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Abstract

Drug discovery is a multidisciplinary and multivariate optimization endeavor. As such, in silico
screening tools have gained considerable importance to archive, analyze and exploit the vast and ever-
increasing amount of experimental data generated throughout the process. The current review will
focus on the computer-aided prediction of the numerous properties that need to be controlled during
the discovery of a preliminary hit and its promotion to a viable clinical candidate. It does not pretend
to the almost impossible task of an exhaustive report but will highlight a few key points that need to
be collectively addressed both by chemists and biologists to fuel the drug discovery pipeline with

innovative and safe drug candidates.
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1. Introduction

Drug discovery, as any other discipline, is accumulating experimental data at an exponential pace. Due
to the sequential and multidisciplinary nature of drug discovery pipelines, archiving and efficient
mining of key compound and target properties (e.g. structural, physicochemical, biochemical,
pharmacological, toxicological) is crucial for a better understanding and prediction of the
developability of a given compound. These good practices are supposed to reduce the overall attrition
rates (Hay, Thomas, Craighead, Economides, & Rosenthal, 2014) and therefore lead to a significant
decrease of the drug development costs (DiMasi, Grabowski, & Hansen, 2016).

Is is therefore not surprising that in silico methods have gained so much importance in drug discovery.
This trend can be simply illustrated by the herein reported survey of several key descriptors for
chemical/biological space and computing power (Fig.1). On the one hand, there are currently over 110
million chemicals registered by the Chemical Abstracts Service, out of which only 1.5% exhibit known
biological activity (Gaulton, et al., 2012). On the other hand, about 11,000 pharmacological targets are
known up to date (Gaulton, et al., 2012), giving rise to 125,000 different three-dimensional structures
(Berman, et al., 2000). Both compound and target counts experience an exponential growth that
mirrors the growth in computing power. This, expressed by the number of transistors in
microprocessors, follows the well-known Moore's law stating that the count of the integrated circuits
doubles approximately every two years. It is therefore not surprising that the application of in silico
technologies in drug discovery literature also experiences an exponential growth with 4-5 PubMed
citations every day (Fig. 1).

In silico technologies may be applied at any of the numerous possible stages of drug discovery and the
review their overall applicability falls outside of the scope of the present article. Here, we will focus on
any computerized method to assist chemists and biologists in the preclinical development of drug
candidates, ranging from target validation, compound library design, hit identification, hit-to-lead
optimization and preclinical candidate identification. To illustrate the integration of computational

design in pharmaceutical companies, it is worth mentioning a recent report from Bayer HealthCare



(Hillisch, Heinrich, & Wild, 2015) stating that half of the 20 new chemical entities (NCEs) currently being

tested in phase | clinical trials really benefited from computer-aided design methods.

2. Target validation

Target-related safety issues have recently been shown to be the major cause of attrition in clinical trials
at a big pharmaceutical company (Cook, et al., 2014). It is therefore of utmost importance to carefully
select the right target before entering costly compound screening processes. Considering validated
targets as those to which FDA-approved drugs physically bind, we have progressively learned that: (i)
targeting certain protein families (e.g. G protein-coupled receptors, protein kinases) reduces the
probability of early closures (Hopkins & Groom, 2002; Rask-Andersen, Masuram, & Schioth, 2014), (ii)
specific pockets to which launched drugs associate exhibit a well-defined range of physicochemical
properties (e.g. hydrophobicity, accessibility, curvature) that are distinct from that of less druggable
targets like protein-protein interfaces (Kuenemann, Bourbon, Labbe, Villoutreix, & Sperandio, 2014).
However, there is still an urgent need for computational methods that would robustly reduce risks
associated with a particular target selection. Of course, "druggability" is by far more complex than the
simple propensity of a particular protein cavity to accommodate high-affinity bioavailable drug-like
compounds. Other terms like "ligandability" (Edfeldt, Folmer, & Breeze, 2011) or "bindability"
(Sheridan, Maiorov, Holloway, Cornell, & Gao, 2010) have recently been proposed since they better
capture target property ranges (cavity volume, polarity and buriedness) known to be important for
druggable targets (A. C. Cheng, et al., 2007). The most conservative way to define druggable target
space is to identify those targets that do physically associate with approved small molecular-weight
drugs. One of the most recent surveys (Rask-Andersen, Almen, & Schioth, 2011) identified 989 small
molecular-weight drugs acting on 435 therapeutic effect-mediated human targets. In addition, drug-
target interactions (Rask-Andersen, et al., 2014) suggest 475 potentially novel drug targets in addition

those previously identified.



Altogether, three kinds of methods for predicting target druggability can be distinguished: methods
based on the target's sequence, its three-dimensional structure, or its integration in more complex
systems biology networks. Whatever the method, the first step is to define the instances (targets,
drugs, networks) to which usually machine learning algorithms (Jordan & Mitchell, 2015) are applied
in order to establish non-linear relationships between descriptors and the property to predict (Fig.2).

Many specialized databases storing this information are freely accessible (Table I).

The most straightforward method to estimate target druggability relies on different amino acid
sequence descriptors (e.g. amino acid composition, physicochemical properties) of known drug targets
and putative non-drug targets (or targets still awaiting approved drugs). Such models usually report
accuracies of 85-95% (Bakheet & Doig, 2009; Q. Li & Lai, 2007), but are optimistic because of an
oversimplified definition of the large non-druggable target space (any target not explicitly defined as
a drug target). As a consequence, sequence-based classification tends to reward entire protein
subfamilies as potentially druggable (Q. Li & Lai, 2007) although experimental screening data usually
indicates the opposite. Moreover, sequence-based models are hard to interpret and are not linked

with any particular domain or pocket on which to focus hit identification efforts.

Structure-based methods are therefore much more popular to predict target druggability. They rely
on 3D structural descriptors (polarity, hydrophobicity, buriedness, volume, curvature) of ligand-bound
cavities in both druggable and undruggable targets to learn rules able to optimally distinguish both
categories in a binary manner. Current state-of-the-art tools (Borrel, Regad, Xhaard, Petitjean, &
Camproux, 2015; Desaphy, Azdimousa, Kellenberger, & Rognan, 2012; Krasowski, Muthas, Sarkar,
Schmitt, & Brenk, 2011; Schmidtke & Barril, 2010; Volkamer, Kuhn, Grombacher, Rippmann, & Rarey,
2012) exhibit an accuracy of approximately 85% for conventional targets (GPCRs, kinases). The main
advantage of such methods is their high interpretability in terms of pocket properties. For example, all
methods agree on the most important properties for druggable cavities: a medium size (ca. 500 A3),

highly buried (>75%), mostly apolar cavity with a few polar hotspots. Another advantage is that once



a potentially druggable pocket has been identified, it can be screened by various in silico tools (see
section 4.1) to propose potential ligands for experimental validation and further optimization. A clear
drawback is the limited applicability domain of this method to conventional targets (close to those on
which mathematical models have been trained on) of known experimentally-determined structure.
Moreover, only a static picture (X-ray structure) of the target is usually taken into account although
consideration of structural flexibility to describe flexible and/or cryptic pockets has just been reported

(Loving, Lin, & Cheng, 2014).

The overwhelming emergence of —omics data recently pushed bionformaticians to focus not only on
drugs and their targets, but on more subtle systems biology approaches in which drug-target and/or
target-target networks as well as gene and protein expression levels are explicitly considered (Kandoi,
Acencio, & Lemke, 2015). Although druggable targets and their encoding genes have been shown to
occupy well-defined (highly connected and central) regions of drug-target (Yildirim, Goh, Cusick,
Barabasi, & Vidal, 2007), target-target and gene-gene networks (Yao & Rzhetsky, 2008), adding gene
expression data to pure network measures (connectivity and centrality indices) significantly enhances
the accuracy of network-based druggability predictions. Due to the absence of any gold standard
protein or gene network, obtained accuracies are quite variable (between 60 and 90%), suggesting

that this emerging field is still in evolution.

3. High-throughput screening

Since drug discovery initiatives often begin with an experimental medium to high-throughput
(biochemical, biophysical, phenotypic or virtual) screening of a compound library, computational

science has a major impact at both ends of the screening funnel: library selection and raw data analysis.

3.1. Compound library set-up



Chemical space described by all potential drug-like compounds is so huge that estimations to quantify
it vary from 10?3 to 10%° (Polishchuk, Madzhidov, & Varnek, 2013). Whatever the measure, this space
is far greater than the currently known chemical space described by 115 million unique organic and
inorganic chemical substance registered in the Chemical Abstract Service (Fig. 3). Out of this accessible
chemical space, about 35 million are theoretically purchasable from a wide array of commercial and
academic suppliers (Table Il). These compounds are available as powders in variable amounts (usually
from 1 to 20 mg) within 3-4 weeks. Originating from academic compound repositories, these libraries
were primarily synthesized by combinatorial chemistry in order to guarantee high numbers at the cost
of a low chemical diversity (Krier, Bret, & Rognan, 2006). In order to satisfy their customers,
commercial libraries have now evolved towards a higher quality in terms of diversity, novelty, purity
and analytical characterization. However, they are still significantly redundant. Only 1% of the currently
available compounds (1.5 million) exhibit a biological activity, described mainly by in vitro binding
assays. Archiving these data (Fig. 3), which have traditionally been the exclusive property of
pharmaceutical companies, in publicly available databases like ChEMBL (Gaulton, et al., 2012) or
Pubmed (PubMed, 2016) has a major impact on academic research and enables to better distinguish
molecular properties of chemicals, drug-like, lead-like and approved drugs. Many molecular
descriptors have been proposed to capture the main characteristics of drug-like compounds (Hann &
Keseru, 2012) which can be used as filters to select the most promising compounds to screen.
Interestingly, noticeable progress is made in defining a simple and interpretable metric to quantify
drug-likeness (Bickerton, Paolini, Besnard, Muresan, & Hopkins, 2012). Assuming that we have a good
idea of which molecules have to be kept, we also know which ones shall be removed. Public web
resources (Villoutreix, Lagorce, Labbe, Sperandio, & Miteva, 2013) are available to filter out undesired
molecules likely to interfere with bioassays, for instance aggregators (lrwin, et al., 2015) or
promiscuous binders (Baell & Walters, 2014). Such filters present the advantage of being able to flag
the affected compounds for future verifications in case of a positive screening result. However, they

should not be used to strictly (e.g. completely excluding these compounds from a screening deck),



notably in screening previously unexplored target space. More important is to keep in mind that those

compounds do exist but must be carefully validated in independent secondary assays.

If such filters may be easily applied to analyze existing compound collections, their usage in guiding
the design of new compounds or libraries is less straightforward. Theoretically possible organic
compounds can be generated from molecular graphs (Reymond, 2015) or a list of pre-defined organic
chemistry reactions (Hartenfeller, et al., 2011) and therefore extend the current chemical space to
novel structures. Since similar molecules are believed to share similar properties, any attempt to create
novel chemistry ends with a quantitative measure of chemical (dis)similarity to existing compounds.
(Dis)similarity estimation is probably the computational chemistry field with the most tremendous
impact on drug discovery. Over 3000 molecular descriptors (Todeschini & Consonni, 2000) and dozens
of similarity coefficients (Todeschini, et al., 2012) are available. The simplest descriptors (Fig. 4) encode
molecular properties (e.g. atom and bond counts, molecular weight) but are usually not easily
interpretable in terms of structure and medicinal chemistry. For example, quite different chemical
structures may fall into the same group although they do not share common scaffolds and synthetic
routes. Most descriptors rely on the two-dimensional (2D) molecular graphs (substructure, fingerprint)
therefore enabling the fast comparison of millions of molecules. More comprehensive but computer-
demanding properties may be addressed at the 3D level (fields, shapes, and pharmacophores) and

requires the calculation of all low energy conformers for a particular molecule.

Having descriptors and a similarity metricin hand, many library design strategies are possible: (i) design
general purpose compound libraries fulfilling drug-likeness filters that are chemically different from
existing drug-like compounds (Horvath, et al., 2014), (ii) design scaffold (Rabal, Amr, & Oyarzabal,
2015) or target-focused (Naderi, Alvin, Ding, Mukhopadhyay, & Brylinski, 2016) libraries chemically
similar to existing bioactive compounds, (iii) design innovative libraries of compounds irrespective of
conventional drug-likeness considerations (Kirkpatrick, 2012). For example, small peptides or

peptidomimetics (Verdine & Hilinski, 2012), macrocycles (Hoveyda, et al., 2011), or natural products



(Over, et al., 2012) may combine oral bioavailability and exquisite target selectivity; they are however

still largely under-represented in current screening decks.

3.2. Screening data analysis

Many important paradigms in medicinal chemistry arise from a cheminformatics-based analysis of
high-throughput screening data. Instead of focusing of individual molecules, the analysis is generalized
to chemotypes (substructures, scaffolds, fragments) and derives more general rules about (in)activity.
One of these very first concepts has been the notion of frequent hitters (Roche, et al., 2002), in other
words compounds that are systematically selected independently of the assay and the target. Such
compounds are either real promiscuous binders exhibiting target privileged substructures or
fragments (Schnur, Hermsmeier, & Tebben, 2006), or interfere with bioassays because of peculiar
physicochemical properties (aggregation, fluorescent emission). They can easily be detected upon
analysis of several HTS data and converted into a set of molecular rules (Irwin, et al., 2015). In the same
spirit, rational guides to identify latent hits (Mestres & Veeneman, 2003; Varin, Didiot, Parker, &
Schuffenhauer, 2012) have also been proposed. Latent hits are compounds that would not have been
selected based on a hard cut-off based analysis but that share chemical scaffolds having a significantly
higher proportion of actives (scaffold recovery rate) than randomly-chosen scaffolds. Rescuing poorly
active compounds by scaffold analysis enables the definition of otherwise masked structure-activity

relationships and further hit to lead development.

Another very important concept that emerged from the interplay between computational chemistry
and screening applied to low molecular-weight fragments is the notion of ligand efficiency (Hopkins,
Groom, & Alex, 2004). Mathematically, ligand efficiency (LE) is the ratio of the Gibbs free energy (AG)

to the number of heavy atoms of the ligand (HAC; Eqn.1)

AG
LE = TAC (1)



Since it is a normalized metric, it permits to prioritize not necessarily the hits with the highest affinity
in the primary screening assay but those with the higher developability. Lead efficiency is now a widely
used concept in medicinal chemistry, notably in case a fragment hit has to be grown to generate a
potent lead-like compound (Bembenek, Tounge, & Reynolds, 2009). Good starting fragments usually
exhibit ligand efficiencies above 0.3 kcal.mol? per heavy atom. Upon fragment growing and increase
of the molecular weight, ligand efficiency should decrease as little as possible, keeping in mind that a
10 nM compound with a molecular weight of 500 Da presents a lead efficiency of 0.29 kcal.mol™* per
heavy atom. Lead efficiency can therefore be monitored throughout the optimization process to
ensure the smallest possible decrease as the series progresses and guaranty the best possible

pharmacokinetic properties of final compounds.

Upon historical accumulation of HTS data on millions of compounds over hundreds of targets, Novartis
scientists introduced the concept of HTS fingerprints (Petrone, et al., 2012) to provide an alternative
measure of compound similarity. Each compound is characterized by a vector of reals, each describing
a normalized percentage of inhibition towards a well-ordered series of targets. A survey of HTS
fingerprints indicated that ca. 46% of 1.8 million compounds have never been active in any of the 230
screening assays (Petrone, et al., 2013). This so-called "dark chemical matter" was recently shown to
be of great interest for identifying preliminary hits with very specific activity and selectivity profiles

(Wassermann, et al., 2015).

Instead of focusing on chemical diversity, HTS fingerprints offer the possibility to bias library design
towards maximum biological diversity (target coverage). HTS fingerprints obtained from a very large
HTS data have been shown to outperform standard ligand-centric fingerprints in similarity-based
virtual screening for maximum hit rates, scaffold rates and biodiverse plate selection (Petrone, et al.,

2012).
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4. Virtual screening for pharmacodynamics properties (Hit finding)

The computational equivalent of high-throughput screening to identify novel bioactive compounds
with user-desired properties is by far the widest application of in silico technologies in preclinical drug
discovery. A PubMed search with keywords directed to identify virtual screening reports (Fig.5)
suggests that this precise computer usage represents 50% of the overall literature utilizing in silico
technologies in drug discovery (compare Fig.1 and Fig. 5). We will here describe three possible
scenarios which are widely encountered in modern drug discovery: (i) hit identification (easiest and
mostly occurring case), (ii) hit to lead optimization (most difficult case), and early safety profile

(prediction of most probable targets).

Whatever the scenario, two categories of virtual screening methods exist (Heikamp & Bajorath, 2013;
Sliwoski, Kothiwale, Meiler, & Lowe, 2014), based on either the structure of known ligands (ligand-
based virtual screening, LBVS) or the structure of the target macromolecule (structure-based virtual
screening, SBVS). The choice of which category to follow (Table Ill) depends on the context of the
project and the preexisting knowledge. As a rule of thumb, LBVS methods are used in case many
chemically diverse ligands of the desired properties (e.g. inhibitor of a particular enzyme) have already
been described. On the other hand, SBVS algorithms are mainly utilized when the target 3D structure
is available but with few known ligands. It is important to recall that virtual screening remains a multi-
step endeavor that requires a lot of expertise and pragmatism and which is prone to many possible

errors that the user must bear in mind (Scior, et al., 2012).

4.1. Choice of the compound library

11



Identifying ligands able to bind a particular target and/or elicit a particular functional effect (activation,
inhibition) is the widest application of virtual screening. Starting from an in-house or a commercially
available compound library, a virtual screening software will look for compounds fulfilling user-defined
properties that will be further selected and experimentally tested for confirmation of the in silico
hypothesis. Many compound libraries are commercially available and usually constitute the starting
point of the screening process in academic environments. Initially arising from academic groups, such
libraries have grown rapidly thanks to methodological developments in combinatorial organic
synthesis. In most of the cases, there is no particular reason, beside practical considerations like
purchase time, purity or price, to privilege one library over the others. The safest approach is to
combine all of them, at least those arising from trustable suppliers (see Table Il), or to start from a
precompiled list of various sources like ZINC (Sterling & Irwin, 2015). In most instances, just a part of
the full screening deck is retained for further evaluation to accelerate the screening. This filtering step
is usually essential in limiting the risks of false positives due to the selection of compounds with
problematic properties reviewed in section 3.1. The size of the screened library is therefore not an
argument for its selection, as unfortunately still seen in some reports (Mirza, Salmas, Fatmi, & Durdagi,
2016). A recent survey of virtual screening papers in current literature (Zhu, et al., 2013) highlights the
very high number (up to 60%) of initial virtual hits that can be flagged by various simple filters (chemical
reactivity, toxicity, promiscuity) and for which medicinal chemistry optimization would be a waste of
time. An adequate filtering of the full screening deck, or at least of the final hit list, is therefore key to
avoid later problems with low-quality hits. Please note that libraries of approved drugs (e.g. the
Prestwick chemical library) may be also used in case of drug repurposing attempts (Zeniou, et al.,
2015). Although a large majority of virtual screening campaigns are realized with electronic libraries of
physically existing compounds, libraries of virtual compounds still awaiting their synthesis may be
used. For example, Reymond et al. reported a virtual library of 166 billion theoretically synthesizable
compounds by assembling drug-like compounds made of less than 17 heavy atoms (Ruddigkeit, van

Deursen, Blum, & Reymond, 2012). The major advantage of such virtual libraries is the unprecedented
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large chemical space under investigation. However, many potential hits might be difficult (or
impossible) to synthesize therefore essentially increasing the time between virtual screening and

experimental testing.

4.2. Two-dimensional (2D) similarity search

2D similarity search is the method of choice in virtual screening since it combines both speed and
accuracy. Many 2D molecular descriptors are available, out of which the most used are structural
fingerprints (Willett, 2011) describing the relative orientation of atoms in a molecular graph in either
a linear or circular manner (Fig. 4). Similarly to barcodes, linear fingerprints encode the presence (or
the number) of key structural fragments (e.g. phenyl ring, alcohol, ketone, etc.) at precise positions of
a vector. Alternatively, the respective location of these structural elements might also be encoded in
circular fingerprints in which each atom is described as a function of its neighboring atoms in several
iterative concentric shells (Rogers & Hahn, 2010). Whatever the descriptor, a metric is then needed to
estimate the pairwise similarity between two molecules (Fig. 6). Very often, the Tanimoto coefficient
is utilized to rank compounds by decreasing similarity to any known template. Defining a hit list by 2D
similarity search is therefore as simple as gathering any library compound with a Tanimoto coefficient
above a certain threshold (usually a value around 0.70). Many successful 2D similarity-based virtual
screens have already been described in the literature (Ripphausen, Stumpfe, & Bajorath, 2012;
Sliwoski, et al., 2014) and will not be described here in detail. We will just take one in-house example
(Kellenberger, et al., 2007) to illustrate the strength and limitations of the method (Fig. 7). Starting
from a previously identified chemokine CCR5 receptor agonist, a database of 60,000 commercially
available compounds was screened for 2D fingerprint similarity to the template. Among the 100
selected virtual hits, seven molecules were confirmed experimentally in an in vitro competition assay

out of which two compounds were more potent than the starting reference (Fig. 7). Despite their
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modest in vitro potency, this ligand-based 2D screen is very representative of what might be achieved

using this computational technique, irrespective of the chosen methods and molecular descriptors:

e Analysis of the chemical structures of the validated hits (Fig. 7) shows both structural analogies
and differences to the template. Many key structural elements (5 or 6-membered nitrogen-
containing unsaturated heterocyle, red; two aromatic rings, green; tertiary amine, blue) are
shared between the reference and the hits but with different relative spatial locations.

e The hits exhibit clearly different chemotypes.

e The hits exhibit an in vitro potency relatively similar to that of the reference.

e Very little information (a single reference structure) is required to initiate a virtual screen.

However, one should be aware of the limitation of 2D similarity searches as well:

e The ligand stereochemistry is not considered here although ligand recognition is usually
stereospecific.

e By definition, hits share key structural fragments with the reference, which may prohibit
their patenting (to be examined on a case by case basis).

e Hits are dependent on the choice of the molecular descriptors, and of the reference if
several chemically different actives are available. In the latter case, it is advised to repeat
the virtual screen and to fuse obtained results (Hert, et al., 2006).

e Biological similarity may be target-dependent and does not always mirror chemical
similarity. A retrospective analysis of 155 HTS data shows that the similarity principle holds
true in only 30% of the cases (Martin, Kofron, & Traphagen, 2002). In fact, many chemical
series exhibit activity cliffs (pairs or groups of structurally similar compounds with
significant differences in potency) that impair simple 2D similarity searches (Maggiora,

2006).
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2D similarity-based virtual screening is very often utilized when information on known actives is quite
rich. Due to the large number of potential references, parallel virtual screening, although feasible, is
very cumbersome. In this cases, machine learning algorithms (Jordan & Mitchell, 2015) are very
powerful to discriminate actives from inactives. As defined in 1959 by Arthur Samuel (Samuel, 1959),
machine learning is defined as "a field of study that gives computers the ability to learn without being
explicitly programmed". Starting from a set of instances (actives and inactive molecules) and molecular
descriptors, machine learning (ML) algorithms (e.g. Bayesian inference, support vector machines,
random forest, Gaussian process) find the optimal separation between the two set of instances in the
multidimensional descriptor hyperplane. When applied to hit identification, ML may be used in several
modes: binary classification (actives vs. inactives), regression (prediction of binding affinities) and
clustering (Meslamani, Bhajun, Martz, & Rognan, 2013). Of course, the accuracy of the prediction
depends on the quality of the input data; among which the number of true actives, their chemical

diversity, and a broad affinity range (Rognan, 2013b).

4.3. Three-dimensional (3D) similarity searches: Pharmacophore, shape and electrostatics

In contrast to 2D similarity search, the 3D conformation of compounds under investigation is explicitly
taken into account in 3D similarity searches. Of course, this additional precision brings a higher level
of complexity in the virtual screening since many conformations (up to a few hundreds) have to be
either stored in advance or computed on the fly. For example, a molecule as simple as a pentapeptide
may adopt thousands of possible conformations in solution, only one of which being selected by the
receptor. In a virtual screen, all these possible conformations need to be inspected, sometimes with
respect to a single template molecule although the number of references is usually higher (up to 15-
20). 3D similarity search is therefore computationally much more demanding than 2D searches, and
limited to smaller databases (usually less than 1 million). Among possible descriptors to depict 3D

properties of a molecule are: the 3D atomic coordinates, the shape, steric and electrostatic fields, and
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lastly the pharmacophore (Fig. 4) The pharmacophore concept was introduced in the late 60s by Kier

(Kier, 1967) and much later officially defined by the IUPAC in 1998 as follows:

"A pharmacophore is the ensemble of steric and electronic features that is necessary to ensure the
optimal supramolecular interactions with a specific biological target structure and to trigger (or to

block) its biological response" (Wermuth, Ganellin, Lindberg, & Mitscher, 1998).

Interestingly, the concept was formalized by medicinal chemists who immediately saw the true
intuitive nature of the pharmacophore and its easy application to drug design. At this point, it should
be recalled again that a pharmacophore is not a molecule but just a formal abstraction of key chemical
features that are necessary for a compound to bind a particular target. In many representations, the
pharmacophore is illustrated by a series of colored spheres and vectors (Fig. 8). The sphere center
describes the optimal position of a ligand atom, the diameter relates to the tolerance about that
position, while the color illustrates the property (hydrogen bond donor, hydrogen bond acceptor,
hydrophobe, aromatic, negative charge, positive charge) the respective atom should bear. Since some
interactions are directional (e.g. hydrogen bonds, aromatic stacking), vectors can be used to describe
the direction from the ligand interaction atom (vector tail) towards the target protein (vector head).
Sometimes, exclusion volume features are added to prevent the ligand occupying user-defined
forbidden locations. A molecule fulfils a pharmacophore if at least one of its preferred conformations
fits the pharmacophore; in other words, some ligand atoms are matching all pharmacophore spheres
in terms of location, color and direction (Fig. 8). The quality of the match is usually inferred from a
fitness value that can be used to rank database compounds in a pharmacophore-based virtual
screening experiment. This strategy requires a priori knowledge of the bioactive 3D conformation of
the reference molecule(s). If this information is missing, all possible pharmacophore combinations (e.g.
4 features pharmacophores)(Mason, et al., 1999) of a known bioactive compound can be stored as a
3D pharmacophore fingerprint (Fig. 4) in which each position registers the occurrence (or absence) of

any specific combination. Database compounds are later compared to the reference with respect to
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their 3D fingerprint, and rank-ordered from the most to the least similar. Please note that the
complexity of these fingerprints rises exponentially with the number of selected features, their
diversity and distance bins used to store all possible combinations. For example, four-point
pharmacophores made of 7 possible feature types and 15 distance ranges can generate as many as
350 million potential 4-point 3D pharmacophores per molecule. Screening such fingerprints is
therefore very computer demanding with respect to standard pharmacophore searches that only
require a few seconds per molecule. Over the last 40 years, many successful usages of pharmacophore
searches, starting from a single or many known actives, have been described in the literature (Leach,
Gillet, Lewis, & Taylor, 2010; Sliwoski, et al., 2014). We will here illustrate the power of this virtual
screening methodology by an old but very elegant study realized in 2002 at Novartis (Flohr, et al.,
2002). The goal of the study was to identify non-peptide antagonists of the urotensin Il receptor (Fig.
9). Urotensin-Il (U-1l) is a cyclopeptide with very potent vasoconstrictive properties. Alanine scanning
and structure-activity relationships of U-Il peptidic analogs rapidly identified 3 amino acids (Trp7, Lys8,
and Tyr9) as the key residues responsible for the U-Il receptor recognition. Determining the structure
of the peptide in solution by NMR provided a starting pharmacophore definition that was further used
to screen the Aventis compound collection. 500 potential hits fitting this pharmacophore were
retained for experimental validation. Six different scaffold classes could be identified, antagonizing the
biological activity of U-1l in vitro, out of which one inhibitor (S6717) exhibits a nanomolar potency in a
functional fluorometric imaging plate reader (FLIPR) assay (Flohr, et al., 2002). This example nicely

illustrates the benefits of pharmacophore searches:

e The pharmacophore concept is both simple and very intuitive to interpret.

e Its definition is fuzzy enough to cope with uncertainties about the 3D conformational space
accessible to a low molecular weight compound.

e Pharmacophore-based virtual screens are fast enough (a few seconds/molecule) to be
applicable at a large scale (e.g. up to a few million compounds).

e The pharmacophore is stereospecific.
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Of course, some drawbacks may also be highlighted among which:

e Limiting the 3D conformational space of flexible molecules (> 10 rotatable bonds) to a
reasonable number of conformers (<1000) may lead to omission of the real bioactive
conformation.

e The definition of a common features pharmacophore first requires a proper alignment of
reference molecules. Alignment errors will then lead to incorrect pharmacophore queries.

e Pharmacophores dominated by hydrophobic features (e.g. PPI inhibitors) are generally non-
specific and are likely to lead to many false positives.

e Pharmacophores are a property of the training set of compounds rather than reflecting a
universal and absolute truth about a binding mode. Care should be taken when using them as

filters.

Interestingly, the concept of pharmacophores may be applied to protein-ligand (Meslamani, et al.,
2012) and protein-protein X-ray structures (Koes & Camacho, 2012) in order to assign pharmacophoric
features to truly interacting atoms. Many other variations of the pharmacophore concept have
emerged in the last 15 years, the most important being colored shapes and electrostatic fields (Fig.
10). Notably, shape matching methods are now increasingly popular (Diller, Connell, & Welsh, 2015;
Hawkins, Skillman, & Nicholls, 2007; Kalaszi, Szisz, Imre, & Polgar, 2014; H. Li, Leung, Wong, & Ballester,
2016; Muegge & Zhang, 2015) for their pace and repeated success in identifying high quality and
chemically diverse hits (Hevener, et al., 2012; Johnson & Karanicolas, 2016; Kilchmann, et al., 2016;
Roy & Skolnick, 2015). The basic idea under this methodology is that molecular shape is the most
conserved property among molecules sharing similar biological properties (Nicholls, et al., 2010). A key
advantage of shape-based methods lies in their speed, since trillions of compounds can be screened
using such methods with either massively parallel (Muegge & Zhang, 2015) or graphic card processing

unit (GPU) architectures (Johnson & Karanicolas, 2016).
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4.4. Protein-ligand docking

Molecular docking is a priori the most straightforward method to identify ligands for a target of known
experimental structure (X-ray, NMR). When applied in the context of virtual screening, the method

implies solving quickly (< 15 s /molecule) three enigma:

e What is the protein-bound conformation of the ligand?
e What is the relative orientation of the ligand with respect to the target protein?

e What is the absolute binding free energy (affinity) of the ligand?

Docking is generally limited to a user-defined pocket (catalytic site, known ligand-binding site) in order
to avoid scanning of the entire protein surface, a procedure known as "blind docking" (Grosdidier,
Zoete, & Michielin, 2009). The bioactive conformation of the ligand to dock may be deduced by several
methods (Moitessier, Englebienne, Lee, Lawandi, & Corbeil, 2008): (i) storing a conformational
ensemble for every compound and docking it in a rigid manner to the target protein, (ii) computing
the protein-restrained conformational space accessible to the ligand thanks to stochastic methods (e.g.
simulated annealing, Monte Carlo simulation, genetic algorithm, molecular dynamics simulation), (iii)

using an incremental construction method building the ligand piece by piece.

Independent of the conformational sampling method, the location of the ligand with respect to the
protein binding site is estimated assuming a steric and electrostatic complementarity principle
governed by simple topological rules (Bohm, 1992). For example, a ligand hydrogen-bond donating
atom will be placed in front of a protein hydrogen-bonding acceptor in a way that their respective

locations are optimal for establishing a hydrogen bond. Lastly, every pose has to be scored by a fast
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scoring function (Y. Li, Han, Liu, & Wang, 2014) that permits screening up to a few million compounds
within a reasonable amount of time. The last step consists in sorting all database ligands by decreasing

docking score, and picking of the top-ranked ones for experimental validation.

Many successful applications of docking for high-throughput virtual screening of compound libraries
have led to thousands of hits over the last decade (Sliwoski, et al., 2014; Spyrakis & Cavasotto, 2015).
Let us take the example of the beta2 adrenergic receptor to illustrate this screening method (Fig. 11).
Docking of about 1 million commercially available compounds into the recently solved X-ray structure
of the beta2 adrenergic receptor led to the selection of 25 potential hits showing a high docking score
(Kolb, et al., 2009). Out of the 25 compounds, 6 could be confirmed experimentally via in vitro binding
and functional assays. The obtained hit rate was excellent (24%) and provided novel chemotypes, out

of which one potent hit exhibited an excellent potency (Ki=9 nM).

The main advantage of docking over other screening methods lies in its very intuitive concept since
every hit is provided with a putative binding mode and expected affinity to the target protein. The hit
to lead optimization is therefore simplified by either adding chemical groups to unoccupied regions of
the pocket or deleting substituents that may clash with the target. As docking does not require
preexisting knowledge on known ligands, molecular docking can be applied to orphan targets and
often yields novel and patentable chemical matter. Although starting from experimentally-determined
protein structures is advised, there are now numerous examples of successful docking into homology

models without any substantial decrease in hit rates (Spyrakis & Cavasotto, 2015).

Despite its very attractive foundation, molecular docking suffers from many drawbacks due to its
complex parametrization level. Many sources of potential errors will dramatically affect the outcome
of the screen (Table IV). The easiest to correct is the usage of an inappropriate set of protein atomic
coordinates. For example, it is strongly advised to use whenever possible ligand-bound and not ligand-

free (apo) protein structures since ligand-binding sites frequently adapt their shape to their bound
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ligands. For ligands, many cheminformatics methods are available to standardize chemical structures
(e.g. aromaticity, protonation and tautomeric states) in a uniform and coherent manner (Fourches,
Muratov, & Tropsha, 2010). Please remember that very flexible ligands (e.g. small peptides) are much
more difficult to dock than rigid heterocyclic ligands and it is generally advised to omit docking ligands
with too many rotatable bonds. It should also be considered that unexpected binding modes not
obeying standard molecular interaction rules will be probably missed by all docking algorithms. In
suspicion of such a case, constrained docking forcing the ligand to match a predefined template

location may be considered.

Among the most difficult problem to solve is the prediction of binding affinities. Scoring functions
utilized by docking algorithms (Y. Li, et al., 2014) need to be fast enough to ensure the docking of
hundred thousands of compounds within a couple of days. Their accuracy is therefore limited to ca.
1.5 log unit (7-10 kJ/mol) which is sufficient to discriminate namomolar from micromolar and from
inactive compounds, but not enough to precisely rank order database compounds by decreasing

affinity.

Three main approaches have been followed to rescue the inability of fast scoring functions to prioritize
the best docking poses: (i) develop more sophisticated first-principle scoring functions, (ii) use
supervised machine learning (ML) algorithms to predict the likelihood of docking poses, (iii) apply
knowledge-based (chemical and topological) rules to filter out unreliable solutions. The first approach
uses CPU-intensive energy calculations (e.g. MM-PBSA, MM-GBSA) to refine early docking results.
Unfortunately, the benefit of this extra computational cost is controversial as it appears to be target-
dependent and hardly predictable (Hou, Wang, Li, & Wang, 2011; B. Kuhn, Gerber, Schulz-Gasch, &
Stahl, 2005; Virtanen, Niinivehmas, & Pentikainen, 2015). The second approach consists in training
machine learning algorithms (e.g. support vector machines (L. Li, Wang, & Meroueh, 2011), random
forests (Ballester, Schreyer, & Blundell, 2014; Zilian & Sotriffer, 2013)) with 3D protein-ligand structural

descriptors in order to discriminate good from bad poses. If remarkable results in predicting binding
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affinities from protein-ligand X-ray structures have been recently published (Ballester, et al., 2014),
such scoring functions have rarely been applied to prospective virtual screening campaigns and their
true utility in virtual screening remains unknown. In any case, docking/ML combinations (Khamis,
Gomaa, & Ahmed, 2015) must be regarded with great care due to the tendency of machine learning
methods to be overtrained (Gabel, Desaphy, & Rognan, 2014). The third strategy, which is currently
experiencing a revival, utilizes various knowledge-based approaches to rescore docking poses. The
main idea is to use non-energetical topological criteria to address the quality of docking poses, notably
by comparing docking solutions with protein-ligand complexes of known X-ray structures. Among the
knowledge-based approaches, we can clearly distinguish those methods aimed at constraining the
docking algorithms towards expected poses (pharmacophore-constrained docking (Hindle, Rarey,
Buning, & Lengauer, 2002), shape-guided docking (Kelley, Brown, Warren, & Muchmore, 2015; Kumar
& Zhang, 2015), template matching (C. Gao, Thorsteinson, Watson, Wang, & Vieth, 2015)) from
computational protocols that just restrain the analysis of docking poses to reward user-defined
features. Both methods have proven useful in many examples for enhancing the quality of top-ranked
poses as well as enriching virtual hit lists in true actives. Constrained docking may however be
dangerous in forcing known inactive compounds to properly dock in a binding site. It is therefore
common practice to conduct a completely free docking calculation and further apply simple
cheminformatics descriptors (1D fingerprints (Deng, Chuaqui, & Singh, 2004), 3D similarity (Anighoro
& Bajorath, 2016)) to enable the selection of docking solutions that look the most similar to
experimentally-determined poses of known ligands. For example, several years ago, we (Marcou &
Rognan, 2007) and others (Deng, et al., 2004; Kelly & Mancera, 2004; Mpamhanga, Chen, Mclay, &
Willett, 2006) proposed the concept of molecular interaction fingerprints (IFPs) (Marcou & Rognan,
2007) to post-process docking data and pick poses producing IFPs similar to that of known actives.
Computing IFPs from docking poses is a robust and very efficient manner to predict ligand binding
modes (Chalopin, et al., 2010), propose reliable scaffold hops (Venhorst, Nunez, Terpstra, & Kruse,

2008), and enrich virtual hits in true actives upon docking a compound library (de Graaf, Kooistra, et
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al., 2011; de Graaf, Rein, Piwnica, Giordanetto, & Rognan, 2011). The success of this post-processing
approach is based on the fact that true ligands of a same target often share key interactions with key

anchoring residues and thereby produce relatively similar IFPs.

The next problem to solve is the potential role of bound water molecules to mediate ligand binding.
Despite the existence of many algorithms to predict bound waters in a protein cavity (Spyrakis &
Cavasotto, 2015), there are no general rules to consider whether a water molecule has to be kept or
removed upon ligand binding. Even though the problem could eventually be addressed for a few
compounds and has led to remarkable successes (Chen, Xu, Wawrzak, Basarab, & Jordan, 1998; Liu, et
al., 2005), it is hardly applicable to the docking of a screening deck. Although water molecules may be
switched on or off in a ligand-dependent manner, the benefit of considering bound waters is often
target-dependent and hardly predictable. Only a deep knowledge of the system itself can guide the

user with the best possible choice.

In most cases, the protein is considered as a rigid bogy during docking, although molecular recognition
frequently implies modest to large conformational changes of the target. Whereas moderate flexibility
(side chain) is relatively easy to handle, larger modifications are much more difficult to predict. Two
solutions to this problem exist: (i) start from multiple protein conformations (experimental or
simulated) and repeat the docking as many times as there are input structures (ensemble docking), (ii)
use the protein conformation as a docking variable (4D docking). As previously highlighted for the role
of bound water molecules, the benefit of explicitly considering protein flexibility is often target-

dependent (Moitessier, et al., 2008) and should be considered in the light of known experimental data.

Last, it should be recalled that docking a ligand to a protein requires the presence of a structurally
druggable cavity at its surface. In case of flat surfaces (e.g. protein-protein interfaces), docking is

unlikely to yield a small molecular weight protein-protein interface modulator.

As a summary, protein-ligand docking is a very powerful computational technique, very often not used

under optimal conditions (Rognan, 2013a). By contrast to the above described and much simpler 2D
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ligand-based similarity methods, docking is often considered to yield inferior results. In most of the
cases, discrepancies are observed because the user has not been able to solve the many problems
associated with docking. Only experienced users well aware of the limitations of the methods will
repeatedly provide biologists with reliable hit lists. Notably, docking hits, whatever the methodology
followed for selection, must be carefully visualized within the target’s binding site, therefore giving the

chance to rescue compounds located well down the scoring list.

4. 5. De novo ligand design

De novo design methods aim at constructing novel chemical matter by assembling structural pieces
(atoms, fragments) until the desired properties (synthetic accessibility, potency towards the main
target, avoidance of off-targets, good pharmacokinetic properties) are achieved (Segall, 2014).
Initiated in the late 80s during the hype of structure-based design (Hol, 1988), the first generation of
de novo design methods were almost structure-based and supposed to deliver ideal molecules with a
perfect complementarity to the protein binding site to be occupied. After a few years of practice, it
turned out that the designed molecules were usually chemically complex, difficult to synthesize, often
requiring human intervention to simplify their structure, and with micromolar potencies far beyond
the initial expectations (Babine, et al., 1995). A second generation of computational tools has emerged
that learned from the early failures. These novel methods are almost exclusively ligand-centric and
reaction-driven, and generate drug-like compounds from a set of building blocks and popular organic
reactions (Besnard, et al., 2012; Hartenfeller, et al., 2012; Vinkers, et al., 2003). Using 1,000 building
blocks and 50 bi-molecular organic reactions (e.g. reductive amination) in a 5-step synthesis scheme
provides an unprecedented vast chemical space of 3.10%® compounds. By opposition to the early

methods, theoretically possible compounds are now filtered to adopt desired properties thanks to a
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series of ligand-based machine learning models for predicting desired and off-targets as well as several

pharmacokinetics properties.

Many impressive reports of de novo designed bioactive compounds have been published over the last
decade with user-controlled properties aimed at optimizing potency, selectivity or multi-target profiles
(Schneider & Schneider, 2016). Contrarily to early hopes, these methods express their full potential
when sufficient ligand knowledge is available but cannot be applied to identify the very first ligands of

still orphan targets.

4.6. Target fishing: Early safety profile and polypharmacology

Whereas the above-described virtual screening methods (similarity search, pharmacophore mapping,
protein—ligand docking) have proven useful to predict novel ligands for a single target, profiling a single
ligand against a set of heterogeneous targets has long been neglected. Scientific and economic
pressure to design drugs with controlled selectivity profiles (Hopkins, Mason, & Overington, 2006;
Morphy, 2010) as well as the boost of drug repurposing (Ekins, Williams, Krasowski, & Freundlich,
2011), led to the development of in silico ligand-profiling methods (Rognan, 2010; Westermaier, Barril,
& Scapozza, 2015) aimed at (i) predicting potential targets (and thus a mechanism of action) from
phenotypic screening hits, (ii) identifying off-targets potentially responsible for side effects and
adverse reactions, and (iii) proposing novel targets for existing drugs. Several of these methods are
freely accessible as webservers (Table V) where the user draws first the ligand structure, runs the

virtual screening engine and finally saves a list of putative targets.

From a conceptual point of view, there are three possible approaches to predict novel targets for a
known ligand (Fig. 12). At the simplest level of theory is the concept that similar ligands bind to similar

targets. Estimating the similarity between a ligand of interest and target-annotated compounds is thus
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an easy way to predict novel target—ligand associations (Keiser, et al., 2009; Reker, et al., 2014) and
even to some extent binding affinities (Vidal, Garcia-Serna, & Mestres, 2011). Ligand-centric profiling
methods are, however, restricted to targets for which sufficient ligand information is available. For
example, the similarity ensemble approach (SEA) (Keiser, et al., 2009) only applies to 246 targets
annotated by more than 100 ligands. Likewise, we designed a hybrid profiling method (Profiler) relying
on public ChEMBL binding affinity data and predicting either binding constants for 141 human targets
or only binding (yes/no answer) for 661 additional targets (Meslamani, et al., 2013). Target predictions
by ligand-based 2D similarity methods are successful in approximatively 50% of the cases and have led
to the prediction of (i) toxic liabilities and side effects for known drugs (Lounkine, et al., 2012), (ii) main
targets of phenotypic screening hits (Laggner, et al., 2012), novel drug usages (Keiser, et al., 2009),
detailed polypharmacological profiles (Besnard, et al., 2012) and targets for complex natural products
(Reker, et al., 2014). Interestingly, 2D similarity methods have recently been shown to be effective for
identifying main targets, whereas three-dimensional 3D similarity methods were better suited for

proposing off-targets (Yera, Cleves, & Jain, 2011).

A second group of methods relies on the concept that similar ligands bind to similar binding sites.
Binding site similarity either at the sequence (Surgand, Rodrigo, Kellenberger, & Rognan, 2006) or at
the structure level (Xie & Bourne, 2008) can thus be used as a means to pair an existing ligand (with a
known binding site) to a novel target sharing a similar binding pocket (Ehrt, Brinkjost, & Koch, 2016).
Binding site-based comparisons show a great potential in computer-assisted target identification
because of their large applicability domain. Starting from sequence-based approaches, the method
could in theory be applied to any of the 71 million amino acid sequences registered in the UniProt
database. On a structure-based scale, the applicability domain is of course smaller but still covers
125,000 3D structures of macromolecular targets stored in the Protein Data Bank. There are, however,
many possible druggable cavities on the surface of each of these macromolecule (Kufareva, llatovskiy,
& Abagyan, 2012), and the combinatorics are even higher if protein—protein interfaces are considered
(M. Gao & Skolnick, 2012). The number of druggable pockets is therefore much larger than the number
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of unique protein structures in the PDB. Up to now, binding site comparisons have been used to

discover off-targets for known bioactive compounds (Ehrt, et al., 2016; Rognan, 2010).

At the highest level of theory are methods focusing on protein—ligand complexes that can be described
either as either simple one-dimensional (1D) fingerprints (van Westen, Wegner, ljzerman, van Vlijmen,
& Bender, 2011), protein-ligand-derived pharmacophores (Meslamani, et al., 2012) or protein-ligand-
docking poses (Y. Y. Li, An, & Jones, 2011). Chemogenomic (or proteochemometric) approaches
(Cortes-Ciriano, et al., 2015) take into account both ligand and target 1D descriptors to derive machine
learning models that can be further used to predict any new binary association (F. Wang, et al., 2011).
Such methods have a wide applicability domain due to the large body of data already available in
bioactivity databases (Table 1), but cannot predict binding constants. Ligand-based (Rollinger, et al.,
2009) and protein-ligand pharmacophores (Lei, Liu, Peng, & Xiao, 2015) have also been used to predict
the main targets of natural compounds. These methods first require the set-up of a collection of
pharmacophores (Meslamani, et al., 2012) and then the fitting of the compound under scrutiny to any
of these pharmacophores to select the best matches. Last, the identification of novel targets
accounting for main or secondary effects has been reported in numerous reverse docking studies
(Durrant, et al., 2010; Muller, et al., 2006; Yang, Chen, & He, 2009; Yang, et al., 2011) despite notorious
deficiencies of empirical scoring functions to rank-order target—ligand complexes by increasing binding
free energies. Of course, structure-based methods are restricted in their applicability domain to targets
of known X-ray structures. Although hybrid profiling methods combining ligand-based and structure-
based methods have been described (Meslamani, et al., 2013), ligand-based methods usually
outperform structure-based approaches in target fishing experiments (Meslamani, et al., 2013) for the
simple reason that there are much more target-annotated ligands (ca. 2 millions) than unique target
X-ray structures (ca. 40,000). A list of representative ligands (known drugs, preclinical candidates, and
screening hits) for which successful computational target assignments have been confirmed

experimentally is given Fig.13.
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We should recall that affinity is only one component to a compound’s pharmacology and the PK/PD
relationship may have a much greater role in determining the observed effect in vivo. This is doubly

true for off-target effects, so experimental validation of any target prediction is paramount.

4.7. Which method to use?

Among the myriad of software and different methods amenable to virtual screening, it remains still
difficult to prioritize one particular solution with respect to others. A frequently observed error is to
believe that the quality of the results will be dependent on the sophistication level of the method.
Virtual screening is a pragmatic exercise aimed at integrating all experimental knowledge to guide the
choice of the best method. For example, identifying inhibitors for an orphan target at the
computational level requires a 3D structure of the target, meaning there is no need to use ligand-based
methods. Conversely, fine-tuning the polypharmacological profile of a biogenic amine GPCR ligand
does not require protein structures, but chemical structures and binding constants of known ligands.

Machine learning algorithms will be excellent in proposing ligands with user-controlled profiles.

Several years ago, it was quite frequent to see workflows combining all these methods in a serial
funnel, starting with the simplest ones (e.g. 2D similarity search) and ending with the most complex
(e.g. protein-ligand docking). A decade of prospective applications suggests doing the opposite. LBVS
and SBVS methods tend to yield to overlapping sets of hits (Kruger & Evers, 2010). It is therefore now
good practice to combine hit lists from different methods in order to optimize both hit rates and
potencies (Ripphausen, et al., 2012). A systematic survey of successful virtual screening reports in the
literature (Ripphausen, et al., 2012; Zhu, et al., 2013) indicates that the mean hit rate obtained by
prospective VS is really excellent (ca. 13%) and much higher than that expected by HTS (0.01-0.1%).
This analysis also pinpoints that knowledge, intuition and experience still plays a decisive role in

selecting the right hits
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5. Virtual screening for ADMET properties (Hit to lead optimization)

Although hits are usually easy to find irrespective of the method (in silico or experimental screening),
advancing a hit to a viable lead is a much more difficult enterprise since many parameters (potency,
selectivity, pharmacokinetics, toxicity) have to be optimized simultaneously. All previously-described
methods can be in principle applied to the hit-to-lead optimization, though with much more difficulties
since predicting potency (in other words binding constants), for example, is still an unsolved problem
(Y. Li, et al.,, 2014). Virtual screening by quantitative structure-property relationships (QSPR) or
machine learning models trained on compound properties (measured or predicted) can nevertheless
be applied to many steps of the hit optimization phase (Table V) provided that a single-source set of

homogenous data is available.

5.1. Physicochemical properties

Since physicochemical properties of drug candidates (e.g. pKa, aqueous solubility, octanol/water
partition coefficient or logP, melting point) strongly influence their pharmaceutical developability,
many QSAR /machine learning models have been proposed to predict these key properties (Y. Wang,
et al., 2015). As a rule of thumb, logP and pKa values are the easiest properties to predict, the boiling
point the most difficult, whereas aqueous solubility predictions represent a moderately difficult
problem (Hughes, Palmer, Nigsch, & Mitchell, 2008). Interestingly, a recent report from a
pharmaceutical company (Hillisch, et al., 2015) shows that the overall accuracy of these models is
constantly increasing thanks to more homogeneous and numerous high-quality experimental data
(Fraczkiewicz, et al., 2015). Some pharmaceutical companies even agree to share raw data to improve

the quality of the resulting models (C.S. Fishburn, 2013). However, poor performance can still be
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observed in daily applications for two major reasons: (i) compounds are located outside the
applicability domain of the prediction model; (ii) the property to predict is depending on a too complex

mechanistic behavior.

5.2. ADMET properties

Predicting the absorption of a drug by the human intestine or the simplified Caco-2 cell model has led
to many QSAR models with mitigated results. Instead of predicting absolute values, it is advised to
predict a value normalized with respect to a reference standard (Larregieu & Benet, 2013). Since Caco-
2 cells markedly differ from human intestinal cells with respect to the expression of several
transporters, the prediction of highly permeable hydrophilic compounds is classically underrated by
such models. Some gastrointestinal drug absorption models are commercially available (Sjogren,
Thorn, & Tannergren, 2016) and are useful to guide drug development, but still fail in predicting the
intestinal absorption of incompletely absorbed molecules (Sjogren, et al., 2016). For compounds aimed
at targeting the central nervous system (CNS), it is important to predict the brain-plasma partitioning
in order to allow the compound to reach its cellular target but also to avoid peripheral side effects.
QSPR classification models relying on compound properties reach accuracies close to 80% and still
need to be improved, notably by considering the rate and extent of brain penetration as well as the

plasma and brain tissue binding strengths (Lanevskij, Japertas, & Didziapetris, 2013).

Once the compound has been absorbed by the intestine, it is important to know the fraction that will
be bound to plasmatic proteins (e.g. serum albumin) since this parameter will drastically influence the
pharmacokinetic properties such as the volume of distribution, clearance and elimination, as well as
the pharmacological effect of the drug. Plasmatic protein binding is known to heavily depend on the
hydrophobicity (the higher the better) and can be modeled with a reasonable accuracy (average error
of ca. 15%) using decision trees and random forest models (Ghafourian & Amin, 2013). More generally,

machine learning models have been set up to predict oral bioavailability (Kim, Sedykh, Chakravarti,
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Saiakhov, & Zhu, 2014). While predicting absolute values remains difficult, notably due to the binding
of some compounds to human intestinal transporters, binary classification models (F% > 50% or F% <

50%) reach accuracies close to 75-80% (Kim, et al., 2014).

Metabolic stability is another very important criterion to guide drug development. Due to the
numerous X-ray structures of cytochrome P450 enzymes (CYPs) that are currently available (notably
1A2, 2C9, 2C19, 2D6 and 3A4), predicting binding to CYPs as well as the site of metabolism is one of
the very rare structure-based applications to predict ADMET properties (Sliwoski, et al., 2014).
Contrarily to hit finding approaches in which the highest possible affinity to the target is desired,
docking substrates to CYPs is conceptually different as loose binding is requested here. Using a
combination of docking and machine learning, experimentally observed sites of metabolisms could be
confirmed within the two top-ranked predicted positions for 86% and 83 % of the 261 unique 1A2 and
100 different 2A6 substrates, respectively (Huang, Zaretzki, Bergeron, Bennett, & Breneman, 2013). In
addition to docking based methods, simpler reactivity rules have been embedded in freely available
web servers to predict the likelihood of every ligand atom to be recognized by major CYPs (Rydberg,

Gloriam, & Olsen, 2010).

In section 4.6, we showed that many computational methods can be used to predict the potential main
and off-targets of drug candidates. Provided that direct activation or inhibition of some targets is
inherently linked to well-defined side effects (e.g. dry mouth for muscarinic M3 receptor blockade)
(Bowes, et al., 2012), chemical-based similarity approaches have been widely used to infer side-effects
from compound structures (Lounkine, et al., 2012) or predicted compound-target interactomes
(Simon, et al., 2012). Of course, in vitro binding to some off-targets may be harmless if the compound
cannot reach the target in vivo. The pharmaceutical industry has agreed on a set of targets which
should be avoided whenever possible (Bowes, et al., 2012) and that can be systematically screened for
determining early in vitro safety profiles. Among these targets, the hERG channel is certainly the most

investigated macromolecule since its inhibition causes a drug-induced QT syndrome and a severe
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cardiac adverse reaction (torsades de pointes) potentially leading to sudden death. A myriad of ligand-
based similarity and pharmacophore models as well as numerous docking attempts have been
undertaken to predict both hERG blockade and rationally designed structural modifications to avoid it

(Sliwoski, et al., 2014).

On the biological side, pathway-based approaches have been developed using molecular networks
(drug-target, drug-drug, target-target and drug-side effects connections) to infer potential side effects
for new drugs (Campillos, Kuhn, Gavin, Jensen, & Bork, 2008; F. Cheng, et al., 2013; Shaked, Oberhardt,
Atias, Sharan, & Ruppin, 2016). Classifiers usually report area under the ROC curve (AUC) values in the
0.7-0.9 range for most prominent side effects (Perez-Nueno, Souchet, Karaboga, & Ritchie, 2015).
These methods are strongly dependent on the availability of high quality databases with uniform
ontologies to describe diseases (Altman, 2007), side effects (M. Kuhn, Letunic, Jensen, & Bork, 2016),

biological processes (Kanehisa, et al., 2014) and drugs (Law, et al., 2014).

In addition, many toxic liabilities (e.g. carcinogenicity, mutagenicity, genotoxicity, skin sensitization,
teratogenicity) may be inferred independently on any target/gene-drug association notably by using
structural alerts (toxicophores), a set of rules that link chemical fragments/substructures to well-
defined toxicity events with a probability (Raies & Bajic, 2016). In such predictions, high false positive
rates can be accepted to be sure to remove any problematic compound. These models are usually
inspected with respect to the Cohen Kappa coefficient, a statistical measure of inter-rater agreement

for categorical items, e.g. mutagen/non-mutagen (Modi et al., 2012).

6. Impact of rational drug design on the discovery of marketed drugs

Has computer-aided design any significant impact on the productivity of the pharmaceutical industry?
In terms of marketed drugs, there are several reports of significant contribution of computer-aided

drug design in the discovery of launched drugs (Alex & Millan, 2012; Hillisch & Hilgenfeld, 2003;
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Kubinyi, 2006). Some of these success stories are summarized in Table VI and the exact role of
computer simulations in each specific context is highlighted. In most if not all of these cases, computer-
aided design was applied in an iterative cycle with protein and protein-ligand X-ray structure
elucidation, but was restricted to target families (e.g. proteases, kinases) amenable to structural
determinations. Key advances have often been registered when several ligands could be co-crystallized
with the target of interest in order to exploit atomic details (additional subpockets, specific ligand
structural features) enabling to fine-tune ligand recognition (e.g. neuraminidase inhibitors, carbonic
anhydrase inhibitors, protein kinase inhibitors). Remarkable technological advances in recent times
enable us to apply the same structure-based strategies to targets previously considered as difficult,
like G-protein coupled receptors (Ghosh, Kumari, Jaiman, & Shukla, 2015), ion channels (Kuang,
Purhonen, & Hebert, 2015) or large macromolecular assemblies (Garreau de Loubresse, et al., 2014).
Computer-aided drug design is nowadays used, as many other technologies (e.g. mass spectrometry)
in most drug discovery projects. Quantifying its impact in the discovery of new drugs remains hard but
has been attempted in a recent report from a major pharmaceutical company (Loughney, Claus, &
Johnson, 2011). By classifying the influence of computer-aided design on projects over a period of four
years (2006-2009) as ‘none’, ‘data provided’, ‘significant’ or ‘project enabling’, a clear trend could be
observed with a continuously increasing percentage of significant contributions (from 25 to 40%)
whereas the proportion of projects with no contribution at all constantly decreased (from 25 to 5%).
Likewise, another company acknowledges in the annual report of its CADD group a direct contribution
of computational methods to the discovery of two molecules under clinical evaluation, eight clinical
candidates, 37 hit/lead series, 18 lead optimization programs and over 70 examples of screening data
analysis (Green, Leach, & Head, 2012).

Computer-aided design has already experienced four out of the five famous steps of the hype cycle: (i)
the technology trigger in the 80s (Langridge, Ferrin, Kuntz, & Connolly, 1981), (ii) the peak of inflated
expectations in the 90s (Hol, 1988), (iii) the trough of disillusionment at the beginning of the century,

and (iv) the slope of enlightenment (Seddon, et al., 2012). We are coming closer and closer to the last
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step of the cycle, the plateau of productivity (Green, et al., 2012). In silico predictions currently stand
at almost all steps of the drug discovery pipeline, albeit with different accuracy levels. Hit identification
is by far the easiest task, thanks to the enormous amount of in vitro data that have been gathered both
on bioactive ligands and their targets, at a very precise molecular level. Despite the fact that identifying
viable hits by in silico screening is really doable for most targets, optimizing them into efficient leads
still remains cumbersome. First, we are still lacking a computational method to accurately predict
binding constants for a large set of chemically diverse compounds. Then, many ADMET properties that
need to be optimized during the hit-to-lead transition step cannot be simplified to a single molecular
event, and are therefore more difficult to predict. Nevertheless, the simplicity, high-throughput and
low cost of most in silico prediction methods has definitely placed them in the arsenal of all academic
and private drug discovery institutions to routinely guide drug discovery. These methods are not going
to solve the attrition rate problem in drug discovery. However, the interplay of computational and
experimental data is key to many issues including (i) a better representation of chemical and target
space, (ii) a simplified analysis of very complex high-throughput data, (iii) pinpointing areas where
experimental data are still insufficient in number, diversity and quality, (iv) saving time and money to

design novel experiments.

At the era of big data, systems biology and translational research (C. S. Fishburn, 2013), computational
methods are more than ever required to guide experimentalists towards the best possible tracks.
Although we still have not reached the paradise anticipated 20 years ago (Hol, 1988; van de
Waterbeemd & Gifford, 2003), in silico methods have already modified the mindset of the next
generation of scientists and will deeply influence drug discovery in the next decade. We notably hope
to better understand complex mechanisms on a systems level in order to deliver better predictions

with enhanced applicability domains and refined confidence levels.
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Table I. Drugs, targets and target-drugs databases

Name Instance

Content

URL

DrugBank Drugs, targets

ChEMBL Ligands, drugs, targets

PubChem Ligands, drugs, targets

PDB Targets

TTD Targets, drugs

DGIdb Drugs, Genes, targets

STITCH Drugs, targets, drug-target networks
STRING Target networks

Drug entries: 8602
Targets: 4,333

Targets: 11,019
Compounds: 1,592,191
Bioactivities: 13,967,816
Publications: 62,500

BioAssays: 1,154,431

Tested compounds: 2,145,625

Protein Targets: 9,961

Gene Targets: 19,517
Three-dimensional structures: 110,000

therapeutic protein and nucleic acid targets: 2,025
targeted diseases

pathway information

corresponding drugs:17,816

Genes: 6,761
Drugs: 6,307
Gene-drug interactions: 14,144

Small molecules: 300,000
Proteins: 9.6 million
Interactions: 128 million

Proteins: 9.6 million
Interactions: 184 million

http://www.drugbank.ca/

https://www.ebi.ac.uk/chembl/

https://pubchem.ncbi.nlm.nih.gov/

http://www.rcsb.org

http://bidd.nus.edu.sg/group/cjttd/

http://dgidb.genome.wustl.edu/

http://stitch.embl.de/

http://string-db.org/
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Table Il. Main commercial suppliers of screening compound libraries

Libraries Compounds website
Individual suppliers
Abamachem 1,500,000 http://www.abamachem.net
Alinda 186,000 http://www.alinda.ru
AnalytiCon Discovery 32, 0000 http://www.ac-discovery.com/
Asinex 600,000 http://www.asinex.com/
BCH-research 1,500,000 http://bchresearch.com
Bionet 79,200 http://www.keyorganics.net
Chembridge 1,120,000 http://www.chembridge.com
ChemDiv 1,500,000 http://www.chemdiv.com
Enamine 2,000,000 http://www.enamine.net
InterBioScreen 525,000 http://www.ibscreen.com/
LifeChemicals 412,000 http://www.lifechemicals.com/
Maybridge 53,000 http://www.maybridge.com/
Otava 290,000 http://www.otavachemicals.com/
Pharmeks 340,000 http://www.pharmeks.com/
Princeton Biomolecular Research 1,300,000 http://www.princetonbio.com/
Specs 460,000 http://www.specs.net
TimTec 891,350 http://www.timtec.net/
Vitas-M 1,500,000 http://www.vitasmlab.com/
Uorsy 600,000 http://www.ukrorgsynth.com/
Web portals (many suppliers)

ChemNavigator 60,000,000 http://www.chemnavigator.com
ChemSpider 34,000,000 http://chemspider.com
e-molecules 7,000,000 http://www.emolecules.com

ZINC 19,000,000 http://zinc15.docking.org
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Table Ill. Virtual screening strategies and software?

Strengths

Weaknesses

Library Method Descriptor Metric
upto 10° 2D similarity search 2D fingerprint Similarity score or
QSAR equation
up to 107 3D similarity search Pharmacophore Fitness
3D Fingerprint Similarity score
Shape & electrostatics Overlap score
upto 10® Docking Protein-ligand coordinates  Binding energy

De novo design

Speed, applicable to any target
class, accuracy increases with

number of known actives

id. 2D methods, easy
interpretation by medicinal

chemists

Binding mode proposition,

Chemical novelty, patentability

Structural novelty, patentability,

choice of the reference(s)

Calculation of most plausible
conformers, not efficient for very

flexible compounds (e.g. peptides)

Scoring and ranking, applicability to

few targets (known 3D structure)

2 for an exhaustive list of available software and references, see click2drug and VLS3D (Villoutreix, et al., 2013) on-line resources.

38



Table IV. Sources of errors of increasing complexity in protein-ligand docking

Error

What to do

Wrong set of coordinates (protein, ligands)
Ligand flexibility

Unexpected binding mode

Scoring function

Bound waters

Protein flexibility

Flat pocket

Change protein coordinates, correct ligand structures
Remove highly flexible ligands ( > 10 rotatable bonds)
Template matching

Rescore by more accurate methods (e.g. MM-PBSA)
Use switchable waters

Ensemble docking, 4D docking

Use another method
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Table V. Freely available web servers as potential target fishing tools

Name Principle website
Ligand-based
BindingDB 2D similarity http://www.bindingdb.org/bind/chemsearch/marvin/
FMCT.jsp
HitPick 2D similarity http://mips.helmholtz-muenchen.de/hitpick/
PASS online 2D similarity http://www.pharmaexpert.ru/passonline/
SEA 2D similarity http:// sea.bkslab.org/
SPiDER Topological pharmacophores http://modlab-cadd.ethz.ch/software/spider/
& physicochemical properties
SuperPred 2D and 3D similarity http://prediction.charite.de

SwissTargetPrediction

Protein-Ligand based
DRAR-CPI

IdTarget
PharmMapper
TargetHunter

TarFisDock

2D & 3D similarity

Protein-ligand docking
Protein-ligand docking

3D Pharmacophores

1D proteochemometrics

Protein-ligand docking

http://www.swisstargetprediction.ch/

https://cpi.bio-x.cn/drar/
http://idtarget.rcas.sinica.edu.tw/
http://59.78.96.61/pharmmapper/
http://www.cbligand.org/TargetHunter/

http://www.dddc.ac.cn/tarfisdock/
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Table VL. In silico models for predicting ADMET properties

Predicted property

Prediction

Reference

Absorption

Distribution

Metabolism

Side effects

Toxicity

Caco-2 influx and efflux
Gastrointestinal absorption

Blood brain barrier permeation

Plasmatic protein binding

Oral bioavailability

Cytochrome metabolism

Microsomal stability

Off-targets

Networks (drug-target, drug-
drug, drug-side effects,
metabolic)
Carcinogenicity, mutagenicity,

genotoxicity, skin sensitization,

teratogenicity

Relative permeability

Numerical

Classifier

numerical

Classifier

Docking model

Reactivity score

Probabilities

Numerical & classifier

Classifier

(Larregieu & Benet, 2013)
(Sjogren, et al., 2016)
(Lanevskij, et al., 2013)
(Ghafourian &  Amin,
2013)

(Kim, et al., 2014)

(Huang, et al., 2013)
(Rydberg, et al., 2010)

(Aliagas, et al., 2015)

(Lounkine, et al., 2012)

(Perez-Nueno, et al,,

2015)

(Raies & Bajic, 2016)
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Table VIL. List of marketed drugs for which computer-aided design played a decisive role

lipophilic substituents filling the 4
lipophilic subpockets (S2’, S1’, S1,
S2) of the substrate binding site

Compound Structure Target Indication Role of CADD References
Captopril Y OI o} Angiotensin- hypertension Active site modelling by homology | (Cushman,
N kO)H/\ converting to carboxypeptidase A Cheung, Sabo, &
G CHs enzyme Ondetti, 1977)
Zanamivir OH (¢ Influenza Flu De novo design suggests replacing | (von Itzstein, et
HaC™ ™ © ] OH Neuraminidase the hydroxyl group of a transition | al., 1993)
HO HNT™ state analog by a basic guanidine,
H3C/KOHN\I//NH which dramatically enhances
NH potency and selectivity
Dorzolamide CH; Carbonic Glaucoma Energy calculations suggest (Greer, Erickson,
HNJ anhydrase adding a methyl group on the 6- Baldwin, &
: 0 membered ring to optimize the Varney, 1994)
mcm 6NH2 complementarity to the X-ray
0o structure of the enzyme active
site
Saquinavir HIV-1 protease | AIDS Structure-based optimization of (Craig, et al.,

1991)
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Tiprinavir HIV-1 protease AIDS Replacement of a coumarine ring | (Turner, et al.,
(HTS hit) by a 4-hydroxypyrone 1998)
and further incorporation of a
| sulfonamide in the meta position
to gain additional interactions
Rilpivirine N\\ HIV reverse AIDS Adaptation to the allosteric non- (de Bethune,
transcriptase nucleoside binding site and 2010)
o “ ( ) N targeting of the conserved Trp299
N~
N
H _
Aliskiren c|> Renin Hypertension Structure-based optimization of (Wood, et al.,
the size of the hydrophobic group | 2003)
filling the large S1-S3 cavity. The
methoxyalkoxy sidechain of the
inhibitor is essential for strong
binding
Nilotinib CF3 Abl-Kinase Chronic myeloid Replacement of imatinib N-methyl | (Weisberg, et al.,

leukemia

piperazine by a methylindole that
optimally fits a subpocket of the
kinase inactive structure.

2005)
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Fig. 1. Variation over time of a few key properties relevant for rational drug discovery. A) Registered
substances in the Chemical Abstract Service (http://www.cas.org) B) Entries in the Protein Data Bank
(Berman, et al., 2000) ; Q) Transistor count in microprocessors
(https://en.wikipedia.org/wiki/Transistor_count); D) Citations with the following combination of
keywords "in silico" AND ("drug discovery" OR '"drug design") in the PubMed resource

(http://www.ncbi.nlm.nih.gov/pubmed).

44



DATABASES
DRUGS
GENES
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NETWORKS

DESCRIPTORS
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MACHINE LEARNING
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PREDICTION
e 32 QO
= G 2
DRUGGABLE NON-DRUGGABLE

Fig.2 Target druggability prediction by machine learning algorithms. Databases of drugs, targets, genes
or drug-target and target-target networks are mined to retrieve positive (druggable) and negative
(non-druggable) instances which are represented by various descriptors (yellow digit describes the
druggability status: undruggable,0; druggable, 1). Supervised machine learning algorithms are trained

to discriminate druggable from non-druggable instances and further predict the status of novel targets.
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A vision o the American Chemical Society

35 million commercially available zl Nc

1.6 million with known bioactivity
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31K under clinical investigation

gFDA-a pproved Dr l{g QA;{.U!S

Fig.3. Number of chemical structures registered in chemistry (CAS), bioactivity (ChEMBL) and drug

(DrugBank) databases.
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1-D

Descriptor Value

Polar Surface area 32.6
Molecular weight 284.7

Polarisability 30.4 L i
H-bond donor 0 1 02;2.001'10 o
. -D Fingerprint

Rings 3

0

Substructure

Structure
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Fig. 4. Possible representations of a bioactive compound (diazepam). 1D descriptors encode simple
property counts. 2D descriptors are based on the molecular graph and are represented by substructure
or fingerprints accounting for the presence/absence of particular features across the graph. 3D
fingerprints take into account the conformational freedom of the compound encoded as a

pharmacophore, 3D fingerprint, shape or field.
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Fig.5. Number of citations in PubMed with the following keywords combination: ("in silico screening"
OR "virtual screening" OR "ligand-based" or "structure-based" OR "receptor-based") AND ("agonist"
OR "antagonist" OR "hit" OR "ligand") AND ("discover" OR "discovery" OR "identify" OR "identification"

OR "confirm" OR "conformation" OR "validate" OR "validation" OR "experiment" OR "experimental")
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Fig.6. 2D similarity search principle. Molecule X from a compound library is compared to a known active
(reference R) by computing their 2D structural fingerprints (bit strings) registering the presence or
absence of key structural fragments. The similarity between X and R is estimated by the Tanimoto
coefficient Tc which is a function of the number of common bits (c) and the number of bits unique to

X (x) and R(r). Molecules are usually considered as chemically similar if Tc > 0.7.
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Fig.7. Identification of novel CCR5 receptor agonists by 2D similarity search (Kellenberger, et al., 2007)
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Fig.8. A) Representation of a pharmacophore as a collection of physicochemical properties
(hydrophobic, cyan; aromatic, orange; hydrogen-bond donor, magenta; hydrogen bond acceptor,
green) with a specific spatial orientation. The larger sphere (donor and acceptor features) indicates the
position of the ligand atom whereas the smallest one describes the position of the protein atom to
which it interacts. Vectors indicate the directionality of the interaction. B) Optimal fit of a molecule to

the pharmacophore.
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Fig.9. Example of a pharmacophore-based virtual screen.
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Fig.10. Alternative pharmacophore representations of the anxiolytic diazepam. A) Shape (green
transparent surface) colored by pharmacophoric properties (aromatic, green; hydrogen-bond
acceptor, red) from the ROCS software (OpenEye Scientific Software, Santa Fe, U.S.A). B) Steric and
electrostatic fields, from TorchLite (Cresset Biomolecular Discovery, Ltd., Litlington, U.K.). Field minima
corresponding to the tightest possible interactions are displayed as spheres (hydrogen bond acceptor,

cyan; aromatic to H, red; hydrophobe, orange; van des Waals, yellow)
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Fig. 11. Docking-based virtual screening for beta2 receptor antagonists.
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Fig.13. List of representative ligands for which main or secondary targets have been computationally
predicted and experimentally confirmed. Predictions based on different methods are enclosed in
colored boxes: Ligand-centric predictions (red), binding site-based predictions (green),
(yellow) and

docking-based  predictions

pharmacophore-based  predictions  (cyan),
proteochemometrics-based predictions (violet). For each compound, the main target (when known)

as well as the newly predicted target (in bold) with the corresponding binding constant are given.
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