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RESUMEN

El cribado virtual (virtual screening, VS) es una técnica computacional,
empleada frecuentemente en bioinformatica, cuyo objetivo es reducir un espacio
quimico de gran tamafio y complejidad en otro mas reducido y manejable. Para
esta tarea, el cribado virtual basado en ligandos (ligand-based virtual screening,
LBVS) se ha convertido en una alternativa eficiente frente a otras técnicas mas
complejas computacionalmente tales como la Dindmica Molecular, puesto que
permite encontrar rdpidamente los compuestos mas prometedores a un bajo coste
computacional. En los tltimos afios, con el desarrollo del big data y de los
paradigmas de supercomputacion, han emergido numerosos servidores web que
prestan servicios de LBVS y que aprovechan la computacion de alto rendimiento
(high performance computing, HPC) para mejorar sus prestaciones. Pero, a pesar de
que la mejora del rendimiento es un punto importante, el principal factor de
calidad de estos servidores sigue siendo la fiabilidad de sus predicciones.

Esta tesis pretende analizar las caracteristicas de los servidores de LBVS
actuales, prestando especial atencion a las tecnologias que emplean y al
rendimiento que, en términos computacionales, extraen de las plataformas HPC.
Una vez obtenidas las conclusiones de dicho andlisis, el objetivo es desarrollar
una herramienta web que solvente las debilidades de los servidores existentes
aplicando técnicas no estudiadas hasta ahora en el campo de LBVS.

Como resultado, se presentan los estudios tedricos realizados y la
herramienta web BRUSELAS (Balanced, Rapid and Unrestricted Server for Extensive

Ligand-Aimed Screening), la cual estd disponible, de manera totalmente gratuita, en

http://bio-hpc.eu/software/Bruselas. Como principales caracteristicas
diferenciadoras de BRUSELAS destacan la utilizacion de funciones de consenso
para combinar las predicciones de varios algoritmos de similitud y
farmacofdricos, el uso de descriptores moleculares y palabras clave para crear
librerias dindmicamente y el filtrado de los resultados mediante filtros
moleculares. Ademads, se ha implementado un potente mddulo de andlisis de
resultados que permite su procesado tanto online como offline, mediante la

conocida herramienta PyMOL, y la visualizacion de la salida generada por cada


http://bio-hpc.eu/software/Bruselas

algoritmo de similitud. La nueva herramienta se ha aplicado a casos de estudio
practicos, como la busqueda de anticoagulantes sanguineos y de posibles
farmacos para terapias contra el cancer. Las tareas ejecutadas han dado lugar a
interesantes resultados tedricos que pueden servir como base para la
experimentacion en etapas posteriores, ya sea in vitro o in vivo.

En conclusion, se puede afirmar que BRUSELAS puede ser una herramienta
muy util en la etapa de busqueda de compuestos candidatos a fdrmacos. Ademas,
BRUSELAS proporciona a los usuarios nuevas funcionalidades que otros
servidores web no proporcionan a través de una interfaz amigable y sin necesidad
de tener grandes conocimientos en informadtica. Los resultados acumulados
confirman que es una arquitectura fiable en cuanto a la calidad de las
predicciones, y que tiene un rendimiento comparable al de otros servidores
similares. Por lo tanto, BRUSELAS puede ser de gran ayuda en futuros estudios,
ya sea utilizada de manera individual o colaborando con otras técnicas

computacionalmente mads costosas (p.ej. docking).

Palabras clave: Descubrimiento de farmacos, Cribado virtual, Quimica
computacional, Servidor web, Computacion de alto rendimiento, Similitud

molecular, Cribado farmacoférico.



ABSTRACT

Virtual screening (VS) is a computational technique, frequently used in
bioinformatics, whose main goal is to reduce a large and complex chemical space
into a smaller and less complex one. To achieve so, the ligand-based virtual
screening (LBVS) approach has become a cost-effective alternative against other
more computationally demanding approaches such as Molecular Dynamics, since
it allows us to quickly find the most promising compounds with a low
computational cost. In recent years, with the development of the big data and the
supercomputing paradigms, several web servers providing LBVS services have
emerged. These servers benefit from high performance computing (HPC) to
improve their performance. However, although performance improvement is an
important point, the crucial factor in evaluating the quality of these servers
remains the reliability of their predictions.

This thesis aims to analyse the skills of current LBVS servers, paying special
attention to the underlying technologies and the performance they obtain from
HPC platforms. Once the main conclusions are obtained, the objective is to
develop a web tool to overcome the weaknesses of the existing servers by
applying techniques still unexplored in the field of LBVS.

As a result, the theoretical studies and the web tool BRUSELAS (Balanced,
Rapid and Unrestricted Server for Extensive Ligand-Aimed Screening) are presented.
BRUSELAS is available free of any cost at http://bio-hpc.eu/software/Bruselas.

The most distinctive features of BRUSELAS are the use of consensus scoring

functions to combine the scores of many similarity and pharmacophoric
algorithms, the use of molecular descriptors and keywords to dynamically create
chemical libraries and the filtering of results using molecular filters. In addition, a
powerful result analysis module has been implemented, which allows processing
the output both online and offline, by means of the well-known PyMOL tool, and
the visualization of the alignments generated by each similarity algorithm. The
new tool has been used in case studies, such as the search for blood
anticoagulants and the search for potential drugs to be applied in cancer

therapies. The tasks that were carried out resulted in interesting theoretical results


http://bio-hpc.eu/software/Bruselas

that can lead to a more detailed research in the following stages, either in vivo or
in vitro.

In summary, it can be said that BRUSELAS can be a very useful tool in the
step of searching for drug candidates. In addition, BRUSELAS provides users
with novel functionalities not yet provided by other web servers through a
friendly web interface and without the need to be an expert on informatics. The
results confirm that the new architecture is reliable enough in terms of the
accuracy of the predictions, and outperforms some of its competitors. Therefore,
BRUSELAS can help in future research, either as an independent method or
collaborating with other approaches (e.g. docking).

Keywords: Drug discovery, Virtual screening, Computational chemistry,
Web server, High performance computing, Similarity searching, Pharmacophore

screening.
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GLOSARIO

Compuesto candidato (lead): es una molécula que ha mostrado
propiedades que la hacen ser candidata a interactuar con un cierto
receptor. Cuando el lead procede de un proceso de cribado virtual, debe
haber sido sintetizado y optimizado para mejorar su actividad bioldgica.

Conformacion: es cada una de las disposiciones espaciales que puede
adoptar una molécula como consecuencia de la libertad de rotaciéon en
torno a enlaces sigma en ciertas partes de su estructura.

Descriptor: es una propiedad molecular (peso, nimero de atomos...).
Su valor es habitualmente calculado mediante software (p.ej. DRAGON,
CDK, RDKit).

Ligando: es una pequefa molécula que se une a una macromolécula
(p-€j. proteina, ADN) ya sea mediante interacciones no covalentes (p.ej.
enlaces por puentes de hidrogeno) o covalentes. La unién se produce en
una parte especifica de la macromolécula, ya sea en el sitio activo de una
enzima, o en un sitio alostérico cualquiera.

Pose: es cada una de las posibles posiciones de una conformacion en
el espacio tridimensional mediante rotaciones y traslaciones.

Receptor: en una macromolécula (normalmente una proteina) con la
que interacttia un ligando. Al recibir la sefial del ligando, el receptor sufre
un cambio ya sea en su forma o en su actividad.

Sitio de union: es la region del receptor a la que un ligando puede
unirse ya sea mediante interacciones covalentes, y por tanto irreversibles, o
no covalentes.
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I - INTRODUCCION

En la actualidad, millones de personas en todo el mundo sufren
enfermedades o trastornos para los que atin no existe un tratamiento efectivo [1-
3]. Pese a los avances logrados en las ultimas décadas, todavia no se dispone de
farmacos ni tratamientos eficaces contra algunas de las dolencias mas frecuentes
de nuestros dias, como son el Alzheimer, el Parkinson o el cancer [4-6]. Con el
animo de avanzar mas rapida y eficazmente en la busqueda de farmacos efectivos
contra estos problemas de salud, ciertos campos como la biologia, la quimica, las
matematicas, la medicina y la informatica se han unido en una nueva rama
interdisciplinaria llamada bioinformatica. El objetivo de la bioinformatica es
aprovechar las técnicas de computacion de alto rendimiento (high performance
computing, HPC) para resolver cadlculos complejos sobre grandes voltimenes de
datos en un corto espacio de tiempo, por ejemplo, el cribado de grandes bases de
datos moleculares. Esta nueva ciencia ya ha dado frutos importantes, como el
descubrimiento de nuevos farmacos y el desarrollo de terapias celulares [7-9].
Precisamente el disefio de farmacos asistido por computador (computer-aided drug
design, CADD) es uno de los campos mas frecuentes en los que se aplica la
bioinformatica, ya que, en la era del big data en la que vivimos, hay una
abrumadora cantidad de compuestos quimicos a analizar y el uso de HPC ayuda

a reducir drasticamente el tiempo necesario para ello [10].

1.1 ETAPAS EN EL PROCESO DE DISENO DE FARMACOS

La duracion del proceso de desarrollo de un nuevo farmaco se estima en
mas de 10 afios y un coste econdmico que, segun algunos estudios, supera los 2
billones de ddlares [11, 12].

El proceso tradicional, mostrado en la Figura 1, comienza con la
identificaciéon y validacion de la macromolécula receptora (habitualmente una
proteina) que interactia con otra macromolécula o con una pequefia molécula,
llamada ligando, provocando una reaccion indeseada que ocasiona la enfermedad

en cuestion. En muchas ocasiones no es posible determinar cual es el receptor que
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interviene en la anomalia, y se debe comenzar a investigar a partir del ligando con
el que reacciona o de un conjunto de ligandos de los que se posee cierta
informacién sobre su actividad bioldgica. Conocer el receptor de una reaccion
bioldgica, como se explica mas adelante, permite aplicar técnicas mas avanzadas a
la hora de encontrar farmacos potenciales. Sin embargo, no siempre se dispone de
esta informacion, en cuyo caso se deben emplear métodos alternativos.

A continuaciéon se busca una coleccion de compuestos lideres, es decir,
ligandos cuyas propiedades muestran que son candidatos a interactuar con el
receptor. Una vez identificados los leads con los que se va a trabajar, estos deben
ser cuidadosamente validados y optimizados con el fin de predecir con la mayor
certeza posible si podran desempenar la funciéon deseada. Por ejemplo, el estudio
de las propiedades ADME-T (Absortion, Distribution, Metabolism, Excretion and
Toxicity) puede determinar si las condiciones de absorcion o toxicidad del ligando
son las adecuadas para su funcionamiento como farmaco.

Finalmente, las etapas mas costosas, en términos del tiempo empleado, son
los ensayos pre-clinicos y clinicos. Estas fases pueden prologarse hasta 8 afios, y
son especialmente delicadas puesto que son las que permiten determinar con
exactitud si los potenciales farmacos son realmente efectivos y cudles son sus

efectos secundarios.

Proceso de Descubrimiento de Farmacos Tradicional

0.5-1 afio 0.5-1 afio 0.5-1 afio 2-3 afios 1-2 afios 4-6 afios

Identificar
lideres

Validar
receptor

Identificar
receptor

Optimizar
candidatos

Ensayos
pre-clinicos

Ensayos
clinicos

Figura 1.1. Proceso tradicional de descubrimiento de farmacos.

En las etapas iniciales nos encontramos con el problema anadido del

enorme tamano del espacio quimico disponible debido, en parte, a la aparicion de
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bases de datos quimicas de libre acceso que almacenan desde miles hasta millones
de compuestos (p.ej. PubChem [13], GDB-17 [14]). En un estudio reciente,
Hoffman et al. [15] estiman el nimero de compuestos disponibles, calculado a
partir de datos obtenidos de la industria farmacéutica, en 10%. Sin embargo,
Polischuk et al. [16] van mas alla y hablan de 10% compuestos disponibles a partir
de la base de datos GDB-17. Estas cifras, que solamente consideran farmacos
potenciales, hacen totalmente inviable el método de ensayo y error para
determinar qué compuestos son reactivos con el receptor deseado.

Con objeto de reducir este espacio quimico a uno mucho mds manejable, es
habitual el uso de técnicas computacionales en las primeras fases del proceso de
desarrollo de farmacos, especialmente en la etapa de busqueda de lideres. Esta
reduccion del espacio quimico mediante métodos in silico se conoce como cribado

virtual o virtual screening (VS).

1.2 TIPOS DE TECNICAS DE CRIBADO VIRTUAL

El VS es una técnica computacional que permite buscar en grandes librerias
de moléculas, aquellas estructuras que tienen mas probabilidades de enlazarse a
un receptor [17]. Existen diversos tipos de VS y la aplicacion de uno u otro
dependerd de la informacién disponible en cada caso. Tradicionalmente, los
meétodos de VS se clasifican en dos grupos principales: basados en la estructura
(structure-based virtual screening, SBVS) y basados en ligandos (ligand-based virtual
screening, LBVS). La distincion entre unos y otros estriba en la informacion

disponible acerca de la estructura tridimensional del receptor (Figura 1.2).
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Estructura 3D
del receptor

Desconocida Conocida
[
| |
Métodos Métodos
basados en basados en la
ligandos estructura
' I
[ | |
Busqueda por Modelado QSAR/Machine Docking
similitud farmacofdrico learning molecular
Activos conocidos Activos e inactivos
conocidos

Figura 1.2. Clasificacién de las técnicas de cribado virtual.

1.2.1 Cribado virtual basado en la estructura

Cuando se conoce cudl es la estructura tridimensional del receptor, obtenida
por métodos como la cristalografia, los rayos X o la resonancia magnética nuclear,
se suelen aplicar en primer lugar las técnicas SBVS. Entre ellas, probablemente la
mas tipica sea el acoplamiento molecular o molecular docking (o simplemente
docking). El acoplamiento molecular permite encontrar el modo de uniéon mas
favorable de un ligando con un receptor para formar un complejo estable. Esta
técnica es muy utilizada por su habilidad para predecir, con una alta precision, la
pose mas adecuada del ligando en un sitio de unién determinado del receptor.
Para ello, se evalta la energia requerida por cada pose para interaccionar con el
receptor en un sitio de unién dado, y se repite el proceso hasta alcanzar la pose de
menor energia entre todas las calculadas sobre la superficie del receptor.

Aunque el acoplamiento molecular es uno de los tipos de métodos SBVS

mas frecuentemente utilizados, no es el tnico. Dentro de este grupo de técnicas,
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también se encuentran las simulaciones de dinamica molecular (molecular
dynamics, MD), en las que se realiza una simulaciéon del movimiento de los d&tomos
y las moléculas durante un periodo de tiempo. De este modo se consigue
visualizar la posicion y velocidad de cada atomo para cada instante. Las técnicas
SBVS también pueden refinarse incluyendo la descripcion mas precisa que los
calculos mecanico-cudnticos (quantum mechanical calculations, QM) hacen de las
interacciones a nivel molecular, incluyendo la posible formacion de enlaces
quimicos entre receptor y ligando. Sin embargo, los calculos mecéanico-cudnticos
tienen un coste computacional mucho mdas elevado que los métodos
anteriormente comentados.

En general, las técnicas SBVS son las mas utilizadas cuando se dispone de la
estructura 3D del receptor [18, 19]. Desafortunadamente, existen dos problemas
importantes a la hora de aplicarlas: i) no siempre se conoce la estructura 3D del
receptor; y ii) los complejos calculos que realizan (p.ej. Funciones consenso) las

hacen ser computacionalmente muy costosas.

1.2.2 Cribado virtual basado en ligandos

En el caso de no poder aplicar métodos SBVS o que su célculo sea
demasiado costoso, los métodos basados en ligandos son la alternativa preferida.
Este grupo de técnicas son, de manera general, una alternativa eficiente a las
SBVS porque, aunque sean algo menos precisas en ciertos casos, su coste
computacional es mucho menor [20]. Debido a esta eficiencia para obtener los
resultados, a menudo se emplean como un paso previo al SBVS para obtener un
reducido conjunto de compuestos candidatos que, posteriormente, pueda ser
procesado por métodos mas costosos y precisos (Figura 1.3).

El grupo de LBVS incluye tres técnicas fundamentalmente: la busqueda por
similitud, el modelado farmacoférico y las relaciones cuantitativas estructura-
actividad (quantitative structure-activity relationship, QSAR). Todas ellas parten del
supuesto de que los compuestos estructuralmente parecidos muestran una
actividad bioldgica similar [21].

Cuando el conjunto de ligandos de partida contiene unicamente
informacién acerca de moléculas inactivas, entonces es comun optar por las dos

primeras. La busqueda por similitud compara directamente la estructura
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molecular de los ligandos. Al ser una técnica relativamente sencilla con un coste
computacional bajo, es muy atractiva para cribar grandes bases de datos [22]. El
modelado farmacofoérico pretende detectar, de forma sistematica, una coleccion
de caracteristicas que sean las minimas necesarias para garantizar una interaccion
optima con el receptor. S6lo aquellos ligandos cuyas caracteristicas se adapten

mejor al modelo seran considerados como resultados aceptables.

Precision Supercomputador

Calculos mecdnico-cuanticos

Dindmica molecular

Acoplamiento molecular

QSAR/Machine learning

Modelado farmacoférico

Similitud por forma

Velocidad PC sobremesa

Figura 1.3. Técnicas de cribado virtual en funcion de su precision, velocidad y capacidad

de computo requerida.

Si, por el contrario, se dispone de un conjunto de ligandos activos e
inactivos con el receptor, entonces se pueden aplicar modelos matematicos para
establecer una relacion entre la estructura molecular y la actividad bioldgica
asociada. Los modelos matematicos utilizados pueden ser tanto lineales como no
lineales. Los primeros incluyen las técnicas QSAR, que aplican modelos
matematicos y estadisticos, como la regresion lineal, para predecir la actividad de
la molécula. Por su parte, los modelos no lineales engloban las técnicas de

aprendizaje automatico o machine learning, en las que el sistema realiza sus
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predicciones en base a lo aprendido a través de un conjunto de ejemplos durante

una fase previa de entrenamiento [23].

1.3 NECESIDAD DE SUPERCOMPUTACION EN EL CRIBADO VIRTUAL: GRID
Y CLOUD COMPUTING

La gran cantidad de datos disponibles y la complejidad de los cdlculos
hacen que el VS sea un proceso computacionalmente muy costoso [24]. La
potencia computacional y la memoria disponibles en una estacion de trabajo
convencional no son suficientes para ejecutar millones de complejas operaciones
en un tiempo admisible, por lo que es necesario poner al servicio de VS, y de
CADD en general, técnicas avanzadas de supercomputacion. Los enfoques grid y
cloud computing ya se han aplicado a VS, consiguiendo reducir el tiempo de
calculo de manera drastica [25], y se estan convirtiendo en una via eficaz para
mejorar el rendimiento de este tipo de procesos. La Figura 1.4 muestra la

clasificacion tipica de los entornos de computacion distribuida.

Cloud Computing

Entornos de

Computacion Grid Computing
Distribuida

Voluntaria

Figura 1.4. Tipos mds comunes de computacion distribuida.

El paradigma grid computing consiste en distribuir las tareas entre distintos
nodos geograficamente dispersos que ejecutan procesos independientes. En las

ultimas décadas ha sido muy utilizado y se ha aplicado con éxito en el uso del
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acoplamiento molecular y las dindmicas moleculares para cribar librerias de hasta
600.000 ligandos [26, 27]. Este tipo de técnicas SBVS suelen trabajar con pequenas
librerias puesto que requieren mucha capacidad de calculo, sin embargo, el uso
de grid computing ha permitido utilizarlas con librerias mdas grandes. Pese a esto,
la complejidad creciente de los calculos en VS, la necesidad de mantener una
configuracion compatible en todos los nodos y la dificultad para compartir
informacion entre ellos, han llevado al uso progresivo de cloud computing [28].

La computacion en la nube o cloud computing, por el contrario, permite
ejecutar tareas en entornos de computacion virtualizados que pueden ser
facilmente escalados bajo demanda y, con la ventaja adicional, de consumir
menos energia [29]. Bajo este paradigma, Capuccini et al. [30] consiguieron
acelerar un 87% la duracion de una tarea de docking, lo que anima a ser optimistas
de cara a un futuro cercano.

Otros enfoques como la computacion voluntaria (volunteer computing) y las
GPUs (graphics processing units) estan creciendo en importancia en el campo del
VS en los ultimos afios. La computacion voluntaria es un tipo de grid computing
donde cada nodo ejecuta sus tareas en segundo plano de manera colaborativa
pudiendo conseguir una potencia de calculo y de almacenamiento comparable a
la de algunos clusters [31]. Este modelo ya ha sido aplicado con éxito en CADD
[32] y estd emergiendo como una buena opcién para resolver determinados
problemas bioinformaticos, abriendo asi una nueva puerta a futuros estudios [33].
Por su parte, la tecnologia GPU es un tipo de computacion paralela que ha
evolucionado desde su uso en videojuegos hasta emplearse para acelerar
aplicaciones no graficas. En este sentido, las GPUs han sido capaces de reducir
drasticamente el tiempo de cdlculo en problemas de cribado virtual con redes
neuronales, calculos mecanico-cuanticos y busquedas por similitud [34-36], y se
espera que el numero de aplicaciones basadas en esta tecnologia contintie

creciendo.

1.4 LIMITACIONES Y RETOS DEL CRIBADO VIRTUAL

Gracias al uso de la supercomputacién, el VS ha conseguido alcanzar una

buena relaciéon entre la calidad de los resultados y el tiempo invertido en
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obtenerlos, lo que lo hace una alternativa muy atractiva para el descubrimiento de
farmacos. Sin embargo, pese a la ayuda de la supercomputacién, aun quedan

algunas limitaciones y retos por superar.

Como ya se ha mencionado, el nimero de compuestos crece a una
velocidad vertiginosa [37], lo que invita al uso de técnicas LBVS, como paso
previo a otros métodos mas costosos, debido a su rapidez y eficiencia. El primer
paso serd, por tanto, la eleccion de un método LBVS y un software que lo
implemente. Se pueden encontrar numerosos paquetes software que
implementan estos métodos, ya sean comerciales, de licencia académica o de libre
acceso, como por ejemplo USR [38], USRCAT [39] y ElectroShape [40]. Una
primera limitacion a la hora de utilizarlos es que son necesarios ciertos
conocimientos para su instalacion y uso, que no todos los usuarios poseen.

La alternativa para evitar la instalacion de este tipo de software es su
utilizaciéon desde una maquina remota. Esto ha dado lugar a la aparicion de
servidores web que prestan servicios de VS, como SwissSimilarity [41],
ChemMapper [42] y ZINCPharmer [43]. Estos servidores proporcionan una
interfaz mds sencilla, que oculta la compleja configuracion del software
subyacente. Habitualmente los usuarios pueden elegir unos pocos parametros
para ejecutar sus tareas y el servidor se encarga del resto. Entre esos parametros
se encuentran las librerias a cribar y el algoritmo de cribado a utilizar. En cuanto a
las librerias disponibles para VS, la tendencia es procesar librerias pequefias y
muy focalizadas en un problema concreto. El nimero de librerias disponibles en
los servidores actuales suele ser limitado y fijo para evitar que las tareas de
cribado tarden mucho tiempo e impidan el acceso a los recursos por parte de
otros usuarios. Sin embargo, este planteamiento limita mucho a los usuarios
cuando lo que se desea es trabajar con una libreria preparada offline o el cribado
de un conjunto de compuestos muy concreto.

El otro parametro relevante de todo servidor web de VS es el algoritmo que
emplea para evaluar la similitud molecular. Tradicionalmente, los servidores de
VS simplemente servian de interfaz grafica de los algoritmos implementados, de
manera que los usuarios tenian acceso al algoritmo sin necesidad de instalarlo.
Poco a poco, la tendencia fue variando, y muchos de los servidores actuales

permiten elegir uno de entre un conjunto de algoritmos. Por desgracia, cada
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algoritmo evalua la similitud molecular de una manera distinta, lo que hace que,
para el mismo par de moléculas, dos algoritmos puedan medir grados de
similitud diferentes. Estas diferencias se suelen traducir en un valor numérico
variante, como el coeficiente de Tanimoto o el RMSD, que hace que los resultados
sean inconsistentes y dificiles de interpretar. Ademas, no todos los algoritmos
muestran las mismas prestaciones en todos los casos, pudiendo llevar a
resultados sesgados en funcion del algoritmo utilizado en cada tarea. Una manera
de solventar esta dependencia de un unico algoritmo, seria la combinaciéon de
varios de ellos en un mismo proceso de VS. En consecuencia, seria necesario
aplicar una funcién de consenso para combinar sus puntuaciones y corregir las
desviaciones que puedan tener los algoritmos individuales.

Por lo tanto, considerando todas las limitaciones expuestas, parece
necesario el desarrollo de un nuevo servidor de LBVS que sea capaz de crear
librerias de compuestos de manera dindmica y combinar varios algoritmos de
similitud en una misma tarea para evitar sesgos. La aplicacion del consenso de las
puntuaciones aumentard la precision de las predicciones con respecto a los
algoritmos individuales. Es evidente, también, la necesidad de apoyarse en
alguna plataforma HPC para que los resultados puedan estar disponibles es un
tiempo admisible. Por ejemplo, utilizando un cltster de computacion paralela se
podria reducir de manera drastica el tiempo de cdlculo necesario para procesar las
librerias. Y, al tratarse de un servidor web, serd accesible desde cualquier
dispositivo y evitara a los usuarios la necesidad de instalar y configurar

manualmente todo el software utilizado.



II - OBJETIVOS






CAPITULOII: OBJETIVOS 37

II - OBJETIVOS

Al comienzo de esta tesis se plantearon una serie de objetivos principales a
cumplir que se describen a continuacion. A medida que la investigacion fue
avanzando, algunos de los objetivos se fueron refinando para cubrir mas casos de

uso.

Objetivo 1. Hacer una revision profunda de los servidores de LBVS
existentes en la actualidad. Se deben identificar los parametros de entrada que
requieren, los algoritmos de similitud que utilizan, las bases de datos que criban y
el tiempo estimado de computo que consumen. La revision se completara con un
estudio de las técnicas HPC que se emplean frecuentemente en CADD, detallando

sus ventajas e inconvenientes.

Objetivo 2. El desarrollo de una herramienta web que facilite la ejecucion
de tareas de LBVS a los usuarios a través de una interfaz web amigable. La
herramienta debe ser de aplicabilidad general, es decir, que pueda ser usada para
buscar compuestos que se puedan aplicar en cualquier contexto, no inicamente el
farmacoldgico. Ademas, se desea importar un gran nimero de compuestos de
bases de datos de libre acceso, y generar distintas conformaciones de cada uno
para crear una base de datos propia del servidor. Los compuestos seran
importados desde DrugBank [44], ChEMBL [45], KEGG [46] y DIA-DB [47]. Las
dos primeras son bases de datos de libre acceso de las que se puede extraer
abundante informacién sobre la actividad bioldgica de los compuestos. Por su
parte, de KEGG se importaran los subconjuntos Drugs y Compounds, que
permitirdn completar la coleccion de candidatos a farmacos y afadirdn nuevos
compuestos para otro tipo de contextos. DIA-DB es una pequena base de datos de
antidiabéticos creada in house. Los usuarios también podran someter sus propias
bases de datos a cribado. Para que el rendimiento del servidor no se vea afectado
por la cantidad de moléculas a cribar, se apoyara en una plataforma HPC donde

ejecutard los cdlculos en paralelo. En concreto, se utilizara un claster de
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supercomputacion ubicado en el Laboratorio Nacional para Computacion de Alto
Rendimiento de Chile (National Laboratory for High Performance Computing,
NLHPC), el cual permite utilizar hasta 15 nodos de computacion a la vez.

Objetivo 3. Se debe generar un valor cientifico afiadido, implementando
funcionalidades no existentes hasta la fecha en otras herramientas similares. Las
nuevas caracteristicas deben incluir, al menos:

e El uso de varios algoritmos de similitud en una misma tarea y la
aplicacion de una funcion de consenso para combinar sus
puntuaciones.

e Crear librerias de compuestos a partir de un conjunto de descriptores
seleccionados por el usuario. Todos los descriptores seran calculados
con el software DRAGON [48] para estandarizar los valores.

¢ Implementar busqueda por similitud y cribado farmacofdrico. Los
algoritmos incluidos seran LiSiCA [49], Screen3D [50], WEGA [51] y
OptiPharm [52] para la similaridad, y SHAFTS [53] y Pharmer [54]
para el cribado farmacofdrico.

e Mostrar graficamente como se alinean la molécula de referencia y cada
uno de los ligandos con cada algoritmo elegido. Los alineamientos
también deben poder ser procesados offline, por lo que todos los
ligandos alineados y las poses de la molécula de entrada deben poder
descargarse para ser manipulados con PyMOL. También seria muy
interesante descargar las puntuaciones calculadas en un fichero Excel.

e Importar informacion textual de los compuestos importados. Si los
usuarios lo desean, el cribado considerard sdlo los compuestos
relacionados con ciertos términos clave, por ejemplo, el nombre de una

enfermedad o de un receptor.

Objetivo 4. Una vez desarrolladas las nuevas funcionalidades, habra que
aplicarlas a casos de estudio practicos. Por ejemplo, la validaciéon de la
herramienta comparando sus predicciones con casos reales o proponer, de
manera tedrica, un conjunto de fdrmacos potenciales para tratar una determinada

enfermedad.
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III - ARTICULOS QUE COMPONEN LA TESIS DOCTORAL

3.1 FUNDAMENTACION TEORICA DE LAS PUBLICACIONES

El ntcleo de esta tesis doctoral se desglosa a lo largo de los 3 articulos que
componen el compendio, los cuales han sido publicados en revistas indexadas de
alto impacto en el orden en que son presentados en este capitulo. La tesis ha de
ser abordada tanto desde el punto de vista computacional como del bioquimico.
Con esta idea en mente, la division de los articulos atiende a la necesidad de
aplicar técnicas de supercomputacion en VS, analizar las herramientas web de
LBVS existentes y desarrollar de una nueva herramienta que cubra los aspectos
no explorados hasta el momento. De este modo se cubren ambos puntos de vista,
los cuales se van entrelazando en cada publicacién.

Como se ha explicado en la introduccion, la necesidad de trabajar con una
extraordinariamente alta cantidad de datos hace que la supercomputacion sea
imprescindible en el desarrollo de farmacos y, mds concretamente, en el cribado
virtual. Por este motivo, el primer articulo describe en detalle las técnicas HPC
mas frecuentes para acelerar el rendimiento de aplicaciones bioinformaticas. Se
hace una profunda exploraciéon de los paradigmas grid y cloud computing, y del
uso de GPUs y de la computacion distribuida en la bioinformatica actual. El
articulo detalla las principales similitudes y diferencias entre los distintos
paradigmas, asi como sus ventajas y limitaciones. Ademads, presenta diversos
ejemplos de herramientas de VS que se apoyan en plataformas HPC para mejorar
sus prestaciones.

Puesto que los métodos de LBVS son una alternativa eficiente para cribar
grandes bases de datos quimicas, el segundo articulo se centra en los servidores
web que implementan este tipo de procesos. Una exhaustiva revision de estos
servidores a lo largo de su historia muestra cudntos y qué algoritmos soporta
cada servidor, qué bases de datos son capaces de cribar, las funcionalidades mas
destacadas y el rendimiento de cada uno en casos similares. El estudio no se

limita a las herramientas web disponibles, sino que también analiza los
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algoritmos de similitud molecular subyacentes y otros aspectos que los pueden
condicionar, como la representacion molecular empleada, los descriptores
moleculares asociados a cada tipo de representacion y los filtros moleculares mas
tipicos. Como conclusion de esta revision se identifican los puntos fuertes y las
debilidades de los servidores actuales.

Una vez identificadas las fortalezas y debilidades de las herramientas
actuales, se presenta la arquitectura BRUSELAS, cuyo objetivo es proporcionar,
de manera gratuita, una solucién web que aporte un valor afiadido a los
servidores estudiados. El aporte novedoso de BRUSELAS lo componen,
principalmente, la combinacién de algoritmos de similitud mediante funciones de
consenso y el cribado de grandes librerias mediante el uso de descriptores
moleculares. Adicionalmente, también permite focalizar las librerias generadas
por medio de palabras clave y limitar los resultados aplicando el filtro de
Lipinski. Cabe recordar que la regla del 5 de Lipinski es un filtro molecular
frecuentemente utilizado, que utiliza las propiedades farmacoquinéticas de un
compuesto candidato para decidir si es lo bastante toxico como para impedir su
uso como farmaco [55].

Para alcanzar un rendimiento competitivo con el resto de servidores,
BRUSELAS hace uso de un claster de supercomputacion que le permite obtener
los resultados en tiempo similar o menor al de sus competidores. Este ultimo
articulo se completa con una comparativa del rendimiento y la fiabilidad de las
predicciones realizadas por BRUSELAS frente a un conjunto representativo de los
servidores previamente introducidos. Ademas, se utiliza la nueva arquitectura
para proponer compuestos candidatos a farmacos en algunos dmbitos concretos,
como son la busqueda de anticoagulantes sanguineos o las terapias contra el

cancer.
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ABSTRACT

Introduction: Computational chemistry dramatically accelerates the drug discovery process and high-
performance computing (HPC) can be used to speed up the most expensive calculations. Supporting
a local HPC infrastructure is both costly and time-consuming, and, therefore, many research groups are
moving from in-house solutions to remote-distributed computing platforms.

Areas covered: The authors focus on the use of distributed technologies, solutions, and infrastructures
to gain access to HPC capabilities, software tools, and datasets to run the complex simulations required
in computational drug discovery (CDD).

Expert opinion: The use of computational tools can decrease the time to market of new drugs. HPC has
a crucial role in handling the complex algorithms and large volumes of data required to achieve specificity
and avoid undesirable side-effects. Distributed computing environments have clear advantages over in-
house solutions in terms of cost and sustainability. The use of infrastructures relying on virtualization
reduces set-up costs. Distributed computing resources can be difficult to access, although web-based
solutions are becoming increasingly available. There is a trade-off between cost-effectiveness and accessi-
bility in using on-demand computing resources rather than free/academic resources. Graphics processing
unit computing, with its outstanding parallel computing power, is becoming increasingly important.
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most crystal structures and, therefore, it is common practice to test
many proteins in parallel [4-6]. Side-effects caused by off-target
bindings should be avoided and, therefore, the most promising
compounds are usually tested against many other proteins. The
docking conformations that describe the interactions between
each compound and the corresponding target are optimized
through molecular dynamics (MD) simulations to relax the system
and improve the accuracy with which the binding energy is calcu-
lated. MD is a physics-based simulation method in which Newton's
equations of motion are solved for each atom of the system
considering all the forces involved in their interactions [7].
Depending on the number of atoms involved, it can be computa-
tionally demanding. Other cheaper techniques, such as chemical
similarity and calculating the proximity matrix, are also used in the
drug discovery process [8-10].

CDD methods can be used in either a predictive or
a prospective way. In predictive CDD, calculations are carried out
to process a database of compounds and to anticipate which
compounds are most likely to be of interest before their character-
ization in the laboratory. In prospective CDD, the experimental
results obtained after screening compounds in the laboratory are
analyzed by CDD methods to try to understand why the com-
pounds were selected. In both these approaches, the complexity of
the computations depends on the size of the database and/or the
accuracy of the methods used. The use of high-performance

1. Introduction

Itis now widely accepted that the discovery of new drugs can be
aided by the use of computational drug discovery (CDD) techni-
ques and many approved drugs have reached and passed clinical
trials with their help. New terms have been added to the voca-
bulary of researchers, including computer-aided drug design
(CADD) [1], computer-aided molecular design (CAMD) [2] and
computer-aided molecular modeling (CAMM).

Most drug discovery studies focus on enhancing specific
parts of the processes involved in the development of new
drugs, which can be divided into three phases: (1) a discovery
phase, in which millions of candidate compounds are
screened; (2) a selection phase, in which the candidate drugs
undergo preclinical research; and (3) an assessment phase, in
which the drug is developed and extensive clinical trials con-
ducted. In silico solutions are usually carried out in the dis-
covery phase, whereas screening was previously carried out in
a laboratory over several years with significant economic costs.

Many computational techniques are now available to study the
molecular interactions relevant to drug discovery, such as virtual
screening (VS) [3], which is used to simulate a large number of
interactions between proteins (also known as receptors and/or
enzymes) and small molecule drug candidates (ligands). Docking
software is usually tested on protein families where there are the

CONTACT Horacio Pérez-Sanchez @ hperez@ucam.edu @ Bioinformatics and High Performance Computing Research Group (BIO-HPC), Universidad Catdlica de
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Article highlights

e VS is a computational chemistry approach that is currently used to
reduce the number of wet laboratory experiments required in drug
discovery campaigns. However, it may require a considerable amount
of computing power, the availability of which is an issue for many
research groups and small- or medium-sized companies.

Distributed computing is a cost-effective solution in drug discovery
research and can be implemented in a number of ways. Grid comput-
ing is the most efficient way of distributing the demand involved in
calculations across a network of available computing units. Cloud
computing is deployed through virtual hardware resources and is
a more flexible approach than grid computing because it can be
configured and scaled depending on the complexity of the task.
Within distributed computing platforms, graphics processing unit
computing increasingly has a key role as a result of the parallel
nature of the hardware, which increases the throughput in most
scientific computing tasks. This can be useful for the computationally
demanding tasks involved in drug discovery. However, not all com-
putational chemistry codes are amenable to efficient parallelization.
Cloud applications are now available to support the deployment of
simulations to non-expert users at an early stage. Web servers are available
for VS calculations, which implement many different CDD techniques,
although most of these are for ligand-based methods because these are
computationally cheaper than structure-based methods.

e Even when using distributed computing approaches, the size of the
chemical space is still too large (millions of compounds) to be
covered by one single VS technique. Therefore a hierarchical VS
approach is often adopted: inexpensive methods (e.g. similarity
searching or pharmacophore modeling) are applied first to create
small, focused libraries, followed by more computationally expensive
methods (e.g. molecular docking and MD) to achieve the best results.
Structure-based VS approaches, such as molecular docking or MD,
generally require more computational resources than ligand-based
methods. However, ligand-based techniques are less accurate than
structure-based methods and, therefore, a trade-off is required when
performing computations in distributed computing platforms to
obtain the best results according to the resources available.

This box summarizes key points contained in the article.

computing (HPC) techniques is now mandatory in the develop-
ment of efficient and scalable tools for CDD. Many different HPC
approaches can be used, including graphics processing units
(GPUs), in-house clusters of computers, remote supercomputers
and distributed computing infrastructures.

The creation and maintenance of a local computing facility
capable of managing the huge amount of data obtained from
state-of-the-art acquisition instruments and simulation tools in
drug discovery projects is too expensive for many small- or
medium-sized biotechnology laboratories [11] and the use of
remote computational services is a cost-effective solution.
Remote computing infrastructures provide researchers with the
ability to adjust the computational resources according to their
actual requirements, whereas doubling the size of a traditional
cluster is expensive and can result in many idle resources during
off-peak periods. In a distributed environment, requests to dou-
ble the amount of access to resources simply involve paying for
twice the capacity. Usability is the most crucial aspect in this
scenario because end-users require solutions that simplify their
activities rather than making them more complex.

We review here the current trends and advances in the
application of distributed computing infrastructures to drug
discovery. Section 2 reviews the most commonly used tools in

ligand- or structure-based VS. The tools discussed here pro-
vide a diversity of screening services, such as quantitative
structure-activity relationship (QSAR) modeling, docking and
molecular docking, and MD. Section 3 introduces the currently
available distributed computing environments, including
advances in the use of GPU-based HPC platforms. Section 4
gives several examples and case studies showing how large-
scale distributed platforms based on the grid and cloud com-
puting paradigms have been used successfully in CDD pro-
jects. Section 5 presents our conclusions and discusses the
future perspectives for drug discovery in combination with
advanced computational techniques.

2. Virtual screening methods

This section reviews some of the methods — such as QSAR,
docking and molecular docking, and MD - that are run over
distributed computing infrastructures and used routinely in VS
calculations.

2.1. QSAR

QSAR models can be defined as regression or classification
models that relate several variables, called descriptors, with
bioactivity values to predict the activity of new compounds.
These descriptors codify several chemical features of com-
pounds, including their physicochemical properties and
experimental measurements. QSAR models are developed
using different computational strategies [12] - such as statis-
tical methods, which include multivariate linear regression
analysis (MLR) [13], principal components analysis (PCA) [14],
partial least-squares (PLS) analysis [15], and linear discriminant
analysis (LDA) [16] - or artificial intelligence approaches, such
as extreme learning machines (ELMs) [17], neural networks
(NN) [18], and support vector machines (SVM) [19].

The applicability of QSAR models in drug discovery requires
that the QSAR model has good predictability and provides
a physicochemical interpretation of the possible mechanism
of action. The development of QSAR models, their application
to large datasets, the calculation of quantum chemical descrip-
tors, and the use of advanced statistical methods or artificial
intelligence approaches demands large amounts of computing
resources [20] and mandatory access to HPC resources.

Tetko et al. [21] reviewed various public modeling environ-
ments for the development of QSAR models, such as
OpenMOolGRID [22,23] and its successor Chemomentum [24]
for grid computing, and their application to aquatic toxicity
[25], acute toxicity [26], and the discovery of HIV-1 protease
inhibitors [27]. Other QSAR tools running on distributed com-
puting environments include: Simplex Representation of
Molecular  Structure-Structural  and  PhysiCochemical
Interpretation [28], which can exploit ensemble predictions,
classification techniques, and nonlinear methods, although the
model-building parameters are kept fixed; ISIDA/QSPR [29,30],
which also exploits ensemble predictions; and DTC Lab.
Software Tools [31], which includes a validation method for
the selection of models, is also valid for nonlinear techniques.
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2.2. Molecular docking

Ligand-based methods (e.g. QSAR, similarity searching, pharma-
cophore modeling and docking) represent worthwhile solutions
in drug discovery. However, QSAR and similarity searching do
not take into account knowledge about the binding site within
the protein target and this can reduce the accuracy of the
calculations. To overcome this issue, structure-based methods
are the preferred choice when the 3D structure of the target is
known, although they are usually computationally more expen-
sive than ligand-based approaches. In such cases, it is studied
how the activity of proteins may be altered when small ligands
dock into the well-defined cavities of protein receptors. These
ligands can act as molecular switches and control the activity of
the protein. For proteins involved in a metabolic pathway related
to a disease, artificial ligands can act as drugs [32]. As more
metabolic pathways and their associated key proteins are identi-
fied, the search for artificial ligands has intensified as a method of
improving the treatment of various diseases. The number of
known protein structures continues to grow exponentially,
a trend increasingly complemented by initiatives in structural
genomics [33]. Molecular docking identifies the lead compounds
that can bind to a target protein with high affinity [34]. This is
achieved by calculating the optimum binding position for each
molecule in a large database of potential targets using heuristics
and then ranking the database with a scoring function according
to the estimated affinity [35].

Docking methods have been investigated for many years, and
several compounds have been identified and developed as
drugs [36]. Several docking methods are currently available -
including AutoDock4 [4], AutoDock Vina [37], Glide [38] and Lead
Finder [39] - each of which has different scoring functions and
optimization methods. All of these methods use an atomistic
representation of the protein and the ligand and allow the
exploration of thousands of possible binding positions and
ligand conformations in the coupling process [40,41]. As
a result, the binding modes for many complexes are reliably
predicted. However, unbiased comparative evaluations of the
estimations of affinity by molecular docking show little correla-
tion between the measured and predicted affinities over a wide
range of receptor-ligand complexes [42], suggesting that more
advanced approaches are required to increase the accuracy of
the total binding energies. The use of explicit solvent molecules
and the addition of dynamic effects to the system may partially
circumvent the limitations associated with classical docking
simulations.

2.3. Molecular dynamics

The dynamic nature of real biological environments needs to be
considered if meaningful predictions are to be made. As it is not
possible to apply the most demanding simulations directly to
large libraries of compounds, an efficient workflow should start
by first using inexpensive techniques, such as QSAR, and then
proceed with more expensive molecular docking techniques. The
resulting best-ranked drug candidates can then be selected and
implemented in more advanced simulations, such as MD. This
approach can include the combined effects of the solvent and
temperature in the evolution of the system over relatively long-
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time trajectories — that is, on the scale of nanoseconds to micro-
seconds. MD has been used to rank a series of biologically active
ligands docked into the herceptin antibody, an efficient biological
molecule able to localize malignant cells in patients with breast
cancer [43], The MD simulations allowed ligands that produced an
early release from the binding site (during first 100 ns) to be
discarded because they were incompatible with a stable
interaction.

MD has both advantages and disadvantages in drug dis-
covery research. It has the advantage that the stability of
binding sites can be validated before cell-based assays are
carried out, but the production of MD trajectories requires
large amounts of computational resources, usually defined as
the number of nanoseconds computed per day. Huge efforts
have been devoted to speed up simulations and most of the
currently available MD codes include GPU-accelerated ver-
sions. Unfortunately, such codes require previous expertise
from the user because molecules with chemical features that
are not implemented in the force field parameters need to be
optimized/implemented by the user. As an alternative, some
web servers running under distributed computing infrastruc-
tures are available that may help non-expert users to perform
short MD simulations in a friendly framework, which might
be used as a first proof of concept. A series of representative
examples of online solutions are MDWeb [44], the Gromacs
server as implemented in Haddock [45], Vienna-PTM [46],
CABS-flex [47], Protein structure REFinement via MD [48],
MoMA-LigPath [49], and MoSGrid [50]. Most of these solu-
tions offer predefined protocols to guide the preparation of
the structure (i.e. the experimental PDB file), which should be
‘cured’ and then transformed to a specific format to run
standard MD simulations. These listed tools also allow the
trajectories produced to be analyzed by monitoring the sta-
bility of the whole system using the root-mean-square devia-
tion (RMSD) as well as the geometrical parameters of the
binding site (the non-covalent interactions between the tar-
get protein and ligand).

One of the major drawbacks of classical MD calculations is the
assessment of entropic terms, thermodynamic parameters that
are required to determine reliable absolute free energies. There is
no universal solution for the refinement of the MD protocol, and
several methods have been proposed to better capture the
ligand-protein problem in drug discovery, including free energy
perturbations, umbrella sampling, the potential of the mean
force, and metadynamics. All these additional descriptors may
be used to produce a more accurate prediction. However, their
computational cost restricts their application to small and rigid
systems, which, in turn, prevents the implementation of MD
techniques in the servers currently available. Further develop-
ment is needed before MD can be systematically applied to
complex systems because it requires sampling at large dimen-
sions to produce accurate values for the entropic and solvation
contributions to the free energy [51].

3. Distributed computing environments

Biomedicine was one of the first areas of research [52] to move
from the use of in-house computing facilities or single supercom-
puting centers to distributed infrastructures, in particular grid and
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cloud platforms. These infrastructures are based on the vision of
providing services to users through the sharing of capabilities and
resources. The core idea is that any simulation can be achieved
using the concept of service: a workstation or a supercomputer
represents a computing service, but a database, a domain-specific
application or authentication mechanisms are also services. It is
possible to find dozens of published definitions of these platforms,
which have been modified during their development. Foster [53] -
one of the first developers of grid computing technologies —
defined a computational grid as an infrastructure of both hard-
ware and software that provides dependable, consistent, perva-
sive, and inexpensive access to high-end computational
capabilities. Foster [53] suggested that the essence of grid com-
puting can be described by three concepts: (1) the coordination of
resources that are not subject to centralized control (see Figure 1);
(2) access to, and the management of, resources using standard,
open, general purpose protocols and interfaces; and (3) the deliv-
ery of non-trivial qualities of service. Many years after the spread of
this technology began, we can now describe grid computing as
a wrapper with which to freely access remote multi-institutional
resources, with either dedicated or shared computational time.
Grid computing paved the way for cloud computing.

Cloud computing has been defined by the US National
Institute of Standards and Technology as a model for enabling
convenient, on-demand network access to a shared pool of
configurable computing resources (e.g. networks, servers, sto-
rage, applications and services) that can be rapidly provi-
sioned and released with minimal management effort or
interaction with the service provider. It is based on three
service models (see Figure 2): (1) the software as a service
(e.g. Dropbox); (2) the platform as a service (e.g. the Google
App Engine); and (3) the infrastructure as a service (i.e. the
possibility of managing virtual machines). In contrast with the
definition of grid computing, cloud computing can be defined
as a way to use the internet to deliver on-demand, scalable,
pay-per-use services that rely on computational facilities
hosted by a single institution.

Command Line Interface

.
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Grid Portal .j

The user connects with a federated infrastructure to use
geographically distributed resources for running jobs

Cloud infrastructures can be used for business, commercial,
or research purposes, but the concept is always based on
access to on-demand resources on a pay-per-use basis. By
contrast, grid platforms are used for research by virtual orga-
nizations [54], which are dynamic sets of individuals and/or
institutions sharing a goal to be pursued using the grid
resources without any additional charge. The users of
a cloud infrastructure are customers, but the users of a grid
platform are members of one or more virtual organizations.

The following sections analyze the relevant tools and infra-
structures based on the use of non-local computational
resources, with a particular focus on architectures that have
been used for CDD projects.

3.1. Grid computing

Although initially exploited in the field of high-energy physics, the
biomedical community showed an immediate interest in grid
computing - for drug discovery applications in particular [55] -
and many computational challenges have been met in this con-
text. In addition to large campaigns for the analysis of biose-
quences [56], grid computing has been widely exploited in
structural biology for large-scale VSs of neglected diseases
[57,58] and to determine the MD of huge biomolecular sys-
tems [59].

3.1.1. Service-based grid computing
Most of the grid infrastructures rely on middleware toolkits —
that is, a software layer that lies between the operating system
and the applications. The first example of middleware was the
Globus Toolkit [60], followed by others such as the Advanced
Resource Connector and the Uniform Interface to Computing
Resources. Many different platforms have been proposed on
top of these middleware components for drug discovery pro-
jects and these usually follow one of two approaches.

The first approach relies on general purpose grid service
environments coordinated by virtual organizations. This
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Figure 1. The Grid computing paradigm. On the left side, three examples of user interface are shown (Command line interface, graphical user interface, grid portal).
The central panel shows the common federated and geographical dispersed infrastructure typical of grid computing. On the right side, the three general types of
grid infrastructures are reported (Grid services, grid platform, volunteer computing).
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Figure 2. The Cloud computing paradigm. On the left side, the figure shows how cloud infrastructures are easily accessible from any kind of device. The central
panel shows the common centralized and single-entry point infrastructure typical of cloud computing. On the right side, three popular examples of cloud platforms
are shown (Software as a service, platform as a service, infrastructure as a service).

paradigm can be exploited through both service and software
frameworks, such as the distributed infrastructure with remote
agent control (DIRAC) [61], the distributed analysis environment
(DIANE) [62], and the gLite workload management system
(WMS) [63], which are able to provide high-level job submission
services at the front end and the possibility of interacting with
heterogeneous systems at the back end (see Figure 1).
The second approach aims to standardize the creation, repre-
sentation, and sharing of the so-called computational workflows
that tie a number of software tools together into a single ana-
lysis. This is built on application-oriented grid service infrastruc-
tures where the focus is on the software executed over the
clusters provided within a grid (see Figure 1). This is the case
for myGrid [64], a widely used infrastructure for composing
pipelines in the field of bioinformatics and structural biology
using the Taverna Workbench or the Virtual Laboratory for
e-Science (VL-e) [65], which rely on a grid service infrastructure
and use Nimrod-G semantics to compose complex workflows.

Service-based grid computing is usually free, but the user
needs to belong to an academic institution. Association with
a virtual organization is required for grids relying on such
organizations.

3.1.2. Desktop-based grid computing

The other grid approach that gained progressive success in
the scientific community is known as desktop grid or volun-
teer computing because it often relies on the general public to
donate resources. Desktop computing and, more generally,
volunteer computing are usually free and only registration is
required (see Figure 1).

This paradigm relies on middleware oriented to peer-to-
peer architectures. This means that there is no clear distinction
between the grid entities owned by users (e.g. a workstation)
to access the infrastructure (e.g. a cluster shared via grid
middleware) and every resource can act as both a client and

a server at any one time. Any user can bring resources into the
grid because the installation and maintenance of the software
is intuitive, requiring no special expertise, which enables
a large number of donors to contribute to the pool of shared
resources.

The most popular middleware for desktop grid applications
is the Berkeley Open Infrastructure for Network Computing
(BOINC) [57], which was originally developed in the context of
the SETI@home project [66] to search for extraterrestrial intel-
ligence. The main feature of BOINC is represented by its
simple API, which allows easy interaction with other environ-
ments, and its great community support. For example, the
EDGeS project [67], which aims to create an infrastructure
combining the advantages of service (the EGEE infrastructure)
and desktop grids, is using BOINC.

3.2. Cloud computing

Grid-computing infrastructures are not completely satisfactory
when running complex applications, in particular for industrial
companies [68], because they do not provide a flexible and
reliable environment. Most of the users submit batch jobs to
remote clusters with little or no interactivity or the possibility
of customizing the environment. The management of the
storage of distributed data is complex, especially the admin-
istration of geographically dispersed databases. Misconfigured
nodes on the grid are common, which results in jobs that fail
continuously, emptying the grid queue, an effect known as
shrink hole.

By contrast, cloud computing aims to provide the elements
of a classical computational infrastructure (from a single work-
station running the company website to a fully operational
HPC cluster with high-speed network connections) as an on-
demand service using virtual machines and virtual clusters,
with development and execution frameworks and applications
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as services (see Figure 2). This paradigm addresses the key
demands of creating an easily accessible and flexible environ-
ment (see Figure 2), able to support data processing and, in
general, to provide everything required to perform complex
analyses [69]. Cloud computing vendors such as Amazon [70]
and Google [71] provide specialized environments to ease
biomolecular data processing in the cloud.

Cloud computing allows the adoption of novel program-
ming models — such as MapReduce and Spark, both of which
rely on the Hadoop file system, an open source framework
that enables the distributed processing of large datasets -
which are exploited for sequence alignment [72-74], drug
discovery [75-77], and many other applications [78]. In
MapReduce, the input of a computation is split into indepen-
dent chunks, which are then processed by the map tasks in
a parallel manner. The results are then sorted and processed
by the reduce tasks to provide the final output. By contrast,
Spark works as a toolset for distributed programs and offers
a (deliberately) restricted form of distributed shared memory,
facilitating the implementation of iterative algorithms that
visit their dataset multiple times.

Some initiatives support the execution of virtual machines
on top of grid resources, such as the Worker Nodes on
Demand Services (WNoDes) framework [79]. This approach
has been exploited for macromolecular characterization and
the estimation of free energy in protein—-protein docking [80].

3.3. GPUs and distributed computing

GPUs can be used to reduce the execution time of scientific
applications [81,82] within distributed computing scenarios.
In particular, GPUs have been ranked as one of the platforms
with the highest projection for implementing algorithms that
simulate complex scientific problems. Since their first appear-
ance, the development of GPUs has been marked by the
world of video games, which have reached high levels of
popularity as more realism is achieved. In 2006, NVIDIA, the
leader in the manufacturer of GPUs, made a breakthrough in
the world of HPC when they released the Compute Unified
Device Architect (CUDA) development kit. This architecture
makes it possible to use GPUs for the development of scien-
tific applications. Six of the ten most powerful supercompu-
ters in the world [83] currently have coprocessor (GPU or
similar vector-based devices) accelerators.

In the limited subset of problems for which enough effort can
be invested to ensure that specific drug discovery software sup-
ports GPU computing, these devices can greatly accelerate cal-
culations. Not all algorithms are good candidates for acceleration
[84,85], but scientists are now aware of the benefits that HPC can
bring to their research, either by including these hardware plat-
forms in their studies or by directly designing and implementing
specific software that can be used on these platforms.

4. Examples of applications

This section discusses examples of drug discovery using dif-
ferent distributed computing architectures and ligand-based
VS (LBVS) servers.

4.1. Grid-based examples

One of the most interesting grid projects is Wide in Silico
Docking on Malaria (WISDOM) [86], which has the goal of
using the computing resources offered by the Enabling Grids
for E-Science in Europe (EGEE) project (the largest grid project
in Europe developed for the Large Hadron Collider at CERN in
Geneva) to select drug-like molecules active on a biological
target to fight malaria [87]. Malaria was chosen because tro-
pical diseases often suffer from a lack of research due to the
cost of bringing new drugs to market. The project developed
in silico approaches to VS, mainly using resources from the
EGEE project, but also from EUChinaGrid and TWGrid in Asia,
EUMEDGRID in Africa, and OSG and Digital Ribbon in the USA
[58]. Several of the drug-like molecules selected in silico have
been confirmed by in vitro tests to be active inhibitors and the
most promising molecules have been patented [88].

An infrastructure similar to that used in WISDOM was
also used to perform a large VS project (see Figure 3)
aimed at identifying new drugs for potential variants of
the influenza A virus [57]. About 300,000 compounds
selected from the ZINC database and ad hoc chemical
combinatorial library were screened against eight variants
of neuraminidases predicted by homology modeling. The
distributed analysis environment was used as the job dis-
patcher and a portal was developed to visualize the
achieved outcome to make the docking conformations
and scoring results available to biologists. Using thousands
of CPU cores on a grid, a six-week long, high-throughput
screening activity was accomplished, performing >100 CPU
core years of calculations, producing around 600 gigabytes
of results, and identifying about 100 compounds for
further biological analysis and testing (see Figure 3).

Among the grid initiatives oriented toward structural biol-
ogy analysis and relevant to drug discovery, the European
Model for Bioinformatics Research and Community Education
(Embrace) network of excellence [89] has been particularly
important in the promotion, development, and implementa-
tion of standards for the interoperability of resources in the life
sciences community. Another example is the BIOINFOGRID
project [90], which aims to exploit the existing EGEE infra-
structure for large-scale modeling and simulations of biologi-
cal problems and in which docking and MD had a primary
role. Many attempts have been made to perform MD on grid
[91,92] and cloud [93,94] platforms, although the only
approach that gained some popularity was the Hamiltonian
Replica Exchange method [95].

In addition to dedicated virtual organizations, several ad
hoc grid systems have been proposed for the execution of
bioinformatics and drug discovery workflows [96]. One of the
most effective service-based environments for running work-
flows is Taverna [97]. Many projects oriented toward the
annotation, modeling, and simulations of biological macromo-
lecules, such as myGrid [64] and the VL-e [65], rely on this
infrastructure. Taverna was designed to combine distributed
grid services and/or local tools into complex analysis pipelines
to tackle a wide range of scientific research [98]. Once con-
structed, the workflows become reusable resources. Many of
these workflows are oriented toward structural biology and
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Figure 3. The architecture of the grid-based infrastructure adopted for WISDOM and the Avian flu virtual screenings. DIANE was used as job dispatcher and a grid
application portal was developed to visually inspect achieved results. In the top left corner, the distribution of the jobs among the different geographical regions of
the world. In the bottom left corner, the structure of the neuraminidase that was target of the screening. In the top right corner, the job monitoring application used
in the virtual screening. In the bottom right corner, the enrichment curve of one of the leading compounds identified with the virtual screening.

drug discovery, in particular the VS and identification of pro-
tein-binding sites, by leveraging Taverna'’s technology for data
storage, workflow enactment, change event notification,
resource discovery, and provenance management [99].

The VL-e environment, by leveraging existing grid technolo-
gies, enables molecular modeling for drug design using geogra-
phically distributed resources. The concept involves screening
millions of compounds in a chemical database against a protein
target to identify those molecules with potential use in drug
design. The VL-e uses the Nimrod-G parameter specification
language to transform the existing molecular docking applica-
tion into a parameter sweep application suitable for execution
on distributed systems. New tools have been developed to
enable access to ligand records/molecules in chemical databases
from remote resources. The Nimrod-G resource broker, along
with the chemical database data broker, is used for scheduling
and the on-demand processing of docking jobs on the grid
resources. The results show the ease of use and power of the
Nimrod-G language and VL-e tools for drug discovery on grid-
computing platforms [100].

Moving toward the desktop grid paradigm, one important
example is represented by the Drug Discovery Grid (DDGrid)
[101] project. This focuses on providing drug screening services,
such as building docking processes for the virtual high-
throughput screening of the avian influenza virus [102]. The pro-
ject relies on a grid environment and the grid computation
resources of the Grid@Asia project. DDGrid leverages BOINC with
grid technologies to harness the power of clusters and super-
computing systems owned by different organizations in China
and South Korea.

Rosetta@home, a distributed computing project for the
prediction of protein structures, also relies on the BOINC plat-
form and aims to model protein-protein docking and protein

structures. Rosetta@home has been used to validate proteins
that neutralize influenza [103,104] and enzymes that break-
down gluten for the treatment of celiac disease, all of which
are moving through animal trials and into clinical trials
[105,106]. Rosetta@home has also been applied to research
on malaria, Alzheimer's disease, and other pathologies [107].

In addition to disease-related research, the Rosetta@home
network serves as a testing framework for new methods in
structural biology. Such methods are then used in other
Rosetta-based applications, such as RosettaDock [108],
RosettaDesign, and Robetta [109]. Rosetta@home consistently
ranks as one of the foremost docking predictors and is one of
the best predictors of tertiary structure currently available
[110]. Using hundreds of thousands of cellular telephones
and other mobile devices, Rosetta@home was used to validate
peptide macrocycles designed with rigid structures, which
could be useful as peptide therapeutics [111,112].

The conformational states from Rosetta’s software can be
used to initialize a Markov state model as starting points for
simulations  using  Folding@home [113], which s
a distributed computing platform for studying protein fold-
ing and other types of problems that can be solved with
MD. As Rosetta only tries to predict the final folded state,
and not how folding proceeds, Rosetta@home and
Folding@home are complementary and address very differ-
ent molecular questions. Folding@home has been recog-
nized as the most powerful distributed computing network
in the world [114] and, in contrast to other similar projects,
it does not rely on BOINC, but on a specific networking
library called Cosm [115].

Large-scale executions of drug discovery applications on
volunteer grids are no longer simply research projects, but
an effective way to run in silico simulations. The main issue is
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the ratio of volunteer resources needed to achieve the com-
puting power of a grid or cloud node, which is, on average,
greater than three [116,117].

4.2. Cloud-based examples

Many examples of cloud computing rely on the platform as
a service (PaaS) model, where applications are built using
higher level platforms/frameworks. Many MapReduce-
inspired frameworks developed by the Apache Software
Foundation are currently available to manage and process
large amounts of high-throughput omic data. For example,
the Cancer Genome Atlas project made use of Hadoop to
split genome data into chunks distributed over the cluster
for parallel processing [118,119].

The Collaborative Genomic Data Model (CGDM) [120] uses
Hadoop to boost the querying speed for the main classes of
query on genomic databases. MetaSparks [120] uses Spark to
recruit large-scale metagenomics reads to reference genomes,
achieving better scalability and sensitivity than programs
based on a single machine [121], a principle that has also
been applied to drug discovery [122].

4.3. GPU-based examples

GPUs have recently started to be used outside their traditional
role as a graphical component of computers. This new appli-
cation is known as general purpose computing on graphics
processing units (GPGPU).

An example of GPU sharing within a distributed infrastruc-
ture is GPUGRID.net [123], a distributed computing infrastruc-
ture devoted to biomedical research. It consists of many GPUs
joined together to deliver high performance all-atom biomo-
lecular simulations. The simulations aim to develop better
drugs by determining the mechanisms of drug resistance in
cancers, modeling HIV maturation and investigating the fea-
tures of neurologically important proteins.

The possibility of accessing GPUs on distributed facilities is
particularly appealing because the most popular manufac-
turer, NVIDIA, markets itself as the best way to accelerate
this kind of application. They have reported that MD applica-
tions, such as ACEMD [124] and GROMACS [125], traditionally
CPU-based, achieve increases in speed of up to eight times
with the incorporation of their massive parallel platforms.

Researchers have carried out comparisons showing the
reduced times achieved by performing tasks in these new
platforms relative to traditional computation. Marin et al.
[126] compared the performance of a parallelization on multi-
core systems against a GPU and showed that the GPU imple-
mentation was up to 33 times faster. Analyses by Chiappori
et al. [93] showed that these simulation techniques are time-
consuming and, therefore, parallel computing and GPU com-
putations are required to reduce computation times.

Interesting papers have been published in this area of
research — for example, Hung et al. [127] reviewed the two
main CADD-based approaches (structure- and ligand-based
drug design) and concluded that both multiple computers
and GPGPU approaches can significantly improve the CADD

performance. Vogt et al. [128] reviewed the current trends in
method development, including the implementation of GPUs.

Ma et al. [129] used GPUs to accelerate the chemical simi-
larity calculation that plays a major part in VS. Malhat et al.
[130] saved between 76 and 99% of their computation time by
using GPUs in their implementation of the Ward algorithm to
group similar chemical compounds. Lo et al. [131] used CUDA
to accelerate the prediction of protein-ligand-binding regions
using geometrical features.

Docking applications based on the scoring function, such as
MetaDock [132], use a metaheuristic scheme to generate a large
number of heuristic strategies for VS. MetaDock is designed to
take full advantage of parallel and heterogeneous architectures,
including multiprocessor chipsets and NVIDIA GPUs. Figure 4
shows how the MetaDock data distribution model works in
GPUs. In this schema, the receptor molecule is stored in the
shared memory of the multiprocessors to make better use of
the memory accesses. The drug candidates are grouped in blocks
of threads and are able to share the data from the receptor
between the threads of the same multiprocessor. The application
uses a computational molecular coupling methodology that
seeks to predict the non-covalent binding of molecules or,
more often, a macromolecule (receptor) and a small molecule
(ligand). The aim is to predict the bound conformations and
affinity of the union - that is, the strength of association —
which is usually measured by a scoring function [133,134].

Another approach that takes advantage of parallel pro-
gramming is the migration of tools into this new parallel
paradigm. Mcintosh-Smith et al. [135] used this new GPU
programming paradigm to increase the overall performance
of the drug-screening process, porting their tools to OpenCL.
They describe the BUDE (Bristol University Docking Engine),
which is a structure-based VS (SBVS) engine, and present it as
one of the first applications migrated to modern hardware
[135]. Fang et al. [136] describe GeauxDock, a new molecular
docking program migrated to run over parallel platforms.
Some of these research groups are also involved in the review
of new programs developed to take advantage of these par-
allel platforms [137]. Krige et al. [138] ported a commercial
application (blazeV10) of VS to these platforms and compared
an OpenCL version on a broad range of devices. Harvey et al.
[139] implemented ACEMD, a production-class biomolecular
dynamics simulation program specifically designed for GPUs.
Sukhwani et al. [140] accelerated a production mapping soft-
ware program using NVIDIA GPUs.

In addition to migrating tools to a distributed infrastructure to
take advantage of the massive parallel platforms, another
approach is to implement new programs to perform some tasks.
For example, McArt et al. [141] implemented a new program to
perform connectivity mapping, which is a computational techni-
que dedicated to drug repurposing around differential gene
expression analysis. They drastically reduced the computational
times; previous implementations took up to seven days, whereas
using a GPU reduced the time required to just 10 min.

Studies in parallel algorithms that have led to new
advances in this area include the work of Hu et al. [142],
who developed a new GPU-based analytical method focusing
on risk epistasis in a genome-wide association study of com-
plex traits.
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Figure 4. Data distribution model on GPU in METADOCK. Drug candidates are grouped in blocks of threads and mapped to the multiprocessors for their
computation. The shared memory, in the lower part, stores parts of the receptor molecule for reuse by the candidates that integrate the same block of threads.

4.4. Applications of virtual screening web servers

HPC has been extensively applied in VS. When full informa-
tion about the target protein is available, SBVS methods are
preferred and several servers are available to perform dock-
ing calculations. DOCK Blaster [143], Haddock [45], iScreen
[144], SwissDock [145], and VSDocker [146] are examples of
this type of server. Achilles [147] is a web tool implementing
the blind docking approach. A distinguishing feature of
Achilles is that it provides detailed reports, including the
most likely ligand structure clusters, after processing the
whole surface of the chosen protein.

SBVS calculations are wusually very accurate, but the
required information from the target protein is not always
available. In such cases, LBVS is used as an alternative
approach. A number of different servers implementing differ-
ent approaches to LBVS are available on the web. As an
example, SwissSimilarity [148] performs both 2D and 3D simi-
larity searching, whereas HybridSim-VS [149] and USR-VS [150]
focus on 3D similarity, including geometrical information
about molecules. Other servers, such as iDrug [151],
ChemMapper [152] and ZINCPharmer [153], use pharmaco-
phore modeling to assess similarity. LBVS servers can effi-
ciently scan millions or billions of compounds in a short time
and are often a cost-effective solution to screening.

These examples have focused on the core of VS calcula-
tions. However, HPC can also help in the early stages of the
screening process. For example, the prediction of molecular
descriptors or fingerprints (e.g. molecular weight, number of
rotatable bonds, number of acceptor/donor hydrogens) is
a sensitive task that benefits from high computing power.
BioTriangle [154] is a complete toolkit for the characterization
of complex biological molecules and their interactions. This
tool is not only useful in the field of cheminformatics, but also
in bioinformatics. ChemDes is another web tool for finger-
printing and molecular descriptor calculations. It hides the
complexity of many other open source packages from the
users. An extensive compilation of tools and databases for
drug discovery is maintained by the Swiss Institute of
Bioinformatics [155].

5. Conclusions

Distributed computing infrastructures, in particular those rely-
ing on GPUs, are very important in drug discovery programs.
Although Big Pharma can rely on proprietary infrastructures to
perform their analyses in-house, small- or medium-sized bio-
technology laboratories need to exploit distributed infrastruc-
tures to achieve a flexible and cost-effective platform to
perform their simulations. With distributed computing plat-
forms, all players can combine the use of third-party software
made available through a web interface with their own tools
to exploit the full potential of this approach. There is a wide
range of online VS servers providing services for many of the
steps in the drug discovery process, including screening and
fingerprint calculations.

The use of GPUs as computing platforms for drug discovery
processes will further accelerate computations, as shown by
the fact that commercial tools now include GPUs in their
implementation to take advantage of their enhanced perfor-
mance. Working with heterogeneous computation resources
can help to improve the performance of applications. The
main issues in these technological approaches are related to
the cost-effective exploitation of the available computing cap-
abilities because each GPU model has different features
depending on its family and generation and variations in the
number of cores and performance. There is a need to develop
applications with a load-balancing technique to correctly
account for the characteristics of each device when distribut-
ing the workload through a distributed computing environ-
ment. Grid and cloud science gateways are an effective
solution to providing user-friendly access to computational
power and tools, while solving security issues and the problem
of moving data between centers. These infrastructures are
typically free for scientific purposes.

6. Expert opinion

Rapid developments in computational capabilities, combined
with the explosion of research into personalized medicine, are
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currently leading the third wave of drug discovery. This new
approach of personalized drug discovery should greatly improve
the therapeutic effects of drugs while reducing their side-effects.
The screening and validation of functional gene and protein
targets in the early stages of drug discovery, and the develop-
ment and optimization of selected molecules, requires huge
amounts of computational power, which is difficult to buy and
operate for small- and medium-sized biotechnology laboratories
and academic research groups. In addition, perhaps surprisingly,
large pharmaceutical companies are increasingly outsourcing
research and computing activities to cut costs and to access
state-of-the-art knowledge and technologies. We, therefore, see
leading scientific institutions and computational chemistry com-
panies shifting their business model from releasing commercial
packages to providing distributed/cloud support for drug dis-
covery research, while pharmaceutical companies exploit cloud
services for drug development. As an example, in 2014, the
Novartis Institutes for Biomedical Research used Amazon infra-
structures to build a platform for the VS of compounds against
a common cancer target [156], leveraging the power and agility
of cloud computing to conduct 39 years of computing in just
11 hours, creating an on-demand computing system that would
cost an estimated US$44 million to build for a cost of only US
$5000. It is now almost impossible for researchers to enter the
world of drug discovery without using these platforms.

These developments lead to the key message of this paper:
recent advances in distributed computing technologies and
infrastructures mean that they are now essential in the field of
drug discovery. This was not true before the emergence of the
grid computing paradigm about 30 years ago and, later, the
cloud-computing paradigm, but is currently very clear. The
possibility of exploiting these paradigms presents great
opportunities, as demonstrated by the large simulations con-
ducted on grids and clouds by both pharmaceutical compa-
nies and public institutions, but also presents some
weaknesses in terms of the effectiveness, accuracy, and usabil-
ity of software and hardware in distributed environments.

Effectiveness and accuracy mean the use of the correct meth-
ods in QSAR, VS, lead optimization, and MD. Therefore, after the
development of new algorithms, usually by academic research-
ers, it is necessary to support the software through its full devel-
opment for commercial use. The most common business model
is to create spin-off companies to consolidate the development
of these approaches, closing the gap between academia and the
market, with sponsorship from pharmaceutical companies.
These companies should also support users in applying these
new approaches in the correct way, preventing failures in hand-
ling each specific tool. Some successful examples are available in
the field of drug discovery, such as AMBER, one of the most
popular software packages for MD. Usability refers to the devel-
opment of environments that lower the barriers to applying
distributed and parallel computing infrastructures for drug dis-
covery and offer support in handling failures.

Despite some open issues, drug discovery is moving toward
distributed infrastructures because they provide high perfor-
mance and cost-effective access to software tools, data, and
infrastructures. From the computational point of view, in silico
analyses that were, until recently, impossible, are becoming
increasingly feasible by applying the most suitable distributed

computing infrastructure. This represents an incredible poten-
tial for this field of research, but more effort is required to
develop and automate the functionalities that are crucial in
enabling agile and flexible predictive modeling and simulation
protocols. Workflow management systems can aid in many of
these challenges, but the currently available systems are not
suitable for users unfamiliar with ICT systems.

By considering the cost-effectiveness of the different dis-
tributed infrastructures available to researchers for drug dis-
covery, a recent review of computational models in
computational biology evaluated the performance of a single
application exploiting grid and cloud computing [69]. This
study reported comparable results in terms of execution
time, but also demonstrated that grid platforms have over-
heads due to failures caused by server misconfigurations and
waiting times in cluster queues. Cloud infrastructures should,
therefore, be preferred over grid approaches if the budget is
sufficient, whereas if cost is a major issue, such as for
neglected diseases, grid platforms may still be a valid solution.

Cloud platforms have cost advantages compared with buy-
ing local facilities because dynamic access to resources is less
expensive than having a private infrastructure. In particular, if
spot instances — cheap resources that can be turned off by the
vendor when there is a high on-demand computational load -
can be used, which may occur in VS but not in MD simulations,
then cloud computing could be cheaper than buying comput-
ing power from a high-performance computational facility. This
is particularly true if the cloud servers are equipped with high-
end GPU devices and the applied cost model is appropriate.

Grid infrastructures and supercomputing centers require
the pre-installation and tuning of software, whereas cloud
solutions can exploit the pre-configured virtual machines
released by vendors (e.g. Amazon and Google) or specialized
companies (e.g. Eagle Genomics or Cloud Pharmaceuticals).
However, it is important to highlight the fact that containers
specialized for drug discovery analysis - for example, those
relying on Docker [157] - can be used to rapidly create custom
environments on all these platforms, reducing the time
needed to set-up and configure the software [158].

Future work in this area should be directed toward simplifying
analyses and improving cooperation among researchers by pro-
viding input data, sharing the parameterization settings, and
releasing non-sensitive results to the scientific community.
Open access to data and the reproducibility of methods have
gained much attention in recent years and this is particularly true
for approaches to developing new drugs. Tools are being devel-
oped to support researchers in this regard, but they require
improvements and the trust of the scientific community.
Workflow management systems and virtualization platforms are
currently available to help improve the reproducibility and shar-
ing of results and methods, although this is seldom considered
before a publication or a patent is accepted as a result of the
costly and long-running analyses required to achieve significant
results and due to privacy/security issues. We postulate that
open sharing is beneficial to the research community and
research is more efficient when sharing is possible while protect-
ing sensitive data.

A particular area of interest that, in our opinion, represents
the next revolution in drug discovery is related to deep-
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learning approaches [159], both for selecting compounds and
for their optimization. With the support of NVIDIA, some tools
have already been released to improve the quantum
mechanics energy function and to produce computationally
fast and accurate molecular energy surfaces, geometries, and
forces. As a result of the complexity of these approaches, the
use of HPC in a distributed infrastructure will be unavoidable.
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Virtual screening has become a widely used technique for helping in drug discovery processes. The key
to this success is its ability to aid in the identification of novel bioactive compounds by screening large
molecular databases. Several web servers have emerged in the last few years supplying platforms to guide
users in screening publicly accessible chemical databases in a reasonable time. In this review, we discuss
a representative set of online virtual screening servers and their underlying similarity algorithms. Other
related topics, such as molecular representation or freely accessible databases are also treated. The most
relevant contributions to this review arise from critical discussions concerning the pros and cons of servers
and algorithms, and the challenges that future works must solve in a virtual screening framework.
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Designing a new drug is a long and expensive process, usually costing billions of dollars and may well take >10
years [1. While a few decades ago most of the investment went on experimental research to identify novel drug
candidates in the hope that one would show biological activity against a target protein [2], nowadays computer-aided
drug discovery (CADD) tools have gained importance because they can reduce the number of ligands that need to
be screened in experimental assays. Among existing CADD techniques, virtual screening (VS) is one of the most
important and widely used (3]. VS scans large databases of compounds, either of known molecules or of molecules
that could be synthesized, searching for those that have the highest probability of showing some property of interest,
for example, a beneficial effect on cholesterol levels (4]. Although smaller databases can also be screened, the present
contribution mainly focuses on tools for screening large databases, which is one of the predominant cases. The
success of VS is defined in terms of finding lead-like hits with potential biological activity against the intended drug
targets rather than several hits, which may make it a reliable, profitable and time-saving technique 5].

VS techniques are usually classified into two major categories: structure-based (SBVS) and ligand-based (LBVS)
VS SBVS, which is more suitable for finding structurally novel ligands, is the preferred method when the 3D
structure of the target protein has been characterized experimentally (e.g., x-ray crystallography (6], NMR (7,8]
or homology modeling 9,101). In cases where the 3D structure of the target is unknown or its prediction by
structure-based methods is challenging, LBVS is the preferred protocol [11-13]. The functionality of the core engine
of LBVS is based on the assumption that molecules with a similar structure (in terms of structure, pharmacophoric
features, molecular fields, etc.) also exhibit a similar behavior. Thus, LBVS relies on a comparison of the structure of
molecules. The choice of one or other of the approaches strongly depends on the case in question. Generally, LBVS
techniques, such as substructure mining and fingerprint searches, are faster than those of SBVS (e.g., molecular
docking). Indeed, they have proved to be reliable in many cases for finding promising compounds based on physical,
chemical or thermodynamic properties (141, which is why this contribution is mainly focused on LBVS methods.

Ligand-based methods depict compounds through a set of descriptors that represent molecular characteristics in
numerical form. Descriptor selection is important for many reasons, but specifically, because the correct selection
of descriptors can lead to cost-effective models and reduce the noise of redundant descriptors. Descriptors can be
classified according to several criteria, such as the nature of the characteristics they represent — for example, they
could be categorized as geometrical, topological, thermodynamic, constitutional or electronic 115] — among others.
Another frequent classification is based on the geometrical structure of a molecule, being grouped as 1D, 2D or
3D 116]. On the basis of these and other criteria, many software tools, such as Omega (17], OSIRIS (18] or MoKa [19,20],
can help in computing molecular descriptors and provide a well classified set of the same. Unfortunately, although
such tools can calculate the same descriptors, their estimated values may not be the same leading to dissimilar
evaluations of similarity. Consequently, the selection of one or the other might have an impact on the final output
of the screening. In addition to difficulties involving the complexity of descriptor calculations and the selection of
the most suitable representation, LBVS must handle the overwhelming volume of information available in several
chemical databases. Large amounts of molecular and biological activity data are available nowadays through freely
accessible databases, such as ZINC 211, PubChem 221 or ChEMBL [23]. The sizes of such databases (Table 1),
ranging from a few thousands in Drug Bank [24] to almost one hundred million in PubChem, point to the quantity
and diversity of the data sources available for screening.

Chemical databases fit the requirements to be considered as Big Data resources including the 5Vs (volume,
variety, velocity, veracity and value) rule, which is accepted as one of the most extended standards to define big
resources [(32]. In a CADD context, the requirements of volume, variety, velocity, veracity and value can be seen
in molecules, algorithms and techniques [33-35]. As the screenable databases are very large and provide such a
diversity of information, sometimes of limited or unknown usefulness, heuristics (e.g., a preliminary filtering of
compounds) are typically used to avoid spending excessive time on unpromising calculations. To handle all these
issues, technology has been extensively applied to automate some steps of LBVS (e.g. descriptor calculation, database
screening and molecular comparison) [36-38]. Because of this, the importance of LBVS web servers has grown in
the last decade (Figures 1 & 2) resulting in an increasing number of publications regarding related topics [39-421.
However, the lack of a critical assessment of the existing servers and the impact of molecular representations on
their performance is an important issue that needs to be covered. To help fill this gap, this work identifies the main
implementation details of the existing web servers and provides a critical overview of this topic.

10.4155/fmc-2018-0076 Future Med. Chem. (Epub ahead of print) future science group
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Figure 1. Number of publications indexed by the Web of Knowledge concerning ligand-based virtual screening web servers.The
asterisks (*) are a wildcard symbol which means "any character(s)’ in the context of a Web of Science query.
TS: Topic searched; QSAR: Quantitative structure-activity relationship.
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Figure 2. Number of citations indexed by the Web of Knowledge concerning ligand-based virtual screening web servers,
The asterisks (*) are a wildcard symbol which means 'any character(s)’ in the context of a Web of Science query.
TS: Topic searched; QSAR: Quantitative structure-activity relationship.

future science group 104155/fmc-2018-0076



62

ANTONIO JESUS BANEGAS LUNA

Review Banegas-Luna, Ceron-Carrasco & Pérez-Sanchez

Table 1. Some of the most well-known, freely-accessible databases used in virtual screening (accessed on 16 September

2018).
Database
GDB-17
PubChem
ChemSpider
ZINC
ChemMine
ChEMBL
ChemBank
Binding DB
Protein Data Bank
Drug Bank
KEGG Ligand

Compounds Website Ref.
166.4 billion http:/gdb.unibe.ch [25]
95.4 million https://pubchem.ncbi.nlm.nih.gov [22]
65 million http://chemspider.com [26]
35 million http:/zinc.docking.org [21]
6.2 million http://chemminedb.ucr.edu [27]
1.7 million https:/febi.ac.uk/chembl [23]
1.7 million http://chembank.broadinstitute.org 28]
648,871 https://bindingdb.org [29]
140,109 http:/ircsb.org [30]
10,562 http://drugbank.ca [24]
5645 http:/genome.jp/kegg/drug [31]

The first part of this review introduces the most relevant topics for a better understanding of the servers described
afterwards, for example, 2D and 3D comparison algorithms, flters and descriptor extraction. The second half
presents the most widely used online servers that help usets to perform LBVS. Finally, an overview of the main
advantages and drawbacks of every server and technique is given in Section 4, identifying the challenges that remain
in relation with this emerging subject.

Molecular representations in LBVS
The representation of molecules using models is the initial input of the first LBVS step. Such models represent
a collection of molecular properties, which are classically classified into 1D, 2D or 3D subgroups (43). Each
representation has a set of characteristics that make it especially helpful in some steps of LBVS. Calculating
similarity is an example of a process that is strongly impacted by the dimensionality of the representation chosen.
Table 2 summarizes the core equations for calculating the similarity between a query and a candidate ligand,
together with the required dimensionality and a few examples of where they are applied.

The following sections introduce different types of molecular representations and emphasize their impact in
LBVS. A set of representative comparison algorithms and screening filters are also presented.

Representing a molecule with descriptors

Descriptors or molecular properties are mainly used to build a fingerprint representing a molecule. Such fingerprint
may contain 2D and 3D descriptors, which can be represented as binary or real values. The election of 2D or 3D
descriptors is a crucial choice in the fingerprint building process, especially considering that not all the descriptors
have a relationship with the biological activity. Molecules of similar 3D shape and with similar properties could
share biological activities, even if their 1D and 2D representations are not similar, because the binding affinity
between molecules and target proteins is dependent on atomic interactions in the 3D space [16]. This may lead to
3D descriptors being considered a better choice; however, a single molecule usually has many 3D representations,
which makes 3D models more demanding in terms of storage space and calculation time [15,53). By contrast,
although 2D descriptors perform well, they omit the characteristics related with the spatial disposition of the
molecule (e.g., shape or atom distribution), whereas 3D descriptors correctly account for such properties when
evaluating similarity [16). Many software packages provide descriptor calculation functionalities (Table 3), but not
all of them extract the same set of descriptors, so that the correct choice of software will strongly depend on the
particular needs.

Implementation of 2D representations

As already mentioned, 2D representations are a cost-effective solution in many cases. Fingerprints are a very common
way of representing molecules in LBVS, but there is a large variety of 2D molecular models including graphs and
vectors. The 2D representation of molecules in graph form is simple and helps in the construction of graph-based
molecular models, which are especially useful for representing the connections between atoms. Such models are
able to include most of the information represented by descriptors for QSAR (quantitative structure—activity
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Table 2. Summary of molecular similarity theoretical background.

Approach Dimension Similarity formula Ref.
2D fingerprints 2D [44,45]
2D/3D fingerprints combination ‘Q A C‘
D(Q.C)= ——
ov
Physical-chemical properties 3D [46,47]
Reverse SBVS/LBVS n
_ [z 2
D (Q= C) - Z Qi - Cz
i=1
Align-IT 3D [48,49]
3DAPfp/3DXfp n
Topological analysis — _
D Q: C - Qi Ci
i=1
PharmShapeCC 3D [50]
3(07C)
D(0.C)=
>.0vC)
i i i
Avalanche 3D [511
16 Nbins
— g_ .C
D(0.C)= 3 3}
=l j=l
Machine learning 3D [52]

m .
2y in (g, X,
m n m .
Z,zle.f t 2N T Zr:lmln (Xg; = %c;)

C: Candidate ligand; D: Similarity; LBVS: Ligand-based virtual screening; Q: Query molecule; SBVS: Structure-based virtual screening.

D(Q,C)=

Table 3. Examples of software packages for calculating descriptors.

Software Descriptors Status Ref.
DRAGON 4885 Commercial [54]
MODEL 3778 Freeware [55]
ChemoPy 3735 Freeware [56]
PADEL 1875 Freeware (57]
‘CODESSA 1500 Commercial [58]
ADRIANA. Code 1244 Commercial [59]
MOE 300 Commercial [60]
CDK Descriptor Calculator 50 Freeware [e1]
RDKit a8t Freeware [621

¥ A total of 40 descriptors and 8 types of fingerprints.

relationship) without much complexity, so that graphs are suitable for the rapid development of graph-matching
algorithms to evaluate similarity (63]. A more generic approach, however, is to use vectors to represent molecular
properties, such as MW or the number of rotatable bonds. Each position in the vector represents a descriptor. Vectors
provide two main benefits: they are suitable for representing 2D and 3D properties; and calculating similarity (S)
between two binary vectors (QQ and C) is extremely easy and fast with Boolean logic (Equation 1) [16].

onC
S(Q, ): ove (Equation 1)
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A fingerprint is a particular case of binary vector, where each position contains 1 or 0 to represent the presence or
the lack of a descriptor. The size of this sort of fingerprint grows with the number of descriptors represented but, in
order to use the space efficiently, they can be compressed into shorter ones [44]. Due to their small size, fingerprints
can easily be calculated in advance and stored in a relational database to be retrieved later.

All the introduced methods are useful for modeling molecules, but fingerprints are the most frequently used
because of their computational efficiency and proven effectiveness (64,65).

Implementation of 3D fingerprints

As mentioned above, fingerprints can represent any type of 3D descriptor, and several implementations of 3D
fingerprints can be found in the literature. For example, PMIfp (66] is a 3-bit scalar fingerprint that measures
the principal moments of inertia scaled to MW. An alternative approach is USR [67), which in a 12-bit print that
represents the Euclidean distance distributions calculated with respect to four reference points. An extension of USR
is USRCAT (s8], which divides the atoms into five categories to extend the original print to a 60-bit one. To study
the impact of stereochemistry on LBVS, the novel 3DAPfp and 3DXfp fingerprints (of 16 and 80 bits, respectively)
were computed with the JChem library. Both fingerprints represent an extension of their 2D counterparts amplified
with stereochemical properties (4. It should be mentioned here that not only properties directly extracted from
the molecule are allowed in a fingerprint but also customized descriptors, an aspect that was used to develop an
algorithm based on molecular topological analysis [49). Contrary to the other approaches, molecular topological
analysis merges descriptors and energy charges. Among the 3D fingerprints presented in this section, 3DAPfp and
3DXfp showed the best performance for screening large datasets. Whatever the case, a customized collection of
descriptors can be used to build a fingerprint that suits specific needs.

Pipelining 2D & 3D representations

Although 2D- and 3D-based representations have been presented separately, they may be applied in the same work-
flow to complement each other. This approach has already been used to develop a pipeline for evaluating potential
PDE4 and PDES5 inhibitors [69]. A 2D shape similarity is conducted at the early stage, which is complemented
with a filter by range and a divcrsiry study Finally, the best-scored compounds are comparcd in a more detailed 3D
LBVS step.

Justas 2D and 3D representations are not mutually exclusive, SBVS and LBVS can also work together in a reverse
pipeline (47). Contrary to the usual trend, SBVS is applied first to find the three best scoring small fragments, whose
fingerprints will be used later as queries. Next, LBVS screens the database searching for those molecules whose
fingerprints are similar enough to the three selected, according to Euclidean distance. Since this method deals with
fragments rather than with full ligands, it allows the user to focus on specific regions within the chemical space.
Nevertheless, the SBVS stage may pcrform worse than other 2D ﬁngcrprint approachcs (c.g., turbo similarity [70],
FTrees [71]).

Algorithms for molecular comparison

While the screening of many different data sources is the most usual scenario, not all comparison algorithms
perform well in this situation. However, PharmShapeCC is able to screen trillions of compounds from thousands
of combinatorial libraries in parallel. The key point of such a good performance is that the libraries are synthesized
based on the assumption that the binding poses of the active members of each library do not vary importantly.
Next, the PharmShape (50 tool, which carries out 3D pharmacophore and shape screening, is applied to individual
libraries to find the best candidates.

Avalanche is another tool that can carry out extremely fast shape/feature-based comparisons to determine four
molecular surfaces, taking the Connolly surface 72] as the reference one. The Connolly surface, which is especially
relevant because of its high degree of accuracy, is defined as the surface obtained by rolling up a sphere of radius ‘r
on the van der Waals surface. In this approach, fingerprints are replaced by histograms representing many physical
and chemical properties (e.g., molecular volume, distribution of hydrogen bond donor/acceptors on the molecular
surface), which are used to compare both molecules.

In the recent years several machine-learning approaches, such as Bayesian networks, neural networks, random
forest or genetic algorithms have been introduced in a variety of contexts related with medicine and bioinformat-
ics (73-75). The key principle of these approaches is that the system learns from data through a learning process, which
is usually classified as supervised or unsupervised. Some of such techniques have been combined in a pipeline [52],
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which replaces fingerprints by a so-called signature, to describe the way that atoms are connected in a molecule. In
this approach, genetic algorithms and support vector machines create a training model that is applied to screening
the database in question. A principal component analysis is also conducted during the model creation process to
create a pool of features, which will help to optimize the model.

Excluding less promising compounds through filters

Even though fingerprints can compare two molecules very quickly, LBVS would still be very slow if the query
were compared against every molecule in the database, due to the overwhelming size of the current databases.
Consequently, filters are frequently used, using descriptors aiming at reducing the number of compounds in
subsequent LBVS steps while discarding bad candidates.

Lipinski’s rule of five, which has recently been revisited using pharmacokinetic data in rat [76), is a typical filter
and extensively reported in the literature [77-79]. The prediction of pharmacokinetic—related properties can provide
valuable information for decision making, because many of the compounds predicted as drugs fail in late stages due
to toxicity-related issues. Absorption, distribution, metabolism & toxicity are the properties typically evaluated to
identify toxicity problems (s01. On the other hand, some compounds are likely to interfere in experimental screening
techniques, mainly as a result of their potential reactivity leading to false positives. These undesired molecules are
usually referred to as pan-assay interfering substances (PAINS) and should be excluded from bioassays [s1]. There
are many other filters that can be applied to predict compounds less prone to fail in further stages, such as Veber [s2]
and 3/75 (83). All these filters can be easily implemented using a relational database to make them suitable for web
applications, and they are frequently combined in the same experiment to avoid wasting time on lead candidates
that would be toxic or metabolized by the body into an active form [s4-86].

Web servers

The collection of web servers providing VS services has grown in recent years [37], and their effectiveness is
usually assessed in terms of the accuracy of the results and calculation speed. The application of appropriate filters
and the calculation of efficient representations, as introduced in Section 2, are key points for achieving a good
balance between accuracy and spced [51,87]. Here, we present a representative set of high-throughput LBVS servers
(Table 4) that use different techniques which, either separately or in combination with others, involve very different
calculation times, ranging from seconds to days. The main features of each server, either reported in the original
paper or observed on the website, are summarized in the following table.

Similarity searching is the most rapid and straightforward LBVS approach to search for compounds that are
chemically or physicochemically similar to the query molecule [103,104]. Superimposé, which is a wizard-style server,
provides not only similarity searching but also binding-site searching. Searches are classified into three levels
dCPCnding on [hﬁ SiZC OF thﬁ mOlCCulﬁS: Small mOlCCulC ICVCL macromolﬂculﬁ basﬂd on SubStfuCtu[CS lCVC] and
protein level. Specific options are proposed for each level, including dedicated libraries and comparison algorithms.
To perform similarity searching on small molecules, Superimposé supports two 3D comparison algorithms: scorel
and sd_best_compare. The former is a 3D cyclical algorithm that applies a branch-and-bound technique on a pair
of new artificial molecules obtained by removing some atoms from the original ones. Atoms are removed while
the original molecules and the new ones remain spatially similar. The latter is a two-steps algorithm to find similar
molecules with different connection schema. The first step performs a normalization of the atoms independently of
any rotations or transformations, whereas the second superimposes and refines the alignment of the atoms cyclically.
Other servers implementing 3D shape similarity are available on the web, such as wwLigCSRre and AURAmol. The
idea behind both servers remains the same but wwLigCSRre uses LigCSRre to assess similarity, whereas AURAmol
implements the maximum common subgraph algorithm. As regard to the databases that can be screened, while
AURAmol is limited to its own set of compounds, wwLigCSRre can screen ChemBridge, Drug Bank and many
other datasets.

To cover the 2D and 3D screening of ultralarge libraries, SwissSimilarity carries out similarity searching, allowing
users to choose among many similarity algorithms and libraries of small molecules. A 2D fingerprint-based search is
provided for all the libraries, including the largest ones. There are also four 3D algorithms available — Electroshape-
5D [105], Spectrophores [106], Shape-IT [107] and Align-IT (107]. However, to preserve the server responsiveness, such
algorithms cannot screen the largest datasets. On the one hand, Electroshape-5D and Spectrophores, which use
city-block distance [108] to assess similarity, represent a nonsuperpositional shape-based approach. On the other
hand, Shape-IT, which is a superpositional shape-based method, and Align-IT, which is pharmacophore based,
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Table 4. Summary of ligand-based virtual screening web servers.

Website

AURAmol
http:
Hbit.ly/2f1tHIX

Superimposé

wwLigCSRre
http:
Ibit.ly/2fuFkja

ZINCPharmer
http:
#bit.ly/2gdhLOb

ChemMapper®

iDrug
http:
Ibit.ly/2eCCOI9

Levs’

UFSRAT
http:
Hbit.ly/2f1sF6y

SEABEDT

USR-VS
http:
Hbit.ly/2eCxg0t

SwissSimilarity
http:
bit.lyr2fwdQal

HybridSim-Vs
http:
/bit.ly/2Ddjs8T

Pros

Multiplatform
Molecule format
storable in
database

Diversity of
libraries and
algorithms
Target proposal

Custom database
Focused libraries
Regular
expressions

Precalculated
conformers
Usage of indexes

Modular design

Custom database
Optional flexibility

Custom database
Different
validation
methods

Effective
descriptor storage
LBVS and docking

Format supporting
Docking/QSAR
Custom database

Multithreading
Preload in memory

Several
well-defined
libraries

Friendly interface
Multithreading

Analysis options
Many screenable
datasets

Use of 2D/3D
fingerprints

fTernpor'am\y unavailable
CPDB: Carcinogenic potency database; EDULISS: Edinburgh University ligand selection system; KEGG: Kyoto encyclopedia of genes and genomes; LBVS: Ligand-based virtual screening;
MACCS: Molecular access system; MC: Maximum number of conformers; MCS: Maximum common subgraph; NCI: National Cancer Institute; QSAR: Quantitative structure-activity

relationship; TCM: Traditional Chinese medicine; VS: Virtual screening.

Cons

Must know cutoffs
a priori

Existence of more
effective
algorithms. Scales
bad with the size
of database

Low performance

Limited library size
Default regular
expressions are
improvable

Only screens ZINC
Runtime scales
with the number
of filters

Static cutoffs
No consensus

Static cutoffs
Low performance

Static cutoffs
Risk of overfitting

Does not visualize
hits
Small databases

Time consuming
Risk of overfitting

Only screens ZINC
Consumes memory

Large libraries not
screenable with 3D
methods

No cutoff available
Static datasets

Few configuration
options

mcC

2540

50

10

50

35

20

Technologies

Screenable Software

libraries

In-house DB C/C++

SuperDrug, JMol,

NCI, STRAP

Ligand Depot

Drug Bank, JMol

Chembridge,

CPDB,

Focused libs

ZINC JMol

ChEMBL, IMol

Drug Bank,

Binding DB,

KEGG,

PDB

NCI, Java,

ZINC MysQL,
Python,
JSP

BindingDB, ChemDoodle,

ChEMBL D3.js,
MongoDB,
MySQL

EDULISS

ZINC Iview

Up to 30 databases

Drug Bank,
focused libraries,
TCM,

commercial
libraries

Ref.
Similarity
MCSs [88-90]
scorel, [91]
sd_best_compare
LigCSRre 921
Pharmer (93]
SHAFTS, [94]
USR,
2D fingerprint
SHAFTS [95]
Bayesian learning [96]
USR [97,98]
Machine learning [99]
1D/2D fingerprints
USR, [100]
USRCAT
2D fingerprint, [101]
Electroshape-5D,
Spectrophores,
Shape-IT,
Align-IT
FP2 + WEGA [102]

MACCS + WEGA

score their results using the Tanimoto coefficient. Additionally, a combined 2D/3D screening method, which
implements a consensus scoring function combining Tanimoto coefficient and city-block distance, is available.

Contrary to SwissSimilarity, HybridSim-VS is a server that evaluates shape-based similarity by combining 2D

fingerprints and WEGA, which is a 3D shape similarity software. Although both servers are similar in terms of the
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screenable datasets that they offer, HybridSim-VS always calculates 3D similarity to take advantage of geometric
information.

As an alternative to similarity searching, pharmacophore searching is another relevant LBVS technique. On the
basis of pharmacophore modeling, the ZINCPharmer server screens a library of conformations calculated from
a subset of compounds purchasable from ZINC. It uses an indexed database system to store the pharmacophore
features, which speeds up the searches, and provides a query editor for users to refine their searches. Its main
limitation is that it is closely coupled to ZINC and the library provided needs to be synchronized periodically.
ZINCPharmer relies on Pharmer [109] as the core algorithm to create the initial query, which may be calculated
from a ligand, a ligand—protein interaction, a protein—protein inhibitor interaction or third party software. The
performance of Pharmer is scaled in accordance with the breadth and complexity of the query, not with the size of
the library, but it has shown good performance at generating pharmacophore queries [109] and in combination with
other methods [110).

To offer both shape and pharmacophore searching, USR-VS screens a large dataset of 3D conformers obtained
from ZINC and has demonstrated its excellent performance. It loads all the input conformers in the memory and
takes advantage of mult-threading to compare many of them against the query at the same time. As similarity algo-
rithms, USR and USRCAT, which represent the shape and pharmacophore approaches respectively, are supported.
Despite the good performance of USR, both USR-VS and ZINCPharmer share the limitation of screening only
ZINC compounds. The UFSRAT server takes its name from the UFSRAT algorithm, which is an extension of
USR that complements the typical shape similarity with information about the electrostatics of the atoms. Unlike
the above-mentioned servers, UFSRAT can screen several databases (e.g., ChemBridge and MayBridge) with up
to 4.8 million compounds. Similarly to USR-VS, the iDrug server provides both similarity and pharmacophore
searching. It manages 3D representations to take advanrage of superimposition and has SHAFTS [111] as the un-
derlying similarity algorithm. SHAFTS is a suitable software for large-scale VS with bioactive compounds, and has
been successfully applied in many studies, including that which led to the discovery of p90 ribosomal S6 protein
kinase inhibitors and the development of novel B-Raf*®"*E-_selective inhibitors. It has also been used to analyze
the bioactivity of green tea [112-115]. ChemMapper exhibits some common features with iDrug, including the use
of SHAFTS and superimposition. However, other 2D (fingerprints and MACCS (116]) and 3D (USR) similarity
methods are also available. The main feature that differentiates ChemMapper from others is that it offers the
possibility of screening a custom library. Additionally, from a software point of view, it is clearly splir into the
following five components:

o A chemical database;

e An in-house similarity searching method;

e A compound-target annotation database;

o A network inference method for target recommendations;
o A viewer tool for visualizing results.

Along with shape and pharmacophore similarity, QSAR modeling is the other major ligand-based approach.
SEABED and LBVS are examples of web servers applying this technique. SEABED can run QSAR, docking or
combined jobs. In addition, it also exhibits other features such as receptor preparation, library editing or VS on
protein mutants. The server supports QSAR studies using a large list of 1D and 2D fingerprints, and implements
several machine-learning techniques, including naive Bayes and random forest. SEABED can choose the compounds
to screen, but the users may upload their own databases. LBVS is an alternative server using Bayesian learning for
building QSAR models. As with SEABED, users can screen their custom datasets or finding a target in BidingDB
or ChEMBL. This server is capable of dealing with big data resources and can be used for lead identification and
optimization.

Discussion

Molecular representations

Section 2 presented a set of molecular representations typically used in LBVS and some molecular comparison
algorithms. Here we discuss the positive and negative aspects of such tools. Figure 3 illustrates examples of how
fingerprints and Avalanche perform comparisons.
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®

Q 1 0 1 0 0 1 1 0
C 1 1 0 0 1 1 0 0
QrC 1 0 0 0 0 1 0 0 132 .
D(Q,C)= —
238
Qve 1 1 1 0 1 1 1 0 238

Q 110.8 52.7 84.3 261.1
D(Q, C) =|(110.8 - 2306)| + |52.7 — 61.9]
c 2306 | 61.9 702 | 3285 +|84.3-70.2| +|261.1 - 328.5|

Figure 3. Examples of molecular similarity assessments using fingerprints and histograms. (A) Comparison of binary
2D fingerprints. (B) Comparison of 3D fingerprints using city-block distance. (C) Elections of 16 points on the
molecular surface to build histograms in Avalanche

Reproduced with permission from [51] © Springer International Publishing Switzerland (2015).

The 2D representations are easy and fast to compute similarity. Graph-based similarity reported a high success rate
in classification (~70%) (63]. In such study, the results indicated that the accuracy was increased when information
about the bonds and their connectivity was included in the graph. This happened because the type of bond is an
important factor for determining the characteristics of a molecule. The efficient extraction of appropriate features
to calculate similarity remains the main challenge in the construction of molecular graphs. On the other hand, a flat
representation with binary fingerprints may help to screen large datasets. In terms of speed of similarity calculations,
such fingerprints were seen to perform 20-times faster than the implementation provided by OpenEye [117) and 10-
times faster than single-instruction, multiple-LINGO (SIML) [115] when screening a dataset of 2'> molecules (441,
However, the main drawback of this representation is that its computational requirements grow proportionally with
the size of the database (e.g., space on disk and memory usage). In an attempt to overcome the limitations of 2D
methods, 3D representations represent the alternative approach. USR was able to screen 3.5 billion molecules in
<12 min on one single processor, which was >2000-times faster than the fastest method reported at that time [67.
The success of USR lies on how it encodes molecular shapes with descriptors. Although such descriptors only
need to be calculated once, they must be rigorously selected to reach a high efficiency. Both USR and USRCAT,
performed slightly better than ElectroShape when they were benchmarked against Directory of Useful Decoys,
Enhanced (DUD-E) (68]. The performance of both methods is highly dependent on the query molecule and the
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library being screened, and so their performance could be improved by adjusting some parameters to the query
molecule. The topological analysis approach was also tested against DUD-E [49]. In this case, the enrichment
factor was much better than USR (in 83 out of 99 datasets) and USRCAT (in 42 out of 99 datasets). This can
be explained by the fact that it is designed to cover the weaknesses of the other methods. A last group of 3D
fingerprints, 3DAPfp and 3DXfp, was compared in terms of LBVS performance against other 3D fingerprints
(PMIfp, USR and USRCAT) and their corresponding 2D implementations (APfp and Xfp). The tests showed that
3DAPI{p was the best method for representing 3D shapes, and it outperformed APfp (48]. Nonetheless, 3DXfp was
the best method when recovering DUD actives, but its performance was similar to that of Xfp. These differences
between 2D and 3D fingerprints might be due to the fact that molecular shape is perceived differently when using
topological distances between atoms, which overestimate the real distances.

A correlation study was conducted to identify the relationship between 2D and 3D representations [69]. Such
study revealed that 3D shapes are more sensitive to shape and flexibility changes than 2D ones, and that they reflect
structural features (e.g., conformational flexibility), which strongly depend on the structure. The combination of
both 2D and 3D depictions could be useful if the 2D screening is used first. When an alternative technique,
pipelining SBVS combined with LBVS, was tested against a typical SBVS method (47], both experiments showed a
similar accuracy because the combined method performed better only for 62% of the targets. As it is focused on
small fragments rather than large ligands, the computation time employed to assess similarity can be dramatically
shortened and, consequently, several screening campaigns can be carried out in a small-medium-sized cluster per day,
which could increase the likelihood of finding interesting candidates. This pipeline might improve the traditional
SBVS results when a careful selection of fragments is carried out; and, furthermore, it could improve the accuracy
of typical LBVS campaigns because structure-related features are considered in the SBVS step. PharmShapeCC was
tested in three campaigns ofprospec[ive VS [s50) and proved to be a convenient method when the goal was to screen
large combinatorial libraries, because it is focused on entire libraries rather than individual compounds. Avalanche
was also used in two searches for discovering novel compounds, needing <7 min to screen 1.5 million molecules [51].
According to the data, the alignment of the 10000 first hits took longer than the histogram-based comparison,
which suggests that histograms can be an interesting choice for comparing molecules. Finally, the machine-learning
approach reached a precision of 75% when identifying new Cathepsin-L inhibitors in a database of 825 molecules
but, contrary to the other tools, the computation time was very long (1.5 days on one processor) [52].

Web servers

Two major aspects should be considered in any evaluation of LBVS servers: performance and usability. The former
encompasses the reliability of the results and the time invested to obtain them, while the latter concerns by the
parameters provided to setup experiments. Establishing a fair comparison of the web servers in terms of performance
and reliability is a difficult task because they should be compared by screening the same query against the same
dataset. However, each server screens a different collection of fixed datasets and only a few allow screening a custom
library. With regard to speed of calculation, a reasonable comparison is even trickier to achieve, because aspects such
as network traffic or server workload cannot be foreseen. For these reasons, a comparison based on accepted metrics
such as area under the receiver operating characteristic (AUC-ROC) curve is not possible in this case, and our
study will focus on what cach server is capable of doing. However, we provide a rough comparison of the number
of compounds screened per second (Figures 4-6) and strongly recommend looking up the original publication of
each server to obtain an overall picture as regard to their performance. Section 4.1 also gives an estimation of the
performance of the underlying similarity algorithms supported by the reported servers.

As regard to the user experience, even though most of the listed servers allow the similarity algorithm to be chosen
and some can handle multiple ones (e.g., USR-VS, HybridSim-VS and Superimposé), none of them combines two
or more algorithms in the same experiment. Although consensus scoring functions are widely used in molecular
docking [119,120] and consensus queries are often present in pharmacophore searches [109,121], only SwissSimilarity
and HybridSim-VS present a combined score to combine the results of 2D and 3D screening. However, data
fusion could mitigate the dependency on a single type of screening. Among the similarity methods provided, 2D
fingerprints are a commonly used choice in most recent servers (ChemMapper, SEABED, SwissSimilarity and
HybridSim-VS) due to their low computational cost and the reasonable accuracy of their predictions. The 3D
fingerprints are barely accepted and are restricted to the smallest datasets. Of importance, too, is the use of USR
in many servers (USR-VS, UFSRAT and ChemMapper). This algorithm owes its success to the simplicity with
which it represents molecules. Current servers restrict the use of similarity algorithms to a single one per task. The
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libraries to be screened suffer the same restriction, and the screening of multiple databases in the same task is not
supported by any server. As an example, ZINCPharmer and USR-VS focus exclusively on the ZINC database.
In contrast, the rest of the servers are able to screen many datasets, but only one at a time. It seems logical to
think that increasing the amount of screenable compounds should result in better chances of finding successful
drug candidates. However, the current trend is to screen small curated libraries for more specific cases, which is
considered a cost-effective strategy [122-124]. On the other hand, the screening of custom libraries is an increasingly
common feature in the recent servers. iDrug, wwLigSCRre, SEABED and LBVS support such functionality, which
might be helpful when the user already has a preprocessed library of ligands to screen.

Speed in delivering results is another important factor in LBVS servers, and can usually be achieved by using
more technical approaches. Multithreading is a common technique to screen large datasets by dividing them into
small blocks, which are then computed in parallel. Multi-threading is present both in the oldest (e.g., AURAmol)
and the newest (e.g., USR-VS and SwissSimilarity) tools. USR-VS also loads all the conformers in the memory to
take advantage of the speed of the current hardware. An alternative approach is to improve the performance through
the database. This is the case of ZINCPharmer, which uses storage indexes to quickly find the required information.
Although the datasets offered by servers contain thousands or millions of compounds, users are frequently interested
in the best-ranked ones, so that excluding the least-scored candidates is another common feature in the newest
servers. The availability of cutoffs is not a decisive factor but, correctly used, might improve the quality of the
results by discarding several unsatisfactory ones.

The continuous progress in the field of LBVS suggests that upcoming web servers should be flexible and scalable
enough to absorb such changes. These two features define the architecture of the server, so that its design becomes
a crucial point. We have noticed that only ChemMapper clearly defines a component-based architecture. The fact
that ChemMapper is the server with the largest number of datasets that can be screened and the highest number of
similarity algorithms available, points to good correlation between modularity and flexibility.

Conclusion & outlook

We have presented a collection of web servers for performing LBVS tasks. Although they all aim to predict the
most promising set of drug-like candidates, they employ different parameters to do so. Such parameters are usually
very standard, but two key ones can be identified: the similarity algorithm(s) and the total group of dataset(s) to
screen. On the basis of these parameters, the typical scenario is the screening of a small curated library by means of a
single similarity algorithm. The combination of techniques of different nature is another emerging topic. SBVS and
LBVS have already been successfully combined with promising results. Additionally, machine-learning approaches
are gaining importance due to their ability to learn from the overwhelming amount of data available. All these
novel strategies suggest that the precision of predictions will increase rapidly in forthcoming years; however, to
date, they have not shown the desired performance yet, which remains a major challenge for LBVS. To achieve this
level of pcrformancc, LBVS servers might proﬁt from the continuous advances bcing made in hardware, software
and high-performance computing (HPC) technologies. The vast improvement in computing power made available
by recent developments in the area of HPC might help, as well, in the enhancement and refinement of current
methodologies and models used routinely nowadays in most VS methods. This can be achieved for instance by
adding new terms in the scoring functions, new and more complex descriptors, novel optimization methods, more
computationally efficient screening strategies — among others.

Future perspective

LBVS has grown in importance in recent decades due to its ability to find lead compounds and scaffolds that limit
the number of compounds available for experimental testing. However, in the era of big data, a growth in chemical
databases, both in terms of size and diversity of the information is expected. Therefore, LBVS web servers will be
needed to make an effort to improve on, or at least keep with, current accuracy and performance levels. Future
similarity algorithms may not be accurate enough in themselves to reach the precision in predictions. Nevertheless,
the combination of methods of a different nature, such as the aforementioned 2D /3D and SBVS/LBVS approaches,
is expected to gain importance in coming years because they have already been demonstrated to be successful in
previous works. In addition, machine-learning techniques may also gain importance for VS, given their ability
to extract knowledge from dara, principally due to the expected growth of the chemical databases. In terms of
performance, the expected increase in the size of the chemical space will require more compurational power to
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support the assessment of more compounds and the development of more complex algorithms. In this sense, HPC
infrastructures will surely play a decisive role in improving the screening process.

Executive summary

Molecular representations

e The choice of 2D or 3D representations is a crucial decision in ligand-based virtual screening. The 2D-based
algorithms are usually less accurate but faster than 3D based. However, this affirmation strongly depends on the
case in question. The selection of the software packages used for each task (e.g., similarity calculation, descriptor
extraction and conformer generation) is also dependent on each specific case.

e Publicly accessible chemical databases store an overwhelming amount of data of different natures.

e Asregard to dataset size, the current trend is to extract and prepare small curated libraries for screening from
the large chemical databases.

Web servers

e Web servers for ligand-based virtual screening provide many configuration options to customize tasks.

Many combinations of parameters remain untested, including the use of multiple similarity searching algorithms

for the same task and the screening of customized libraries.

Web servers tend to restrict the combination of their parameters to preserve the responsiveness of the service.

The development of high-performance computing techniques (e.g., multi-threading and computing clusters) can

help web servers to make better predictions and deliver their results faster.

The growing number of compounds available in the chemical databases and the diversity of software tools

related with virtual screening represent a challenge for both existing and future servers.
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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 off the cuff 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.

hitp:/ibio-hpc.ucam.edu/Bruselas
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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.’ This approach has gained importance during
recent decades for studying of a variety of diseases such as
diabetes, malaria, and Parkinson’s disease.”™'> 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 modelmg, and
QSAR (quantitative structure activity relationship)."* In the
search for a cost-effective solution, similarity searching is the
favorite approach, whenever possible, due to its simplicity.'*
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."

v ACS Publications © XXXX American Chemical Society

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.'
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.'” 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

Received: April 2, 2019
Published: May 10, 2019

DOI: 10.1021/acs.jcim.9b00279
J. Chem. Inf. Model. XXXX, XXX, XXX—-XXX



CAPITULO III: ARTICULOS QUE COMPONEN LA TESIS DOCTORAL 79

Journal of Chemical Information and Modeling

Table 1. List of Software Tools Embedded in BRUSELAS

task tool references
calculation of DRAGON 18
descriptors
chemical databases DrugBank, ChEMBL, KEGG, DIA-DB  19-22
remove salts from Standardizer 23
conformers
calculation of Omega2 24

conformers

shape similarity WEGA, LiSiCA, Screen3D, OptiPharm  25-28

pharmacophore SHAFTS 29
modeling

molecular Obabel, Molconvert 23 and 30
conversion

3D visualization Jmol 31

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
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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 DRAGON'® 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 DrugBank'’ (1760 compounds), the set of
active compounds in ChEMBL 21%° (1 578 131), KEGG®'
Compounds and Drugs subsets (23 667) and an in-house
library of antidiabetics, DIA-DB** (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.’” Next, salts are removed with the standardizer’®
tool, and up to 10 conformers are calculated with the omega2?*
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 (eg,
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,>® LiSiCA,*°
Screen3D,”” and OptiPharm.”® 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,”
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.****

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. Althoug}} consensus scoring
functions are frequently used in SBVS,™ 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 §ained importance in the
context of VS during recent years.”® BRUSELAS also profits
from HPC by running similarity calculations on a super-
computing cluster. With this approach, the screenable
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Figure 5. Alignment of query and ligand generated by all similarity algorithms in BRUSELAS.

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
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Figure 6. Detailed information on a compound selected from BRUSELAS’ database.

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 Obabel®® and Molconvert™ to carry out conversions, the
most common formats are supported, including sdf, mol2, and
pdb. Another distinguishing feature is the ability to create an
off the cuff 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.*’

3.2. Analysis of Results. Users are informed by e-mail as
soon as the calculation is completed.’” 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); (S) 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 Jmol’' applet
(Figure S). 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.”* "' 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.*’
Acarbose is a glucosidase inhibitor which has been extensively
applied in T2DM cases.”* ™" 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 ZINC’* 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
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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 SD 1 0.907
Spectrophores 2 0.823
Shape-IT not found -
Align-IT not found -
BRUSELAS* All shape similarity DrugBank 1 0.757
SHAFTS not found -
Superimposé Scorel Superdrug not found - 44
Scorel 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 -
“The full list of experiments performed on BRUSELAS is provided in the Supporting Information.
LiSiCA: 0.91304 oX OptiPharm: 0.73716 X
.:_-:—",.—: .;.-:-"-—:
Screen3D: 0.76000 X WEGA: 0.73767 X

L

Figure 7. Alignments obtained for acarbose in the simulation combining the four algorithms.

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
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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((18,25,3R,4S,5R,6R)-2,3-dihydroxy-4,5,6-tris(phosphonooxy)cyclohexyl) ester 0.883 57
phosphoric acid mono((1R,2R,35,4R,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((18,25,3R,48,55,68)-2,5-dihydroxy-3,4,6-tris(phosphonooxy)cyclohexyl) ester 0.751
L-adenosine triphosphate 0.567 S8
Pharmacophore screening  p-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,3S4R,SR)-5-(6-amino-9H-purin-9-yl)-3,4-dihydroxyoxolan-2-ylJmethoxy } (hydroxy)phosphoryl] 0.183
oxy} (hydroxy)phosphorylJamino Jphosphonc acid
((2R,38,4R,5R)-5-(7-amino-3H-[1,2,3]triazolo[4,5-d] pyrimidin-3-yl)-3,4-dihydroxytetrahydrofuran-2-yl) 0.180
methyltriphosphoric acid
ATP analog 0.167
LiSiCA: 0.93104 (SF 3 OptiPharm: 0.87465 (F 3
.Z.-:—' Hit -:.-:—;.—:
Screen3D: 0.85000 (SF 3 ‘ WEGA: 0.87500 [SF
Moo M- Mo M-

Figure 8. Alignment of TMI and phosphoric acid mono((15,25,3R,4S,5R,6R)-2,3-dihydroxy-4,5,6-tris(phosphonooxy)cyclohexyl) ester obtained

from the different algorithms.

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, Superimposé 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 Superimposé 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 discovered*>° that the novel
compound p-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
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LiSiCA: 0.82353 [OF ‘ ‘ OptiPharm: 0.87333 (SF 3
-:.-:-*_.—: ‘ ‘ .Z_fj,.—:

Screen3D: 0.92000 (SF 3 ‘ ‘ WEGA: 0.87442 (SF 3
[T [ | [T

Figure 9. Alignment of Indoximod and (§)-2-amino-3-(1-methyl-1H-indol-3-yl)propanal obtained from the different algorithms.

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.’”
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 helg to rationalize the
synthesis of new drugs for cancer therapy.”’ 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.®""

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).%
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.®* This encouraging evidence, in turn, has led
to the search for novel inhibitors by using both experimental

and theoretical methods.®®® For the latter, Zheng, Yan and

co-workers have recently used SBVS methods to propose novel
IDO1 inhibitors.”> 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 IDOI inhibitors reported by the pharma-
ceutical industry, namely, indoximod, navoximod, and
epacadostat.””

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 IDOI, as
demonstrated by Frédérick and co-workers, who combined
docking predictions and in vivo experiments.”® 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
Gapl, 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
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Table 4. Best-Ranked IDO1 Inhibitors Proposed by
BRUSELAS Using Indoximod, Navoximod, and Epacadostat
as Queries on Shape and Pharmacophore Searches

similarity method compound score
shape similarity (8)-2-amino-3-(1-methyl-1H-indol-3-yl) 0.873
propanal
(S)-methyl 2-amino-3-(1H-indol-3-yl) 0.819
propanoate hydrochloride
3-amino-2-(1H-indol-3-yl)-propionic acid 0.809
methyl ester hydrochloride
CHEMBL162163 0.809
3-(2-(1H-tetrazol-5-yl)ethyl)-1H-indole 0.772
pharmacophore 2-amino-3-(1H-indol-3-yl)propionic acid 0.308
screening methyl ester
(S)-methyl 2-amino-3-(1H-indol-3-yl) 0.307
propanoate hydrochloride
SID103076391 0.302
1-benzyl-2-propyl-1H-imidazo[4,5-c]quinolin-  0.266
4-amine

5,N*6*-Dimethyl-N*6*-(2-methylpyridin-4- 0.263
ylmethyl)benzo[cd]indole-2,6-diamine

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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IV - CONCLUSIONES

Los articulos que componen el compendio de esta tesis examinan la

necesidad de desarrollar una herramienta como BRUSELAS, a la vez que

desglosan sus principales caracteristicas y modo de empleo. Esta secciéon expone

las principales conclusiones obtenidas a lo largo de este trabajo, y propone una

serie lineas de investigacion para el futuro que deben marcar el camino a seguir

para la evolucion y optimizacion de la nueva arquitectura.

4.1 CONCLUSIONES

Del andlisis de las herramientas LBVS se desprenden algunas conclusiones

acerca de las funcionalidades que ofrecen a los usuarios.

1.

Se puede observar que los algoritmos de similitud han evolucionado
desde complejos programas de linea de comandos hasta ser empleados
a través de servidores web, con el objetivo de facilitar y acercar su uso a
usuarios menos expertos.

Ademads, a medida que el big data se ha hecho un hueco en la ciencia
actual, los servidores de LBVS se han visto en la necesidad de procesar
volumenes de datos mas y mas grandes para lo que han optado por
limitar el nimero y el tamafo de las librerias disponibles para VS, y al
empleo de plataformas HPC para poder reunir la potencia de cémputo
necesaria.

Esta evoluciéon en los algoritmos y en su modo de distribucion hace
pensar que una arquitectura para LBVS debe ser de aplicabilidad
general, accesible a través de un entorno web y estar apoyada en alguna

infraestructura HPC para conseguir un rendimiento competitivo.

BRUSELAS no sdlo reune todas las caracteristicas anteriormente

mencionadas, sino que incluye funcionalidades adicionales que le hacen aportar

un valor cientifico adicional. Dichas caracteristicas son el consenso de algoritmos

de similitud, la creacién de librerias dindmicas a partir de un conjunto de
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descriptores, la utilizacion de palabras clave para seleccionar los compuestos a
incluir en las librerias y el empleo de filtros moleculares para excluir los
resultados indeseados. Todas las propiedades mencionadas han sido utilizadas de
manera retrospectiva en la busqueda de anticoagulantes sanguineos,
antidiabéticos e inhibidores de la enzima IDO1 que participa en diversas terapias
para el tratamiento del cancer. Los resultados obtenidos, aun siendo teéricos, son
prometedores, tanto en busquedas por similitud como farmacofdricas.

4. Estos resultados prueban que las nuevas funcionalidades de BRUSELAS
son efectivas para realizar un cribado eficaz en las etapas iniciales de la
buisqueda de compuestos lider.

5. Se puede concluir, en consecuencia, que librerias las quimicas adaptadas
a cada molécula de referencia permiten cribar pequefas librerias muy
concretas para cada problema especifico, pero que son creadas
dindmicamente. Ademads, el consenso de las puntuaciones corrige las
posibles desviaciones causadas por cada algoritmo individual lo que

incrementa la fiabilidad de las predicciones de manera notable.

En cuanto al rendimiento en términos computacionales se puede concluir

que:

6. Nuestro servidor estd al mismo nivel que sus competidores, incluso
cuando debe cribar més de 7,5 millones de compuestos para crear una
libreria mas reducida, evaluar la similitud 3D entre la molécula de
referencia y cada ligando, y aplicar la funciéon de consenso para calcular
la puntuacion final. Los tinicos casos en los que BRUSELAS no obtuvo
resultados fueron debidos a las limitaciones de los algoritmos
subyacentes como se explica en el tercer articulo del compendio.

7. En consecuencia, se puede afirmar que BRUSELAS es una alternativa
eficaz y eficiente para tareas de cribado virtual basado en ligandos
debido a su buen rendimiento, a que evita desviaciones causadas por el
uso un unico algoritmo y a que es capaz de cribar librerias

especificamente creadas para cada molécula de entrada.
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4.2 FUTURAS LINEAS DE INVESTIGACION

La existencia de un espacio quimico cambiante y la evolucion de los
algoritmos de VS hacen que se haga necesaria una revision frecuente de la
informacion que maneja BRUSELAS para mantener sus predicciones actualizadas.
En esta seccion se exponen éstas y otras posibles lineas de investigacion futuras
sobre la herramienta desarrollada.

Es de esperar que, en el futuro, aparezcan nuevos y mejores algoritmos de
similitud por forma y farmacofdrica, realizando mejores predicciones. Con la
intencion de que BRUSELAS sea una herramienta flexible que se adapte a la
tecnologia del momento, seria muy interesante ir completando el conjunto de
algoritmos de similitud con los que aparezcan en el futuro. Esta tarea debe incluir
tanto la adiciéon de nuevos algoritmos, como la actualizacidon de los actuales a
versiones mas optimizadas. De igual manera, es de prever que las bases de datos
importadas también evolucionen a gran velocidad, lo que requerira el
mantenimiento y la actualizacion de la base de datos de compuestos de
BRUSELAS. Paralelamente, habra que actualizar la lista de términos clave
asociados a cada uno de ellos, con el fin de crear librerias actualizadas en todo
momento.

BRUSELAS cubre dos de los tres tipos de LBVS mas importantes: la
busqueda por similitud y el modelado farmacoférico. Un punto muy interesante a
explorar seria completar esta lista de técnicas con métodos QSAR. Siguiendo la
linea de trabajo de la arquitectura, se crearia una libreria adaptada a cada caso y
se aplicaria una funcién de consenso sobre los resultados. Es de esperar que, al
igual que ocurre en las otras técnicas, el consenso de puntuaciones dé lugar a
predicciones sin sesgo y mads realistas.

Una tercera linea de investigacion seria la ejecucion de una campana de VS
completa en la que, primero, se obtiene un conjunto de lideres candidatos
mediante BRUSELAS vy, posteriormente, esos compuestos son utilizados como
entrada de una herramienta de docking. Este experimento tendria un doble valor:
corroborar que la coleccion de lideres devuelta por nuestra arquitectura es
verdaderamente vdlida, y obtener informaciéon mas detallada de cémo esos

ligandos se acoplan al receptor estudiado.
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Todas estas lineas de investigacion estdn encaminadas a mantener la
herramienta siempre actualizada a la informacion disponible en cada momento, y
a completar sus predicciones con otras técnicas mds costosas
computacionalmente, las cuales solo son eficientes si trabajan sobre pequenos

volimenes de datos.
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6.1 ANEXO 1: CALIDAD DE LAS PUBLICACIONES

Los articulos que conforman el compendio de esta tesis han sido publicados
en revistas de alto nivel situadas en el primer cuartil segtin el indice JCR y con un
factor de impacto igual o superior a 3. Los datos relativos a la calidad de las

revistas se detallan en los siguientes apartados.

6.1.1 Advances in distributed computing with modern drug discovery

El articulo Advances in distributed computing with modern drug discovery ha
sido publicado en la revista Expert Opinion on Drug Discovery. Las figuras 6.1 a 6.3
muestran los datos relativos a la calidad de dicha revista, la cual esta situada en el

primer decil de su categoria.

2017 Journal Performance Data for: Expert Opinion on Drug Discovery

ISSN: 17460441

elSSMN: 1746-045X

TAYLOR & FRANCIS LTD

2-4 PARK SQUARE, MILTON PARK, ABINGDON OR 14 4RN, OXON, ENGLAND

ENGLAND
TITLES CATEGORIES
ISO: Expert. Opin. Drug Discov. PHARMACOLOGY &
JCR Abbrev: EXPERT OPIN DRUG PHARMACY - SCIE
Dis
PUBLICATION FREQUENCY

LANGUAGES i .

. b issues/year
English

Figura 6.1. Datos identificativos de Expert Opinion on Drug Discovery.
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2017 Journal Impact Factor & percentile rank in category for: Expert Opinion on
Drug Discovery

4.692

2017 Journal Impact Factor

5.000 100%
B 3750 ——————e— g 750 ‘%
& 3
E 2500 50% ;
E g
E] 2
£ 1250 25% ¥
: 5%

0.000 0%

2009 2010 2011 2012 2013 2014 2015 2018 2017
JCR year

BN JF @ PHARMACOLOGY & PHARMACY

Figura 6.2. Evolucion del factor de impacto y del percentil en su categoria de

Expert Opinion on Drug Discovery.

Key Indicators 2017

IMPACT METRICS INFLUENCE METRICS SOURCE METRICS
Total Cﬂus 2,595  Eigenfactor Citable

s 0.00800 e 92
Journal ST S
In*pact Facnor : Arﬂcle Inﬂuence 1017 % Articles
§ Year 7 Score ’ in 0.00

Q758 .

Impact Factor Normalized 072500 Citable Items
| diacy 1ass .Elgenlaclor fuerage JIF Percentile 91.379
Index ' Cited Half-Life 4.3
Impact Factor Citing Half-Life 6.0
Wi 4523 N

Journal Self Cites

Figura 6.3. Indicadores clave de Expert Opinion on Drug Discovery.
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6.1.2 A review of ligand-based virtual screening web tools and screening
algorithms in large molecular databases in the age of big data.

El articulo A review of ligand-based virtual screening web tools and screening
algorithms in large molecular databases in the age of big data ha sido publicado en la
revista Future Medicinal Chemistry. Las figuras 6.4 a 6.6 muestran los datos
relativos a la calidad de dicha revista.

2017 Journal Performance Data for: Future Medicinal Chemistry

ISSN: 1756-8919

el33N: 1756-8927

FUTURE SCILTD

UNITED HOUSE, 2 ALBERT PL, LONDON N3 1QB, ENGLAND

EMGLAMND

TITLES CATEGORIES

IS0: Future Med. Chem. CHEMISTRY, MEDICIMNAL -
JCR Abbrev: FUTURE MED CHEM SCE
LM.GUMES PUBLICATION FREQUENCY
English

18 issuesiyear

Figura 6.4. Datos identificativos de Future Medicinal Chemistry.

2017 Journal Impact Factor & percentile rank in category for: Future Medicinal
Chemistry

3.969

2017 Journal Impact Factor
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8 ]
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B JF -@- CHEMISTRY, MEDICINAL

Figura 6.5. Evolucion del factor de impacto y del percentil en su categoria de
Future Medicinal Chemistry.
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Key Indicators 2017

IMPACT METRICS INFLUENCE METRICS SOURGE METRICS
Total Cites 3,438 Eigenfactor Citable
0.00900 120
Score ltems
Journal
3.969 . .
Impact Factor Article Influence 1088 % Articles
5 Year 297 Seere n 5667
Impact Factor ' Normalized Cltable ltems
. 1,03400 -
, Eigenfactor Average JIF Percentile 85,593
Immediacy S X BN
0.850
Index Cited Half-Life 4.3
Impact Factor Citing Half-Life 6.6
Without 3.839 ' T

Journal Self Cites

Figura 6.6. Indicadores clave de Future Medicinal Chemistry.

6.1.3 BRUSELAS: HPC generic and customizable software architecture for 3D

ligand-based virtual screening of large molecular databases.

El articulo BRUSELAS: HPC generic and customizable software architecture for
3D ligand-based virtual screening of large molecular databases ha sido publicado en la
revista Journal of Chemical Information and Modeling. Las figuras 6.7 a 6.9 muestran

los datos relativos a la calidad de dicha revista.
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2017 Journal Performance Data for: Journal of Chemical Information and Modeling

ISSN: 1549-95096

elSSN: 1549-960X

AMER. CHEMICAL SOC

1155 16TH 5T, NW, WASHINGTON, DC 20036
USA

TITLES
IS0 J. Chem Inf. Model.
JCR Abbrev: J CHEM INF MODEL

LANGUAGES
English

CATEGORIES

CHEMISTRY, MEDICINAL -
SCE

CHEMISTRY,
MULTIDISCIPLINARY - SCIE

COMPUTER SCIENCE,
INFORMATION SYSTEMS -
SCE
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APPLICATIONS - SCIE

PUBLICATION FREQUENCY
12 issues/year

Figura 6.7. Datos identificativos de Journal of Chemical Information and Modeling.

2017 Journal Impact Factor & percentile rank in category for: Journal of Chemical

Information and Modeling
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Figura 6.8. Evolucion del factor de impacto y del percentil en su categoria de

Journal of Chemical Information and Modeling.
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Key Indicators 2017

IMPACT METRICS INFLUENCE METRICS SOURCE METRICS
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Figura 6.9. Indicadores clave de Journal of Chemical Information and Modeling.
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6.2 ANEXO 2: OTRAS PUBLICACIONES

El desarrollo de esta tesis ha dado lugar a una serie de publicaciones en

congresos, jornadas y seminarios adicionales a los articulos que forman el
compendio. Durante la fase inicial, las publicaciones se enfocaron en la
investigacion de las técnicas y algoritmos de cribado virtual existentes, dando
lugar a publicaciones de corte mas tedrico.

1.

2.

Pena-Garcia ], Pérez-Garrido A, Munoz A, den-Haan H, Imbernén B,
Ceron-Carrasco JP, Mrozek D, Thapa A, Soto ], Banegas-Luna AJ, Pérez-
Sanchez H. ZincFetcher: a tool for easy compound filtering from ZINC
database. En: 4% International Work-Conference on Bioinformatics and
Biomedical Engineering (IWBBIO). Granada (Espafia); 20-22 de Abril 2016.

Banegas-Luna AJ, Pefia-Garcia J, den-Haan H, Caballero A, Pérez-Sanchez
H. Desarrollo de una arquitectura software de cribado virtual basado en
ligandos en una base de datos de antidiabéticos utilizando técnicas Big-
Data. En: II Jornadas de Investigacion y Doctorado: Doctorado Industrial
(EIDUCAM). Murcia (Espafa); 24 de Junio 2016.

Cerdn-Carrasco JP, Coronado-Parra T, Imberndn-Tudela B, Banegas-Luna
AJ, Ghasemi F, Vergara-Meseguer JM, Luque I, Azam SS, Traedal-Henden
S, Pérez-Sanchez H. Application of Computational Drug Discovery
Techniques for Designing New Drugs against Zika Virus. Drug Designing;:
Open Access. 2016; 5:2.

A medida que BRUSELAS fue incluyendo nuevas caracteristicas, las

publicaciones tuvieron como denominador comun el desarrollo del servidor y su

aplicacion a casos practicos. A continuacién se citan las publicaciones
directamente relacionadas con BRUSELAS:

4.

5.

Banegas-Luna A]J, Cerdn-Carrasco JP, Caballero A, Pérez-Sanchez H.
BRUSELAS: una arquitectura software de filtrado virtual basado en
ligandos genérica, modular y parametrizable. En: III Jornadas de
Investigacion y Doctorado: Reconocimiento de los doctores en el mercado
laboral (EIDUCAM). Murcia (Espafia); 16 de Junio 2017.

Banegas-Luna A]J, Caballero A, Pérez-Sanchez H. BRUSELAS: A HPC
based software architecture for drug discovery on large molecular
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databases. En: Digital Infrastructures for Research. Bruselas (Bélgica); 30
Noviembre — 1 Diciembre 2017.

6. Banegas-Luna A], Pérez-Sanchez H. BRUSELAS: Evaluacion de una
arquitectura software HPC para filtrado virtual 3D. En: IV Jornadas de
Investigacion y Doctorado: Women in Science (EIDUCAM). Murcia
(Espafa); 18 de Mayo 2018.

7. Banegas-Luna A], Cerén-Carrasco JP, Pérez-Sanchez H. BRUSELAS. A
novel HPC based software architecture for 3D virtual screening. Seminario
impartido en Vrije Universiteit Brussel (VUB). Bruselas (Bélgica); 26 de
Junio 2018.

8. Banegas-Luna AJ, Cerdén-Carrasco JP, Pérez-Sanchez H. Busqueda de
nuevos fdrmacos para terapias de cancer de colon con virtual screening y
docking. En: V Jornadas de Investigacion y Doctorado: Ciencia sin
Fronteras (EIDUCAM). Murcia (Espafia); 31 de Mayo 2019.

9. Banegas-Luna A], Pefia-Garcia ], Contreras-Garcia J, Pérez-Sanchez H,
Cerén-Carrasco JP. Labelling IL-18 with alkaloids: towards the use of
cytokines as carrier molecules in chemotherapy. Theoretical Chemistry
Accounts. TCAC-D-19-00092. Enviado.

Al margen de las publicaciones listadas, la revista Journal of Chemical
Information and Modeling selecciono, de entre todos los articulos aceptados para el
volumen de junio de 2019, el articulo BRUSELAS: HPC generic and customizable
software architecture for 3D ligand-based virtual screening of large molecular databases

para una de sus portadas (Figura 6.10).
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Xxxxx XXXX Volume XX, Issue XX pubs.acs.org/jcim

JOURNAL OF
CHEMICAL INFORMATION
AND MODELING

ACSPublications www.acs.org

7 Most Trusted. Most Cited. Most Read

Figura 6.10. Portada de Journal of Chemical Information and Modeling.
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6.3 ANEXO 3: PROYECTOS DE INVESTIGACION PARTICIPADOS

Los recursos necesarios para el desarrollo de esta tesis y los gastos
derivados de las publicaciones del compendio han sido financiados con los
proyectos de investigacion que se listan a continuacion:

e 2019. Fundacion Séneca, “Discovery and optimization of bioactive
compounds through advanced computational chemistry techniques”.
Call: “Development of scientific and technical research by competitive
research groups”, ID: 20988/P1/18, IP: Horacio Pérez Sanchez.

e 2018. Fundacion Séneca, “Commercialization and Exploitation of
Results under the Proof of Concept Model”. Call: “Exploitation and
commercialization of advanced computational chemistry techniques
for the development and discovery of drugs and other bioactive
compounds”, ID: 20524/PDC/18, IP: Horacio Pérez Sanchez.

e 2017. MINECO, Programa Estatal de I+D+i Orientada a los Retos de la
Sociedad, “DRUGS_SERVER: Development of advanced drug
discovery techniques, their implementation of software and web tools,

and their application to contexts of pharmacological relevance”, ID:
CTQ2017-87974-R, IP: Horacio Pérez Sanchez.






