
doi:10.1371/journal.pcbi.1003571.t004
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ments will aim at improving the scoring functions for both protein-

ligand and RNA-ligand interactions.

Supporting Information

Figure S1 Workflow summary of an rDock docking job. Shapes

in gray background are not covered with any rDock program and

must be carried out with independent software.

(TIF)

Figure S2 Binding mode prediction in the protein-ligand set

(CCDC-Astex): Percentage of top-ranked poses with RMSD below

2.0 Å as a function of the number of docking runs. The boxplot

indicates the median value (out of 100 possible solutions) and the

first and last quartile, while the whiskers span the 10% to 90%

range. The whole set (black) has been sub-divided into ligands with

5 or fewer rotatable bonds (green) and the rest (red).

(TIF)

Figure S3 Matrix representation of the docking outcome for each

system in the CCDC-Astex set for the three programs evaluated. A

black area indicates that the best-scoring pose for a particular

system-program combination has an RMSD below 2.0 Å.

(TIF)

Figure S4 Binding mode prediction in the RNA-ligand set:

Percentage of top-ranked poses with RMSD below 2.5 Å as a

function of the number of GA runs. The boxplot indicates the

median value (out of 100 possible solutions) and the first and last

quartile, while the whiskers span the 10% to 90% range.

(TIF)

Figure S5 Receiver Operating Characteristic (ROC) Curves of

all DUD systems. In the Y-axis, the true positive rate is the fraction

of true positives out of the total actual positives and, in the X-axis,

the false positive rate is the fraction of false positives out of the total

actual negatives. In gray, ROC curve in case of random results.

(TIF)

Figure S6 Semilogarithmic Receiver Operating Characteristic

(ROC) Curves of all DUD systems. In the Y-axis, the true positive

rate is the fraction of true positives out of the total actual positives

and, in the X-axis in logarithmic scale, the false positive rate is the

fraction of false positives out of the total actual negatives. In gray,

semilogarithmic ROC curve in case of random results.

(TIF)

Figure S7 Relative score vs. the number of docking runs for all

the protein-ligand complexes in the CCDC-Astex set. The boxplot

indicates the median value (out of 100 possible solutions) and the

first and last quartile, while the whiskers span the 10% to 90%

range. The whole set (black) has been sub-divided into systems

with relatively small cavities (green) and the rest (red).

(TIF)

Figure S8 ROC curve of HSP90 without pharmacophoric

restraints in normal (A) or semilogarithmic scale (B).

(TIF)

Figure S9 ROC curve of HSP90 with pharmacophoric

restraints in normal (A) or semilogarithmic scale (B). It should be

noted that using these settings, Glide only produces an output for

13 actives (out of 24) and 451 decoys (out of 864).

(TIF)

Software S1 Compressed file with the source code of the rDock

software for ligand docking to Proteins and Nucleic Acids.

(GZ)

Table S1 Summary of statistics for all DUD systems and

averages for each and all programs.

(DOCX)

Table S2 Spearman’s rank correlation coefficient (r) between

programs on the Hsp90 DUD set.

(DOCX)

Table S3 AUC for the 4 DUD systems used for calculating the

time performance.

(DOCX)

Text S1 Supporting Methods: Test set preparation, execution

and analysis.

(DOCX)

Text S2 Full Acknowledgements.

(DOCX)
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Table 5. VS performance metrics for Hsp90 using an unbiased protocol with default parameters (rDock, Glide & Vina) or an
optimized cavity definition and empirical pharmacophoric restraints (rDock-guided & Glide-guided).

Program AUC logAUC EFmax EF 1% EF 20%

rDock 0.63 0.20 3.9 0.0 1.5

(0.8) (0.7) (0.5) (1.0) (0.7)

Glide 0.77 0.28 7.4 0.0 2.1

(1.0) (1.0) (1.0) (1.0) (1.0)

Vina 0.55 0.16 1.4 0.0 0.75

(0.7) (0.6) (0.2) (1.0) (0.4)

rDock-guided 0.92 0.46 36.9 12.3 4.3

(1.2) (1.6) (5.0) (–) (2.0)

Glide-guided 0.90 0.46 17.4 6.9 4.6

(1.2) (1.6) (2.3) (–) (2.2)

Note that Vina does not support pharmacophoric restraints. The numbers in parentheses indicate performance relative to the best non-guided result (Glide).
doi:10.1371/journal.pcbi.1003571.t005
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