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‡Supercomputing - Algorithms Research Group (SAL), Department of Informatics, University of Almería, Agrifood Campus of
International Excellence, ceiA3, Almería, 04120, Spain

*S Supporting Information

ABSTRACT: BRUSELAS (balanced rapid and unrestricted
server for extensive ligand-aimed screening) is a novel, highly
efficient web software architecture for 3D shape and
pharmacophore searches in of f the cuf f libraries. A wide
panel of shape and pharmacophore similarity algorithms are
combined to avoid unbiased results while yielding consensus
scoring functions. To evaluate its reliability, BRUSELAS was
tested against other similar servers (e.g., USR-VS, SwissSimi-
larity, ChemMapper) to search for potential antidiabetic
drugs. A web tool is developed for users to customize their
tasks and is accessible free of any charge or login at http://
bio-hpc.eu/software/Bruselas. Source code is available on
request.

1. INTRODUCTION

Virtual screening (VS) is a set of in silico techniques that aims
to increase the chances of finding novel hit and lead
compounds. Despite its moderate computational cost, VS
remains one of the preferred options for assessing large
chemical spaces and for reducing the time spent on in vivo
experimentation.1 This approach has gained importance during
recent decades for studying of a variety of diseases such as
diabetes, malaria, and Parkinson’s disease.2−12 The wide
diversity of VS techniques may be classified into two major
groups, depending on whether the 3D structure of the target is
known (structure-based, SBVS) or not (ligand-based, LBVS).
LBVS relies on a knowledge of small molecules that bind the
target of interest and encompasses a collection of methods,
including similarity searching, pharmacophore modeling, and
QSAR (quantitative structure activity relationship).13 In the
search for a cost-effective solution, similarity searching is the
favorite approach, whenever possible, due to its simplicity.14

The underlying idea behind similarity searching is to build a
fingerprint for molecules that can be easily compared, while
simultaneously maintaining the information necessary to
identify similar biological activity. An alternative to this
approach is pharmacophore modeling, which aligns two or
more molecules to identify the shared pharmacophore features
between them. In this case, molecular similarity is represented
in terms of compounds whose pharmacophoric features are
quite similar to the pattern identified.15

To provide computational services accessible to any users,
several VS web servers have emerged concomitant with the
development of web technologies. Usually, online VS servers
focus on the application of one or many techniques and allow
users to set a collection of parameters, including the databases
to be screened and the similarity algorithms to be applied.16

Although VS is widely used, some critical issues remain
unsolved. For example, millions of compounds have been
studied and their details published in the literature, but only
those fulfilling drug-related requirements are of interest. In
addition, computational resources may also represent a
bottleneck when the chemical space is very large or the tasks
to perform are computationally expensive.17 Finally, the large
number of existing compounds, tools, and techniques
complicates the development of research on VS.
To help to solve such critical issues, we have developed

BRUSELAS (balanced rapid and unrestricted server for
extensive ligand-aimed screening), which is a software
architecture focused on 3D LBVS. BRUSELAS integrates
several software tools (e.g., Obabel, WEGA, DRAGON) and
hides their details from the final user (Table 1). As an
additional feature, it maintains a large database of compounds
imported from publicly accessible databases and curated for
their use in VS. That database allows the server to suggest a
suitable library containing the most promising compounds for
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each given query molecule. The screening phase is
complemented with a collection of statistical functions to
make predictions more effective. Since efficiency is a crucial
point in VS, BRUSELAS profits from a high performance
computing (HPC) platform for delivering results with a delay
of a few minutes only. To ease the use of the architecture and
the interpretation of its predictions, a web tool has been
developed and is available without fee or login at http://bio-
hpc.eu/software/Bruselas.
The present work aims to help to make VS available to

general scientists by merging advanced features in a trans-
parent and friendly web-based environment. It provides a
software architecture for the configuration and execution of 3D

virtual screening tasks, which implements a workflow
specifically designed for handling a large number of
compounds. Such an architecture can be potentially used by
researchers in a number of areas related to drug discovery. On
the other hand, it opens up a way to investigate these areas of
research, using highly customizable tools in web environments,
which can take advantage of the most recent computational
advances, e.g., distributed computing, to predict those
compounds with the greatest possibilities of becoming drugs
in the future. This manuscript is structured as follows: Section
2 introduces an overview of BRUSELAS architecture, the
underlying workflow implemented and the main tools it uses.
Section 3 assesses the use of the web tool and highlights its
main features and the options available. In an attempt to
provide a fair but critical assessment of the developed tool,
Section 4 compares the reliability and the accuracy of the
architecture with other similar servers by using two well-known
drugs as queries. The main conclusions reached concerning
BRUSELAS in its current version as well as forthcoming
research lines are outlined.

2. MATERIALS AND METHODS

2.1. Screening Workflow. BRUSELAS implements the
workflow illustrated in Figure 1. The protocol starts when a
user requests a new screening task from the web tool. Although
several parameters are available for customizing the tasks, only
three of them are mandatory: the screening algorithm(s), the
database(s) to be screened and the e-mail address to which the

Table 1. List of Software Tools Embedded in BRUSELAS

task tool references

calculation of
descriptors

DRAGON 18

chemical databases DrugBank, ChEMBL, KEGG, DIA-DB 19−22
remove salts from
conformers

Standardizer 23

calculation of
conformers

Omega2 24

shape similarity WEGA, LiSiCA, Screen3D, OptiPharm 25−28
pharmacophore
modeling

SHAFTS 29

molecular
conversion

Obabel, Molconvert 23 and 30

3D visualization Jmol 31

Figure 1. Graphic representation of BRUSELAS workflow for virtual screening tasks. (A) If the server needs to build a library, it calculates the
selected descriptors from the query. (B) The calculated descriptors are used for selecting the most promising compounds from the database. (C)
Once the library is calculated, both query and library are supplied for 3D screening. (D) If needed, the individual scores are combined in a global
score. (E) Users are notified by e-mail when the results are available on the website. (F) Users can analyze the results on the web tool.
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results will be sent. Users can choose to submit their own
libraries or ask the server to build one ad hoc for the given
query. If the users decide to screen the BRUSELAS libraries,
they can customize the selection of the compounds that will be
included in their library. Among the parameters of this step is
the set of molecular descriptors that will be used, along with a
distance function (e.g., Manhattan), to find the most promising
compounds for the 3D screening stage. The descriptors of the
ligands are already calculated with the DRAGON18 tool and
stored in a relational database to save time, whereas the ones
from the query are calculated every time, unless the users
upload their own library. DRAGON is a powerful tool which is
able to calculate almost 4900 descriptors. Since this is a very
large number of descriptors, the server makes an initial
proposal with the most common ones (molecular weight,
number of rotatable bonds, number of hydrogen acceptor/
donor atoms, topological polar surface area, and octanol−water
partition coefficient), but the users have the freedom to modify
the proposal by selecting those that best suit their needs
(Figure 1A). Then, a fingerprint is built with the selected
descriptors, which is used to reduce the number of ligands that
will continue to the 3D screening stage (Figure 1B). Next,
both the query and the library are sent to a supercomputing
cluster for detailed 3D ligand-based screening (Figure 1C). In
cases where many similarity algorithms are involved, the server
has to deal with several scores arising from each of them. This
situation is handled by applying a consensus scoring function,
which combines the individual scores into a single one for each
compound (Figure 1D). Once the screening is done, all the
output generated by the algorithms is interpreted, adapted to
BRUSELAS, and stored in the relational database. Finally, the
users are notified by e-mail that their results are available on
the website (Figure 1E).
2.2. Compound Database. As mentioned above,

BRUSELAS may have to propose a suitable library for
screening when the user does not supply one. For this reason,
the server maintains a database of compounds which are
imported from the Food and Drug Administration (FDA) data
set deposited in DrugBank19 (1760 compounds), the set of
active compounds in ChEMBL 2120 (1 578 131), KEGG21

Compounds and Drugs subsets (23 667) and an in-house
library of antidiabetics, DIA-DB22 (186). Although a 2D
representation of such compounds can be freely obtained, they
have been curated for VS in a preparation protocol because
most of the similarity algorithms supported by BRUSELAS
require many conformations to cover the chemical space.
Accordingly, the first step of the protocol is to obtain the 3D
representation of all the compounds to better handle flexibility.
To find the 3D conformer that is most likely to occur in
Nature, a Merck molecular force field (MMFF94) is applied
since it has been demonstrated to be suitable for small organic
molecules.32 Next, salts are removed with the standardizer23

tool, and up to 10 conformers are calculated with the omega224

tool for those compounds having between 1 and 10 rotatable
bonds. In this step, we set a root-mean-square distance
(RMSD) of 0.7 to ensure a diversity of conformers and leave
the rest of parameters at their default values. Conformer
generation is repeated with less restrictive conditions for those
compounds that do not generate any conformer previously.
Finally, those compounds containing a heavy metal (e.g.,
chromium) or a boron atom bonded to a halogen that are not
supported by the force field MMFF94 are not imported. The
curation process results in a data set of 7 473 006 conformers

available for screening. This number represents an average of
eight conformers for compounds with up to 10 rotors.
Additionally, a collection of key terms, including bibliography,
descriptions, and related targets, is extracted from the source
databases and imported into BRUSELAS. Such information
may be used for the creation of suitable libraries when users
want to narrow the scope of the job to a specific disease or
target.

2.3. Methods Available for 3D Virtual Screening.
BRUSELAS supports both similarity and pharmacophore
searching, both of which can be launched from the same
interface. In order to obtain the most accurate predictions,
BRUSELAS does not rely on one single similarity algorithm,
but it proposes four 3D algorithms, each of a different nature,
which can be combined in the same task to avoid biased
results. The available algorithms are WEGA,25 LiSiCA,26

Screen3D,27 and OptiPharm.28 The server takes care of the
format conversions to make each algorithm work with the
required molecular format. Such algorithms represent four
different complementary approaches for calculating similarity.
Whereas WEGA evaluates similarity by means of weighted
atomic Gaussian functions, LiSiCA is based on graph theory.
On the other hand, Screen3D calculates a similarity score
based on the atomic distances between query and ligands.
Note that BRUSELAS configures Screen3D to handle both the
query and the ligand, enabling the molecules to be rotated, in
order to make more accurate estimations. The last approach,
OptiPharm, is a parallelized evolutionary algorithm that needs
large populations to analyze the search space and find accurate
solutions.
Pharmacophore modeling is performed by SHAFTS,29

which is a pharmacophore matching method based on a
feature triplet hashing and searching algorithm. SHAFTS is
suitable for large-scale VS with single or multiple bioactive
compounds, and it has been successfully used in many studies,
such as the search of p90 ribosomal S6 inhibitors and the
development of B-Raf(V600E) inhibitors.33,34

2.4. Consensus Scoring Functions. LBVS predictions
may be influenced by the algorithm used to assess similarity,
leading to biased results. This issue might be addressed by
combining multiple similarity algorithms, but it requires the
fusion of individual scores. Although consensus scoring
functions are frequently used in SBVS,35 they are rarely used
in LBVS because ligand-based servers do not allow the
combination of different algorithms. However, BRUSELAS
does not restrict the selection of similarity algorithms to one
single task; the output provides three consensus functions: the
mean, the weighted mean, and the maximum score. Whereas
the weighted mean is used to assign a customized rate to each
algorithm and is especially useful to return unbiased results by
a concrete algorithm, the mean function rates every algorithm
with the same weight. Furthermore, the maximum score
function returns the best score assigned by any of the
algorithms applied. This set of functions covers all the possible
approaches, from the most optimiztic with the maximum score
to the most conservative with the mean score.

2.5. Computation Time. The screening of large data sets
is a time-consuming process whose duration usually grows with
the size of the data set. HPC techniques are typically applied to
speed up that task, and they have gained importance in the
context of VS during recent years.36 BRUSELAS also profits
from HPC by running similarity calculations on a super-
computing cluster. With this approach, the screenable
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Figure 2. Task configuration screen of BRUSELAS. (A) Selection of similarity algorithms, query and databases. (B) Users can configure the
creation of an of f the cuf f library for screening. (C) Configuration of results and consensus scoring function. (D) A short text can be included in the
notification e-mail.

Figure 3. Analysis of results screen in BRUSELAS.
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compounds are grouped into small blocks, and then every
group is compared against the query in parallel. As the server is
currently configured, a standard task using the default
parameters and involving the four algorithms available will
deliver the results in less than 1 h. It should be noticed that,
although the 100 best-ranked hits are returned by default, the
library suggested by the server is larger. By using HPC and

limiting the number of conversions among formats, the results
are rapidly delivered.

3. WEB TOOL USAGE

3.1. Input Data. Before starting the screening process,
BRUSELAS needs to collect input parameters, which are
gathered from the web tool. Although only a few fields are

Figure 4. PyMOL session downloaded from BRUSELAS.

Figure 5. Alignment of query and ligand generated by all similarity algorithms in BRUSELAS.
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required (query, library, similarity algorithm, and e-mail), the
server accepts many other options to customize tasks,
including the maximum number of hits to return and the
scoring cutoff. Input parameters are organized in four tabs
according to their purposes, as shown in Figure 2.
One of the most interesting abilities of BRUSELAS is the

combination of many similarity algorithms in the same task
and the screening of a custom database. Since the server relies
on Obabel30 and Molconvert23 to carry out conversions, the
most common formats are supported, including sdf, mol2, and
pdb. Another distinguishing feature is the ability to create an
of f the cuf f library on the basis of some key terms. When any
keyword is introduced, the server searches for those
compounds linked to the given terms and creates a library
with them. This novel feature is useful for creating specific
libraries for a given disease or focusing searches on a certain
target. In addition, tasks can also be labeled with a short text,
which is included in the notification e-mail, to differentiate
them.37

3.2. Analysis of Results. Users are informed by e-mail as
soon as the calculation is completed.37 The notification
includes a link to the result explorer screen, which is organized
in three blocks: the summary header, the query molecule and
the list of hits (Figure 3). The header shows a summary of the
input parameters used to set the task up. On the right, a 2D
representation of the query is displayed. The user can
manipulate the query and the results with the four buttons
available under the query providing the following function-
alities: (1) download the SMILES representation of the query;
(2) download compound names and scores in an Excel file; (3)
share the results with other users by e-mail; (4) download the
hits in a PyMOL session where the five best-ranked
compounds are selected by default (Figure 4); (5) download
all the aligned ligands and the query in separate mol2 files for
their offline manipulation. The third block lists candidate
compounds sorted by score, which is expressed in terms of the
Tanimoto coefficient, in descending order. Although this score
is the final one calculated by BRUSELAS, individual scores
predicted by each algorithm are also available in the same table
by enabling the “Extended view” check. Next to the scores, the
“Alignment” button opens a new window where both query

and ligand are conveniently aligned in the Jmol31 applet
(Figure 5). This feature helps users to visualize, at a glance,
how both molecules are aligned by each algorithm, with the
possibility of downloading each aligned ligand individually.

3.3. Compound Explorer. The compound database
maintained by BRUSELAS is available not only for screening
but also for exploring its main properties. Compounds can be
filtered by a variety of fields, including chemical name,
International Union of Pure and Applied Chemistry
(IUPAC) name, and SMILES representation. To obtain
further information about a molecule, users just click on the
name and they are directed to a detail screen (Figure 6), where
additional information is displayed (e.g., typical molecular
descriptors, link to the original source).

4. CASE STUDIES

4.1. Search for Malaria Drugs. Artemether is a drug
frequently used in treatments against Malaria since its first
approval in 2009, especially in Africa and Asia, either alone or
in combination with other drugs such as Lumefantrine or
Amodiaquine.38−41 With the aim of testing the reliability of
BRUSELAS in the simplest case, we tested all the
combinations of similarity algorithms with a copy of
artemether as query. As expected, artemether was predicted
as the best-ranked candidate with 100% similarity in all the
cases. This result demonstrates that BRUSELAS behaves as
expected in a simple case, independent of the combination of
algorithms selected.

4.2. Antidiabetic Compounds. Type 2 diabetes mellitus
(T2DM) is a frequent form of insulin resistance that maintains
glucose homeostasis by increasing the release of insulin.49

Acarbose is a glucosidase inhibitor which has been extensively
applied in T2DM cases.50−53 In our case, acarbose was used as
the query to conduct a second experiment with the aim of
assessing the reliability of BRUSELAS predictions compared
with some similar servers. Every server was supplied a copy of
acarbose downloaded from ZINC54 database, and the FDA
approved drugs data set from DrugBank was screened when
possible. In cases where acarbose is present in the selected
database, it should be returned as the best-ranked hit.
Moreover, the expected score should be as close as possible

Figure 6. Detailed information on a compound selected from BRUSELAS’ database.
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to 1, which represents total similarity in terms of the Tanimoto
coefficient.
We split the tests into two groups: shape similarity and

pharmacophore searching tasks. As regards shape similarity,
Table 2 (see full details in Supporting Information) shows that
BRUSELAS correctly predicted acarbose as the best-scored
compound in all the searches, independent of the configuration
chosen, resolving each task in less than half an hour. Figure 7
shows the alignments obtained for acarbose from all the

algorithms. As regards of the other servers, they can be
classified into two groups, depending on whether they
identified acarbose in the candidates list or not. The first
group includes SwissSimilarity, HybridSim-VS, and Chem-
Mapper. Although SwissSimilarity and ChemMapper exhibited
the highest scores, the former did not find any result when
screening with Shape-IT and Align-IT, and the latter only
performs 2D screening and did not rank acarbose as the first
option when using USR. On the other hand, HybridSim-VS

Table 2. Assessment of the Efficacy of Some Relevant LBVS Servers in the Context of T2DM

VS server similarity method library to screen rank acarbose score ref.

USR-VS USR ZINC not found − 42
USCAT not found −

SwissSimilarity FP2 Drugs Approved 1 1.000 43
ElectroShape 5D 1 0.907
Spectrophores 2 0.823
Shape-IT not found −
Align-IT not found −

BRUSELASa All shape similarity DrugBank 1 0.757
SHAFTS not found −

Superimpose ́ Score1 Superdrug not found − 44
Score1 Ligand Depot not found −
Sd_best_compare Superdrug not finished −

HybridSim-VS FP2 + WEGA DrugBank Approved 1 0.693 45
MACCS + WEGA 1 0.685

ChemMapper FP2 DrugBank Custom 1 1 46
USR 80 0.813
SHAFTS not found −

wwLig-CSRre LigCSR DrugBank Approved not found − 47
iDrug SHAFTS MayBridge not found − 48

ZINC Lead not found −
aThe full list of experiments performed on BRUSELAS is provided in the Supporting Information.

Figure 7. Alignments obtained for acarbose in the simulation combining the four algorithms.
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always ranked acarbose as the best result, but the scores were
far from those expected (0.693 was the highest score). We can
see that BRUSELAS succeeded in all of the cases, and it gave
acarbose higher scores than HybridSim-VS due to use of a
consensus scoring function. The second group contains USR-
VS, Superimpose ́ and wwLig-CSRre, which either did not
return any result or did not even finish the calculations with
some of the configurations. The behavior of Superimpose ́ may
be explained by the fact that it only screens its own databases,
which probably do not contain acarbose. USR-VS performed
best in terms of computation time, but even though it does not
screen the FDA approved drugs data set, it was expected to
find acarbose in ZINC database because the query molecule
was extracted from that database. Finally, wwLig-CSRre did
not find the expected molecule when screening the same
DrugBank subset as HybridSim-VS, suggesting a difference in
the similarity algorithm used by both servers.

In terms of pharmacophore screening, all the servers
providing this feature use the SHAFTS algorithm to assess
similarity. It is observed that none of the servers (iDrug,
ChemMapper and BRUSELAS) found acarbose in the list of
hits, which suggests that the algorithm is unable to find the
match.

4.3. Blood Anticoagulants. The medical challenge faced
by an aging society with its need for anticoagulant drugs of
increasing complexity encourages the search for new
anticoagulant molecules. Heparin is widely used as an activator
of antithrombin, although it has side effects. In a previous
virtual screening campaign we discovered55,56 that the novel
compound D-myo-inositol 3,4,5,6-tetrakisphosphate (TMI) is
able to act as a heparin cofactor, binding with nanomolar
affinity to antithrombin and causing its partial activation. Given
its novel scaffold, it paves the way for the discovery of novel
anticoagulants based on its molecular structure. Using

Table 3. Summary of the most relevant results obtained by BRUSELAS for TMI query using similarity and pharmacophore
searches

similarity method compound score ref

shape similarity phosphoric acid mono((1S,2S,3R,4S,5R,6R)-2,3-dihydroxy-4,5,6-tris(phosphonooxy)cyclohexyl) ester 0.883 57
phosphoric acid mono((1R,2R,3S,4R,5S,6S)-2,3-dihydroxy-4,5,6-tris(phosphonooxy)cyclohexyl) ester 0.811
ionositol 1,3,4,6-tetraphosphate 0.771
phosphoric acid mono((1S,2S,3R,4S,5S,6S)-2,5-dihydroxy-3,4,6-tris(phosphonooxy)cyclohexyl) ester 0.751
L-adenosine triphosphate 0.567 58

Pharmacophore screening D-myo-inositol1,2,4,5-tetrakisphosphate 0.233
2-amino-9-(4-hydroxy-5-methyloxytriphosphate tetrahydrofuran-2-yl)-1,9-dihydropurin-6-one (dGTP) 0.185
{[(S)-{[(S)-{[(2R,3S,4R,5R)-5-(6-amino-9H-purin-9-yl)-3,4-dihydroxyoxolan-2-yl]methoxy}(hydroxy)phosphoryl]
oxy}(hydroxy)phosphoryl]amino}phosphonic acid

0.183

((2R,3S,4R,5R)-5-(7-amino-3H-[1,2,3]triazolo[4,5-d]pyrimidin-3-yl)-3,4-dihydroxytetrahydrofuran-2-yl)
methyltriphosphoric acid

0.180

ATP analog 0.167

Figure 8. Alignment of TMI and phosphoric acid mono((1S,2S,3R,4S,5R,6R)-2,3-dihydroxy-4,5,6-tris(phosphonooxy)cyclohexyl) ester obtained
from the different algorithms.
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BRUSELAS, we tested TMI using it as a query structure and
performing both shape and pharmacophore searches against
the ChEMBL database. Table 3 shows the most relevant hits
obtained among the top scoring compounds. The full list of
results is provided in Supporting Information.
Among the hits obtained by both methods were many

different isomers of TMI, as was to be expected. For example,
Figure 8 shows the alignment of TMI against one of the TMI
isomers mentioned. It might be practical, then, to test these
compounds experimentally as potential anticoagulants. Also of
note was the fact that the method found ADP, which has
previously been reported to act as a blood anticoagulant.59

Other ADP related compounds, such as dGTP which has not
previously been reported, might also be worth testing.
4.4. IDO1. The above examples looked at some

representative uses of computational tools with a focus on
drug discovery. Such approaches may help to rationalize the
synthesis of new drugs for cancer therapy.60 Indeed, there are
several successful cases that target different steps in the cascade
of reactions involved in tumor propagation, e.g., the tumor
suppressor protein p53, proteins of the signal transducer and
activator of transcription or molecular switches that control
signaling pathways, to cite a few.61,62

In spite of such efforts, patients with metastatic cancer
represent one of the most urgent and challenging goals for
medicine, where available therapies fail because malignant cells
become drug-resistant during treatment. One of the most
relevant achievements in this line has been the discovery of the
cytosolic enzyme indoleamine 2,3-dioxygenase-1 (IDO1).63

According to recent preclinical results, the inhibition of the
IDO1 enzyme enhances the efficacy of classical chemotherapy,
radiotherapy, and immune checkpoint therapy while bypassing
their side effects.64 This encouraging evidence, in turn, has led
to the search for novel inhibitors by using both experimental

and theoretical methods.65,66 For the latter, Zheng, Yan and
co-workers have recently used SBVS methods to propose novel
IDO1 inhibitors.65 However, to the best of our knowledge,
there has been no systematic search using LBVS, so that this
biological problem can be regarded as an optimal working
example to test our software architecture. We selected three
queries from the IDO1 inhibitors reported by the pharma-
ceutical industry, namely, indoximod, navoximod, and
epacadostat.67

It is of note that (S)-2-amino-3-(1-methyl-1H-indol-3-
yl)propanal, whose alignments with indoximod are displayed
in Figure 9, is located at the top of the list, as this molecule is
known to be a potent inhibitory activity on IDO1, as
demonstrated by Fred́eŕick and co-workers, who combined
docking predictions and in vivo experiments.68 Our calcu-
lations, which were performed without imposing any bias or
restriction, were led to similar results with a significantly lighter
computational effort. Less expected were the rest of the
compounds arising from both shape similarity and pharmaco-
phore screening. For instance, (S)-methyl 2-amino-3-(1H-
indol-3-yl)propanoate hydrochloride has been shown to act on
Gap1, but to the best of our knowledge, it has not previously
been tested in that context. We therefore conclude that the
presented server correctly identified a known IDO1 inhibitor,
which benchmarks the implemented protocol. Simultaneously,
it is our hope that the new compound included in Table 4 may
be used to expand the chemical space of novel and more
efficient inhibitors beyond the more classical indoximod,
navoximod, and epacadostat (see further details and results in
the Supporting Information).

5. CONCLUSIONS AND FUTURE WORK
This contribution presents a novel software architecture,
BRUSELAS, which performs 3D LBVS based on shape

Figure 9. Alignment of Indoximod and (S)-2-amino-3-(1-methyl-1H-indol-3-yl)propanal obtained from the different algorithms.
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similarity or pharmacophore searching. It also maintains a large
collection of compounds to suggest a fitting library of ligands
for the given query molecule. Aiming to satisfy researchers’
needs, BRUSELAS intends to be a powerful platform for the
application of LBVS techniques to drug discovery. To achieve
this aim, the architecture exhibits a robust and flexible design
complemented with a web tool to facilitate setting tasks and
analyzing the results. BRUSELAS possesses distinguishing
features that make it innovative in the field of LBVS. Those
features are represented by the combined use of many
similarity algorithms in the same task, the application of
consensus scoring functions and the selection of keywords to
focus searches on the desired disease or target. Additionally,
tests proved that BRUSELAS outperforms many other similar
servers in terms of reliability. It was one of the two servers
succeeding in all the shape similarity searches, and it reached a
good balance between speed and accuracy in comparison with
others. Moreover, its applicability to different contexts has
been demonstrated by searching blood anticoagulants and
IDO1 enzyme inhibitors.
The comparison with similar servers suggests that

BRUSELAS is of potential application in many other virtual
screening studies. Nevertheless, some remaining challenges
might be worth further study in the future. A more precise
algorithm for choosing the most similar compounds based on
the selected descriptors and the automatic assignment of
weights to similarity algorithms are examples of such
challenges. Moreover, a revision of the existing and newly
published algorithms and an update of the libraries, which is a
task that takes several months, have to be carried out regularly.
Despite this, BRUSELAS has been demonstrated to be
effective for the identification of new active molecules with
innovative chemical scaffolds and to be reliable enough for
experimental validation.
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‘Formacioń del Profesorado Universitario’ program, financed
by the Spanish Ministry of Education, Culture and Sport.

■ ABBREVIATIONS

ADP, adenosine diphosphate; BRUSELAS, balanced rapid and
unrestricted server for extensive ligand-aimed screening; FDA,
Food and Drug Administration; HPC, high-performance
computing; IDO1, indoleamine 2,3-dioxygenase-1; IUPAC,
International Union of Pure and Applied Chemistry; LBVS,
ligand-based virtual screening; MMFF94, Merck molecular
force field; QSAR, quantitative structure−activity relationship;
RMSD, root-mean-squared distance; SBVS, structure-based
virtual screening; SMILES, simplified molecular input line
entry specification; T2DM, Type 2 Diabetes Mellitus; TMI, D-
myo-inositol 3,4,5,6-tetrakisphosphate; VS, virtual screening.

■ REFERENCES
(1) Jorgensen, W. L. The Many Roles of Computation in Drug
Discovery. Science 2004, 303 (5665), 1813−1818.
(2) Dou, X.; Jiang, L.; Wang, Y.; Jin, H.; Liu, Z.; Zhang, L. Discovery
of new GSK-3β inhibitors through structure-based virtual screening.
Bioorg. Med. Chem. Lett. 2018, 28 (2), 160−166.
(3) Nunes, R. R.; dos Santos Costa, M.; dos Reis Santos, B.; da
Fonseca, A. L.; Ferreira, L. S.; Russo Chagas, R. C.; da Silva, A. M.; de
Pilla Varotti, F.; Taranto, A. G. Successful application of virtual
screening and molecular dynamics simulations against antimalarial
molecular targets. Mem. Inst. Oswaldo Cruz 2016, 111 (12), 721−730.
(4) Tian, S. T.; Wang, X.; Li, L.; Zhang, X.; Li, Y.; Zhu, F.; Hou, T.;
Zhen, X. Discovery of novel and selective adenosine A2A receptor
antagonists for treating Parkinson’s disease through comparative
structure-based virtual screening. J. Chem. Inf. Model. 2017, 57 (6),
1474−1487.
(5) Tikhonova, I. G.; Sum, C. S.; Neumann, S.; Engel, S.; Raaka, B.
M.; Costanzi, S.; Gershengorn, M. C. Discovery of novel agonists and
antagonists of the free fatty acid receptor one (FFAR1) using virtual
screening. J. Med. Chem. 2008, 51 (3), 625−633.
(6) Schuster, D.; Maurer, E. M.; Laggner, C.; Nashev, L. G.;
Wilckens, T.; Langer, T.; Odermatt, A. The discovery of new 11beta-
hydroxysteroid dehydrogenase type 1 inhibitors by common feature
pharmacophore modeling and virtual screening. J. Med. Chem. 2006,
49 (12), 3454−3466.
(7) Salam, N. K.; Huang, T. H.; Kota, B. P.; Kim, M. S.; Li, Y.;
Hibbs, D. E. Novel PPAR-gamma agonists identified from a natural
product library: a virtual screening, induced-fit docking and biological
assay study. Chem. Biol. Drug Des. 2008, 71 (1), 57−70.
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I.; Meliciani, I.; Guerrero, J. A.; Vicente, V.; Corral, J.; Wenzel, W. In
Silico Discovery of a Compound with Nanomolar Affinity to
Antithrombin Causing Partial Activation and Increased Heparin
Affinity. J. Med. Chem. 2012, 55 (14), 6403−6412.
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