Bioorg. Med. Chem. Lett. 83 (2023) 129171

ELSEVIER

Contents lists available at ScienceDirect
Bioorganic & Medicinal Chemistry Letters

journal homepage: www.elsevier.com/locate/bmcl

“ =Bl Bicorganic & Medicinal

Check for

Target identification by structure-based computational approaches: Recent [%&s

advances and perspectives

Simona De Vita®, Maria Giovanna Chini ", Giuseppe Bifulco® ", Gianluigi Lauro ®"

@ Department of Pharmacy, University of Salerno, Via Giovanni Paolo II 132, 84084 Fisciano (SA), Italy
b Department of Biosciences and Territory, University of Molise, Contrada Fonte Lappone, 86090 Pesche (IS), Italy

ARTICLE INFO ABSTRACT

Keywords:

Target identification
Drug repurposing
Computational methods
Small molecules

The use of computational techniques in the early stages of drug discovery has recently experienced a boost,
especially in the target identification step. Finding the biological partner(s) for new or existing synthetic and/or
natural compounds by “wet” approaches may be challenging; therefore, preliminary in silico screening is even
more recommended. After a brief overview of some of the most known target identification techniques, recent
advances in structure-based computational approaches for target identification are reported in this digest,

Polypharmacology X - 1 . C . R
focusing on Inverse Virtual Screening and its recent applications. Moreover, future perspectives concerning the
use of such methodologies, coupled or not with other approaches, are analyzed.

Introduction variation in its expression, thus reducing the risk of cross-interactions

The research for new drugs is a long, risky, and expensive process
that frequently ends up in a project failure. Considering that a single
drug requires approximately 2.5 billion dollars and 15-17 years to be
finally marketed, and that only 13 % of drugs receive the required au-
thorizations, each inconclusive study represents a massive loss for the
pharmaceutical industry'* (Figure 1). In this scenario, the target
identification phase is of particular interest since it represents the core of
the whole pre-clinical pipeline and dictates the route of the next syn-
thetic efforts. Related to this, observed side effects, caused by the
interaction between the drug and targets that fall outside the mechanism
of action, represent another important aspect and a key reason why
many drugs fail clinical trials.”>®

Therefore, to balance the risk necessary to commercialize a new
product, speed up the process, and limit the investment/loss ratio, more
and more companies are resorting to drug repositioning, also known as
drug repurposing, representing a subgroup of target identification
methods. With this approach, which can also aid polypharmacology
profiling (i.e., a single molecule can hit multiple targets),’ ° it is possible
to use already approved molecules for new therapeutic applications,
avoiding the preclinical tests and safety profile assessment (Phase
11),% >#1! On the other hand, the use of a single drug instead of a drug
combination in the treatment of a disease can help fight the emerging
phenomenon of drug resistance, derived from mutations in the target or
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between different medications.>’ Also, in the latter case, developing
fast and efficient in silico methods aimed at accelerating the target
identification step are even more required to shed light on the selectivity
profile of pharmacologically relevant compounds.

Indeed, while in the past century drug repurposing was frequently
achievable only by serendipity (e.g., when a particular side effect was
observed, which was inexplicable through the presumed mechanism of
action),'*'? great support to the target identification process is nowa-
days given by computational chemistry, which can highlight new targets
among thousands of proteins in a short time, disclosing new therapeutic
applications and elucidating the occurrence of the observed side effects.”
The improvement in computer processing power and the almost endless
availability of data have boosted the use of in silico screenings in the
pharmaceutical industry for both synthetic and natural products
(NPs). 21314 Concerning the NPs, in particular, the amount of the me-
tabolites extracted from the natural source may be very small, and
preliminary tests that do not consume the samples are preferable to
better direct the next experiments onto the most promising pathways.

A clear and recent sign of the importance of target identification
techniques is represented by the high number of papers published dur-
ing the SARS-CoV-2 pandemic involving in silico screening and, specif-
ically, computational drug repurposing'® 2’ (37 % and 30 % of the total
papers published in 2020 and 2021 respectively) (Figure 2).

In this respect, many known drugs were screened using in silico
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Figure 1. Drug development process with corresponding estimated time.
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Figure 2. Total drug repurposing papers published per year (blue bars) and SARS-CoV-2-related ones (orange bars). The textual search was carried out on SciFinder

selecting “computational drug repurposing” as query.

methods to obtain rapid and reliable responses to the overwhelming
pandemic, and some examples®! are reported in Figure 3. Interestingly,
it can be noticed that both NPs and synthetic compounds were repur-
posed for this disease.

Computational methods for target identification are typically
divided into data-driven (DD), ligand-based (LB), or structure-based
(SB) according to whether they analyze the available data, known
compounds, or the Dbiological macromolecule involved
(Figure 4).>71322 The scope of this work is to analyze the latest papers
published (2015-2022) concerning the techniques used in structure-
based target identification, among which Inverse Virtual Screening
(IVS) has gained great importance. This methodology, which will be
discussed extensively in the following sections, is a docking-based
technique that comprises both the exploration of the potential binding
of a small molecule towards a panel of protein targets and the use of a set
of “decoy” molecules, the latter needed for normalizing the obtained
predicted ligand/macromolecule binding affinities. Therefore, we will
briefly discuss LB and DD approaches, before moving to SB ones. For a
complete discussion of these methods, please refer to other interesting
recent reviews,?>2°

Data-driven methods (DD) are straddling ligand and structure-based
approaches as they can use either compound or target-related infor-
mation to derive new possible applications. They represent the most
innovative type of target identification approach as they emerged with
the development of artificial intelligence (AI) and genomics. Conven-
tionally they are divided into machine learning (ML), network analysis
(NA), and text mining (TM) (Figure 5).

The considerable amount of health-related data available online has
enabled researchers to implement ML and its subdisciplines like deep
learning (DL) in the target identification process. In this respect, gene
expression analysis is particularly useful to guide the selection of the
most suitable molecular counterpart for a given molecule or to point out
the protein responsible for a particular biological effect.”” The capability
to analyze intricate data sets and take decisions by continuously
“learning” from the input data that could be structural or omic-
related,”®?° represents the main advantage of this approach. The rea-
sons for the rapid popularity that DL methods are gaining in all the drug
discovery fields and, in particular, in target identification are their
scalability and reliability,>">! but their main limitation is related to the
data availability because having a small dataset can lead to overfitting
problems that will mislead data interpretation.?® Despite that, numerous
free algorithms have been developed and are available to the scientific
community.?” The two main categories of DL methods are Supervised
Learning and Semi-Supervised; the first one requires both positive and
negative data in the input, whereas the second one relies only on a small
quantity of positive-labeled input data.?® Handling all this information
requires a not neglectable effort in developing algorithms capable of
integrating and interpreting large-scale datasets and, in this scenario,
network-based approaches have been extensively applied.'>3%3*

Network analysis represents the most used among the data-driven
approaches because it is capable of putting together heterogeneous
data types and connecting them.?’ In this way, the pathology is frag-
mented into multiple subnetworks that can be addressed by pharma-
cological therapies, allowing the identification of common actors in
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Figure 3. Examples of known drugs repurposed for the treatment of COVID-19.

different pathological states that can be targeted by known compounds.
The construction of network-based analysis methods and employing
omics technologies are the only way to look into otherwise very complex
diseases.” The corresponding algorithms and their applications are fully
described elsewhere.>®>*° Finally, also text-mining and semantic
searches can be carried out using ML on medical and disease databases
to extract the required information.

Ligand-based (LB) methods sink their roots into the knowledge and
exploitation of already existing ligands, trying to derive from them the
features required for the pharmacological activity (Figure 6);° this type
of methodology has the strong limitation of being knowledge-based and,
therefore, can hardly lead to the discovery of brand-new chemical
scaffolds.®”

The similarity search is the most common ligand-based method.* It
uses known molecules as comparison terms to highlight, as the name
suggests, similar compounds available in online databases like Drug-
Bank,’” PubChem®®, or ChEMBL® and, based on the principle that
analogous structures could exert the same biological effect, predict new
interacting partners.7’3°’40

To perform the search, the ligand structure must be broken down
into its physical-chemical properties, called “descriptors”, that can help
in grouping molecules that meet particular requirements, regardless of
the structure.*”*>*" These molecular descriptors are computer-
readable multidimensional vectors that carry a particular property,
and the correspondence between the query molecule and the database
can be estimated by various parameters like the Tanimoto coefficient.*®
In particular, the 3D descriptors could be assembled to form pharma-
cophores, namely the chemical features that a compound must contain

to match the characteristics of a protein binding site and generate a
biological response.’! In this way, if a high degree of similarity is
retrieved by comparing the pharmacophores derived from multiple li-
gands, this can suggest that the two molecules could bind to the same
targets. It is the case of a study reported by Steindl et al. ** in which they
used a “parallel screening” to assign the correct target to a group of HIV
antiviral drugs. Analogously, the quantitative structure-activity rela-
tionship (QSAR) uses the structural characteristics of the ligand to create
a correlation with its biological activity using mathematical manipula-
tions. Unlike classical SAR, which tries to predict compounds’ activity
through the analysis of their structure, QSAR assumes that it is possible
to quantitatively compare the biological activities through the charac-
teristics of their structural components.*

Concerning structure-based (SB) methods, with the increasing
number of macromolecule structures deposited online in dedicated da-
tabases, e.g., ~201,000 crystals available in the Protein Data Bank**
(accessed on February 2023), the data regarding the three-dimensional
characteristics of a particular protein are gaining a predominant role in
computational methodologies and will be the focus of the remaining
part of this digest (Figure 7).

As discussed in the previous section, the molecular descriptors,
together with the structural information inferable from the analysis of
protein/ligand co-complexes, could also be combined to generate a 3D
structure-based pharmacophore model, as was recently reported for
BRD9 by Pierri et al. 5, In this respect, clear evidence of the improve-
ment provided by the use of pharmacophores in drug screening is re-
ported by Meslamani et al. “°. In addition, greater attention is being paid
to the development of online pharmacophore databases to speed up
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Figure 5. Overview of the data-driven (DD) methods for target identification discussed in this digest and the corresponding sources of information.

screening campaigns.”’*® A pharmacophore can also be modeled against multiple pharmacophores (Reverse Pharmacophore Modeling)
considering the properties of the binding cavity by analyzing the sur- can highlight macromolecules that can be targeted by the same com-
faces and creating corresponding features required for the interaction. pounds.” Moreover, a simple comparison of the cavity can be made,
Intriguingly, comparing pharmacophoric models or testing a single drug assuming that similar binding sites will accommodate the same
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ligands.”+*

In this scenario, the target identification method par excellence is,
undoubtedly, molecular docking®’-'® that can estimate the direct
binding between a ligand and the presumed macromolecule counterpart
and, accordingly, belongs to the “structure-based” approaches. Many
examples are reported to confirm the importance of these techniques in
target identification. In target identification, though, due to the need to
test the same compounds on many targets, a methodology called Inverse

Virtual Screening (IVS) was designed and will be discussed in-depth in
the next section.

Inverse Virtual Screening. Despite the first appearance of the so-
called “Inverse Docking” was reported for the first time by Chen et al
in 2001, the complete procedure for Inverse Virtual Screening (IVS),
comprising both structure-based calculations and the subsequent
normalization-based selection step (vide infra), was developed in the last
decade to obtain rapid and reliable target identification.’* > The term
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IVS, in fact, designates not only the “Inverse” or “Reverse” docking
method (i.e., the docking of a single molecule against multiple targets)
but also the following phases for filtering the most promising ligand/
target complexes through the definition of a reliable ranking parameter.
Such an aspect is not trivial due to false positive/false negative data;
accordingly, starting from the pilot study that introduced IVS, a
normalization of the docking-related predicted binding affinities was
introduced in the IVS pipeline. In more detail, the final purpose of the
IVS protocol is to select one or more protein partners for a small set of
molecules by carrying out a series of molecular docking experiments,
where each member of the library is docked against a wide panel of
targets to point out the most probable interacting partners (Figure 8).
Many reviews stress the importance of three aspects when performing in
silico-based target identification experiments: a) the target panel, b) the
software used, and c) the ranking method.*?%3¢°2 The type of panel
used for the calculations represents the first key aspect of IVS. Many
online databases are available that can help in gathering the necessary
protein structures: Protein Data Bank,44 Therapeutic Target Database
('['l"D),53 and sc-PDB”* are the most used. In the early stages of IVS
development,””°! the screening was carried out on a relatively small
number of proteins (~120 items) because of the necessity of manually
collecting and preparing the required structures, which resulted in a
long and tedious procedure. However, with the increase in the number
of crystal structures deposited in the Protein Data Bank, it became clear
that considering a single three-dimensional structure for each target
would not be sufficient to correctly represent all the possible variations
that occur in a protein (e.g., bound/unbound state, multiple isoforms,
different resolution, etc.).

This is why an in silico procedure that automatically generates the

panels was recently developed for the subsequent IVS experiments””
starting from a customizable list of PDB codes. In detail, the corre-
sponding structures are downloaded, deprived of the unnecessary ele-
ments (like solvents or ions), and parametrized for the calculations
(https://www.computorgchem.unisa.it/cloe). Once ready, the required
grids are generated considering the possible presence of co-crystallized
ligand(s). This approach is useful to create pathology- or family-specific
sets of targets that can help in elucidating the mechanism of action of the
selected molecules. Molecular docking calculations are the core of the
whole procedure and, accordingly, the use of robust software is crucial
for obtaining consistent results. Many molecular docking software are
available, either free or licensed, to sample the ligand inside the binding
pocket. Among the most known there are Glide,”®°® AutoDock Vina,*
and DOCK,° based on algorithms capable of performing an exhaustive
conformational search and returning the most reliable poses.®’ The
obtained binding energies cannot be taken per se, because molecular
docking programs still have poor accuracy issues in the sampling and
scoring steps and may mislead the selection process. In this respect,
docking score values are then normalized by performing the same pro-
cedure using a set of “decoy” molecules that share physicochemical
properties with the compounds under study but have different chemical
structures. After collecting the data, a parameter (called V) is calculated
to rank the predicted ligand/protein complexes; this mathematical
manipulation is shown below:

V= Vo/VR

where V) is the predicted binding energy of the compound for the
target and V is the average binding energy computed for the decoys for
the same protein. Specifically, V values above 1 indicate that the energy
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Table 1

Papers selected as examples of the application of structure-based computational
methods in target identification and drug discovery. For the IVS experiments the
number of targets used is also indicated.

Method  N° of targets Confirming
in the panel biological assays

Crocetti L., et al., Struct. Chem., Vs 31 No
2022, 33, 769-793%°

Fatima 1., et al., Sci. Rep., 2022, VS/MD No
12, 9260

De Vita S., et al., Plants, 2022, Vs 3,789 No
11, 1671

Zhao C., et al., Chin. J. Nat. RS 127 Yes
Med., 2021, 19, 454-463°°

De Vita S., et al., Biomolecules, Vs 3,060 Yes
2021, 11, 14907

Potenza M., et al., Bioorg. Chem., Vs 312 Yes
2021, 111, 104897°¢

Wang F., et al,, Int. J. Mol. Sci., RS 1,044 No
2019, 20, 115°°

Ostacolo C., et al., Eur. J. Med. Vs 312 Yes
Chem., 2019, 167, 61-757°

Cilibrizzi A., et al., J. Enzyme Vs 32 No
Inhib. Med. Chem., 2019, 34,
44-50""

Di Micco S., et al., Bioorg. Med. Vs 308 Yes
Chem., 2018, 26, 3935-
395777

Gazzillo E., et al., Molecules, VS Yes
2022, 27, 3866”°

Bharti H., et al., Sci. Rep., 2022, Vs Yes
12, 918"

Giatti S., et al., J. Mol Struct., VS/MD Yes
2022, 1268, 1336907°

Aziz M., et al., Sci. Rep., 2022, VS/MD Yes
12, 64047°

Jiang H., et al., Biochem. RS 17,000 Yes
Biophys. Res. Commun., 2022,
606, 87-9377

De Vita S., et al,, RSC Adv., VS/IVS 628 No
2020, 10, 40867-40875°*

De Vita S, et al., J. Chem. Inf. Vs 2789 Yes
Model., 2019, 59, 4678-
4690°°

Bhardwaj P., et al., RS 226 No
Chemosphere, 2019, 235, 976-
984°7

Giordano A., et al., Eur. J. Med. Vs 302 Yes

Chem., 2018, 152, 253-2637°

IVS = Inverse Virtual Screening; VS
Screening; MD = Molecular Dynamics.

Virtual Screening; RS = Reverse

computed for the considered molecule is higher than the average energy
of the decoys and, for this reason, it is possible to argue that the pro-
tein-ligand interaction may correspond to a promising binding. After
this normalization, the V value obtained can be used to highlight the best
interactors among the ones contained in the panel.

A new interesting application of IVS regards the introduction of a
new parameter called “IVS,,,” to corroborate the results deriving from
a starting Virtual Screening campaign. In more detail, the most prom-
ising compounds that emerged in the Virtual Screening step, thus
focusing on a specific target, are further processed with IVS experiments
using a large panel of proteins in which the original target was inserted.
Then, the binding affinities calculated for the original ligand/target
complexes are divided by the best binding affinity obtained by each
compound considering the entire panel:

IVSmtio = BAligand/BAmax

In this way, with values spanning from 0 to 1, it is possible to esti-
mate the reliability of the ligand/protein complexes arising from the
original Virtual Screening. This approach was applied in a drug repur-
posing campaign (vide infra).®

The benefits of this type of screening comprise the possibility of

Bioorganic & Medicinal Chemistry Letters 83 (2023) 129171

testing thousands of proteins in a short time, highlighting unprece-
dented targets that may also explain side effects or suggest new mech-
anisms of action. In summary, the possible applications of IVS are: a)
target identification, b) drug repurposing, c) side effects prediction, and
d) elucidation of the mechanism of action.

Applications of computational methods in target identification. As
said before, computational chemistry and structure-based approaches,
in particular, have boosted the target prediction capability, reducing the
time required for the screening considerably. In this section, we report
some examples (Table 1) of the use of these techniques in target iden-
tification, with particular emphasis on the application of the IVS pipe-
line (Figure 9).

The IVS procedure is particularly useful for the analysis of natural
products (NPs), which are frequently obtained in small amounts that
prevent the implementation of an extensive in vitro protocol similar to
IVS. More recently, De Vita et al.®>®” used IVS in two different studies.
The first aimed to clarify the biological properties of gentiopicroside and
loganic acid (10 and 11), two secondary metabolites of Gentiana lutea L.,
known for their anti-inflammatory properties. After the extraction and
the structural characterization, 10 and 11 were screened against a wide
panel of targets involved in cancer and inflammation. Among the top-
ranked results, COX-2 was finally confirmed as a binding partner by in
vitro assays.®” The second work was based on the elucidation of the anti-
inflammatory action of a newly discovered secondary metabolite (2u-
hydroxy-AS’7-cannabitriol, 12), cannabidiol (13), and cannabidiolic
acid (14), contained in the Cannabis sativa L. vr. Futura 75. The meth-
anolic extract components were characterized before carrying out an
extensive IVS campaign to highlight the most probable targets that could
help explain the biological effects.’®

NPs are also used often as the starting point to generate derivatives
with better pharmacokinetic/pharmacodynamic features; it is the case
of the studies reported by Di Micco et al.”> and Potenza et al.°®. In the
first paper, magnolol (15) and four derivatives were screened against
308 cancer and inflammation targets to point out tankyrase-2 as the
principal interactor for compound 16; the in silico predictions were
confirmed by surface plasmon resonance experiments and anti-
proliferative assays. In the second work, the farnesoid X receptor (FXR)
was reported to be the biological partner for steviol (17) after a com-
bined IVS/MD evaluation. At first, the secondary metabolite was sub-
mitted to an IVS evaluation on a panel of 312 cancer and inflammation
targets and, after confirming in vitro the FXR/steviol agonist activity,
five derivatives of the case-study metabolite were designed. These
compounds were first docked directly in the binding site of FXR to verify
their interaction capabilities and, then, screened by IVS on the same
panel, confirming what was already found with steviol. Moreover, all
the docking poses generated were compared to the co-crystallized ligand
to highlight similarity. Surprisingly, biological data indicated that these
derivatives (18 and 19), unlike their parent compound, have antagonist
properties.

Additionally, Ostacolo et al.”® and Cilibrizzi et al.”’ in 2019, and
Crocetti et al.’® in 2022, used IVS to find biological applications for
different synthetic compounds. Specifically, Ostacolo et al., during the
search for Varicella zoster virus inhibitors, came across 1,3,5-trisubsti-
tuted indole derivatives with cytotoxic activity on HeLa cells. Promp-
ted by these findings, those compounds were tested on 312 protein
targets, involved in cancer and inflammation, and 14 kinases were
selected for in vitro evaluations. The main outcome that emerged from
these studies was the effect of compound 20 on targets belonging to the
ERK pathway, which could explain its anticancer activity. Cilibrizzi
etal.”” first, and Crocetti et al.%® then, tested the anticancer profile of 43
and 32 heterocyclic hits, respectively by docking them against 31 and 32
key proteins and evaluating their pharmacokinetic properties. In both
cases, several proteins, especially kinases, were highlighted as binders
for compounds 21-25 (Figure 9).

It was already discussed before that drug repurposing is a particular
form of target identification. One of the first applications of IVS for drug
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repurposing was reported by Giordano et al.”® in 2018. In their research,
they tried to find new scopes for molecules originally meant to be
Jumonji domain-containing protein D3 (JMJD3) inhibitors, but for
which low/no activity was detected in vitro. The eighteen compounds
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Figure 9. Chemical structures of the repurposed compounds reported as IVS-based examples and listed in Table 1.

were tested on a panel of 302 proteins belonging to cancer-related
classes and normalized with 162 decoy molecules. Among the whole
panel, Erb-B2 Receptor Tyrosine Kinase 4 (erbB4) emerged as the most
promising partner, also due to the high degree of similarity calculated
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between the case-study molecules and the co-crystallized inhibitors
available in the structures. Compound 26 (Figure 9), in particular,
showed a low micromolar ICs in cell proliferation studies. In the same
year, De Vita et al>® introduced a new automatic protocol for the
preparation of the required protein panel. To test the robustness of this
new approach, an IVS procedure was employed to reposition three
molecules from an in-house library (27-29, Figure 9) using a panel of
more than 2000 targets. After the normalization step, tankyrase 2
emerged as promising off-target and the binding was later confirmed by
SPR assays. Prompted by the pandemic caused by SARS-CoV-2, De Vita
et al.%” tested the entire FDA-approved drug database on three key viral
proteins (main protease, papain-like protease, and spike protein). Out of
2748 molecules composing the original library, the best protein/ligand
complexes for each target (27 complexes in total) were selected and
blindly re-checked through a new parameter called “IVS;ao” (vide
supra). The MM-GBSA energy was the final filter to select the three most
promising target/ligand complexes (30-32, Figure 9), which were
simulated with molecular dynamics, and the interaction suggested was
supported by literature data.”®

Concerning the non-IVS approaches, Fatima et al.®* used a combined
cross-docking/MD approach to highlight new Rift Valley fever virus
(RVFV) natural inhibitors. For this purpose, over 6000 NPs were
screened against the main viral protein targets and the five top-ranked
(calyxin C, calyxin D, calyxin J, gericudranins A, and blepharocalyxin
C) were submitted to MD simulations with MM-GBSA free energy
evaluation. A particular case of Reverse Screening studies involving
molecules derived from natural sources is represented by Wang et al. ©°.
Dityrosine is generated from oxidative processes and is detected in high
levels in several pathological conditions. Here, cis and trans dityrosine
(CDT and TDT respectively), the dimeric form of tyrosine, were screened
against a panel of 1044 targets involved in different pathologies to
highlight the putative interactions with biological macromolecules.
Three complexes (CDT/Tubulin, TDT/Tubulin, and TDT/thyroid hor-
mone receptor beta-1) were refined with molecular dynamics (MD) to
confirm the interaction.

Recently, Zhao et al.”” used a Reverse Docking approach to find
putative partners for bufotenine, a compound isolated from Bufo bufo
gargarizans Cantor and Bufo melanostictus Schneider, and its ammonium
salt. Out of 127 targets, acetylcholinesterase (AChE) and a4p2 nicotinic
acetylcholine receptor (nAChR) were confirmed by in vitro and in vivo
tests.

Another example is provided by Bhardwaj et al’* in which they
repositioned the antimicrobial compound triclosan. Starting from the
effects of this compound on the endocrine system, they performed a
Reverse Screening analysis on 226 targets (collected by text-mining)
that could explain the macroscopic biological outcome. Jiang et al.”’
have recently applied an evaluation to confirm the inhibitory activity of
montelukast, a leukotriene receptor inhibitor, against flaviviruses pro-
teases NS2B-NS3. The action of this drug on the proteases of Zika and
Dengue viruses was already known, but the mechanism of action was
unclear. With a combined RS/MD protocol, they were able to define
NS2B-NS3 as the main interactor for this compound.

An interesting application of a non-IVS-based drug repurposing
campaign combining cross-docking and pharmacophore evaluation was
recently published by Gazzillo et al. ’°. Starting from 190 molecules with
no activity on the target they were designed for, a repositioning was
carried out leading to the identification of 2 new soluble epoxide hy-
drolase inhibitors. Initially, the library was filtered using a 3D phar-
macophoric hypothesis to eliminate the compounds that did not contain
the required features. The 89 molecules that survived the filter were
docked against the enzyme crystal structure, and the resulting poses
were further compared to the pharmacophore without the conforma-
tional search. In this way, the spatial orientation is kept, and the su-
perposition with the 3D pharmacophore can indicate whether the
compound not only possesses the structural features required for the
interaction but also if those features are correctly oriented. In the end,
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two compounds were selected and submitted to in vitro tests that
corroborated the above predictions.

Final considerations and future perspectives

In silico techniques provide a fast and efficient screening method that
helps to direct the following stages of drug research, avoiding part of the
downstream inconveniences. Conventionally, target identification can
be performed by exploiting target information (structure-based
methods), ligand structures (ligand-based methods), or available data
(data-driven methods). In this digest, we discussed the applications of
these computational chemistry methods, with particular emphasis on
structure-based approaches and IVS, to identify and select new targets.
In this scenario, the development of new methodologies dramatically
improves the quality of the results and reduces the number of failures
that can occur in the later stages. In this respect, machine learning and
artificial intelligence represent the direct evolution of drug repurposing
and, in a more general meaning, target identification. In general, to
ensure the optimal outcomes of a target identification and/or drug
repurposing study, some precautions should be taken. With particular
regard to IVS, the panel of targets should be wide enough to include
multiple states of the same protein to provide adequate variability in the
protein pool. This is important to consider all the conformation that a
protein can take and find the one that accommodates the ligand in the
best way possible. Then, a reliable molecular docking software should be
used to perform the necessary calculations to correctly sample and score
the binding modes and, therefore, return consistent results and, even-
tually, select a sufficient number (>10) of decoys to normalize the re-
sults, preferably with scaffolds that are different from each other, to
highlight the selectivity towards the chemical structure of the ligand.

In this respect, the intermingling between in silico and “wet” pro-
cedures is becoming the new forefront technology in target identifica-
tion and drug repurposing. In particular, techniques like the Drug
Affinity Responsive Target Stability (DARTS)®' (https://computorgch
emunisa.org/target-identification/) may represent promising partners
to be paired with computational methods like IVS in order to quickly
find new treatments, either from natural or synthetic sources, for urging
pathologies like cancer. Another key aspect is the breakthrough pro-
vided by artificial intelligence and the machine learning techniques that,
due to the impressive amount of data available nowadays, are capable of
providing reliable models for target prediction.
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