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Resumen

El propósito de esta tesis fue generar computacionalmente fragmentos moleculares derivados

de productos naturales utilizando el lenguaje de programación Python. Los productos naturales

fueron caracterizados en términos de la complejidad estructural mediante el promedio de

carbonos con hibridación sp3 y carbonos quirales. La diversidad estructural de los fragmentos

fue caracterizada mediante la mediana de similitud de dos huellas digitales moleculares

MACCS keys (166-bits) y ECFP4 (1024-bits). Se generaron y analizaron visualizaciones de

espacio químico utilizando los algoritmos PCA, t-SNE y TMAP. Se discute que los fragmentos

de productos naturales cubren regiones del espacio químico diferentes a las descritas por los

compuestos accesibles sintéticamente y compuestos con actividad biológica. Posteriormente,

se utilizaron los fragmentos de productos naturales para generar una biblioteca virtual de

compuestos análogos a bevirimat, un inhibidor de la proteasa viral del VIH-1. Se discute una

mayor diversidad de estructuras generadas a partir de fragmentos de COCONUT en

comparación a dos bibliotecas comerciales de fragmentos de productos naturales (ChemDiv y

ENAMINE Real).

Por último, las bibliotecas de fragmentos de productos naturales y las bibliotecas de

referencia, el protocolo para generar compuestos análogos a bevirimat y los códigos de Python

para generar las visualizaciones de espacio químico, están disponibles en línea para seguir

promoviendo la ciencia abierta.
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I. Resumen de resultados de la investigación y actividades del doctorado

1.1. Artículos científicos

Se generaron bibliotecas de fragmentos de bases de datos de productos naturales. Los

resultados se publicaron en:

1. Chávez-Hernández AL, Sánchez-Cruz N, Medina-Franco JL. A Fragment Library of

Natural Products and Its Comparative Chemoinformatic Characterization. Mol. Inform.

2020, 39, 2000050. https://doi.org/10.1002/minf.202000050.

2. Chávez-Hernández AL, Sánchez-Cruz N, Medina-Franco JL. Fragment Library of

Natural Products and Compound Databases for Drug Discovery. Biomolecules 2020, 10,

1518. https://doi.org/10.3390/biom10111518.

Utilizando los fragmentos moleculares derivados de productos naturales se planteó una

metodología para el diseño de novo. Los resultados se publicaron en:

3. Chávez-Hernández AL, Juaréz-Mercado KE, Saldívar-González FI and Medina-Franco

JL. Towards the de novo Design of HIV-1 Protease Inhibitors based on Natural Products.

Biomolecules, 2021, 11, 1805. https://doi.org/10.3390/biom11121805.

Se realizó una revisión bibliográfica sobre el diseño de novo, utilizando algoritmos de

inteligencia artificial, y el análisis de subconjuntos de bases de datos de productos naturales.

Los resultados se publicaron en:

4. Chávez-Hernández AL, Medina-Franco JL. Natural Products Subsets: Generation and

Characterization. Artif Intell Life Sci. 2023, 3, 100066,

https://doi.org/10.1016/j.ailsci.2023.100066.

5. Chávez-Hernández AL, López-López E, Medina-Franco JL. Yin-yang in Drug

Discovery: Rethinking de Novo Design and Development of Predictive Models. Front

Drug Disc 2023, 3, 1222655. https://doi.org/10.3389/fddsv.2023.1222655.
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1.2. Artículos de difusión y divulgación

1. Medina-Franco JL* Chávez-Hernández AL, López-López E, Saldívar-González FI.

Chemical Multiverse: An Expanded View of Chemical Space. Mol. Inf. 2022, 41,

2200116. https://doi.org/10.1002/minf.202200116.

2. Saldívar-González FI, Chávez-Hernández AL, Prado-Romero DL, González-Medina M.

¿Por Qué Hay Que Hablar De Mujeres En Química Computacional Y No solo De

Química Computacional? CIENCIAUANL 2023, 26, 8-19.

https://doi.org/10.29105/cienciauanl26.121-1

3. Bajorath J, Chávez-Hernández AL, Duran-Frigola M, Fernández-de Gortari E,

Gasteiger J, López-López E, et al. Chemoinformatics and Artificial Intelligence

Colloquium: Progress and Challenges in Developing Bioactive Compounds. J.

Cheminformatics. 2022, 14, 1-12. https://doi.org/10.1186/s13321-022-00661-0.

1.3. Capítulo de libro

1. Medina-Franco JL* Flores-Padilla EA, Chávez-Hernández AL. Discovery and

Development of Lead Compounds from Natural Sources using Computational

Approaches. En Evidence-Based Validation of Herbal Medicine, Pulok Mukherjee, (Ed.)

2nd Ed. Elsevier 2022, pp. 539-560.

https://doi.org/10.1016/B978-0-323-85542-6.00009-3.

1.4. Artículo de alumna de licenciatura

1. Gaytán-Hernández D, Chávez-Hernández AL, López-López E, Miranda-Salas J,

Saldívar-González FI & Medina-Franco JL. Art driven by visual representations of

chemical space. J Cheminform, 2023, 15, 100.

https://doi.org/10.1186/s13321-023-00770-4.

1.5. Mentorías y alumnos

1. Asesoramiento como profesora adjunta del proyecto: Representaciones visuales de

espacios y multiversos químicos para la divulgación de conocimiento científico y
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expresión artística. Alumna: Daniela Gaytán Hernández. Tesis de licenciatura para

obtener el grado de Ingeniera Química, Facultad de Química de la UNAM, 2024.

2. Asesoramiento como profesora adjunta del proyecto: Desarrollo de flujos de trabajo

aplicados al diseño de fármacos. Alumna: Jessica Alejandra Román Palafox.

Programa de Estancias Cortas de Investigación, durante el intersemestral 2023-1,

Facultad de Química, UNAM.

1.6. Colaboración en el desarrollo del manual de Quimioinformática en español

1. Saldívar-González FI, Prado-Romero DL, Cedillo-González BR, Chávez-Hernández AL,

Avellaneda-Tamayo JF, Gómez-García A, Medina-Franco JL. A Spanish

Chemoinformatics GitBook for Chemical Data retrieval and Analysis using Python

Programming. J. Chem. Educ. 2024. https://doi.org/10.1021/acs.jchemed.4c00041.

1.7. Cursos y talleres

1. Ayudante de profesor B en la materia de licenciatura “Introducción a la

Quimioinformática” en la Facultad de Química de la UNAM [2023-2024].

2. UAMedia, curso: "Búsqueda, análisis, representación y visualización de información

química contenida en bases de datos moleculares". Fecha: 9 al 20 de octubre del 2023.

3. Curso-Taller I (Quimioinformática), con una duración de 8 horas, impartido en el marco

del IX Simposio Tendencias actuales en la búsqueda y desarrollo de fármacos, realizado

los días 12 y 13 de junio de 2023.

4. Taller: Script de Python para calcular descriptores moleculares y una visualización del

espacio químico con PCA. Ponencia del III CURSO TALLER DE

BIOQUIMIOINFORMATICA - EL MUNDO DEL DISEÑO Y DESARROLLO DE

FÁRMACOS". Evento académico realizado por la Asociación Peruana de Estudiantes

de Farmacia y Bioquímica APEFYB-Perú. Fecha: 10 de septiembre 2022.
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1.8. Apoyo para obtener financiamiento

1. Becario dentro del espacio de innovación UNAM-HUAWEI. Proyecto: Desarrollo y

aplicación de algoritmos de inteligencia artificial para el diseño de fármacos aplicables al

tratamiento de diabetes mellitus y cáncer. [2022-2023].

1.9. Presentación en congresos nacionales e internacionales

1. Rethinking de novo drug design aided with natural product subsets. American Chemical

Society. Presentación oral. Fall Meeting 2023. San Francisco, California, EUA. Fecha:

16 de agosto de 2023.

2. Subconjuntos de bases de datos de productos naturales: Generación y caracterización.

Póster 10 presentado en la 18a Reunión Internacional de Investigación en Productos

Naturales organizado por el AMINOPRONAT. Morelia Michoacán, México. Fecha: 25 de

mayo de 2023.

3. HANNA: Una huella digital molecular basada en productos naturales y quiralidad

utilizando un algoritmo de inteligencia artificial. Póster 34 presentado en la XVII Reunión

de la Academia Mexicana de Química Orgánica. Puebla, México. Fecha: 25 de agosto

de 2022.

4. Webinar: “HANNA: una huella digital molecular basada en productos naturales utilizando

una arquitectura de redes neuronales”. Ponencia presentada en el III CURSO TALLER

DE BIOQUIMIOINFORMATICA - EL MUNDO DEL DISEÑO Y DESARROLLO DE

FÁRMACOS". Evento académico realizado por la Asociación Peruana de Estudiantes

de Farmacia y Bioquímica APEFYB-Perú. Fecha: 10 de septiembre de 2022.

5. Towards the de novo design of HIV-1 protease inhibitors based on natural products.

Presentación oral. XXVII Symposium on Bioinformatics and Computer-Aided Drug

Discovery. Rusia. Fecha: 26 de mayo de 2022.

6. Fragment Library of Natural Products for Drug Discovery. Presentación oral. ACS Fall

meeting. EUA. Fecha: 22 de agosto de 2021.
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7. WORKSHOP ON SECONDARY METABOLITE DISCOVERY. Computational

Applications in Secondary Metabolite Discovery. A Fragment Library of Natural Products

and Compounds. Alemania. Fecha: 09 de marzo de 2021.

8. Webinar: “La importancia de generar bibliotecas de fragmentos de productos naturales

en el desarrollo de fármacos”. Ponencia del Webinar Farmacéutico Internacional de

Bioquimioinformática: “La ciencia del descubrimiento, diseño y desarrollo de fármacos”.

Evento académico realizado por la Asociación Peruana de Estudiantes de Farmacia y

Bioquímica APEFYB-Perú. Fecha: 18 de diciembre de 2020.

9. A Fragment Library of Natural Products and its Comparative Chemoinformatics

Characterization. Póster 18 presentado en el primer congreso internacional de “Women

in Bioinformatics and Data Science, LA”. Fecha: septiembre 2020.

1.10. Distinciones científicas y reconocimientos

1. Artículo más citado 2020-2021. Wiley-Molecular Informatics. Chávez-Hernández AL,

Sánchez-Cruz N and Medina-Franco JL. A Fragment Library of Natural Products and its

Comparative Chemoinformatic Characterization. Mol. Inf. 2020, 39, 2000050.

https://doi.org/10.1002/minf.202000050.

2. Artículo más leído 2021-2022. Medina-Franco JL* Chávez-Hernández AL,

López-López E, Saldívar-González FI. Chemical Multiverse: An Expanded View of

Chemical Space. Mol. Inf. 2022, 41, 2200116. https://doi.org/10.1002/minf.202200116.

3. Artículo publicado en dos volúmenes especiales: Women in Artificial Intelligence in

the Life Sciences y AI in the Life Sciences by Latin Americans. Chávez-Hernández AL,

Medina-Franco JL. Natural products subsets: Generation and characterization. Artif Intell

Life Sci. 2023, 100066.

4. Asesoramiento como profesora adjunta del proyecto: Desarrollo de flujos de trabajo

aplicados al diseño de fármacos, ganador del tercer lugar en la categoría de Química

Farmacéutico Biológica, del programa Estancias Cortas de Investigación,

correspondiente al intersemestral 2023-1 de la Facultad de Química, UNAM.
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5. Rethinking de novo drug design aided with natural product subsets. American Chemical

Society. Ponencia seleccionada para el informe Chemical Information and

Computation 2023, ACS National Meetings. San Francisco, August 13-17, 2023,

organizado por la Dra. Wendy Anne Warr, pionera de la quimioinfomática.

https://www.warr.com/morepubs.html#sanfran.
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II. Antecedentes

Un producto natural es un compuesto químico sintetizado por un organismo vivo para adaptarse al

ecosistema, protegerse contra los depredadores y atraer o advertir a otras especies.1

Los productos naturales han atravesado un proceso de adaptación en el organismo que los

alberga, por lo tanto, son los ligandos adecuados para interaccionar con diversas dianas biológicas

(llamado “espacio biológico relevante”).2,3 En comparación con las moléculas obtenidas mediante

síntesis, especialmente síntesis combinatoria, los productos naturales tienen mayor diversidad

estructural y mayor número de centros quirales.4 Por esta razón, los productos naturales han tenido

relevancia desde el inicio de la era farmacéutica. La Figura 1 muestra ejemplos de los primeros

fármacos obtenidos a partir de productos naturales o derivados de estos, y entre paréntesis el efecto

terapéutico y el año de descubrimiento, como son la morfina (analgésico, 1803),5 la codeína

(analgésico, 1832),5 el ácido acetilsalicílico (analgésico, 1897),6,7 la penicilina G o bencilpenicilina

(una de varias presentaciones de la penicilina producida de modo natural y usada clínicamente como

antibiótico, 1928),8,9 y el taxol (anticancerígeno, 1993).10
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Figura 1. Ejemplos de los primeros fármacos obtenidos a partir de productos naturales o derivados de

productos naturales. El efecto terapéutico y el año de descubrimiento se indican entre paréntesis.

Así mismo, de las 1,394 moléculas pequeñas aprobadas como fármacos entre 1981 y 2019, 5.1%

son productos naturales, 31.2% derivados de productos naturales y 30.5% inspirados en productos

naturales (es decir, compuestos que sustituyen al sustrato natural de una diana biológica

terapéutica).11,12 La Figura 2 muestra la estructura química de la aplidina, moxidectina y lefamulina,

fármacos derivados de productos naturales aprobados entre los años 2018 y 2019.11 La aplidina13 es

un producto natural marino usado para el tratamiento del mieloma múltiple y fue aprobado en

Australia en 2018.11 La moxidectina14 es un antiparasitario derivado de la nemadectina y aprobado

por la FDA (por sus siglas en inglés, Food and Drug Administration de los Estados Unidos) en 2018.

La lefamulina15 es un antibiótico derivado de la pleuromutilina y aprobado por la FDA en 2019.
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Figura 2. Aplidina, moxidectina y lefamulina, fármacos derivados de productos naturales aprobados entre los

años 2017 y 2019. El efecto terapéutico y el año de aprobación se indican entre paréntesis.

Por estas razones, los productos naturales continúan siendo fundamentales en el diseño y

desarrollo de nuevos fármacos. El diseño y desarrollo de fármacos tiene dos retos fundamentales que

son encontrar moléculas que tengan actividad biológica (hits) y, de estas, seleccionar aquellas que

tengan actividad biológica robusta y baja toxicidad (compuestos líderes o leads).16 A pesar de que

varias moléculas son candidatos a fármacos, una cantidad significativa de estas fallan por su

toxicidad y sus propiedades farmacocinéticas inadecuadas. Un método para identificar moléculas con

actividad biológica son las pruebas biológicas de alto rendimiento (HTS, por sus siglas del inglés

high-throughput screening). Las pruebas biológicas de alto rendimiento consisten en el uso de

equipos automatizados para evaluar la actividad biológica de miles o millones de compuestos

rápidamente.
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El diseño de fármacos asistido por computadora es otra estrategia general para identificar

moléculas líderes.17 Dentro de este, el diseño de fármacos basado en fragmentos (FBDD, por sus

siglas del inglés fragment-based drug discovery)18 se ha convertido en un método convencional. Por

ejemplo, en 2018 se reportaron 26 moléculas bioactivas a partir del FBDD.18 Los fragmentos

moleculares son, generalmente, de peso molecular pequeño (< 300 Da) y tienen menor complejidad

estructural que los compuestos estructuralmente similares a los fármacos. Por estas características,

se sugiere que los fragmentos moleculares tienen mayor probabilidad de encajar en un sitio de unión

y formar interacciones intermoleculares.17,19 Gracias a la importancia creciente de esta estrategia, se

han desarrollado bibliotecas moleculares de fragmentos. A la fecha, estas bibliotecas,

primordialmente, se derivan de compuestos sintéticos que tienen una diversidad molecular acotada.

Por esta razón es conveniente desarrollar bibliotecas de fragmentos con estructuras diversas que

proporcionen una gama amplia de bloques de construcción que sirva para el diseño de nuevos

compuestos bioactivos (diseño de novo).20,21 Una alternativa son los productos naturales, ya que

poseen mayor diversidad estructural que los compuestos de origen sintético.

2.1. Bases de datos de productos naturales

Una base de datos es una estructura organizada que almacena información, normalmente asociada a

un programa computacional. Una finalidad de las bases de datos moleculares es actualizar,

responder y recuperar datos almacenados en un sistema de manera eficiente.22

La información química almacenada depende del tipo de base de datos. La Figura 3 muestra una

clasificación propuesta23 de las bases de datos de compuestos químicos que abarca seis categorías

que son (1) compuestos bajo demanda, (2) compuestos con actividad biológica, (3) compuestos

disponibles comercialmente, (4) bases de datos de productos naturales, (5) compuestos de referencia

(en inglés, benchmark), y (6) compuestos de tipo señuelo (en inglés decoy) y compuestos

inactivos.23,24 Las bases de datos de compuestos bajo demanda tienen protocolos de síntesis química

bien establecidos, lo cual facilita su disponibilidad y adquisición.25,26 Las bases de datos de referencia

son compuestos químicos que tienen protocolos de curado de bases de datos bien establecidos, y
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por ende se usan de referencia para construir modelos predictivos.27–29 Los compuestos tipo señuelo

son presuntamente inactivos contra una diana biológica, pero tienen propiedades fisicoquímicas muy

similares a los compuestos biológicamente activos.30

Figura 3. Clasificación de bases de datos de compuestos químicos. Fuente: Chávez-Hernández AL,
López-López E, Medina-Franco JL. Yin-yang in drug discovery: rethinking de novo design and development of

predictive models. Front. Drug Discov. 2023, 3, 1222655.

Una base de datos de compuestos químicos naturales usualmente contiene información química

como la estructura química (ver sección 2.2), descriptores moleculares (ver sección 2.3), el

organismo del que se aisló el compuesto químico y, cuando está disponible, la actividad biológica

reportada contra una o más dianas biológicas o un ensayo biológico en general. Las bases de datos

de productos naturales son importantes en el desarrollo y descubrimiento de nuevos fármacos31,32

debido a la diversidad de estructuras químicas y núcleos base que varían del organismo del que
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provienen.33 Algunos ejemplos de bases de datos de productos naturales con el mayor número de

productos naturales reportados son SuperNatural 3.034 con 449,058 productos naturales y derivados,

COCONUT35 (por sus siglas en inglés, Collection of Open NatUral ProdUcTs) con 406,076 estructuras

químicas únicas y UNPD36 (por sus siglas en inglés, Universal Natural Product Database) con

197,201 estructuras químicas que contienen información sobre la quiralidad de los compuestos.

También, las bases de datos de productos naturales pueden recopilar compuestos aislados y

caracterizados de diferentes regiones geográficas como China, India, África y Latinoamérica. Por

ejemplo, TCM (por sus siglas en inglés, Chinese Traditional Medicine Database@Taiwan)37 es una

base de datos de medicina tradicional china de acceso libre con más de 20,00 compuestos. IMPPAT

(por sus siglas en inglés, Indian Medicinal Plants, Phytochemistry and Therapeutics)38 contiene 9,596

compuestos fitoquímicos aislados de 1,742 plantas medicinales de la India. AfroDB39 contienen más

de 1,000 compuestos derivados de plantas medicinales de África. LANaPDB (por sus siglas en

inglés, Unified Latin American Natural Product Database)31,40 contiene 12,959 productos naturales de

seis bases de datos de países de Latinoamérica como Bolivia, Brasil, Colombia, Costa Rica, Ecuador,

México, Perú y Venezuela. Algunos ejemplos de bases de datos de productos naturales

representativas de Latinoamérica son NuBBEDB (2,223 compuestos, Brasil),41 SistemaX (9,514

compuestos, Brasil),42 CIFPMA (354 compuestos, Panamá),43,44 PeruNPDB (280 compuestos,

Perú),45 UNIIQUIM (1,112 compuestos, México)48 y BIOFACQUIM (531 compuestos, México).46,47

UNIIQUIM48 (por su acrónimo en español, Unidad de Informática de Instituto de Química) es una base

de datos de productos naturales creada por el Instituto de Química de la UNAM, compuesta de

productos naturales de México y principalmente productos naturales aislados y caracterizados por el

departamento de productos naturales del Instituto de Química. Mientras que BIOFACQUIM46,47 es

una base de datos de productos naturales desarrollada por el grupo de investigación Diseño de

Fármacos Asistido por Computadora de la Facultad de Química de la UNAM que contienen productos

naturales aislados y caracterizados por otros institutos de investigación de México, y cuyos

compuestos son derivados de plantas, hongos y propóleo.
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Las estructuras químicas almacenadas en las bases de datos de compuestos químicos son

representadas utilizando representaciones moleculares.

2.2. Representaciones moleculares

Una representación molecular es cualquier forma de representar a un compuesto químico y, se

caracterizan por codificar la conectividad entre pares de átomo de cada molécula.49,50 Algunos

ejemplos de representaciones moleculares son SMILES51 (por sus siglas en inglés, Simplified

Molecular Input Line Entry System), SMARTS52 (por sus siglas en inglés, arbitrary target

specification), InChI (por sus siglas en inglés, International Chemical Identifier) o InChIKey,53 una

representación condensada de un InChI53 con 27 caracteres fijos que facilita la búsqueda de

estructuras químicas.50 Algunos modelos generativos de diseño de novo utilizan representaciones

moleculares como SMIRKS,54,55 una notación genérica que permite a un lenguaje de programación

leer una reacción química, y los grafos moleculares.56 La Figura 4 muestra la molécula de piperazina

representada como SMILES, SMARTS, InChI e InChIKey utilizando el protocolo descrito por

Saldívar-González et al.50 Los SMARTS, además de describir la conectividad entre pares de átomo

de la molécula de piperazina, mapean los patrones de conectividad que el carbono (Figura 4-A) y el

nitrógeno (Figura 4-B y Figura 4-C) pueden tener como sustituyentes un hidrógeno (Figura 4-A),

dos hidrógenos (Figura 4-B) u otros átomos (Figura 4-C). El InChI incluye la fórmula empírica y la

posición de los hidrógenos, y el InChIKey indica el tipo de carga, estereoquímica e isótopos.
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Figura 4. Molécula de piperazina representada como SMILES, SMARTS, InChI e InChIKey utilizando el

protocolo de Saldívar-González FI, Huerta-García CS, Medina-Franco JL. Chemoinformatics-Based

Enumeration of Chemical Libraries: A Tutorial. J. Cheminform. 2020, 12, 64.

2.2.1. Grafos moleculares

Un grafo molecular permite codificar una molécula en un conjunto de nodos (átomos) y aristas

(enlaces químicos).49 En general, los conjuntos de átomos y enlaces se codifican dentro de dos

matrices, una de características y otra de conectividad. La biblioteca Pytorch Geometric,

implementada en el lenguaje de programación de Python, añade otra matriz de características para

tener tres en total.57,58 La Figura 5 muestra un ejemplo de grafo molecular de la molécula R-2-butanol

generado mediante Pytorch Geometric, y sus respectivas matrices de conectividad y características.

La matriz de características atómicas codifica nueve descriptores moleculares de los átomos de cada

molécula como son el número atómico, el tipo de quiralidad (R o S), el número de átomos vecinos, la

carga formal, el número de hidrógenos implícitos y no implícitos, el número de electrones

desapareados, el tipo de hibridación (SP3 o SP2) y si el átomo está dentro de un anillo aromático o

alifático (0=No o 1=Si). La matriz de características de enlace químico describe el tipo de enlace (por

ejemplo, 1=simple, 2=doble, 3=triple o 12=aromático), la estereoquímica, y si un enlace es conjugado
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o no. La matriz de conectividad codifica qué átomos están unidos mediante un enlace químico. Las

Tablas A1 y A2 (ver Apéndice) resumen las características químicas de átomos y enlaces, y los

valores que pueden tomar desglosados en la columna de descriptores moleculares.

Figura 5. Grafo molecular de la molécula R-2-butanol. Se muestran dos matrices de características, una de

características atómicas y otra de características de enlaces químicos. La matriz de características atómicas

codifica nueve descriptores moleculares que son el número atómico, quiralidad (R o S), átomos vecinos, carga

formal, número de hidrógenos, número de electrones desapareados, tipo de hibridación, si el átomo está dentro

de un anillo aromático o alifático. En el centro se muestra la matriz de conectividad con los átomos de la

molécula que están unidos mediante un enlace químico. Fuente: https://github.com/DIFACQUIM/HANNA.

2.3. Descriptores moleculares

Las representaciones moleculares descritas anteriormente permiten reconstruir la molécula, pero

existen otras notaciones que no lo hacen, y son los descriptores moleculares.49 Un descriptor

molecular es un número que codifica propiedades fisicoquímicas, estructurales, topológicas y

electrónicas de una molécula.49,59

Los descriptores moleculares constitucionales son los más sencillos y utilizados, ya que reflejan la

composición molecular de un compuesto sin ninguna información sobre su geometría molecular.60
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Algunos ejemplos son el número de átomos de carbono, nitrógeno y oxígeno, el número de anillos

aromáticos y alifáticos.

Los descriptores moleculares de complejidad estructural describen la tridimensionalidad de las

moléculas, algunos ejemplos son la fracción de átomos con hibridación sp3 (Fsp3) y la fracción de

centros quirales (FCC por sus siglas en inglés, fraction of chiral centers).61 Fsp3 es un descriptor

molecular de complejidad estructural porque la saturación permite la preparación de moléculas más

complejas con mayor tridimensionalidad. Por ejemplo, si átomo de carbono tiene cuatro enlaces

simples, es átomo de carbono tendrá una hibridación sp3 y, por lo tanto, la molécula tendrá una

geometría tetraédrica, es decir, una molécula con geometría tridimensional. Mientras que FCC indica

la posibilidad de encontrar un número de moléculas únicas con la misma fórmula y peso molecular.61

Otro ejemplo común es el peso molecular, que es asociado intuitivamente a estructuras químicas

complejas.61,62

2.4. Huellas digitales moleculares

Una huella digital molecular es un tipo de descriptor molecular que convierte una estructura molecular

en una secuencia de bits, cada bit toma en cuenta la presencia o ausencia de una característica

molecular.63 Una huella digital molecular permite describir la similitud molecular entre moléculas a

partir del número de bits en común.63,64 La Figura 6 muestra tres tipos de huellas digitales

moleculares principales que son basadas en claves estructurales, topológicas o basadas en rutas y

circulares.65
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Figura 6. Principales tipos de huellas digitales moleculares. A) Huella digital molecular basada en claves

estructurales, B) Huella digital molecular topológica o hashed y C) Huella digital molecular circular.

Las huellas digitales moleculares basadas en claves estructurales son cadenas de bits que

establecen la presencia de subestructuras o características en una molécula de una lista de claves

estructurales dada (Figura 6A).65 El número de bits está determinado por el número de

características estructurales, y cada bit está relacionado con la presencia o ausencia de una

característica determinada de la molécula.65 Un ejemplo es MACCS (por sus siglas en inglés,

Molecular ACCess System) keys con 166 y 960 claves estructurales (bits),66 y PubChem fingerprint

con 188-bits.67

Las huellas digitales moleculares topológicas o basadas en rutas analizan todos los fragmentos

de una molécula siguiendo una ruta (usualmente lineal) a cierto número de enlaces y luego realizan

un “hashing” (término en inglés que significa convertir uno o varios elementos de entrada en otro

elemento) de cada una de estas rutas para crear una huella digital molecular o huella digital

molecular hashed (Figura 6B).65 Cada molécula puede producir una huella digital molecular

significativa, y su longitud puede ser ajustada, aunque a veces puede producirse una “colisión de

bits”, es decir, un bit puede ser representado por uno o más características estructurales.65

Usualmente, este tipo de huella digital molecular es usada para un rápido filtrado o búsqueda por
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subestructura. Algunos ejemplos son Daylight fingerprint68,69 que codifica todas las rutas de

conectividad posibles a través de una molécula con una longitud dada, y Tree del programa

computacional OpenEye70 cuyas rutas de conectividad no son lineales.

Las huellas digitales moleculares circulares son una variante de las huellas digitales moleculares

tipo hashed, pero toman en cuenta el ambiente químico a un determinado número de enlaces

radiales, en lugar de basarse en rutas (Figura 6C).65 Son ampliamente usadas para la búsqueda de

similitud estructural.65 Algunos ejemplos son Molprint2D que codifica los entornos atómicos de cada

átomo en una tabla de conectividad molecular, que están representados por cadenas de tamaño

variable.71 ECFP (por sus siglas en inglés, Extended Connectivity fingerprint)72 basado en el algoritmo

de Morgan.73 ECFP representan átomos vecinos circulares y producen huellas digitales moleculares

de una longitud variada y la más usada comúnmente es de diámetro 4, es decir, ECFP4.65 Ejemplos

de huellas digitales moleculares similares a ECFP son la huella digital molecular MinHash a seis

enlaces de distancia (MHFP6)74 y la huella digital molecular de pares de átomos minHAshed a cuatro

enlaces de distancia (MAP4).75

Otros tipos de huellas digitales moleculares que no entran en las categorías anteriores son las

huellas digitales moleculares farmacóforicas, las huellas digitales moleculares basadas en

interacciones moleculares y las huellas digitales moleculares basadas en inteligencia artificial. Un

farmacóforo representa las características relevantes e interacciones necesarias para que una

molécula sea activa contra una diana biológica.65 Las huellas digitales moleculares farmacóforicas

generalmente codifican la información de las características en una lista, la cual representa a la

molécula, similar a una huella digital molecular basada en claves estructurales, pero tomando en

cuenta la distancia entre estas características.65 Las huellas digitales moleculares basadas en

interacciones moleculares codifican información sobre interacciones proteína-ligando como enlaces

de hidrógeno, interacciones únicas y contacto con su residuo de origen, un ejemplo es SIFt (por sus

siglas en inglés, Structural Interaction Fingerprint).76 Las huellas digitales moleculares basadas en

inteligencia artificial como E3FP (por sus siglas en inglés, Extended 3-Dimensional FingerPrint)77

captura los posibles confórmeros que puede adoptar una molécula en un disolvente.

27

https://paperpile.com/c/nEs9mJ/Mtnh+1KIp
https://paperpile.com/c/nEs9mJ/UI3M
https://paperpile.com/c/nEs9mJ/RTRc
https://paperpile.com/c/nEs9mJ/RTRc
https://paperpile.com/c/nEs9mJ/QiGH
https://paperpile.com/c/nEs9mJ/SO4h
https://paperpile.com/c/nEs9mJ/E8cj
https://paperpile.com/c/nEs9mJ/RTRc
https://paperpile.com/c/nEs9mJ/arHc
https://paperpile.com/c/nEs9mJ/pWTB
https://paperpile.com/c/nEs9mJ/RTRc
https://paperpile.com/c/nEs9mJ/RTRc
https://paperpile.com/c/nEs9mJ/IJxD
https://paperpile.com/c/nEs9mJ/GCf8


Algunas aplicaciones de las huellas digitales moleculares en quimioinformática (disciplina que

aplica métodos informáticos en la resolución de problemas de la química),78 incluyendo el diseño de

fármacos asistido por computadora (CADD, por sus siglas en inglés, Computer Aided Drug

Discovery) son búsqueda por similitud estructural,65 generación de modelos predictivos de relaciones

cuantitativas estructura-actividad (QSAR por sus siglas del inglés, Quantitative Structure

Relationships)79,80 y filtrado de los compuestos de bases de datos que son utilizados en los primeros

pasos del diseño de nuevos compuestos químicos desde cero (diseño de novo).23,81 Por esta razón,

se continúan desarrollando nuevas huellas digitales moleculares en diferentes tipos y complejidad.63

La Figura 7 ilustra los pasos de una revisión bibliográfica sobre el diseño de novo basado en

ligando y utilizando algoritmos de inteligencia artificial.23 Los pasos son (1) Selección de una base de

datos. (2) Filtrado de la base de datos con propiedades deseadas como tipo fármaco. En este

ejemplo, los compuestos representados como estrellas cumplen propiedades tipo fármaco como peso

molecular (MW) 500, donadores de puente de hidrógeno (HBD) 5, aceptores de puente de≤ ≤

hidrógeno (HBA) 10, coeficiente de partición octanol/agua (log P) 5, enlaces rotables (RB) 10 y≤ ≤ ≤

área topológica superficial (TPSA) 150. (3) Elección de la representación molecular que puede ser≤

SMILES,51 SELFIES82 o grafos moleculares49 (ver Figura 5). (4) Selección del algoritmo para el

diseño de novo. (5) Desarrollo, validación y optimización del modelo. (6) Generación de las moléculas

a partir del modelo de diseño de novo. (7) Evaluación de la actividad biológica de los compuestos.

Cabe mencionar que existen otros enfoques para seleccionar compuestos, mediante el uso de

huellas digitales moleculares.
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Figura 7. Resumen del diseño de novo basado en ligando utilizando algoritmos de inteligencia artificial: 1)

Selección de una base de datos de compuestos químicos. 2) Filtrado de compuestos con propiedades

fisicoquímicas tipo fármaco (MW 500, HBD 5, HBA 10, log P 5, RB 10 y TPSA 150). 3) Elección de la≤ ≤ ≤ ≤ ≤ ≤

representación molecular. 4) Selección del algoritmo para el diseño de novo. 5) Desarrollo, validación y

optimización del modelo. 6) Generación de las moléculas a partir del modelo de diseño de novo. 7) Evaluación

de la actividad biológica de los compuestos generados. Fuente: Chávez-Hernández AL, López-López E,

Medina-Franco JL. Yin-yang in drug discovery: rethinking de novo design and development of predictive

models. Front. Drug Discov. 2023, 3,1222655.

29

https://www.frontiersin.org/articles/10.3389/fddsv.2023.1222655/full
https://www.frontiersin.org/articles/10.3389/fddsv.2023.1222655/full


Tomando en cuenta el diagrama de la Figura 7, las huellas digitales moleculares se pueden

utilizar para filtrar compuestos basados en similitud molecular (en las primeras etapas del diseño de

novo). También, se puede adaptar los pasos 1,3,4 y 5 del esquema al desarrollo de otros algoritmos

de aprendizaje profundo (en inglés, deep learning) como redes neuronales. Dentro de este último se

encuentran los autocodificadores variacionales (en inglés variational autoencoders, VAE) que son

algoritmos generativos,83 y su variante, autocodificadores variacionales gráficos (en inglés graph

variational autoencoder, GVAE).

2.5. Espacio químico

El espacio químico puede definirse como un arreglo multidimensional de compuestos químicos, en el

cual cada fila corresponde a una estructura química y, las columnas o dimensiones corresponden a n

número de descriptores moleculares utilizados para crear ese espacio químico.84 La Figura 8

muestra un ejemplo gráfico del espacio químico.

El espacio químico es útil en el análisis de diversidad y de relaciones estructura actividad (en

inglés, Structure Activity Relationships, SAR) y relaciones estructura propiedad (en inglés, Structure

Property Relationshis, SPR).85 En 2022, se amplió el concepto de espacio químico y se propuso el

concepto de multiverso químico definido como “un conjunto de todos los espacios químicos posibles

para una sola base de datos, en función al conjunto de descriptores moleculares utilizados”.86 La

visualización de los espacios o multiversos químicos requiere de métodos de visualización de datos.

Los más utilizados son el análisis de componentes principales (en inglés, principal component

analysis, PCA)87 y la incrustación de vecinos estocásticos distribuidos en t (en inglés, T-distributed

stochastic neighbor embedding, t-SNE).88
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Figura 8. Espacio químico. Cada molécula (n) en una base de datos es representada por M descriptores

moleculares. La tabla con el conjunto de moléculas y descriptores moleculares es el espacio químico y puede

ser representado con diferentes métodos de visualización. Fuente: Medina-Franco JL, Chávez-Hernández AL,
López-López E, Saldívar-González FI. Chemical Multiverse: An Expanded View of Chemical Space. Mol Inform.

2022, 41, e2200116.
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III. Problemática y significancia

Este proyecto aborda dos problemas principales. Uno de ellos es la necesidad de generar bibliotecas

de fragmentos con mayor diversidad estructural, las cuales puedan servir como bloques de

construcción en el diseño de novo de moléculas bioactivas y novedosas. El segundo es el diseño de

fármacos basados en productos naturales que ha disminuido gradualmente en las industrias

farmacéuticas. Esto se ha debido, generalmente, a que se obtienen en pocas cantidades durante los

procedimientos de obtención y purificación.11 Además, estos procesos son más largos y costosos que

aquellos obtenidos mediante síntesis combinatoria,89 y la síntesis total de productos naturales,

también, representa un reto por la alta complejidad molecular que tienen algunas estructuras. Por

ende, para aprovechar al máximo los productos naturales que ya se han aislado y caracterizado

previamente; y partiendo de la importancia del FBDD, el objetivo de este proyecto es generar

bibliotecas públicas de fragmentos de productos naturales, que puedan ser utilizadas como punto de

partida para la síntesis de los llamados pseudo productos naturales. La síntesis de pseudo productos

naturales es combinar fragmentos de productos naturales de una manera que aún no se ha

observado en la naturaleza.90 Se ha propuesto que la síntesis de pseudo productos naturales

coadyuva en la búsqueda de nuevas moléculas bioactivas y aumenta la probabilidad de éxito de

estas como fármacos.91 Un ejemplo reciente fue el descubrimiento de la glupina, a partir de 63

indomorfanos, que disminuye el crecimiento de varias líneas de células cancerosas, entre ellas

cáncer de mama.92 Así mismo, este proyecto busca impulsar el uso de los productos naturales en la

industria farmacéutica y otros centros de investigación, por ende, se plantea generar una huella

digital molecular basada en productos naturales para caracterizar su diversidad estructural. Además,

este proyecto apoya la búsqueda y descubrimiento de nuevos productos naturales, ya que estos

enriquecerían significativamente el desarrollo de la huella digital molecular y las bibliotecas de

fragmentos, ambas, basadas en productos naturales.
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IV. Hipótesis

Los fragmentos derivados de productos naturales conservan las características estructurales de los

compuestos originales y cubren regiones del espacio químico diferente a la de los compuestos

accesibles sintéticamente y compuestos con actividad biológica.

V. Objetivo general

Desarrollar, analizar y hacer públicas las bibliotecas de fragmentos obtenidos a partir de productos

naturales.

VI. Objetivos particulares

1. Generar bibliotecas de fragmentos de productos naturales a partir de las siguientes bases de

datos moleculares de acceso libre como son the Collection of open natural products

(COCONUT) y Food Database (FooDB).

2. Generar bibliotecas de fragmentos de bases de datos de referencia como son la base de datos

de REAL (comercializada por Enamine) con compuestos disponibles sintéticamente,

compuestos con actividad biológica (ChEMBL), compuestos sin actividad biológica de DCM

(por sus siglas en inglés, Dark Chemical Matter) pero que recientemente han llevado a la

identificación de compuestos bioactivos, una biblioteca de Chemical Abstract Service (CAS)

enfocada en COVID-19 y una biblioteca de inhibidores de la principal proteasa de SARS-CoV-2

(3CLP).

3. Comparar cuantitativamente las características estructurales, la complejidad estructural y la

diversidad estructural de las bibliotecas de compuestos y fragmentos generados derivados de

productos naturales y compuestos de referencia.

4. Utilizar los fragmentos moleculares derivados de la base de datos de COCONUT y los

fragmentos moleculares comerciales de ChemDiv y Enamine para generar bibliotecas de

compuestos análogos a bevirimat (un compuesto inhibidor de la proteasa viral del VIH-1).
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5. Comparar el espacio químico y las propiedades fisicoquímicas de interés farmacéutico de las

bibliotecas de los compuestos análogos a bevirimat generados mediante fragmentos derivados

de productos naturales.

6. Generar tres subconjuntos de productos naturales de la base de datos Universal Natural

Product Database (UNPD) utilizando el algoritmo MaxMin.
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VII. Metodología

La Figura 9 resume esquemáticamente la estrategia general para alcanzar los objetivos específicos y

el objetivo general. La estrategia se desglosa en cuatro pasos (1) curado de las bases de datos, (2)

generación de fragmentos moleculares, (3) análisis comparativo de las bases de datos de productos

naturales y (4) un caso de estudio de diseño de novo. La metodología se detalla en las secciones

siguientes.

Figura 9. Metodología para desarrollar y analizar bibliotecas de fragmentos basados en productos naturales.

7.1. Curado de bases de datos

El curado de base de datos de compuestos químicos es importante porque permite verificar la

exactitud, consistencia, y reproducibilidad de los datos experimentales reportados, lo cual es crucial

para generar datos confiables y reproducibles.93 La Figura 10 muestra el proceso de curado de bases

de datos moleculares que se realizó en este proyecto. Los compuestos de las bases de datos son

representados mediante cadenas de SMILES94 (del inglés, Simplified Molecular Input Line Entry

System). No se incluyó información sobre la estereoquímica porque esta información no está incluida

en la mayoría de las bases de datos moleculares públicas. El proceso de preparación se realizó

utilizando el protocolo de Sanchez-Cruz et al.,47 RDKit,95 una biblioteca de software libre para

quimioinformática disponible para el lenguaje de programación Python, y las funciones Standardizer,
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LargestFragmentChoser, Uncharger, Reionizer, TautomerCanonicalizer implementadas en la

biblioteca MolVS.96 El primer paso es la estandarización de los compuestos que consiste en eliminar

los compuestos con errores de valencia y átomos diferentes a los elementos presentes en moléculas

orgánicas (H, B, C, N, O, F, Si, P, S, Cl, Se, Br y I), y generar SMILES canónicos a partir de SMILES

isoméricos. Los compuestos con múltiples componentes (por ejemplo, compuestos iónicos) fueron

separados y el fragmento más grande (el ion más grande) fue retenido. De los compuestos

remanentes, se eliminó la información estereoquímica, se neutralizaron las cargas, y se eliminaron

los compuestos repetidos.

Figura 10. Curado de bases de datos moleculares. Fuente: Saldívar-González FI, Prado-Romero DL,

Cedillo-González BR, Chávez-Hernández AL, Avellaneda-Tamayo JF, Gómez-García A, Medina-Franco JL. A

Spanish Chemoinformatics GitBook for Chemical Data retrieval and Analysis using Python Programming. J.

Chem. Educ. 2024. https://doi.org/10.1021/acs.jchemed.4c00041.
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7.2. Análisis de diversidad y complejidad estructural

El análisis de diversidad estructural de los compuestos químicos y fragmentos estructurales se divide

en tres categorías de descriptores moleculares (1) diferencias estructurales, (2) complejidad

estructural y (3) diversidad estructural.

7.2.1. Cálculo de descriptores moleculares

Las diferencias estructurales entre compuestos y fragmentos fueron evaluadas calculando diez

descriptores moleculares utilizando como métrica la media de distribución. Los descriptores

moleculares calculados fueron el número de átomos de carbono, nitrógeno y oxígeno; el número de

átomos pesados, espiro y cabeza de puente; el número de anillos alifáticos y aromáticos, y el número

de heterociclos alifáticos y aromáticos,

La complejidad estructural fue evaluada mediante el cálculo de la fracción de carbonos con

hibridación sp3 y la fracción de átomos de carbono quirales.61,62

La diversidad estructural de los compuestos y fragmentos fue evaluada mediante el cálculo de

dos huellas digitales moleculares: Extended-connectivity fingerprints de radio 2 (ECFP-4) y

1024-bits,72 y Molecular ACCes System (MACCS) keys (166-bits).66 Posteriormente, se calculó la

mediana de la distribución de los valores de pares de similitud generados utilizando el coeficiente de

Tanimoto,97 Ecuación 1.

𝑇 =  
𝑁

𝐶

𝑁
𝐴 

+ 𝑁
𝐵

 − 𝑁
𝐶

Ecuación 1. Coeficiente de Tanimoto (T). Elementos en el conjunto A (NA). Elementos en el conjunto B (NB).

Elementos en común entre el conjunto A y B (NC).

También se calcularon seis propiedades fisicoquímicas de interés farmacéutico para generar

visualizaciones de espacio químico utilizando PCA y t-SNE, y para caracterizar los subconjuntos de

productos naturales generados en la Sección 8.3. Las propiedades fisicoquímicas calculadas fueron

peso molecular (MW), donadores de puente de hidrógeno (HBD), aceptores de puente de hidrógeno
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(HBA), coeficiente de partición octanol/agua (log P), enlaces rotables (RB) y área topológica

superficial (TPSA).

7.2.2. Visualizaciones de espacio químico (PCA, t-SNE y TMAP)

Se realizaron visualizaciones del espacio químico y multiverso químico utilizando tres métodos de

reducción de dimensiones y de visualización: PCA, t-SNE y Tree MAP (TMAP). Las visualizaciones

de espacio químico utilizando PCA y t-SNE fueron generados usando seis propiedades de interés

farmacéutico (MW, HBD, HBA, log P, RB y TPSA) como descriptores moleculares. Las

visualizaciones de espacio químico utilizando TMAP fueron generadas usando como descriptor

molecular la huella digital molecular ECFP-4 de 1024-bits.

PCA87 es un método de reducción de dimensiones lineal que reduce los datos con muchas

dimensiones en dos o tres nuevas variables llamadas componentes principales.87 PCA conserva la

mayor relación posible entre los datos. t-SNE es un método de reducción de dimensiones no lineal

que genera gráficos que organizan los compuestos en subconjuntos de datos.88 Compuestos

similares forman grupos y compuestos disimilares que son distantes uno entre otros. TMAP es un

método que permite visualizar muchos compuestos químicos a través de la distancia entre

subconjuntos de compuestos.98 La función HASH sensible a la localidad (en inglés Local Sensitive

Hashing, LSH) es una función matemática que permite agrupar jerárquicamente las estructuras

químicas en común. La cercanía se mide a partir de la distancia euclidiana entre cada compuesto y

los compuestos más cercanos van formando conjuntos que se van uniendo a otros mediante ramas

como si fuera un árbol.47,98 El número de vecinos más cercanos (k=50) y el factor usado para

argumentar la calidad de los vecinos, (kc=10) fueron usados para desarrollar los gráficos de TMAP, y

cuyos parámetros se ha aplicado previamente.47
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7.2.3. Visualizaciones de espacio químico utilizando una huella digital de bases de datos

basada en estadística

Se construyeron dos huellas digitales moleculares basadas en el concepto de Huella Digital de Bases

de datos Basada en Estadística (en inglés, Statistical-Based Database Fingerprint, SB-DFP),99 una

para productos naturales a partir de COCONUT (COCONUT SB-DFP) y otra para compuestos

accesibles sintéticamente a partir de REAL (REAL SB-DFP). Se utilizó como representación

molecular a ECFP-4 (1024 bits). SB-DFP parte de una representación molecular, en este caso

ECFP-4, y la frecuencia de ocurrencia de cada bit en un conjunto de datos (A) que es comparado con

un conjunto de datos de referencia (B). Si la frecuencia del bit en A es estadísticamente mayor que

en B, se le asigna un valor de 1 al bit, y en el caso contrario, un valor de 0. El 100% de los

compuestos de ChEMBL, el 100 % de los fragmentos moleculares generados de COCONUT, REAL y

ChEMBL, y el 40 % restante de los compuestos de COCONUT y REAL fueron utilizados para calcular

los valores de similitud de los compuestos utilizando SB-DFP y el coeficiente de Tanimoto (valores

entre 0 y 1). Los valores de similitud fueron utilizados para generar visualizaciones de espacio

químico de productos naturales, compuestos accesibles sintéticamente y compuestos de relevancia

biológica (ver Sección 8.1.1.3).

7.3. Generación de fragmentos moleculares

Los fragmentos moleculares se generaron utilizando el algoritmo de análisis combinatorio

retrosintético por sus siglas en inglés RECAP,100 implementado en la biblioteca RDKit. El algoritmo es

basado en romper once enlaces claves que pueden regenerarse a partir de sustancias químicas

conocidas, y son (1) amida, (2) éster, (3) amina, (4) urea, (5) éter, (6) olefina, (7) nitrógeno

cuaternario, (8) nitrógeno aromático-carbono alifático, (9) carbono alifático-nitrógeno lactámico, (10)

carbono aromático-carbono aromático y (11) sulfonamida. El algoritmo rompe cualquiera de esos

enlaces si están presentes en una molécula, Figura 11.
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Figura 11. Enlaces clave que rompen el algoritmo RECAP para generar fragmentos moleculares. Fuente:

Lewell X. Q, Judd DB, Watson SP, Hann MM. RECAP--Retrosynthetic Combinatorial Analysis Procedure: A

Powerful New Technique for Identifying Privileged Molecular Fragments with Useful Applications in

Combinatorial Chemistry. J. Chem. Inf. Comput. Sci. 1998, 38, 511–522.

7.4. Diseño de novo utilizando fragmentos de productos naturales

Se desarrolló una biblioteca enfocada a compuestos inhibidores de la proteasa viral del VIH-1 a partir

de fragmentos de productos naturales utilizando el protocolo de Saldívar-González et al.50 para

enumerar bibliotecas de compuestos químicos,50 el lenguaje de programación Python, la biblioteca de

Python RDKit,95 y el esquema de reacción propuesto por Zhao et al.101 El esquema de reacción de

Zhao et al.101 derivado de un análisis de relaciones estructura actividad (SAR por sus siglas en inglés,

structure activity relationships) sugiere la optimización de bevirimat, un compuesto derivado del ácido

betulínico (Figura 12) y en pruebas clínicas.102,103 Bevirimat se une a la poliproteína Gag inhibiendo la

acción de la proteasa viral en su último evento de la última escisión de la proteína de la cápside y del

péptido espaciador 1 (CA-SP1).104,105 El esquema propuesto para construir nuevos compuestos

químicos derivados de bevirimat se muestra en la Figura 13.
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Figura 12. Estructura química de bevirimat.

Figura 13. Esquema para construir nuevos compuestos químicos similares a bevirimat usando el éster del

ácido betulínico y éster de un fragmento de COCONUT derivado del ácido

24-nor-3α,11α-dihydroxy-lup-20(29)-en-23,28-dioico.

A partir de este esquema, se generaron SMARTS y SMIRKS usando SMARTviewer.106 Los

SMARTS fueron usados para filtrar ciclohexanol, piperazina, 1,2-diaminoetano, 1,3-diaminopropano y

el sistema cíclico derivado del ácido betulínico. Los SMIRKS se utilizaron para representar las

reacciones de esterificación y aminación entre los fragmentos de las bibliotecas COCONUT, ChemDiv

y Enamine.
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Después, se calculó la diversidad estructural de los compuestos generados como se describe en

la sección 7.2.1 y se generaron visualizaciones de espacio químico mediante PCA y TMAP

siguiendo los protocolos de la sección 7.2.2. Para reducir el espacio de búsqueda en el espacio

químico se calcularon seis propiedades fisicoquímicas de interés farmacéutico de las bibliotecas

virtuales enfocadas de compuestos inhibidores de la proteasa viral del VIH-1 generadas a partir de

fragmentos moleculares y los compuestos inhibidores de la proteasa viral del VIH-1 aprobados por la

FDA. Se tomaron los valores máximos de las propiedades fisicoquímicas obtenidas de los inhibidores

de la proteasa viral del VIH-1 aprobados por la FDA. Las moléculas retenidas debía cumplir con al

menos cuatro condiciones, entre ellas log P. Estos conjuntos de propiedades y valores fueron usados

como regla heurística que es ligeramente menos estricta que las normas Lipinski107 y Veber.108

7.4.1. Accesibilidad sintética

Se calculó la viabilidad sintética de los compuestos generados usando la función de puntuación

SAscore (por sus siglas en inglés, sintetic accesibility score). Se sugiere las moléculas que tiene un

valor de SAscore < 6 son fáciles de sintetizar químicamente.109

El SAscore se calcula como la diferencia entre la puntuación del fragmento y la penalización por

complejidad (ver Ecuación 2).

𝑆𝐴𝑠𝑐𝑜𝑟𝑒 =  𝑃𝑢𝑛𝑡𝑢𝑎𝑐𝑖ó𝑛 𝑑𝑒 𝑓𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑜𝑠 𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟𝑒𝑠 −  𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑎𝑐𝑖ó𝑛 𝑝𝑜𝑟 𝑐𝑜𝑚𝑝𝑙𝑒𝑗𝑖𝑑𝑎𝑑

Ecuación 2. Algoritmo SAscore para calcular accesibilidad sintética.

La puntuación de fragmentos moleculares (ver Apéndice, Ecuación A1) captura las

características estructurales en un gran número de moléculas ya sintetizadas (934,046 moléculas

representativas de PubChem). Las moléculas son fragmentadas utilizando la función ECFP_4#

fragments, y la puntuación del fragmento es calculada como una suma de contribuciones de todos los

fragmentos en la molécula y dividido por el número de fragmentos en la molécula. La frecuencia de

los fragmentos está relacionada con su accesibilidad sintética y, por lo tanto, las subestructuras

fáciles de preparar están presentes en las moléculas frecuentemente.
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La penalización por complejidad (ver Apéndice, Ecuación A2) es calculada como la suma de

complejidad de anillos (átomos cabeza de puente y átomos espiro), el número de estereocentros, el

número de macrociclos (anillos con más de ocho átomos pesados aumentan la complejidad

molecular) y el peso molecular.

La función de puntuación SAscore se calculó para las bibliotecas de compuestos virtuales

enfocadas a inhibidores de la proteasa viral de VIH-1 generadas a partir de los fragmentos de

COCONUT, ChemDiv y Enamine, y dos bases de datos de referencia como son fármacos aprobados

por la FDA y compuestos inhibidores de la proteasa viral del VIH-1 aprobados por la FDA.110 SAscore

fue calculado usando un script de Python publicado por Ertl y Schuffenhauer.109

7.4.1. Subconjuntos de productos naturales

Se generaron tres subconjuntos con 14,994, 7,497 y 4,998 productos naturales únicos y derivados

del UNPD utilizando el algoritmo MaxMin,111 el cual se describe en la Figura 14. Primero 153,375

compuestos del UNPD codificados como SMILES fueron estandarizados utilizando el lenguaje de

programación Python, ver Sección 7.1, pero conservando la estereoquímica de los compuestos. El

UNPD se dividió en tres formas diferentes, es decir, primero en 30 subconjuntos iniciales con 5,000

compuestos cada uno (experimento-A); después en 15 subconjuntos iniciales con 10,000

compuestos cada uno (experimento-B), y por último, 10 subconjuntos iniciales con 15,000

compuestos cada uno (experimento-C). Para cada subconjunto inicial, un compuesto aleatorio (X) es

seleccionado. En la Figura 14, se muestra un subconjunto de compuestos representados por A, B, C,

D y E. La similitud molecular es calculada entre el compuesto X y cada uno de los compuestos del

subconjunto inicial remanente utilizando como métrica el coeficiente de Tanimoto97 (Ecuación 1). El

compuesto que tiene el valor de similitud más pequeño, es decir, el compuesto más diverso

(compuesto D) es seleccionado, se quita del subconjunto remanente, y se agrupa con el compuesto

X. Después, se calcula la similitud molecular de los compuestos remanentes con los compuestos D y

X. Se selecciona el compuesto con el valor más pequeño de similitud molecular (compuesto A); se

quita el compuesto A del conjunto remanente, y se une al nuevo subconjunto formado por los
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compuestos X y D. El proceso se repite hasta generar un subconjunto con el número de compuestos

deseados. De cada experimento, se seleccionaron 500 compuestos y se unieron en un solo

subconjunto final, y se obtuvieron tres subconjuntos de productos naturales finales derivados del

UNPD con cerca de 15,000 (UNPD-A), 10,000 (UNPD-B) y 5,000 compuestos (UNPD-C). Los tres

subconjuntos finales derivados del UNPD se encuentran disponibles públicamente en GitHub:

https://github.com/DIFACQUIM/Natural-products-subsets-generation.

Figura 14. Algoritmo MaxMin. De una base de datos molecular (UNPD) se seleccionó un compuesto aleatorio

(X). Después, la base de datos sin X fue dividida en un número dado de subconjuntos de compuestos. En esta

figura se muestra un subconjunto de compuestos representados por A, B, C, D y E. La similitud molecular fue

calculada entre el compuesto X y cada compuesto del subconjunto (A, B, C, D y E). El compuesto con el valor

de similitud molecular más pequeño se retira del subconjunto y se genera un nuevo subconjunto de

compuestos (X y D). El proceso continúa n número de veces hasta obtener el número de compuestos

deseados, en este ejemplo n=3.
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VIII. Resultados y discusión

8.1. Generación de fragmentos moleculares

Se desarrollaron dos publicaciones científicas sobre generación y caracterización de fragmentos de

productos naturales descritas en las secciones 8.1.1 y 8.1.2.

8.1.1. Caracterización de fragmentos de productos naturales, compuestos sintéticos y

compuestos de relevancia biológica

Se curaron 15,547,017 compuestos disponibles sintéticamente de la base de datos de REAL

(comercializada por Enamine),112 412,903 productos naturales de COCONUT35 y 1,844,434

compuestos con actividad biológica de la base de datos ChEMBL.113,114 Después, seis propiedades

fisicoquímicas de interés farmacéutico fueron calculadas y se retuvieron los compuestos que

cumplieran con la regla de Lipinski107 y Veber108 (MW ≤ 500, log P ≤ 5, HBA ≤ 10, HBD ≤ 5, RB ≤10 y

TPSA ≤ 140), y que no tuviera PAINS (por sus siglas en inglés, pan-assay interference compounds).

Las reglas de Lipisnki y Veber son reglas empíricas que determinan si un compuesto químico con una

actividad biológica tiene probabilidad de ser un fármaco administrado por vía oral. Mientras que los

PAINS son compuestos químicos que podrían perturbar la tecnología de ensayo utilizada en el

cribado para notificar la actividad biológica, y que no son activos frente a la diana biológica

prevista.115–117

Tabla 1. Compuestos y fragmentos moleculares generados de COCONUT, REAL y ChEMBL.

Bases de datos Compuestos
iniciales

Compuestos
procesados

Fragmentos
generados

Referencias

COCONUT 412,903 190,139 205,904 35

REAL (Enamine) 15,547,017 15,297,437 11,243,073 112

ChEMBL 1,844,434 1,074,335 1,177,361 113,114

La Tabla 1 resume el número de compuestos originales, compuestos procesados que cumplieron

con las reglas de Lipinski y Verber, y sin PAINS, y fragmentos moleculares generados de COCONUT,

REAL y ChEMBL.118 Se obtuvieron 190,139 compuestos de COCONUT, 15,297,437 compuestos de
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REAL y 1,074, 336 de compuestos ChEMBL. Se encontraron 16,529,500 compuestos únicos entre

las bases de datos de COCONUT, REAL y ChEMBL. El 83.1 % COCONUT, 97.0 % ChEMBL y 99.9

% REAL correspondieron a compuestos únicos (ver Apéndice, Figura A1a,). COCONUT y REAL

tuvieron 22 compuestos en común y COCONUT y ChEMBL tuvieron 32,053 compuestos en común. A

partir de las bases de datos de compuestos procesados se generaron las bibliotecas de fragmentos

moleculares utilizando el algoritmo RECAP100 (ver sección 7.3). Se obtuvieron 205,904 fragmentos

moleculares de COCONUT, 11,243,073 de REAL y 1,177,361 de ChEMBL. Uniendo las tres bases de

datos de fragmentos moleculares, se obtuvieron 2,497,641 fragmentos únicos (99 %) (ver Apéndice,

Figura A1c). El porcentaje de fragmentos únicos y generados fueron 72.2% COCONUT, 82.6 %

ChEMBL y 99.3 % REAL. También, se generaron los núcleos estructurales base de cada base de

datos utilizando la definición de Bemis y Murcko.119 Se obtuvieron 6,852,628 núcleos estructurales

base únicos, 99.1 % (ver Apéndice, Figura A1b), y para cada base de datos fueron 68.7 %

COCONUT, 82.6 % ChEMBL y 99.3 % REAL, una tendencia muy similar a la de los fragmentos

moleculares. Esto sugiere que al menos el 68.7 % de núcleos estructurales base y el 72.2 % de

fragmentos moleculares de productos naturales (COCONUT) no están totalmente cubiertos por los

compuestos accesibles sintéticamente (REAL) o los compuestos probados biológicamente

(ChEMBL), y sustenta la premisa de que los fragmentos moleculares derivados de productos

naturales tiene estructuras novedosas que pueden servir como bloques de construcción para el

diseño de nuevos fármacos a partir del diseño de novo.120

8.1.1.1. Análisis de fragmentos moleculares

Se calculó la media de distribución de los descriptores moleculares asociados a las diferencias

estructurales de los fragmentos moleculares únicos y en común de COCONUT, REAL y ChEMBL. La

Tabla 2 muestra que COCUNUT, REAL y ChEMBL tuvieron fragmentos moleculares con alrededor de

20 átomos pesados. COCONUT tuvo el mayor número de átomos de oxígeno (grupos hidroxilos y

epóxidos), anillos alifáticos y biciclos de acuerdo al número de átomos de cabeza de puente y átomos

espiro, y calculados mediante la media de distribución de átomos de oxígeno, anillos alifáticos,
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átomos de cabeza de puente y átomos espiro: 3.793, 1.522, 0.282 y 0.11, respectivamente; en

comparación a REAL (2.080, 1.036, 0.108 y 0.053) y ChEMBL (2.130, 0.647, 0.052 y 0.022). Sin

embargo, los fragmentos moleculares de COCONUT tuvieron menor número de átomos de nitrógeno

y anillos aromáticos (media de distribución de átomos de nitrógeno y anillos aromáticos: 0.847 y

0.957, respectivamente) en comparación a los fragmentos de REAL (3.006, 1.341) y ChEMBL (2.562,

1.857).

Tabla 2. Diversidad estructural de fragmentos moleculares únicos y en común entre COCONUT, REAL

(Enamine) y ChEMBL.

Características
estructurales

COCONUT REAL (Enamine) ChEMBL Fragmentos en
común

Átomos de oxígeno 3.793 2.080 2.130 1.300

Átomos de
nitrógeno

0.847 3.006 2.562 1.119

Átomos pesados 20.922 19.583 19.784 10.788

Número de anillos 2.479 2.377 2.504 1.172

Número de anillos
Alifáticos

1.522 1.036 0.647 0.252

Número de anillos
aromáticos

0.957 1.341 1.857 0.920

Número de
heterociclos

1.077 1.556 1.371 0.538

Número de
heterociclos
alifáticos

0.707 0.694 0.487 0.184

Número de
heterociclos
aromáticos

0.369 0.862 0.884 0.354

Átomos spiro 0.110 0.053 0.022 0.001

Átomos cabeza de
puente

0.282 0.108 0.052 0.020

aMedia de distribución.
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La Figura A2a-c (ver Apéndice) muestra las estructuras químicas de los diez fragmentos

moleculares únicos y más frecuentes de COCONUT, REAL y ChEMBL. Los fragmentos de

COCONUT tuvieron un mayor número biciclos, átomos de oxígeno, grupos hidroxilo, mientras que

REAL y ChEMBL tuvieron un mayor número de átomos de nitrógeno y anillos aromáticos.

Usualmente, los productos naturales contienen grupos funcionales con átomos de oxígeno como

hidroxilos, anillos de epóxido, ésteres y peróxidos, mientras que las moléculas obtenidas

sintéticamente tienen un mayor contenido de átomos de nitrógeno y grupos funcionales más

accesibles como amida, urea, sulfonanida, sulfona y sustituyeres como flúor.121

La Figura A2d y la Tabla A2 muestran que los fragmentos comunes entre COCONUT, REAL y

ChEMBL fueron los menos diversos y de menor tamaño (media de distribución del número de átomos

pesados, átomos de oxígeno, átomos de nitrógeno, átomos espiro, átomos de cabeza de puente,

anillos alifáticos y anillos aromáticos: 10.788, 1.3, 1.119, 0.001, 0.020, 0.252 y 0.920,

respectivamente).

8.1.1.2. Diversidad y complejidad estructural

La diversidad estructural de los fragmentos moleculares y las bases de datos fue calculada a partir de

la mediana de similitud de pares de moléculas usando dos huellas digitales moleculares MACCs

Keys (166-bits) y ECFP-4 (1024-bits). La Tabla 3 y la Tabla 4 muestran la diversidad y complejidad

estructural de las bases de datos y los fragmentos moleculares generados. La Tabla 3 muestra que

COCONUT tuvo los compuestos más diversos, en ambas huellas digitales moleculares (mediana de

similitud con MACCS keys y ECFP-4: 0.344, 0.111, respectivamente), seguida de ChEMBL (0.377,

0.119) y REAL (0.420, 0.123). La misma tendencia se observó en las bases de datos de fragmentos

moleculares La Tabla 4 muestra que COCONUT tuvo los fragmentos moleculares más diversos, en

ambas huellas digitales moleculares (mediana de similitud con MACCS keys y ECFP-4: 0.314, 0.117,

respectivamente), seguido por ChEMBL (0.334, 0.122) y REAL (0.408, 0.134).
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Tabla 3. Diversidad estructural basada en huellas digitales moleculares y complejidad molecular basada en la

fracción de carbonos sp3 y la fracción de carbonos quirales de COCONUT, REAL y ChEMBL.

Bases de datos MACCS Keysa
(166-bits)

ECFP-4a
(1024-bits)

Media de la
fracción de
carbonos sp3

Media de la
fracción de

carbonos quirales

COCONUT 0.344 0.111 0.453 0.112

REAL (Enamine) 0.420 0.123 0.526 0.068

ChEMBL 0.377 0.119 0.318 0.033
aMediana de similitud.

Tabla 4. Diversidad estructural basada en huellas digitales moleculares y complejidad molecular basada en la

fracción de carbonos sp3 y la fracción de carbonos quirales de los fragmentos moleculares generados de

COCONUT, REAL y ChEMBL.

Bases de datos MACCS Keysa
(166-bits)

ECFP-4a
(1024-bits)

Media de la
fracción de
carbonos sp3

Media de la
fracción de

carbonos quirales

COCONUT 0.314 0.117 0.518 0.175

REAL (Enamine) 0.408 0.134 0.516 0.074

ChEMBL 0.334 0.122 0.335 0.046
aMediana de similitud.

La complejidad estructural fue calculada mediante el cálculo de la media de carbonos con

hibridación sp3 y la fracción de carbonos quirales. La Tabla 3 y Tabla 4 muestran la complejidad

estructural de los compuestos y fragmentos moleculares de COCONUT, REAL y ChEMBL. Los

compuestos de COCONUT fueron los más diversos en términos de la media de la fracción de

carbonos con hibridación sp3 y la fracción de carbonos quirales: 0.518, 0.175, respectivamente;

seguidos por REAL (0.516, 0.074) y ChEMBL (0.335, 0.046). Los fragmentos moleculares de

COCONUT fueron los más complejos en términos de la media de fracción de carbonos con

hibridación sp3 y la fracción de carbonos quirales: 0.519, 0.175, respectivamente; seguidos por REAL

(0.516, 0.074) y ChEMBL (0.335, 0.046). Los fragmentos moleculares preservan la diversidad y

complejidad estructural de los compuestos originales (producto natural, compuesto accesible

sintéticamente o compuesto de relevancia biológica), es decir, conservan las diferencias asociadas al

origen de los compuestos.4
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8.1.1.3. Visualización de espacio químico

Se realizó una visualización del espacio químico de los compuestos y fragmentos moleculares de

COCONUT, REAL y ChEMBL utilizando las huellas digitales moleculares COCONUT SB-DFP (huella

digital molecular representativa de los productos naturales), REAL SB-DFP (huella digital molecular

representativa de los compuestos sintéticos) utilizando como representación molecular ECFP-4 de

1024 bits (ver Sección 7.2.3). La Figura 15 muestra una visualización de espacio químico basado en

similitudes de SB-DFP. En el gráfico, cada estructura química es graficada de acuerdo a su valor de

similitud utilizando COCONUT SB-DFP y REAL SB-DFP. La Figura 15a-c muestra los compuestos de

COCONUT (Figura 15a) y REAL (Figura 15b) que no se utilizaron para construir las huellas digitales

moleculares representativas de productos naturales y de compuestos sintéticos. La Figura 15c

muestra todos los compuestos de ChEMBL. La Figura 15d-f muestra los fragmentos moleculares

generados de las bases de datos de COCONUT (Figura 15d), REAL (Figura 15e) y ChEMBL

(Figura 15f). En cada sección de la Figura 15 (a-f), el número de compuestos es representado con

una escala de color continua entre morado (región menos densa de compuestos químicos) y amarillo

(región más densa de compuestos químicos). La visualización de espacio químico muestra que los

productos naturales tienden a ocupar un espacio químico cercano a la huella digital molecular

representativa de los productos naturales, COCONUT SB-DFP, (Figura 3a), mientras que los

compuestos disponibles sintéticamente son muy cercanos a la huella digital molecular representativa

de los compuestos sintéticos, REAL SB-DFP, (Figura 3b). Los compuestos de ChEMBL compartieron

espacio químico con los compuestos de COCONUT y REAL, siendo más cercanos a los compuestos

de REAL (Figura 3c). Los fragmentos moleculares derivados de productos naturales, compuestos

accesibles sintéticamente y de relevancia biológica siguen la misma tendencia que los compuestos

originales de los que parten, y sustenta la premisa que los fragmentos moleculares preservan las

propiedades estructurales de los compuestos originales de los cuales fueron generados.
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Figura 15. Representación visual del espacio químico de compuestos y fragmentos de productos naturales,

compuestos sintéticos y compuestos de relevancia biológica. El número de compuestos es representado con

una escala continúa de color. Bases de datos de compuestos químicos: a) COCONUT, b) REAL y c) ChEMBL.

Bases de datos de fragmentos moleculares: d) COCONUT, e) REAL y f) ChEMBL.
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8.1.2. Caracterización de fragmentos de productos naturales, compuestos químicos

alimentarios y compuestos enfocados a COVID-19

Se curó COCONUT35 version 4 con 432,706 productos naturales y se comparó con cuatro bases de

datos de referencia: Food Database (FooDB)122 con 23,883 compuestos químicos de alimentos que

están fuertemente asociados a los productos naturales. Dark Chemical Matter (DCM)123 con 139,352

compuestos sin actividad biológica, pero que recientemente han llevado a la identificación de

compuestos bioactivos. Ante la pandemia de la enfermedad causada por coronavirus del 2019

(COVID-19), se seleccionaron dos bibliotecas con relevancia en el descubrimiento de fármacos y

relacionados con esta enfermedad: Chemical Abstract Service (CAS),124 enfocada en COVID-19 con

48,876 compuestos, y un conjunto de 280 compuestos inhibidores de la principal proteasa de

SARS-CoV-2 (3CLP).125

8.1.2.1. Análisis de fragmentos moleculares

La Tabla 5 muestra los compuestos originales, los compuestos procesados (compuestos curados y

con peso molecular menor o igual a 1300 Da) y los fragmentos moleculares generados de

COCONUT, FooDB, DCM, CAS y 3CLP.126

Tabla 5. Compuestos y fragmentos generados de COCONUT, FooDB, DCM, CAS y 3CLP.

Bases de datos
Compuestos
originales

Compuestos
procesados

Fragmentos
generados Referencia

COCONUT 432,706 382,248 (88 %) 52,630 35

FooDB 23,883 21,319 (89 %) 3,186 122

DCM 139,352 139,326 (99 %) 14,001 123

CAS 48,876 44,692 (91 %) 8,432 124

3CLP 280 256 (91 %) 108 125

De los compuestos procesados, se retuvieron 382,248 compuestos de COCONUT (88 %), 21,319

compuestos de FooDB (89 %), 139,326 compuestos de DCM (99 %), 44,692 compuestos de CAS (91

%) y 256 compuestos de 3CLP (91 %). Los compuestos con peso molecular menor o igual a 1300 Da
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fueron seleccionados utilizando este criterio porque se permite fragmentar más del 88 % de los

compuestos, en poco tiempo. Posteriormente, se generaron los fragmentos moleculares de los

compuestos procesados utilizando el algoritmo RECAP,100 y fueron 52,630 fragmentos moleculares

de COCONUT, 3,186 fragmentos moleculares de FooDB, 14,001 fragmentos moleculares de DCM,

8,432 fragmentos moleculares de CAS y 108 fragmentos moleculares de 3CLP; de los cuales se

encontraron 28 fragmentos moleculares en común entre COCONUT, FooDB, DCM, CAS y 3CLP (ver

Apéndice, Figura A3).

8.1.2.2. Diversidad y complejidad estructural

La diversidad estructural de los compuestos y fragmentos moleculares se calculó mediante la

mediana de similitud utilizando dos huellas digitales moleculares ECFP-4 (1024-bits) y MACCS Keys

(166-bits). Los compuestos y fragmentos moleculares con mediana de similitud cercana a cero, son

los más diversos porque tienen menos subestructuras en común (ver Ecuación 1). La Tabla 6 y la

Tabla 7 resumen la diversidad estructural de los compuestos y fragmentos moleculares generados de

COCONUT, FooDB, DCM, CAS y 3CLP. Los compuestos de FooDB fueron los más diversos

(mediana de similitud con MACCS Keys y ECFP-4: 0.322, 0.092, respectivamente), seguido de los

compuestos de COCONUT (0.380, 0.107), ver Tabla 6. Del mismo modo, los fragmentos de FooDB

fueron los más diversos (mediana de similitud con MACCS Keys y ECFP-4: 0.241,0.106,

respectivamente), seguidos de los fragmentos de COCONUT (0.300, 0.111), ver Tabla 7. Los

compuestos de CAS fueron menos diversos estructuralmente (0.473, 0.117), lo cual es consistente

porque CAS es una base de datos enfocada a COVID-19. Además, los fragmentos moleculares de

CAS fueron más diversos para ECFP-4 (0.095) que los fragmentos de DCM (0.125) y 3CLP (0.147).
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Tabla 6. Diversidad estructural basada en huellas digitales moleculares y complejidad molecular basada en la

fracción de carbonos sp3 y la fracción de carbonos quirales de los compuestos de COCONUT, FooDB, DCM,

CAS y 3CLP.

Bases de datos ECFP-4a (1024-bits) MACCS Keysa
(166-bits)

Media de la
fracción de
carbonos sp3

Media de la
fracción de

carbonos quirales

COCONUT 0.107 0.380 0.506 0.154

FooDB 0.092 0.322 0.620 0.152

DCM 0.136 0.407 0.342 0.028

CAS 0.117 0.473 0.489 0.145

3CLP 0.127 0.403 0.291 0.069
aMediana de similitud.

Tabla 7. Diversidad estructural basada en huellas digitales moleculares y complejidad molecular basada en la

fracción de carbonos sp3 y la fracción de carbonos quirales de los fragmentos moleculares generados de

COCONUT, FooDB, DCM, CAS y 3CLP.

Bases de datos ECFP-4a (1024-bits) MACCS Keysa
(166-bits)

Media de la
fracción de
carbonos sp3

Media de la
fracción de

carbonos quirales

COCONUT 0.111 0.300 0.557 0.189

FooDB 0.106 0.241 0.615 0.199

DCM 0.125 0.243 0.330 0.054

CAS 0.095 0.222 0.656 0.240

3CLP 0.147 0.214 0.298 0.071
aMediana de similitud.

La complejidad estructural fue calculada mediante la media de carbonos con hibridación sp3 y la

media de la fracción de carbonos quirales. La Tabla 6 y la Tabla 7 muestran la complejidad

estructural de los compuestos y los fragmentos moleculares generados de COCONUT, FooDB, DCM,

CAS y 3CLP. Los compuestos de FooDB fueron los más diversos en términos de la media de la

fracción de carbonos con hibridación sp3 y la media de la fracción de carbonos quirales: 0.620, 0.152,

respectivamente; seguidos por COCONUT (0.506, 0.154), CAS (0.489, 0.145), DCM (0.342, 0.028) y

3CLP (0.291, 0.069). Mientras que los fragmentos moleculares de CAS fueron los más diversos en

términos de la media de la fracción de carbonos con hibridación sp3 y la media de la fracción de
54



carbonos quirales: 0.656, 0.240, respectivamente; seguidos por FooDB (0.615, 0.199), COCONUT

(0.557, 0.189), DCM (0.330, 0.054) y 3CLP (0.298, 0.071). Estos valores indican que los fragmentos y

compuestos de FooDB y COCONUT que representan a los productos naturales fueron los más

diversos y complejos estructuralmente. La diversidad y complejidad estructural es una característica

buscada en compuestos candidatos a fármacos, como los fragmentos moleculares de CAS, que

fueron los más diversos; por lo tanto, los compuestos químicos de alimentos y los productos

naturales poseen estructuras químicas que pueden ser utilizadas en el desarrollo de nuevos

fármacos, en este caso de estudio para el tratamiento del COVID-19.

8.1.2.3. Visualización de espacio químico

Se realizó una visualización de espacio químico de los compuestos y los fragmentos moleculares de

COCONUT, FooDB, DCM, CAS y 3CL, utilizando TMAP y la huella digital molecular ECFP-4

(1024-bits) como descriptor molecular. Cabe mencionar que TMAP permite visualizar un mayor

número de compuestos, por ejemplo, más de 380,000 moléculas de COCONUT. La Figura 16 y la

Figura 17 muestran las visualizaciones de espacio químico de los compuestos y fragmentos

moleculares de las bases de datos representados en diferente color como COCONUT (cyan), FooDB

(naranja), DCM (gris), CAS (rosa) y 3CLP (oliva). Para mejorar la claridad de cada visualización de

espacio químico, se muestran cada conjunto de compuestos y fragmentos únicos en diferentes

paneles, y su comparación directa con COCONUT, es decir, COCONUT-FooDB (morado),

COCONUT-DCM (verde), COCONUT-CAS (negro) y COCONNUT-3CLP (rosa).
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Figura 16. Visualización del espacio químico utilizando TMAP de las bases de datos de COCONUT, FooDB,

DCM, CAS y 3CLP. Las bases de datos están representadas en color cyan (COCONUT), gris (DCM), naranja

(FooDB), rosa (CAS) y oliva (3CLP). Los compuestos en común son representados en color púrpura

(COCONUT-FooDB), negro (COCONUT-CAS), verde (COCONUT-DCM) y magenta (COCONUT-3CLP).
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Figura 17. Visualización del espacio químico utilizando TMAP de las bases de datos de los fragmentos

generados de COCONUT, FooDB, DCM, CAS y 3CLP. Las bases de datos de fragmentos moleculares están

representadas en color cyan (COCONUT), gris (DCM), naranja (FooDB), rosa (CAS) y oliva (3CLP). Los

compuestos en común son representados en color púrpura (COCONUT-FooDB), negro (COCONUT-CAS),

verde (COCONUT-DCM) y magenta (COCONUT-3CLP).
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La Figura 16 muestra que todos los compuestos convergen en el espacio químico definido

principalmente por COCONUT, seguido por DCM (Figura 16). FooDB tuvo 21,591 compuestos (90

%) en común con COCONUT (ver Apéndice, Figura A3). La Figura 17 muestra que el espacio

químico de los fragmentos moleculares fue definido en su mayoría por los fragmentos de COCONUT.

En este caso, se encontró que FooDB tuvo 3,150 de fragmentos (99 %) en común con COCONUT

(ver Apéndice, Figura A3). DCM tuvo 3,693 compuestos (2.6 %) en común con COCONUT y 2,993

fragmentos moleculares (21 %) de DCM en común con los fragmentos de COCONUT (ver Apéndice,

Figura A3).

Las Figuras 16 y 17 muestran que las moléculas pequeñas con escasa actividad biológica, como

DCM, cubren una gran región del espacio químico cubierto por COCONUT (productos naturales) y

algunas regiones del espacio químico de CAS (compuestos enfocados en COVID-19). Para abordar

este punto, se realizó una comparación directa entre los compuestos y los fragmentos moleculares de

DCM y CAS.

Las Figuras 18 y 19 muestran una comparación directa entre los compuestos y fragmentos

moleculares de CAS y DCM. Los compuestos de CAS y DCM convergen muy poco en el espacio

químico, mientras que los fragmentos de CAS y DCM convergen en una mayor región del espacio

químico, y concuerda con la Figura A3, donde DCM tiene 671 compuestos (0.03 %) en común con

CAS. Mientras que los fragmentos moleculares de DCM tiene 46 fragmentos moleculares (4.8 %) en

común con CAS. Esto sugiere que los fragmentos moleculares de DCM pueden utilizarse como

bloques de construcción en el diseño de novo de moléculas enfocadas a COVID-19, a pesar de que

los compuestos de DCM no tienen una actividad biológica reportada.
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Figura 18. Visualización del espacio químico utilizando TMAP de los compuestos de CAS y DCM. Las bases de

datos están representadas en color rosa (CAS), gris (DCM), y verde (los compuestos en común entre CAS y

DCM).

Figura 19. Visualización del espacio químico utilizando TMAP de los fragmentos de CAS y DCM. Las bases de

datos están representadas en color rosa (CAS), gris (DCM), y verde (fragmentos en común entre CAS y DCM).
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8.2. Diseño de novo de compuestos inhibidores de la proteasa viral de VIH-1

El estudio descrito en la sección 8.1.2. mostró que los fragmentos de productos naturales convergen

en el espacio químico de los fragmentos de compuestos antivirales enfocados a COVID-19, por lo

cual los fragmentos de productos naturales pueden utilizarse para desarrollar nuevos compuestos

antivirales. Para seguir explorando el espacio químico de compuestos antivirales generados a partir

de fragmentos de productos naturales, se generaron bibliotecas enfocadas de compuestos

inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de COCONUT, ChemDiv y Enamine

utilizando el protocolo descrito en la sección 7.4. Las bibliotecas de fragmentos moleculares fueron

184,769 fragmentos de productos naturales generados a partir de COCONUT y dos bibliotecas

disponibles comercialmente con 4,063 fragmentos de ChemDiv enriquecidos con carbonos sp3 y

4,160 fragmentos de productos naturales de Enamine.

Se generaron seis SMARTS para filtrar fragmentos con ciclohexanol, ácido 2,2-dimetil succínico,

piperazina, 1,2-diaminoetano, 1,3-diaminopropano y el sistema cíclico derivado del ácido betulínico

mostrados en la Tabla A5 (ver Apéndice). Se usaron fragmentos de COCONUT con un sistema

cíclico similar al ácido betulínico, un grupo hidroxilo unido al átomo de carbono 3, y un ácido

carboxílico unido al átomo de carbono 17, como se muestra en la Figura 20. El fragmento de

COCONUT derivado del ácido 24-nor-3α,11α-dihydroxi-lup-20(29)-en-23,28-dioico (COCONUT ID:

CNP0243494 o Reaxys ID: 6547020) fue utilizado para construir la biblioteca enfocada de

compuestos inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de COCONUT. El ácido

betulínico fue utilizado para construir la biblioteca enfocada de compuestos inhibidores de la proteasa

viral del VIH-1 a partir de fragmentos de ChemDiv y Enamine (bibliotecas comerciales de fragmentos

moleculares) porque no se encontraron en estas bibliotecas fragmentos similares al sistema cíclico

derivado del ácido betulínico o triterpenos análogos.
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Figura 20. Estructuras químicas del ácido betulínico, betulina, y sistema cíclico derivado del ácido betulínico y

el fragmento de COCONUT derivado con el sistema cíclico similar al ácido betulínico, pero derivado de la

fragmentación del ácido 24-nor-3α,11α-dihidroxi-lup-20(29)-en-23,28-dioico.

Se construyeron cuatro SMIRKS como se muestra en la Tabla A6 (ver Apéndice) para una

reacción de esterificación y tres reacciones de amidación. La reacción 1, esterificación, fue realizada

entre el alcohol del triterpeno y el ácido 2,2-dimetil succinico usando el SMIRKS 1 (ver Apéndice,

Tabla A6, SMIRKS 1). La reacción 2, amidación, fue construida entre el grupo carboxilo unido al

átomo de carbono 17 como se muestra en la Figura 20 usando los fragmentos unidos a la

piperazina, 1,3-diaminoetano, y 1,3-diaminopropano encontrados en los fragmentos de COCONUT,

ChemDiv y Enamine. Los SMIRKS 2.1-2.3 fueron usados en la reacción 2 (ver Apéndice, Tabla A6,

SMIRKS 2.1-2.3). Después, las estructuras generadas con errores de valencia fueron removidas. Los

SMILES canónicos fueron generados y las moléculas duplicadas fueron removidas.

Se generaron tres bibliotecas enfocadas de compuestos inhibidores de la proteasa viral del VIH-1

con 1,534 moléculas utilizando fragmentos de COCONUT, 62 moléculas de fragmentos de ChemDiv,

y once moléculas de fragmentos de Enamine. Los fragmentos unidos a 1,3-diaminopropano y

1,2-diaminoetano no se encontraron en las bibliotecas de fragmentos de ChemDiv y Enamine.
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8.2.1. Similitud molecular

La mediana de similitud fue generada utilizando las huellas digitales moleculares ECFP-4 y MACCS

keys son mostrados entre paréntesis y están descritos en la Tabla A7 del Apéndice. Fármacos

aprobados por la FDA (mediana de similitud con ECFP-4 y MACCS keys: 0.096, 0293,

respectivamente) e inhibidores de la proteasa viral del VIH-1 aprobados por la FDA (0.253, 0.558)

fueron las bases de datos más diversas, seguidas por los compuestos derivados de los fragmentos

de COCONUT (0.605, 0.817), fragmentos de ChemDiv (0.676, 0.821) y fragmentos de Enamine

(0.682, 0.823). Los compuestos generados computacionalmente de bases de datos de fragmentos

fueron los menos diversos, lo cual era de esperarse, ya que son bibliotecas de compuestos similares

a bevirimat.

8.2.2. Espacio químico

Se generaron dos visualizaciones de espacio químico utilizando PCA y TMAP. La Figura 21 muestra

una representación del espacio químico basado en seis propiedades fisicoquímicas de interés

farmacéutico (MW, HBD, HBA, log P, TPSA y RB) utilizando PCA (sección 7.2.2). El componente

principal 1 recuperó el 73.6% de la varianza, el componente principal 2 el 21.2% de la varianza

(varianza acumulada de los dos componentes principales fue 94.8%). En esta visualización de

espacio químico, los compuestos generados de las tres bibliotecas enfocadas de compuestos

inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de COCONUT, ChemDiv y Enamine

se encuentran dentro del espacio químico de propiedades fisicoquímicas de interés farmacéutico de

los fármacos aprobados por la FDA. Asimismo, algunos compuestos generados de los fragmentos de

COCONUT tienen propiedades fisicoquímicas similares a los inhibidores de la proteasa viral del

VIH-1 aprobados por la FDA.
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Figura 21. Visualización de espacio químico de la biblioteca de compuestos enfocados inhibidores de la

proteasa viral del VIH-1 derivados de fragmentos de productos naturales y dos bibliotecas de compuestos de

referencia utilizando PCA basado en propiedades fisicoquímicas. Las bibliotecas de compuestos de referencia

se muestran en color azul (fármacos aprobados por la FDA), morado (inhibidores de la proteasa viral del VIH-1

aprobados por la FDA). Las bibliotecas de nuevos compuestos generados a partir de fragmentos moleculares

se muestran en color naranja (COCONUT), rojo (ChemDiv) y verde (Enamine).

Se realizó un análisis de convex hull derivado del PCA para cada biblioteca de compuestos para

definir cuantitativamente qué base de datos es la más diversa (ver Apéndice, Figura A4). El convex

hull es definido como el polígono mínimo convexo, de modo que el conjunto de puntos se encuentre

dentro de este polígono o en su frontera.127,128 El área de convex hull calculada para las bases de
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datos fue fármacos aprobados (737.59), inhibidores de la proteasa viral del VIH-1 aprobados por la

FDA (1.11), compuestos derivados de fragmentos de COCONUT (3.18), compuestos derivados de

fragmentos de ChemDiv(0.79) y fragmentos derivados de fragmentos de Enamine (0.18). El resultado

de este análisis fue similar a los resultados del análisis de diversidad basados en huellas digitales

moleculares. Las bases de datos de referencia fueron las más diversas que las tres bibliotecas

enfocadas de compuestos inhibidores de la proteasa viral del VIH-1 generadas a partir de fragmentos

de COCONUT, ChemDiv y Enamine. Los compuestos químicos derivados de los fragmentos de

COCONUT fueron los más diversos, seguidos por los compuestos químicos derivados de los

fragmentos de ChemDiv y Enamine.

La Figura 22 muestra una visualización de espacio químico basada en huellas digitales

moleculares usando TMAP. La versión interactiva de esta visualización se encuentra disponible en el

siguiente enlace https://figshare.com/s/ceb58d58e8f5585ce67e. Las estructuras químicas de las tres

bibliotecas enfocadas de compuestos inhibidores de la proteasa viral del VIH-1 generadas a partir de

fragmentos de COCONUT, ChemDiv y Enamine fueron muy diferentes en comparación a los

fármacos aprobados por la FDA y los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA.

En algunos casos, las estructuras químicas de las bibliotecas enfocadas de compuestos inhibidores

de la proteasa viral del VIH-1 generadas a partir de fragmentos de COCONUT tuvieron estructuras

químicas muy similares a fármacos aprobados por la FDA como palbociclib y pipecuronium, lo cual

sugiere un posible reposicionamiento de estos compuestos como inhibidores de la proteasa viral del

VIH-1.
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Figura 22. Visualización de espacio químico de la biblioteca de compuestos enfocados inhibidores de la

proteasa viral del VIH-1 derivados de fragmentos de productos naturales y dos bibliotecas de compuestos de

referencia utilizando TMAP basado en huellas digitales moleculares. Las bibliotecas de compuestos de

referencia se muestran en color azul (fármacos aprobados por la FDA), morado (inhibidores de la proteasa viral

del VIH-1 aprobados por la FDA). Las bibliotecas de nuevos compuestos generados a partir de fragmentos

moleculares están en naranja (COCONUT), rojo (ChemDiv) y verde (Enamine). Disponible en

https://rawcdn.githack.com/DIFACQUIM/De-novo-desing-of-HIV-1-inhibitors/45dedd8152b643a6f2884d88003f0c56bc48bef8/TMAP/TMA

P_chemical_space_visualization.html (fecha de acceso: 15 de mayo de 2024).
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8.2.3. Propiedades fisicoquímicas

Se calcularon seis propiedades fisicoquímicas de interés farmacéutico (MW, HBD, HBA, log P, TPSA

y RB) para los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA y las bibliotecas

enfocadas de compuestos inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de

COCONUT, ChemDiv y Enamine. El valor máximo de las propiedades fisicoquímicas obtenidas para

los inhibidores de la proteasa viral del VIH-1 fueron HBD ≤ 6, HBA ≤ 13, log P ≤ 6.7, MW ≤ 720.30,

TPSA ≤ 174.60 y RB ≤ 17 (ver Apéndice, Tabla A8), y se utilizaron de referencia para construir una

regla empírica (ver sección 7.4). 352 compuestos derivados de fragmentos de COCONUT (20 %) y

un compuesto derivado de los fragmentos de ChemDiv (2 %) cumplieron con al menos cuatro

condiciones, entre ellas log P, el filtro de regla empírica. La Figura 23 muestra un gráfico de caja de

las seis propiedades después de aplicar el filtro de reglas empíricas (ver sección 7.4).
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Figura 23. Gráfico de caja de seis propiedades fisicoquímicas de interés farmacéutico de fármacos aprobados

por la FDA (azul), compuestos inhibidores de la proteasa viral del VIH-1 aprobados por la FDA (morado), y

nuevos compuestos químicos generados a partir de fragmentos moleculares derivados de COCONUT (naranja)

y un compuesto químico generado a partir de los fragmentos moleculares de ChemDiv (barra horizontal negra)

después de aplicar el filtro de propiedades fisicoquímicas obtenidas para los inhibidores de la proteasa viral del

VIH-1. Los diamantes negros muestras los puntos atípicos.

Las propiedades fisicoquímicas calculadas para las bases de datos fueron: log P ≤ 12.94, MW ≤

1201.84, RB ≤ 20, TPSA ≤ 286.50, HBA ≤ 23 y HBD ≤ 15 para fármacos aprobados por la FDA, y log

P ≤ 6.70, MW ≤ 720.31, RB ≤ 17, TPSA ≤ 174.56, HBA ≤ 13 y HBD ≤ 6 para los inhibidores de la

proteasa viral del VIH-1 aprobados por la FDA. Mientras que las propiedades fisicoquímicas de los

compuestos generados a partir de fragmentos de COCONUT que cumplieron con la regla empirica

fueron log P ≤ 6.69, MW ≤ 998.63, RB ≤ 15, TPSA ≤ 198.54, HBA ≤ 13 y HBD ≤ 7, y las propiedades
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fisicoquímicas del compuesto derivado de los fragmentos de ChemDiv que cumplió con la regla

empirica fueron log P = 6.4, MW = 737.47, RB = 10, TPSA= 187.47, HBA = 12 y HBD = 5.

Los valores de log P, RB y HBA de los compuestos generados a partir de los fragmentos de

COCONUT y ChemDiv fue menor que el de los inhibidores de la proteasa viral del VIH-1 aprobados

por la FDA. Los valores de MW, TPSA y HBD de compuestos generados a partir de fragmentos de

COCONUT fueron menores que los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA y

menor que los valores de MW, TPSA y HBD calculados para los fármacos aprobados por la FDA.

Ganesan et al. menciona que los productos naturales que violan la regla de Lipinski al menos

cumplen en términos de log P y HBD.129 Él considera que “la naturaleza ha aprendido a mantener un

perfil bajo de hidrofobicidad y el potencial de donación de enlaces H intermoleculares cuando se

necesita fabricar compuestos biológicamente activos con un peso molecular elevado y un gran

número de enlaces rotables". La mayoría de los fármacos aprobados que superan el HBD = 5 o el

HBA = 10 son derivados de productos naturales.130

8.2.4. Accesibilidad sintética

La accesibilidad sintética fue calculada para fármacos aprobados por la FDA, inhibidores de la

proteasa viral del VIH-1 y la biblioteca enfocada de compuestos inhibidores de la proteasa viral del

VIH-1 generada a partir de fragmentos de COCONUT, y ChemDiv que tienen propiedades

fisicoquímicas similares a los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA. La

Figura 24 muestra los resultados de accesibilidad sintética utilizando la función SAscore. El 97% de

los fármacos aprobados por la FDA tuvieron un SAscore < 6, y los inhibidores de la proteasa viral del

VIH-1 aprobados por la FDA tuvieron un SAscore ≤ 4.24. 65% de los compuestos generados a partir

de fragmentos de COCONUT tuvieron un SAscore ≤ 6.03 y el compuesto generado a partir de

ChemDIv tuvo un SAscore =5.54. Aunque los compuestos generados a partir de los fragmentos de

COCONUT tuvieron 5.50 ≤ SAscore ≤ 6.03 se encuentran en el rango recomendado para ser

accesibles sintéticamente. Además, el valor de SAscore fue mayor en los compuestos generados en

relación con los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA debido a los diez

estereocentros del ácido betulínico y el ácido 24-nor-3α,11α-dihidroxi-lup-20(29)-en-23,28-dioico.
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Teniendo en cuenta que estos estereocentros no tienen que generarse desde cero, el valor de

SAscore sería menor, facilitando aún más la síntesis química de los compuestos propuestos.

Figura 24. Gráfico de caja de accesibilidad sintética calculada para los fármacos probados por la FDA (azul),

compuestos inhibidores de la proteasa viral del VIH-1 aprobados por la FDA (morado), y nuevos compuestos

químicos generados a partir de fragmentos moleculares derivados de COCONUT (naranja) y ChemDiv (rojo)

con propiedades fisicoquímicas similares a los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA.

Los diamantes negros muestras los puntos atípicos.

8.3. Subconjuntos de productos naturales

Debido al coste computacional que conlleva realizar una red neuronal para cerca de 153,000

moléculas, se seleccionaron subconjuntos con los compuestos más diversos del UNPD. La

metodología para generar estos subconjuntos de productos naturales derivados del UNPD se publicó

en la referencia.131 Se generaron tres subconjuntos con 14,994, 7,497 y 4,998 estructuras de

productos naturales únicos y derivados del UNPD utilizando el algoritmo MaxMin.111 Los tres

subconjuntos de productos naturales fueron nombrados como UNPD-A (14,994 compuestos),

UNPD-B (7,497 compuestos) y UNPD-C (4,998 compuestos).

El UNPD, los subconjuntos de productos naturales (UNPD-A, UNPD-B, UNPD-C), y dos bases de

datos de referencia, compuestos inhibidores de ADN metil transferasa 1 (DNMT1) y BIOFACQUIM
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fueron caracterizados por medio del cálculo computacional de la diversidad estructural y de seis

propiedades fisicoquímicas de interés farmacéutico.

La diversidad estructural se evaluó utilizando una función de distribución comulativa (en inglés

commulative distribution function, CDF) mostrada en la Figura 25. Esta figura muestra la similitud

entre pares de moléculas utilizando como métrica el coeficiente de Tanimoto y tres huellas digitales

moleculares como representación molecular: Molecular ACCes System (MACCS) keys66 de 166-bits y

extended connectivity fingerprint (ECFP) con 1024-bits72 de diámetro 4 (ECFP4) y diámetro 6

(ECFP-6). Las bases de datos utilizadas son representadas en una línea continúa y usando

diferentes colores: rosa (UNPD-A), verde (UNPD-B), rojo (UNPD-C), azul (UNPD), y dos bases de

datos de referencia BIOFACQUIM, una base de datos de productos naturales aislados y

caracterizados de diferentes centros de investigación en México46,47 (amarillo) y un subconjunto de

compuestos inhibidores de ADN metiltransferasa 1 (en inglés DNA methyltransferase 1, DNMT1), una

diana biológica relevante en el tratamiento temprano del cancer132,133, extraída de la base de datos

ChEMBL113,114 (cyan). Los compuestos más diversos usando CDF son aquellos cuya pendiente es

más pronunciada, por esta razón, los subconjuntos UNPD-A, UNPD-B y UNPD-C tuvieron las

estructuras químicas más diversas, seguido del UNPD, BIOFACQUIM y el subconjunto de DNMT1.
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Figura 25. Función de distribución comulativa de similitud molecular de pares de moléculas utilizando el

coeficiente de Tanimoto y como representación molecular las huellas digitales moleculares MACCS keys

(166-bits), ECFP4 y ECFP6. Las bases de datos son representadas en una línea continúa y usando diferentes

colores: UNPD-A (rosa), UNPD-B (verde), UNPD-C (rojo), UNPD (azul), BIOFACQUIM (amarillo) y DNMT1

(cyan).
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Los subconjuntos del UNPD y todo el UNPD fue caracterizado evaluando la diversidad de los

valores calculados de seis propiedades fisicoquímicas de interés farmacéutico como HBD, HBA,

TPSA, RB, MW y log P. La Figura 26 muestra un gráfico de caja con la distribución de estas

propiedades fisicoquímicas donde las bases de datos son representadas en diferentes colores:

UNPD-A (rosa), UNPD-B (verde), UNPD-C (rojo) y todo el UNPD (azul), y los valores atípicos son

representados en diamantes negros. Tomando de referencia el tercer cuartil (75 % compuestos), la

Figura 26 muestra que los compuestos presentes en los tres subconjuntos del UNPD y en todo el

UNPD tienen valores similares de log P (log P= 4.32-4.48). El UNPD-C tuvo valores de HBA y HBD

más similares al UNPD (HBA=4 y para el RB, el UNPD-B fue más similar al UNPD (RB=7-8). La

Figura 27 muestra una visualización de espacio químico usando el algoritmo t-SNE). Se observa que

los subconjuntos de compuestos derivados del UNPD cubren regiones similares del espacio químico

cubierto por la base de datos original (UNPD) y son representativos del UNPD con respecto a sus

propiedades de interés farmacéutico.
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Figura 26. Gráfico de cajas de los subconjuntos del UNPD y el UNPD usando seis propiedades fisicoquímicas

de interés farmacéutico: donadores de puente de hidrógeno (HBD), aceptores de puente de hidrógeno (HBA),

área topológica superficial (TPSA), número de enlaces rotables (RB), peso molecular (MW) y coeficiente de

partición octanol/agua (log P). Las bases de datos son representadas en diferentes colores: UNPD-A (rosa),

UNPD-B (verde), UNPD-C (rojo), y todo el UNPD (azul). Los diamantes negros muestran los puntos atípicos.
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Figura 27. Visualización del espacio químico de los subconjuntos del UNPD y el UNPD usando el algoritmo

t-SNE basado en seis propiedades fisicoquímicas de interés farmacéutico. Las bases de datos son

representadas en diferentes colores: UNPD-A (rosa), UNPD-B (verde), UNPD-C (rojo) y todo el UNPD (azul).

Los tres subconjuntos generados del UNPD tienen estructuras químicas muy diversas. El

subconjunto de UNPD-C tiene valores de propiedades fisicoquímicas de interés farmacéutico muy

similares al UNPD y es recomendable usarlo para entrenar redes neuronales. Los tres subconjuntos

generados del UNPD se pueden utilizar para entrenar redes neuronales de aprendizaje profundo en

grupos de investigación con recursos computacionales limitados.
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IX. Conclusiones

Se desarrollaron, analizaron e hicieron públicas las bibliotecas de fragmentos de productos naturales

de COCONUT y compuestos químicos de alimentos de FooDB. También se hicieron los mismos

análisis para bibliotecas de referencia de los fragmentos de compuestos accesibles sintéticamente

(REAL), compuestos de relevancia biológica (ChEMBL), compuestos sin actividad biológica reportada

(DCM), compuestos enfocados al COVID-19 (CAS) y compuestos inhibidores de la principal proteasa

de SARS-CoV-2 (3CLP). Los resultados de estos análisis están publicados.118,126 Análisis

quimioinformáticos de las bases de datos mostraron que los compuestos y los fragmentos

moleculares derivados de productos naturales y compuestos químicos de alimentos fueron los más

diversos (utilizando las huellas digitales moleculares ECFP-4 y MACCC keys) y complejos (utilizando

la fracción de carbonos con hibridación sp3 y la fracción de carbonos quirales) en comparación a los

compuestos accesibles sintéticamente, compuestos con relevancia biológica, bibliotecas enfocadas a

COVID-19, y compuestos sin actividad biológica reportada. Los fragmentos moleculares y

compuestos de productos naturales, compuestos sintéticos y compuestos con actividad biológica

conservaron la diversidad y complejidad estructural de los compuestos originales.

El 83.1 % de compuestos de COCONUT y el 72.2 % de los fragmentos moleculares de

COCONUT fueron únicos, y no están cubiertos totalmente por los compuestos accesibles

sintéticamente o los compuestos probados de relevancia biológica. Los fragmentos moleculares de

COCONUT cumplieron con un perfil tipo fármaco (es decir, cumplieron con las reglas de Lipinski y

Verber, y no contienen PAINS), y podrían ser utilizados en el diseño de nuevos candidatos a fármaco.

Los fragmentos moleculares de DCM convergen en varias regiones del espacio químico cubierto

por los fragmentos moleculares de CAS, lo que refuerza la premisa de que la base de datos de DCM

es una fuente importante de bloques de construcción para el diseño de nuevas moléculas bioactivas.

A partir de los fragmentos de COCONUT, se generó una biblioteca virtual enfocada en

compuestos inhibidores de la proteasa viral del VIH-1. Los compuestos fueron generados utilizando

de referencia a bevirimat, un inhibidor de la proteasa viral del VIH-1. 251 compuestos de 1,534

compuestos generados a partir fragmentos de COCONUT tuvieron propiedades fisicoquímicas
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similares a los inhibidores de la proteasa viral del VIH-1 aprobados por la FDA y se estimaron viables

sintéticamente, cuyos resultados se publicaron en.134

Se realizó una revisión bibliográfica sobre la metodología de diseño de novo utilizando algoritmos

de inteligencia artificial y se publicó en.23 Se encontró que una aproximación inicial para el diseño de

novo u otro modelo de aprendizaje de máquina es comenzar con un subconjunto de datos con

estructuras químicas y propiedades fisicoquímicas diversas; para lo cual se generaron y

caracterizaron tres subconjuntos de productos naturales con 14,994, 7,497 y 4,998 compuestos

derivados del UNPD utilizando el algoritmo MaxMin, y se publicaron en.131 Se encontró que los tres

subconjuntos tuvieron estructuras químicas muy diversas y propiedades fisicoquímicas de interés

farmacéutico muy similares a los compuestos del UNPD (base de datos original). Los subconjuntos

del UNPD pueden utilizarse para entrenar redes neuronales de aprendizaje profundo en grupos de

investigación con recursos computacionales limitados.

Recursos informáticos generales / aportaciones del trabajo Doctoral

Como parte de la tesis doctoral, se desarrollaron varios códigos y scripts de acceso libre que se

resumen en la Tabla 8. Estas herramientas informáticas son generales y se pueden emplear en otros

proyectos, como se describe en la Tabla 8.

Tabla 8. Resumen de códigos y recursos libres generados.

Título de la herramienta Aplicación o uso Vínculo (URL)

Bibliotecas de fragmentos
basadas en productos naturales.

Diseño de novo o híbridos de
fragmentos basados en
productos naturales.

https://doi.org/10.6084/m9.figshare.1
1997951
https://doi.org/10.6084/m9.figshare.1
3064231.v1

El código utilizado para construir
compuestos análogos a
bevirimat.

Construcción de compuestos
análogos a bevirimat u otros
compuestos derivados del ácido
betulínico.

https://github.com/DIFACQUIM/De-n
ovo-desing-of-HIV-1-inhibitors
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Tabla 8 (continuación). Resumen de códigos y recursos libres generados.

Título de la herramienta Aplicación o uso Vínculo (URL)

Visualización de espacio químico
de la biblioteca de compuestos
enfocados inhibidores de la
proteasa viral del VIH-1
derivados de fragmentos de
productos naturales y fármacos
aprobados por la FDA utilizando
TMAP basado en huellas
digitales moleculares.

Las estructuras químicas pueden
ser analizadas y utilizadas por
los químicos farmacéuticos para
sintetizar análogos de posibles
inhibidores de la proteasa viral
del VIH-1 u otros antivirales.

https://rawcdn.githack.com/DIFACQ
UIM/De-novo-desing-of-HIV-1-inhibit
ors/45dedd8152b643a6f2884d88003
f0c56bc48bef8/TMAP/TMAP_chemic
al_space_visualization.html

Visualizaciones de espacio
químico utilizando el PCA, t-SNE
y TMAP.

Generación de visualizaciones
de espacio químico utilizando
otras bases de datos
moleculares y descriptores
moleculares. Se generan
visualizaciones de TMAP
interactivas (ver Figura 22).

https://github.com/DIFACQUIM/Art-D
riven-by-Visual-Representations-of-C
hemical-Space-

Visualizaciones interactivas de
espacio químico utilizando PCA y
t-SNE.

Construcción de visualizaciones
de espacio químico utilizando
otras bases de datos y
descriptores moleculares.

https://github.com/DIFACQUIM/Curs
os/blob/main/07_Espacio_Qu%C3%
ADmico_PCA.ipynb

https://github.com/DIFACQUIM/Curs
os/blob/main/07_Espacio_Qu%C3%
ADmico_tSNE.ipynb

Subconjuntos del UNPD y script
de Python para generar
subconjuntos de bases de datos
utilizando el algoritmo MaxMin.

Generación de subconjuntos de
bases de datos utilizando el
algoritmo MaxMin. Los
subconjuntos de productos
naturales de UNPD pueden
utilizarse para entrenar redes
neuronales de aprendizaje
profundo en grupos de
investigación con recursos
computacionales limitados.

https://github.com/DIFACQUIM/Natur
al-products-subsets-generation.
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Tabla 8 (continuación). Resumen de códigos y recursos libres generados.

Título de la herramienta Aplicación o uso Vínculo (URL)

Código para generar grafos
moleculares

Generación de grafos
moleculares de productos
naturales, fármacos aprobados,
compuestos sintéticos y
compuestos organometálicos.
Los grafos moleculares pueden
ser utilizados en la construcción,
entrenamiento y prueba de
arquitecturas de redes
neuronales para proponer
compuestos a partir del diseño
de novo utilizando algoritmos de
inteligencia artificial.

https://github.com/DIFACQUIM/HAN
NA

X. Perspectivas

Utilizar las bibliotecas de fragmentos obtenidos a partir de productos naturales en futuras

investigaciones para el diseño de novo o híbridos de fragmentos basados en productos naturales.

Realizar un cribado virtual de los 251 compuestos generados a partir fragmentos de COCONUT

que tuvieron propiedades fisicoquímicas similares a los inhibidores de la proteasa viral del VIH-1

aprobados por la FDA y se estimaron viables sintéticamente. Realizar la síntesis química y la

evaluación biológica de los compuestos seleccionados del cribado virtual.

Utilizar el protocolo, el código, los SMARTS y SMIRKS para construir compuestos análogos a

bevirimat u otros compuestos derivados del ácido betulínico.

Los subconjuntos de productos naturales del UNPD pueden utilizarse para entrenar redes

neuronales de aprendizaje profundo en grupos de investigación con recursos computacionales

limitados.
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XII. Apéndice

Tabla A1. Características atómicas que codifican los grafos moleculares.

Características Descriptores moleculares Número

Tipo de átomo H, B, C, N, O, F, Si, P, S, Cl, Se, Br, I

[Mg, Na, Ca, Fe, As, Al, 'I', B, V, K, Tl, Y, Sb, Sn, A g, Pd, Co, Se, Ti,

Zn, Li, Ge, Cu, Au, Ni, Cd, In, Mn, Zr, Cr, Pt, Hg, Pb]a

13

Quiralidad 0:'CHI_UNSPECIFIED',1:'CHI_TETRAHEDRAL_CW',

2:'CHI_TETRAHEDRAL_CCW', 3: 'CHI_OTHER',

4:'CHI_TETRAHEDRAL', 5: 'CHI_ALLENE', 6:

'CHI_SQUAREPLANAR',

7: 'CHI_TRIGONALBIPYRAMIDAL', 8: 'CHI_OCTAHEDRAL'

9

Número de átomos

vecinos

0, 1, 2, 3, 4, "Más que cuatro" 6

Hibridización S, SP, SP2, SP3 [SP3D, SP3D2, OTHER] 4

Carga formal -4,-3, -2, -1, 0, 1, 2, 3, 4, 5, 6 11

Sistema de anillos El átomo está en un anillo: 0:No, 1:Sí 2

Aromaticidad El átomo es parte de un sistema aromático: 0:No, 1:Sí 2

Hidrógenos Número de hidrógenos vecinos 5

a Los átomos en color azul son metales.
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Tabla A2. Características químicas de enlaces químicos que codifican los grafos moleculares.

Características Descriptores moleculares Número

Tipo de enlace 0:'UNSPECIFIED', 1: 'SINGLE', 2:'DOUBLE',

3:'TRIPLE', 4:'QUADRUPLE', 5:'QUINTUPLE', 6:

'HEXTUPLE', 7:'ONEANDAHALF', 8:

'TWOANDAHALF', 9: 'THREEANDAHALF', 10:

'FOURANDAHALF', 11: 'FIVEANDAHALF', 11:

'AROMATIC’, 12:'IONIC', 13:

'HYDROGEN',14:'THREECENTER', 15: 'DATIVEONE',

16: 'DATIVE', 17: 'DATIVEL', 18: 'DATIVER', 19:

'OTHER', 20: 'ZERO'

21

Estereoquimica del

enlace

0:'STEREONONE', 1: 'STEREOANY', 2: 'STEREOZ',

3: 'STEREOE', 4: 'STEREOCIS', 5: 'STEREOTRANS'

6

Enlace conjugado 0:No, 1:Sí 2

𝑃𝑢𝑛𝑡𝑢𝑎𝑐𝑖ó𝑛 𝑑𝑒 𝑓𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑜𝑠 𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟𝑒𝑠 = (𝐿𝑜𝑔 𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 𝑣𝑒𝑐𝑒𝑠 𝑞𝑢𝑒 𝑠𝑒 𝑟𝑒𝑝𝑖𝑡𝑒 𝑢𝑛 𝑓𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑜 𝑒𝑛 𝑢𝑛𝑎 𝑚𝑜𝑙é𝑐𝑢𝑙𝑎
𝐹𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑜𝑠 𝑓𝑜𝑟𝑚𝑎𝑑𝑜𝑠 )

Ecuación A1. Puntuación de fragmentos moleculares.

𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑 𝑝𝑜𝑟 𝑐𝑜𝑚𝑝𝑙𝑒𝑗𝑖𝑑𝑎𝑑 =  𝐶𝑜𝑚𝑝𝑙𝑒𝑗𝑖𝑑𝑎𝑑 𝑑𝑒 𝑒𝑠𝑡𝑒𝑟𝑒𝑜𝑐𝑒𝑛𝑡𝑟𝑜𝑠 +  𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑 𝑑𝑒 𝑚𝑎𝑐𝑟𝑜𝑐𝑖𝑐𝑙𝑜𝑠 +  𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑𝑒 𝑑𝑒 𝑡𝑎𝑚𝑎ñ𝑜 + 𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑 𝑑𝑒 𝑎𝑛𝑖𝑙𝑙𝑜𝑠 

𝐶𝑜𝑚𝑝𝑙𝑒𝑗𝑖𝑑𝑎𝑑 𝑑𝑒 𝑒𝑠𝑡𝑒𝑟𝑒𝑜𝑐𝑒𝑛𝑡𝑟𝑜𝑠 =  𝑙𝑜𝑔 𝑃(𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 𝑒𝑠𝑡𝑒𝑟𝑒𝑜𝑐𝑒𝑛𝑡𝑟𝑜𝑠 𝑝𝑜𝑠𝑖𝑏𝑙𝑒𝑠 + 1) 

𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑 𝑑𝑒 𝑚𝑎𝑐𝑟𝑜𝑐𝑖𝑐𝑙𝑜𝑠 =  𝑙𝑜𝑔(𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 𝑚𝑎𝑐𝑟𝑜𝑐í𝑐𝑙𝑜𝑠 +  1)

𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑𝑒 𝑑𝑒 𝑡𝑎𝑚𝑎ñ𝑜 =  𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 á𝑡𝑜𝑚𝑜𝑠(1. 005 − 𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 á𝑡𝑜𝑚𝑜𝑠)

𝑃𝑒𝑛𝑎𝑙𝑖𝑑𝑎𝑑 𝑑𝑒 𝑎𝑛𝑖𝑙𝑙𝑜𝑠 =  𝑙𝑜𝑔(𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 á𝑡𝑜𝑚𝑜𝑠 𝑐𝑎𝑏𝑒𝑧𝑎 𝑑𝑒 𝑝𝑢𝑒𝑛𝑡𝑒 +  1) +  𝑙𝑜𝑔(𝑁ú𝑚𝑒𝑟𝑜 𝑑𝑒 á𝑡𝑜𝑚𝑜𝑠 𝑒𝑠𝑝𝑖𝑟𝑜 + 1) 

Ecuación A2. Penalidad por complejidad.
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Figura A1. Estructuras únicas y en común entre COCONUT, ChEMBL y REAL analizadas en la Tabla 1. El

contenido estructural fue analizado en terminos de a) compuestos, b) Núcleos estructural base y c) Fragmentos

moleculares. Las bases de datos están representadas en diferentes colores como verde (COCONUIT), rojo

(REAL) y azul (ChEMBL). La letra k representa miles de compuestos y la letra M representa millones de

compuestos.
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Figura A2. Los diez fragmentos moleculares más frecuentes y únicos de a) COCONUT, b) REAL y c) ChEMBL.
El número de frecuencias en el que se encuentra el fragmento en cada base de datos se muestra en letra

normal y el porcentaje en negritas.
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Figura A3. Compuestos y fragmentos en común de las bases de datos de COCONUT, FooDB, DCM, CAS y

3CLP. Los compuestos y fragmentos son representados en diferentes colores como amarillo (COCONUT),

morado (FooDB), azul (DCM), verde (CAS) y lima (3CLP).
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Tabla A3. Composición estructural de los compuestos de COCONUT, FooDB y bases de datos de referencia.a

Características
estructurales

COCONUT FooDB DCM CAS 3CLP

Átomos de carbono 25.640 26.563 18.059 22.496 25.828

Átomos de oxígeno 6.167 7.343 3.252 5.773 4.922

Átomos de nitrógeno 1.445 0.668 2.859 4.157 3.582

Átomos pesados 33.611 34.942 25.139 33.535 33.352

Fracción de carbonos sp3 0.506 0.620 0.342 0.489 0.291

Fracción de carbonos
quirales

0.154 0.152 0.028 0.145 0.069

Número de anillos 3.962 2.243 2.881 3.628 3.617

Número de anillos
Alifáticos

2.250 1.426 0.791 1.372 0.645

Número de anillos
aromáticos

1.712 0.817 2.089 2.256 2.973

Número de heterociclos 1.711 1.020 1.408 2.056 1.500

Número de heterociclos
alifáticos

1.166 0.770 0.619 0.865 0.363

Número de heterociclos
aromáticos

1.712 0.817 2.089 2.256 2.973

Átomos spiro 0.167 0.051 0.018 0.019 0.000

Átomos cabeza de puente 0.493 0.137 0.056 0.254 0.023
aMedia de distribución.
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Tabla A4. Resumen de composición estructural de los fragmentos de COCONUT, FooDB y bases de datos

de referencia.a

Características
estructurales

COCONUT FooDB DCM CAS 3CLP Fragmentos
en común

Átomos de
carbono

18.504 12.991 10.181 9.904 8.926 5.179

Átomos de
oxígeno

3.524 3.173 1.748 3.678 1.556 1.107

Átomos de
nitrógeno

0.795 0.394 1.475 0.883 0.713 0.107

Átomos pesados 23.034 16.760 14.057 15.532 11.537 6.464

Fracción de
carbonos sp3

0.557 0.615 0.330 0.656 0.298 0.318

Fracción de
carbonos
quirales

0.189 0.199 0.054 0.240 0.071 0.062

Número de
anillos

2.999 1.739 1.686 1.496 1.398 0.571

Número de
anillos Alifáticos

2.013 1.237 0.447 0.837 0.398 0.071

Número de
anillos

aromáticos

0.986 0.503 1.239 0.660 1.000 0.500

Número de
heterociclos

1.087 0.577 0.899 0.787 0.574 0.179

Número de
heterociclos
alifáticos

0.751 0.390 0.313 0.573 0.176 0.036

Número de
heterociclos
aromáticos

0.986 0.503 1.239 0.660 1.000 0.500

aMedia de distribución.
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Tabla A4 (continuación). Resumen de composición estructural de los fragmentos de COCONUT, FooDB y

bases de datos de referencia.a

Características
estructurales

COCONUT FooDB DCM CAS 3CLP Fragmentos
en común

Átomos spiro 0.190 0.085 0.013 0.010 0.000 0.000

Átomos cabeza de
puente

0.507 0.288 0.043 0.109 0.056 0.000

aMedia de distribución.

Tabla A5. Grupos funcionales usando SMARTS para filtrar fragmentos derivados de productos naturales.

Grupos funcionales SMARTS

Alcohol alifático (ciclohexanol) [#8;H1]-[#6]-1-[#6]-[#6]-[#6]-2-[#6](-[#6]-[#6]-[#6]-3-[
#6]-4-[#6]-[#6]C5([#6]-[#6]-[#6]-[#6]5-[#6]-4-[#6]-[#6]

-[#6]-2-3)[#6]([#8;H1])=O)-[#6]-1

ácido 2,2-dimetil succínico [#6]C([#6])([#6]-[#6](-[#8])=O)[#6](-[#8])=O

Piperazina [#6;H2;X4]1-[#6;H2;X4][#7;X3;!H1][#6;H2;X4]-[#6;H
2;X4][#7;H1;X3]1

1,2-diaminoetano [#7;H1;X3][#6;H2;X4][#6;H2;X4][#7;H2;X3]

1,3-diaminopropano [#7;H1;X3][#6;H2;X4][#6;H2;X4][#6;H2;X4][#7;H2;X
3]

Sistema cíclico derivado del ácido betulínico [#6]1-[#6]-[#6]-[#6]2-[#6](-[#6]-1)-[#6]-[#6]-[#6]1-[#6]
-2-[#6]-[#6]-[#6]2-[#6]3-[#6]-[#6]-[#6]-[#6]-3-[#6]-[#6]

-[#6]-1-2
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Tabla A6. SMIRKS usados para construir bibliotecas enfocadas de compuestos inhibidores de la

proteasa viral del VIH-1 a partir de fragmentos de productos naturales.

Descripción Esquema de reacción

Reacción 1

SMIRKS 1

[#6:1][#6;A;X4:3]([#6:2])[#6:4]-[#6:5]([#8;A])=[O:6].[#8:7]-[#6:8]-1-[#6:9]-[#6:10]-[#6:1
1]-2-[#6:27](-[#6:26]-[#6:25]-[#6:24]-3-[#6:23]-4-[#6:22]-[#6:21][C:20]5([#6:19]-[#6:18
]-[#6:17]-[#6:16]5-[#6:15]-4-[#6:14]-[#6:13]-[#6:12]-2-3)[#6:29](-[#8:31])=[O:30])-[#6:
28]-1>>[#6:2][#6;A;X4:3]([#6:1])[#6:4]-[#6:5](=[O:6])-[#8:7]-[#6:8]-1-[#6:9]-[#6:10]-[#6
:11]-2-[#6:27](-[#6:26]-[#6:25]-[#6:24]-3-[#6:23]-4-[#6:22]-[#6:21][C:20]5([#6:19]-[#6:
18]-[#6:17]-[#6:16]5-[#6:15]-4-[#6:14]-[#6:13]-[#6:12]-2-3)[#6:29](-[#8:31])=[O:30])-[#

6:28]-1

Reacción 2.1

SMIRKS 2.1

[#7;H1;X3:7][#6H2:6][#6;H2:5][#7;H2;X3:4].[#6;A;r5:1][#6:2]([#8;A;H1,-])=[O:3]>>[#6
;A;r5:1][#6:2](=[O:3])-[#7:4]-[#6;H2:5]-[#6;H2:6]-[#7;H1;X3:7]
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Tabla A6 (continuación). SMIRKS usados para construir nuevos compuestos derivados de fragmentos de

productos naturales.

Descripción Esquema de reacción

Reacción 2.2

SMIRKS 2.2

[#7;H1X3:8][#6H2:7][#6H2:6][#6H2:5][#7;H2X3:4].[#6;A;r5:1][#6:2]([#8;A;H1,-])=[O:
3]>>[#6;A;r5:1][#6:2](=[O:3])-[#7:4]-[#6H2:5]-[#6H2:6]-[#6H2:7]-[#7;H1X3:8]

Reacción 2.3

SMIRKS 2.3

[#6:9]-1-[#6:8]-[#7H1;!$([#7]-C=[O,N,S])!$([#7]~[!#6]):4]-[#6:5]-[#6:6]-[#7;H0X3:7]-1.
[#6;A;r5:1][#6:2]([#8;A;H1,-])=[O:3]>>[#6;A;r5:1][#6:2](=[O:3])-[#7;H0X3:4]-1-[#6:5]-[

#6:6]-[#7;H0X3:7]-[#6:8]-[#6:9]-1
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Tabla A7. Diversidad estructural basada en huellas digitales moleculares de compuestos generados a partir de

fragmentos de COCONUT, ChemDiv y Enamine, y dos bases de datos de compuestos de referencia, fármacos

aprobados por la FDA e inhibidores de la proteasa viral del VIH-1 aprobados por la FDA.

Base de datos ECFP-4a (1024-bits) MACCS Keysa (166-bits)

COCONUT 0.605 0.817

Enamine 0.682 0.823

ChemDiv 0.676 0.821

Fármacos aprobados por la FDA 0.096 0.293

Inhibidores de la proteasa viral
del VIH-1 aprobados por la FDA 0.253 0.558

aMediana de similitud.
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Tabla A8. Propiedades de relevancia farmacéutica de compuestos inhibidores de la proteasa viral del VIH-1

aprobados por la FDA.

Molécula log P MW HBD HBA TPSA RB

Amprenavira 2.4 505.22 4 9 131.19 11

Atazanavira 4.21 704.39 5 13 171.22 14

Darunavira 2.38 547.24 4 10 140.42 11

Fosamprenavira 2.69 585.19 4 12 174.56 13

Indinavira 2.87 613.36 4 9 118.03 11

Lopinavira 4.33 628.36 4 9 120.00 15

Nelfinavira 4.75 567.31 4 7 101.90 9

Ritonavira 5.91 720.31 4 11 145.78 17

Saquinavira 3.09 670.38 6 11 166.75 12

Tipranavira 6.70 602.21 1 7 102.43 11

Mínimo 2.40 505.20 1 7 101.90 9

Máximo 6.70 720.30 6 13 174.60 17
aValor mínimo y máximo para cada propiedad.
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Figura A4. Análisis de convex hull derivado de una visualización de espacio químico basada en

propiedades fisicoquímicas utilizando PCA de bibliotecas enfocadas a bibliotecas enfocadas de

compuestos inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de productos naturales

de compuestos de referencia. Las bibliotecas enfocadas a bibliotecas enfocadas de compuestos

inhibidores de la proteasa viral del VIH-1 a partir de fragmentos de productos naturales en color

naranja (COCONUT), rojo (ChemDiv) y verde (Enamine). Las bibliotecas de compuestos de referencia se

muestran en color azul (fármacos aprobados por la FDA), morado (inhibidores de la proteasa viral del VIH-1

aprobados por la FDA).
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A Fragment Library of Natural Products and its
Comparative Chemoinformatic Characterization
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This manuscript is dedicated to all people affected directly or indirectly by the COVID-19 pandemic around the world.

Abstract: We report a comprehensive fragment library with
205,903 fragments derived from the recently published
Collection of Open Natural Products (COCONUT) data set
with more than 400,000 non-redundant natural products.
The natural products-based fragment library was compared
with other two fragment libraries herein generated from
ChEMBL (biologically relevant compounds) and Enamine-
REAL (a large on-demand collection of synthetic com-
pounds), both used as reference data sets with relevance in
drug discovery. It was found that there is a large diversity of

unique fragments derived from natural products and that
the entire structures and fragments derived from natural
products are more diverse and structurally complex than
the two reference compound collections. During this work
we introduced a novel visual representation of the chemical
space based on the recently published concept of statis-
tical-based database fingerprint. The compounds and frag-
ments libraries from natural products generated and
analyzed in this work are freely available.

Keywords: ChEMBL · drug discovery · fingerprint · fragment · natural product

1 Introduction

Natural products (NPs) have been relevant in drug discovery
pipelines since the beginning of the pharmaceutical era.
They have inspired the synthesis of drugs such as aspirin
from salicylic acid or ampicillin from penicillin[1] to such a
degree that several drugs are NPs or derivatives thereof.[2]

For instance, from the approved drugs between 1981 and
2014, 4 % corresponds to unaltered NPs and 21 % corre-
sponds to NPs derivatives.[3] Also, since NPs have gone
through an adaptation process, they represent attractive
ligands for several biological targets.[4] Furthermore, in
comparison with molecules obtained with combinatorial
chemistry or other synthetic methods, NPs are structurally
more diverse and complex thus contributing to their overall
larger selectivity.[5–6] These reasons plus the broad use of
NPs in traditional medicine, make them a fundamental part
to inspire or be the starting point for developing new
drugs.[4]

Otherwise, general downsides of NPs are the short
amounts of them are obtained and their procurement
procedures are costly and lengthy.[7] Despite these limita-
tions, NPs, unlike synthetic molecules, possess unique
functional groups, unique scaffolds, and unique character-
istic structural fragments that could provide important
information related to biological activity.[7] This could be
used as the starting point for designing novel compounds.
Thus, fragments obtained from NPs can be further used in
traditional fragment-based or de novo drug design.[8] This is
why it is desirable to generate fragment libraries from NPs[9]

that can be used to build novel molecules such as the so-
called “pseudo-NPs”.[8]

In this work, we report a novel and comprehensive
database of fragments derived from NPs based on the
COlleCtion of Open NatUral producTs (COCONUT),[10] a
recently published database with more than 400,000 non-
redundant compounds. The fragment library was charac-
terized and compared with fragment libraries herein
generated from two large reference compound data sets
with relevance in drug discovery: ChEMBL as a source of
biologically relevant compounds, and Enamine-REAL, a
large on-demand collection of synthetic compounds. The
newly developed fragment library from NP is freely
accessible at https://doi.org/10.6084/m9.figshare.11997951

2 Methods

2.1 Data Sets

We selected three data sets with relevance for drug
discovery: COCONUT (first version),[10] a data set assembled
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from 50 open-access databases containing 412,903 com-
pounds and being the largest collection of NP available to
this date; the REAL drug-like data set from Enamine[11]

consisting of 15,547,017 Readily AccessibLe compounds
representing the chemical space covered by synthetic
molecules, and ChEMBL 25[12–13] as a representative example
of the biologically tested chemical space with 1,844,434
compounds. The three datasets were curated using the
same procedure outlined in Section 2.2 and are available at
the Supporting Information.

2.2 Data Curation

SMILES strings with no stereochemistry information were
selected as a molecular representation of compounds.
Stereochemistry information was not considered in this
work because not all compounds in the three data sets
contain defined stereochemistry. The entire preparation
process was performed with the open-source cheminfor-
matics toolkit RDKit (http://www.rdkit.org), version
2019.09.1 and the functions Standardizer, LargestFrag-
mentChoser, Uncharger, Reionizer and TautomerCanonical-
izer implemented in the molecule validation and stand-
ardization tool MolVS.[14] Compounds were standardized
and those consisting of multiple components were split
and the largest component was retained. Compounds
consisting of any element other than H, B, C, N, O, F, Si, P, S,
Cl, Se, Br and I, as well as compounds with valence errors,
were removed from the data set. The remaining com-
pounds were neutralized and reionized to subsequently
generate a canonical tautomer. Duplicated structures within
each database were also removed. Six molecular properties
were computed for each compound: averaged molecular
weight (AMW), partition coefficient octanol/water (SlogP),
number of hydrogen bond donors (HBD), number of
hydrogen bond acceptors (HBA), number of rotatable bonds
(RB), and topological polar surface area (TPSA). Only
compounds complying with the “rule of 5” and Veber
criteria (AMW�500, � 1�SlogP�5, HBA�10, HBD�5,
RB�10 and TPSA�140) were preserved. Finally, pan-assay
interference compounds were removed according to the
substructures defined in RDKit. The three data sets used in
this study after data curation are summarized in Table 1.

2.3 Fragment Generation

Fragment libraries for the three data sets described in
Section 2.1 were generated by using the REtrosynthetic
Combinatorial Analysis Procedure (RECAP) as implemented
in RDKit. The RECAP algorithm is based on eleven cleavage
rules derived from common chemical reactions.[15] In short,
if a molecule contains any of eleven bounds (such as amide,
ester, amine, urea, ether, olefin, quaternary nitrogen,
aromatic nitrogen-aliphatic carbon, lactam nitrogen-ali-
phatic carbon, aromatic carbon-aromatic carbon, and
sulphonamide) then it is cleaved into fragments. These rules
only apply to acyclic bonds to leave residual rings intact.
Each molecular fragment retains the atoms where a bond
was cleaved to denote the atom environments from which
it was obtained. Fragment libraries for the three data sets
are available at the Supporting Information.

2.4 Data Sets Overlap

Overlap of COCONUT with the data sets selected as
reference was assessed in terms of three different structural
levels: compounds, scaffolds, and fragments. Compound
and fragment overlap was determined in terms of canonical
SMILES. For scaffold comparison, we use the definition
proposed by Bemis and Murcko[16] as implemented in RDKit.
For each structural level, we identified the unique structures
belonging to each data set as well as those belonging to
two or three of them.

2.5 Diversity and Complexity Analysis

One of the main goals to generate a general screening
compound library is to have large diversity and cover as
much chemical space as possible.[17] For this reason, the
three original compound data sets, as well as the three
fragment libraries derived from them, were analyzed in
terms of structural diversity and complexity. Structural
diversity was measured calculating the median value of the
distribution of the pairwise similarity values calculated with
the Tanimoto coefficient and both Molecular ACCes System
(MACCS) keys (166-bits)[18] and Morgan fingerprint with
radius 2 (Morgan2).[19] This was done for 10 random samples
of 10,000 compounds and fragments, respectively. Struc-

Table 1. Compound data sets analyzed in this work and summary statistics for diversity and complexity of the entire compounds.

Data sets* Size
(compounds)

Median similarity
(Morgan2 – 1024 bits)

Median similarity
(MACCS keys – 166 bits)

Mean fraction
of sp3 carbons

Mean fraction
of chiral carbons

Reference

COCONUT 190,139 0.111 0.344 0.453 0.112 [10]

Enamine, REAL 15,297,437 0.123 0.420 0.526 0.068 [11]

ChEMBL 1,074,335 0.119 0.377 0.318 0.033 [12–13]

*Drug-like sets (see Section 2.2).

Full Paper www.molinf.com

© 2020 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Mol. Inf. 2020, 39, 2000050 (2 of 9) 2000050

 18681751, 2020, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

inf.202000050 by U
niversidad N

acional A
utonom

a D
e M

exico, W
iley O

nline L
ibrary on [10/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

www.molinf.com


tural complexity was measured as the mean fraction of
chiral and sp3 carbons.

In order to characterize the structural differences
between the generated fragment databases, eleven descrip-
tors were calculated being number of heavy atoms broken
down into oxygen atoms, nitrogen atoms, bridgehead
atoms and spiro atoms as well as the number of rings and
number of heterocycles, both broken down into aromatic
and aliphatic. The differences were analyzed in the context
of the unique fragments from each data sets and the
common fragments in all three of them, using as measure
the mean values of the descriptors distributions.

2.6 Chemical Space Visualization Based on SB-DFP

To generate a two-dimensional representation of the
chemical space covered by the analyzed data sets, we used
the concept of Statistical-Based Database Fingerprint (SB-
DFP),[20] a recently published approach to generate single
fingerprint representations of compound data sets. A brief
description for the construction of an SB-DFP is as follows:
given a fingerprint representation of compounds in a data
set, the frequency occurrence of each bit in the data set is
compared to a reference in such a way that a bit is set to
“1” in the final representation only if the frequency of such
bit in the data set is statistically higher than in the reference
otherwise, the bit is set to “0”. In this work, we built two SB-
DFPs: one to represent NPs and the other to represent
synthetic compounds, in such a way that all compounds
and fragments could be mapped according to its Tanimoto
similarity to each of the generated SB-DFPs. To this end, we
used a random sample of 60 % of compounds present
exclusively in the prepared COCONUT or REAL data sets
with 190,139 and 15,297,437 compounds (Table 1), respec-
tively, using each as the reference for the other. The
selected molecular representation was Morgan2. For the
frequency comparisons, we employed a Z-test with a
confidence level of 99 %, as described in the original
work.[20] The remaining 40 % of compounds were used to
compute the similarity values of compounds to the SB-DFPs
and scale them to a range between 0 and 1. A visual
representation of the chemical space covered by both
compounds and fragments was generated based on their
Tanimoto similarities to each of the generated SB-DFPs. SB-
DFPs for COCONUT and REAL data sets are available at the
Supporting Information.

3 Results and Discussion

3.1 Data Sets Overlap

We characterized the structural content of the three data
sets summarized in Table 1 (COCONUT, REAL, and ChEMBL)
in terms of unique compounds, molecular scaffolds, gen-

erated fragments and determined the overlap among them.
Of note, from the data curation process described in
Section 2.2 the COCONUT and ChEMBL analyzed herein are
“drug-like” subsets from the initial sets and are comparable
in properties to the “drug-like” REAL set. Figure 1 depicts
Vehn diagrams showing the overlap among the compounds
(Figure 1a), scaffolds using the Bemis-Murcko definition
(Figure 1b), and fragments (Figure 1c).

Figure 1a indicated that there are 16,529,500 unique
compounds among the three data sets. The largest overlap
among them occurs for the intersection between COCONUT
and ChEMBL, with a total of 32,053 compounds, from which
only 22 were also shared with REAL. Overlaps involving the
REAL data set are practically non-existing considering its
size, being 60 and 276 compounds shared with COCONUT
and ChEMBL data sets, respectively. It should be noted that
despite the existing overlapping of the data sets, 99.8 of
compounds are unique and belong only to a single set. In
terms of each data set size, non-overlapping compounds
represent 83.1 % of COCONUT, 97.0 % of ChEMBL, and more
than 99.9 % of REAL.

In terms of scaffolds (Figure 1b), a total of 6,852,628
unique structures were identified, from which 99.1 are non-
overlapping, representing 68.7 %, 82.6 % and 99.3 % of
COCONUT, ChEMBL, and REAL data sets, respectively. While
regarding fragments (Figure 1c), a total of 12,497,641
unique structures was obtained, 99.0 % of them being non-
overlapping and corresponding to 72.2 %, 89.9 and 99.4 %
of COCONUT, ChEMBL, and REAL data sets, respectively.
These results are in agreement with the overall structural
novelty associated with the drug-like data set from Enamine
and suggest that the fragment space associated with NPs is
not fully covered by those coming from synthetic or
biologically tested compounds, supporting the idea that
fragments of NPs can serve as building blocks for de novo
design.[21] In addition, there is a broad diversity of unique
fragments and scaffolds derived from NPs that could be
used later in the development and discovery of new drugs.

3.2 Fragment Analysis

As described in Section 2.3, for all data sets, the RECAP
fragmentation algorithm was useful to generate all frag-
ments with common synthetic paths. Therefore, the frag-
ments are delimited by the fragmentation algorithm used.
Fragments were generated for 70.2 %, 87.3 %, and 97.0 % of
compounds from COCONUT, ChEMBL, and REAL datasets,
respectively. Given that RECAP is based on several cleavable
bonds, this result shows that such bonds are more likely to
be present in synthetic molecules. A total of 205,904
different fragments were obtained for COCONUT, from
which 148,560 were unique for this collection. Figure 2a–c
shows the chemical structures of the ten most frequent
unique fragments from COCONUT, Enamine-REAL, and
ChEMBL, respectively. Figure 2d shows the ten most
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common overlapping fragments in all three datasets. The
number and frequency of all fragments in each of the three
data sets analyzed in this work are included as a separate
file in the Supporting Information. Comparison of the

chemical structures of unique and common fragments
among data sets in Figure 2 and Table 2 indicate that
COCONUT fragments (Figure 2a) had the most number of
oxygen atoms (hydroxyl, epoxide), chiral centers, aliphatic

Figure 1. Unique and overlapping structures between COCONUT, ChEMBL and REAL data sets analyzed in this work (Table 1). Structural
content was analyzed in terms of a) Compounds, b) Molecular scaffolds, and c) Fragments. The letter k represents thousands and the letter
M represents millions.

Table 2. Summary of the structural diversity of unique and common fragments from COCONUT, Enamine-REAL, and ChEMBL.

Diversity structural COCONUT* Enamine-REAL* ChEMBL* Overlapping*

Heavy atoms 20.922 19.583 19.784 10.788
Oxygen atoms 3.793 2.080 2.130 1.300
Nitrogen atoms 0.847 3.006 2.562 1.119
Bridgehead atoms 0.282 0.108 0.052 0.020
Spiro atoms 0.110 0.053 0.022 0.001
Rings 2.479 2.377 2.504 1.172
Aromatic rings 0.957 1.341 1.857 0.920
Aliphatic rings 1.522 1.036 0.647 0.252
Heterocycles 1.077 1.556 1.371 0.538
Aromatic heterocycles 0.369 0.862 0.884 0.354
Aliphatic heterocycles 0.707 0.694 0.487 0.184

*Mean of the distribution
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Figure 2. Ten most frequent unique fragments from a) COCONUT, b) Enamine-REAL, and c) ChEMBL.d) Ten most frequent common
fragments in all three data sets. Occurrences in the data set are indicated in regular letter and percentage in bold.
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rings, and bicycles (according to the number of bridgehead
and spiro atoms) compared to ChEMBL fragments (Fig-
ure 2c), and REAL fragments (Figure 2b). However COCO-
NUT fragments had fewer aromatic rings compared to
ChEMBL fragments and REAL fragments. Furthermore, REAL
fragments had the most number of nitrogen atoms (e. g.
amine) and aromatic heterocycles followed by ChEMBL
fragments (e. g. amide). Usually, NPs contain functional
groups like oxygen atoms (e. g. hydroxyl, epoxide rings,
ester, and peroxide) while synthetic molecules have nitro-
gen-containing and more easily accessible functional
groups like amide, urea, sulfone, imida functionalities, and
substituents such as fluoro.[9] This latter observed in REAL
fragments and ChEMBL fragments since they contain
fluorine substituents (Figure 2b–c). Nevertheless common
fragments were characterized by a lower number of
aliphatic rings, aromatic rings, bicycles (according to the
number of bridgehead and spiro atoms), and relatively
greater number of oxygen atoms relative to the number of
nitrogen atoms as exemplified in Figure 2d and Table 2. In
general, the common fragments to all three data sets
(Figure 2d) are smaller in size and less structurally diverse
relative to the unique fragments of each data set.

3.3 Diversity and Complexity Analysis

To compare the structural diversity of fragments generated
from COCONUT with those generated from the two
reference data sets, we computed the median similarity of
the pairwise similarity matrix on 10 random sets of 10,000
fragments taken from each dataset,[22] using two molecular
fingerprints: MACCs Keys (166-bits) and Morgan2 (1024-
bits). The similarity was computed with the Tanimoto
coefficient. On the other hand, for comparison of the
structural complexity among the data sets, we selected two
properties that are relevant in drug discovery,[23] the mean
fraction of sp3 and chiral carbons, computed over the whole
fragment libraries. As a reference, we performed the same
calculations over the compound data sets. Tables 1 and 3
summarize the statistics of these analyses for the com-
pound and fragment data sets, respectively.

Regarding the structural diversity of the fragment
libraries, it was found that COCONUT was the most diverse
data set in terms of both MACCS keys and Morgan 2
fingerprints (0.314, 0.117), followed by ChEMBL (0.334,

0.122), and REAL (0.408, 0.134). The same tendency was
observed when comparing the compound datasets.

For the measures of the structural complexity of the
fragment libraries, COCONUT was found to be the most
complex data set in terms of the mean fraction of sp3

carbons and the mean fraction of chiral carbons (0.518,
0.175), followed by REAL (0.516, 0.074) and ChEMBL (0.335,
0.046), this was determined via a t-test with a 99 % of
confidence. For the compound data sets, the same trend
was observed for the mean fraction of chiral carbons, while
for the mean fraction of sp3 carbons the positions of
COCONUT and REAL were slightly inverted (0.518, 0.516,
Table 3) that can be due to the increased complexity of
fragments from NPs. This shows that fragments derived
from NPs are structurally more diverse and complex than
those obtained from synthetic compounds, preserving the
differences associated with the source compounds with
complete chemical structures.[5]

3.4 Chemical Space Visualization Based on SB-DFP

As mentioned in section 2.6, two SB-DFPs were built for
subsets of NPs and synthetically available compounds
derived from COCONUT and REAL, respectively. Different
subsets not used in the elaboration of the single fingerprint
representations were used to scale the similarity values of
compounds to the SB-DFPs and to generate a visual
representation of the chemical space covered by com-
pounds. Figure 3 shows the visualization of the chemical
space based on SB-DFPs similarities. In the graph, each
structure is plotted according to its scaled similarity value
to the reference SB-DFPs. The SB-DFPs, as well as the
scaling parameters for the similarity values, are included as
Supporting Information. To better illustrate the unique
structures present in COCONUT and REAL, Figure 3a,b and
Figure 3d,e shows unique structures in those data sets,
while Figure 3c,g shows all structures from ChEMBL. In each
plot of Figure 3, the number of compounds is represented
with a continuous color scale from yellow (highly populated
regions) to purple (less populated regions). The chemical
space visualization of compounds shows that NPs tend to
occupy a space closer to the COCONUT SB-DFP (Figure 3a),
while synthetically available compounds are closer to the
REAL SB-DFP (Figure 3b). Compounds from ChEMBL share
space with compounds from both COCONUT and REAL data

Table 3. Summary of the diversity and complexity measures of the three fragment data sets.

Fragment
data sets*

Size
(fragments)

Median similarity
(Morgan2 - 1024 bits)

Median similarity
(MACCS keys - 166 bits)

Mean fraction
of sp3 carbons

Mean fraction
of chiral carbons

COCONUT 205,904 0.117 0.314 0.518 0.175
Enamine, REAL 11,243,078 0.134 0.408 0.516 0.074
ChEMBL 1,177,361 0.122 0.334 0.335 0.046

*Drug-like sets (see Section 2.2).
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Figure 3. Visual representation of the chemical space for compounds and fragments of natural products, synthetics compounds, and
biologically relevant compounds. The number of compounds is represented with a continuous color scale. Compounds data sets used: a)
COCONUT, b) Enamine-REAL, c) ChEMBL. Fragment data sets used: d) COCONUT, e) Enamine-REAL, and f) ChEMBL.
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sets, being generally closer to the seconds (Figure 3c).
Fragments derived from NPs, synthetic compounds, and
biologically tested compounds follow the same trend as
their source data sets, supporting the idea that the
obtained fragments preserve the structural properties of
the original compounds from which they were originated.

4 Conclusions

Herein we generated and made publicly available a data-
base of fragments derived from a large collection of drug-
like NPs. The NPs-based fragment library was compared
with two herein generated fragment libraries obtained from
large collections of compounds relevant in drug discovery;
one with more than 1 million drug-like compounds tested
for biological activity (as presented by ChEMBL), and the
second with more than 15 million synthetically accessible
yet novel molecules (as represented by the drug-like set of
Enamine-REAL). The comparison of the unique and over-
lapping fragment of NPs with other reference collections
revealed that there is a large diversity of unique fragments
derived from NPs that could be used as building blocks for
the de novo design and synthesis of novel compounds. It
was also concluded that both the entire structures and
fragments derived from NPs are more diverse and structur-
ally complex than the two reference compound collections.

As part of this work, we introduced a novel visual
representation of the chemical space based on SB-DFPs. It
was concluded that the SB-DFPs developed for NPs and
synthetically accessible compounds, respectively, are con-
sistent in that NPs were more similar to the fingerprint
generated for COCONUT-SB-DFP and the synthetic com-
pounds were more similar to the REAL-SB-DFP. In this
representation of chemical space was concluded that,
overall, ChEMBL compounds had higher similarity to the
REAL-SB-DFP further emphasizing the opportunity to
increase the number of NPs tested for biological activity
(e. g., enrich ChEMBL with drug-like compounds available in
COCONUT).

Supporting Information

Structure files of all curated data sets and fragment libraries
used in this work, as well as the SB-DFPs used for the
chemical space visualization are available at https://doi.org/
10.6084/m9.figshare.11997951. The Supporting information
contains the following:

COCONUT_Compounds.sdf, ChEMBL_Compounds.csv
and REAL_Compounds.csv contain the curated structures of
drug-like subsets from those major compound data sets. All
files contain the following information for each compound:
identification number (ID), simplified molecular input line
entry system (Smiles), Average Molecular Weight (AMW),
partition coefficient octanol/water (SlogP), number of

hydrogen bond donors (HBD), number of hydrogen bond
acceptors (HBA), number of rotatable bonds (RB), topolog-
ical polar surface area (TPSA), fraction of sp3 carbons
(FractionCSP3), fraction of chiral carbons (FractionCC),
number of generated fragments (NFragments) and a list of
the fragments obtained if any (LFragments).

COCONUT_Fragments.sdf, ChEMBL_Fragments.csv and
REAL Fragments.csv contain the structures generated from
the respective compound data sets. All files include the
following information for each fragment: identification
number (ID), source collection (Data Set), simplified molec-
ular input line entry system (Fragment), belonging to one
(Unique) or the three data sets (Overlapped), number of
compounds containing that fragment in the data set
(Counts) and fraction of them (Proportion), fraction of sp3
carbons (FractionCSP3), fraction of chiral carbons (Frac-
tionCC), number of heavy atoms (NumHeavyAtoms), num-
ber of oxygen atoms (NumO), number of nitrogen atoms
(NumN), number of bridgehead atoms (NumBridgeHead),
number of spiro atoms (NumSpiro), number of rings
(NumRings), number of aromatic rings (NumArRings),
number of aliphatic rings (NumAlRings), number of hetero-
cycles (NumHet), number of aromatic heterocycles (NumAr-
Het) and number of aliphatic heterocycles (NumAlHet).

SB-DFPs.csv contains the Statistical-Based Database
Fingerprints for COCONUT and REAL data sets. The file
includes the value for each bit for a Morgan fingerprint of
radius 2 (1024-bits) according to RDKit algorithm as well as
the empirical minimum and maximum Tanimoto similarity
values used for scaling of the data (MinSimilarity and
MaxSimilarity).
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Abstract: Natural products and semi-synthetic compounds continue to be a significant source of drug
candidates for a broad range of diseases, including coronavirus disease 2019 (COVID-19), which is
causing the current pandemic. Besides being attractive sources of bioactive compounds for further
development or optimization, natural products are excellent substrates of unique substructures
for fragment-based drug discovery. To this end, fragment libraries should be incorporated into
automated drug design pipelines. However, public fragment libraries based on extensive collections
of natural products are still limited. Herein, we report the generation and analysis of a fragment
library of natural products derived from a database with more than 400,000 compounds. We also
report fragment libraries of a large food chemical database and other compound datasets of interest in
drug discovery, including compound libraries relevant for COVID-19 drug discovery. The fragment
libraries were characterized in terms of content and diversity.

Keywords: chemoinformatics; COVID-19; drug discovery; drug design; fingerprint; food chemicals;
natural products fragments; SARS-CoV-2

1. Introduction

Natural products (NP) have long been studied and used in medicine and chemistry, starting from
ancient civilizations throughout history. Natural sources were the basis of early research in medicinal
chemistry and drug discovery and have yielded valuable therapeutic agents still in use today [1].
A recent review reveals that 3.8% of drugs approved between 1981 and 2019 are NP, and 18.9% are NP
derivatives [2].

The unique and complex chemical structures of NP make them unique sources to explore
novel areas of the chemical space [3]. However, considering the structural complexity of NP, it is a
challenge to produce them in large quantities, which is typically required during drug development.
Therefore, in recent years novel methods and synthetic strategies have been developed to obtain
diverse and semi-synthetic compounds libraries based on NP [4]. Similarly, NP are becoming attractive
starting points to conduct fragment-based drug design and build the so-called “pseudo-NPs” [5].

The increasing use of NP in modern drug discovery has promoted the application of
chemoinformatic methods for natural product-based drug discovery. One such contribution is
the generation and development of compound databases [6–8]. The development of compound
databases of NP and synthetic analogs has been recently reviewed [8,9]. A recent notable example is
the COlleCtion of Open NatUral producTs (COCONUT), a compendium of 50 open-access databases
collecting more than 400,000 compounds. These and other public collections of food chemicals
are important sources to generate fragment libraries of compounds of natural origin. The authors
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recently reported and made public a library with 205,903 fragments derived from a drug-like subset
of the first version of COCONUT [10]. In that work, a total of 190,139 molecules were analyzed.
Recently COCONUT was updated, and a fragment library based on its full comprehensive collection
has not been reported.

The goal of this work was to generate a fragment library of the complete and most recent version
of COCONUT that contains 432,706 compounds. We also expanded the analysis to generate fragment
libraries of large public collections of 23,883 food chemicals that have a close association with NP [11] and
are part of the increasing research field of foodinformatics [12]. The fragment libraries were characterized
using chemoinformatic methods and compared with reference fragment libraries generated from
molecules in the Dark Chemical Matter (DCM). DCM is a collection of 139,352 compounds that showed
no activity when tested in at least 100 screening assays but that have recently led to the identification
of bioactive compounds [13]. In light of the current coronavirus disease 2019 (COVID-19) pandemic,
we also included in this study two large reference libraries with relevance in drug discovery in relation
to this disease [14]. Of note, food chemicals and DCM compounds analyzed in this work were recently
screened in silico to identify potential inhibitors of the main protease of severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2), one of the main promising molecular targets for the treatment
of COVID-19 [15].

2. Materials and Methods

2.1. Compound Databases

In this work, we generated fragment libraries of five compound databases of interest in drug
discovery, summarized in Table 1 and listed here: COCONUT, the largest database, with a total of
423,706 unique molecules [16], Food Database (FooDB) with 23,883 food chemicals [17], and a database
with 139,352 small molecules, classified as DCM [13]. We also analyzed a focused public library relevant
to COVID-19 research assembled by the Chemical Abstract Service (CAS) with 48,876 compounds [18]
and 280 inhibitors of the main protease of SARS-CoV-2 (3CLP) [15].

Table 1. Compound data sets analyzed in this work.

Dataset Original
Compounds

Processed
Compounds

Generated
Fragments Reference

COCONUT 432,706 382,248 52,630 [16]
FooDB 23,883 21,319 3186 [17]

Dark Chemical Matter (DCM) 139,352 139,326 14,001 [13]
Chemical Abstract Service (CAS) set

focused on COVID-19 48,876 44,692 8432 [18]

Inhibitors of the main protease of
SARS-CoV-2 (3CLP) 280 256 108 [15]

COCONUT, COlleCtion of Open NatUral producTs, FooDB, Food Database (FooDB, COVID-19, coronavirus disease
2019, SARS-CoV-2, severe acute respiratory syndrome coronavirus 2.

2.2. Data Curation

Similar to our previous work [10], the preparation of the five datasets was performed with the
open-source cheminformatics toolkit RDKit [19], (version 2020.03.2.0, RDKit, San Francisco, CA, USA)
and the functions Standardizer, LargestFragmentChoser, Uncharger, Reionizer, and TautomerCanonicalizer
implemented in the molecule validation and standardization tool MolVS [20]. SMILES strings [21],
with no stereochemistry information, were generated because not all compounds in the datasets
have a defined stereochemistry. Compounds with valence errors or any chemical element other
than H, B, C, N, O, F, Si, P, S, Cl, Se, Br, and I were removed. With the chemical compounds retained,
neutralized, and reionized, a canonical tautomer was generated. The average molecular weight (AMW)
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was calculated, and all compounds with AMW ≤ 1300 were retained. Table 1 summarizes the number
of compounds used for the fragmentation analysis and the number of unique fragments generated.

2.3. Generation of Unique Fragments Using the RECAP Algorithm

Fragment libraries were produced with the Retrosynthetic Combinatorial Analysis
Procedure (RECAP) as implemented in RDKit (version 2020.03.2.0, RDKit, San Francisco, LA, USA).
The RECAP algorithm is based on 11 cleavage rules derived from chemical reactions [22].
A molecule is cleaved into fragments if it contains any of the following bonds:
amide, ester, amine, urea, ether, olefin, quaternary nitrogen, aromatic nitrogen–aliphatic carbon,
lactam nitrogen–aliphatic carbon, aromatics carbon–aromatic carbon, and sulphonamide. For this
study, only terminal fragments were generated.

All curated datasets and fragments libraries used in this work are available at https://doi.org/10.
6084/m9.figshare.13064231.v1. Datasets contain the curated structures and the following information:
identification number (ID), simplified molecular input line entry system (Smiles), Average Molecular
Weight (AMW), number of carbons, oxygens, nitrogens, heavy atoms, aliphatic rings, aromatic rings,
heterocycles and bridgehead atoms, fraction of sp3 carbon atoms and chiral carbons, and a list of
fragments generated from each compound. Fragment libraries contain structures generated (Fragments)
from each compound library (Dataset) and the following information: number of compounds that
contain that fragment in a dataset (Count) and fraction of them (Proportion), Average Molecular
Weight (AMW), number of carbons, oxygens, nitrogens, heavy atoms, aliphatic rings, aromatic rings,
heterocycles and bridgehead atoms, fraction of sp3 carbon atoms and chiral carbons.

2.4. Structural Diversity and Complexity

The structural diversity of the compounds and fragment datasets was evaluated by calculating
the median value of the distribution of the pairwise similarity values generated with the Tanimoto
coefficient for both Morgan fingerprint with radius 2 (Morgan2, 1024-bits) [23] and Molecular ACCes
System (MACCS) keys (166-bits) [24]. For 4 sets of entire compounds (except 3CLP), the calculation
was done for 10 random samples of 10,000 compounds each, and the medians were then averaged.
For 3CLP, all 256 molecules were used. For the fragment datasets, all fragments were employed for the
calculation, except for COCONUT, for which 10 random samples of 10,000 fragments were used. It has
been shown that for large datasets, several random samples of 1000 compounds each are a reasonable
approach to quantify the pairwise fingerprint-based diversity of the entire datasets [25].

The structural differences between compound and fragment datasets were evaluated,
calculating 14 molecular descriptors, namely, number of carbon, oxygen, nitrogen, and heavy atoms,
the number of rings and heterocycles—both aliphatic and aromatic—spiro atoms, bridgehead atoms,
the fraction of sp3 carbons, and chiral carbons.

2.5. Chemical Space Visualization

Morgan fingerprints with radius 2 (Morgan2, 1024-bits) were generated for each compound and
fragment data set. To generate a visual representation of the chemical space, we used the recently
developed algorithm TMAP (Tree MAP). This method allows the visual representation of many
molecules that are difficult to visualize using other standard methods such as principal component
analysis. Basically, TMAP allows the visualization of large data sets (such as the ones studied in this
work—Table 1) through the distance between the clusters and the cluster’s detailed structure through
branches and sub-branches [26,27]. Fingerprints for each data set (input data) were indexed in a local
sensitive hashing (LSH) forest data structure, enabling c-approximate k-nearest neighbor (k-NN).
Fingerprints were encoded using the MinHash algorithm. An undirected weighted c-approximate
k-nearest neighbor graph (c-k-NNG) is constructed from the data points indexed in the LSH forest.
This graph takes two arguments, k, the number of nearest-neighbors, and kc, the factor used by the

https://doi.org/10.6084/m9.figshare.13064231.v1
https://doi.org/10.6084/m9.figshare.13064231.v1
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augmented query algorithm. In this work, we used k = 50 and kc =10. Further details of the TMAP
approach are published elsewhere [28].

3. Results and Discussion

3.1. Overlapping Fragments and Compounds

Figure 1 shows the number of unique and overlapping compounds and fragments. We found
533,961 unique compounds among all datasets which comprising 364,070 COCONUT compounds
(93.54%), 352 from FooDB (1.6%), 134,251 from DCM (96.35%), 35,070 from CAS (78.31%), and 218
from 3CLP (85.15%). The largest compound overlap occurred between COCONUT and FooDB (21,591
(98.37%) FooDB compounds in COCONUT). The second largest overlap was between COCONUT and
3CLP (concerning 35 (13.67%) 3CLP compounds), followed by the overlaps between COCONUT and
DCM (concerning 3693 (2.65%) DCM compounds) and COCONUT and CAS (concerning 361 (0.26%)
CAS compounds).
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Regarding the fragments, Figure 1 indicates that there we identified 64,844 unique fragments
among all datasets, including 46,608 COCONUT fragments, 36 FooDB fragments (1.12%), 10,910 DCM
fragments (77.92%), 7270 CAS fragments (86.21%), and 20 3CLP fragments (18.51%). The largest
fragment overlap occurred for 3150 FooDB fragments (98.87%) overlapped with COCONUT fragments,
followed by 84 3CLP fragments (77.77%), 2993 DCM fragments, and 1065 CAS fragments. We also
found that 28 fragments were shared by all fragment libraries (Figure 1).

It should be noted that around 13% of 3CLP inhibitors are found within a global dataset of NP.
Likewise, 77% of 3CLP fragments can be obtained from NP. This observation reinforces our hypothesis
that previously isolated and characterized NP are potential sources of compounds against COVID-19.
In turn, this is also in agreement with several reports of virtual screenings of NP databases aimed to
identify compounds with activity against 3CLP [29,30].
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3.2. Fragment Analysis

As described in the Methods Section 2.3, molecular fragments (terminal fragments only)
were obtained from the five compound datasets. The NP fragments in COCONUT and the food
chemicals in FooDB were compared with molecules of three reference datasets: small molecules with
no biological activity despite having been exhaustively tested in high-throughput screening (HTS) and
two collections for COVID-19 drug discovery. Table 1 summarizes the results. The largest number of
different fragments was generated for COCONUT (52,630), while the smallest number of fragments
was calculated for 3CLP (108). Figures 2–6 show the chemical structures of the 10 most frequent and
unique fragments in the 5 databases studied. The figure indicates the frequency and percentage of
each fragment in the corresponding dataset.
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Figure 2 shows that COCONUT fragments contain the largest number of oxygen atoms
(carbonyls, alcohols, and aldehydes), aliphatic rings, like tetrahydrofurans and pyranones, and other
oxygen-containing heterocycles. FooDB fragments are characterized by having macrocycles
(porphyrin rings) and triphosphates groups (Figure 3). In contrast, fragments from CAS,
3CLP, and DCM have larger numbers of nitrogen atoms and aromatic rings than fragments from
COCONUT and FooDB as shown in Figures 4–6. The most frequent DCM fragments contain various
triazole and pyrimidine rings, and 3CLP fragments comprise pyrrole, imidazole, and pyrazole rings.

The chemical structures of the 28 fragments common (overlap) to all five data sets (Figure 1)
are represented in Figure 7, which shows the sum of frequencies of each fragment in all databases
and the cleavage bonds in gray color (also marked with *). Relevant overlapping fragments
include acetophenones (5642, 1377, and 647), 2-acetylfuran (2156), cyclopropyl methyl ketone
(12,223), benzylacetone (493, 419), 2-acetylthiophene (1101 and 11), 2-aminohexane-2,5-dione (98),
2-aminoacetophenone (74), 2-acetylindole (57).
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Tables 2 and 3 summarize the distribution of carbon, oxygen, nitrogen, and heavy atoms for the
entire compounds and fragment datasets, respectively. The tables also summarize the fraction of sp3

carbon atoms and chiral carbons as representative structural complexity measures. Finally, both tables
indicate the distribution of the number of rings (total number, aliphatic, and aromatic) and other
important structural features of the compound and fragment datasets. Table 2 shows that compounds
from COCONUT and FooDB have the highest mean fraction of sp3 carbons, 0.506 and 0.620, respectively,
whose values range from 0.45 and 0.59 for NPs [31]. CAS, DCM, and 3CLP show the largest
number of aromatic rings and aromatic heterocycles, which are characteristic of drugs and synthetic
compounds [32]. Compounds in COCONUT and FooDB have the largest number of carbon and
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oxygen atoms, fraction of chiral carbons, and number of aliphatic rings and bridgehead atoms, a trend
that is preserved for their respective fragments (see Table 3). However, fragments from COCONUT
and FooDB overlapping with those from CAS, DCM, and 3CLP have the lowest number of carbon,
oxygen, and aliphatic rings, compared to unique fragments (Table 3).

Table 2. Summary of the structural composition of compounds from COCONUT, FooDB, and reference
datasets a.

Structural Feature COCONUT FooDB DCM CAS 3CLP

Carbon atoms 25.640 26.563 18.059 22.496 25.828
Oxygen atoms 6.167 7.343 3.252 5.773 4.922

Nitrogen atoms 1.445 0.668 2.859 4.157 3.582
Heavy atoms 33.611 34.942 25.139 33.535 35.352

Fraction of sp3 carbons 0.506 0.620 0.342 0.489 0.291
Fraction of chiral carbons 0.154 0.152 0.028 0.145 0.069

Rings 3.962 2.243 2.881 3.628 3.617
Aliphatic rings 2.250 1.426 0.791 1.372 0.645
Aromatic rings 1.712 0.817 2.089 2.256 2.973
Heterocycles 1.711 1.020 1.408 2.056 1.500

Aliphatic heterocycles 1.166 0.770 0.619 0.865 0.363
Aromatic heterocycles 1.712 0.817 2.089 2.256 2.973

Spiro atoms 0.167 0.051 0.018 0.019 0.000
Bridgehead atoms 0.493 0.137 0.056 0.254 0.023

a Mean of the distribution.

Table 3. Summary of the structural composition of fragments from COCONUT, FooDB, CAS, DCM,
and 3CLP and overlapping fragments a.

Structural Feature COCONUT FooDB DCM CAS 3CLP Overlapping
Fragments

Carbon atoms 18.504 12.991 10.181 9.904 8.926 5.179
Oxygen atoms 3.524 3.173 1.748 3.678 1.556 1.107

Nitrogen atoms 0.795 0.394 1.475 0.883 0.713 0.107
Heavy atoms 23.034 16.760 14.057 15.532 11.537 6.464

Fraction of sp3

carbons
0.557 0.615 0.330 0.656 0.298 0.318

Fraction of chiral
carbons 0.189 0.199 0.054 0.240 0.071 0.062

Rings 2.999 1.739 1.686 1.496 1.398 0.571
Aliphatic rings 2.013 1.237 0.447 0.837 0.398 0.071
Aromatic rings 0.986 0.503 1.239 0.660 1.000 0.500
Heterocycles 1.087 0.577 0.899 0.787 0.574 0.179

Aliphatic heterocycles 0.751 0.390 0.313 0.573 0.176 0.036
Aromatic heterocycles 0.986 0.503 1.239 0.660 1.000 0.500

Spiro atoms 0.190 0.085 0.013 0.010 0.000 0.000
Bridgehead atoms 0.507 0.288 0.043 0.109 0.056 0.000

a Mean of the distribution.

In general, NPs have been reported to have a higher fraction of sp3 carbons (associated with a
greater structural complexity) and number of oxygen atoms and a lower number of nitrogen atoms
and aromatics rings as well as NP fragments [31,33]. Therefore, the fragments from COCONUT and
FooDB are also attractive as building blocks for designing drug candidates.
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3.3. Structural Diversity and Complexity

The fingerprint-based structural diversity was measured as the median value of the distribution
of the pairwise similarity values calculated with the Tanimoto Coefficient, both MACCS keys and
Morgan2 (see Methods, Section 2.4). The results are summarized in Tables 4 and 5. Regarding the
diversity of the compound libraries, FooDB was the most diverse in terms of Morgan2 and MACCS
keys fingerprints (median similarity of 0.092, 0.322), followed by COCONUT (0.107, 0.380) (Table 4).
The structural diversity of the most recent version of COCONUT (studied in this work) is similar
to the fingerprint diversity calculated for a drug-like subset of COCONUT (0.117, 0.314) computed
recently [10]. CAS appeared to be one of the least diverse sets, which is consistent because the datasets
were selected by focusing on COVID-19 research (vide supra).

Table 4. Summary of the fingerprint-based structural diversity of the entire compounds.

Dataset Morgan2 a

(1024-bits)
MACCS Keys a

(166-bits)

COCONUT 0.107 0.380
FooDB 0.092 0.322
DCM 0.136 0.407
CAS 0.117 0.473

3CLP inhibitors 0.127 0.403
a Median similarity.

Table 5. Summary of the fingerprint-based structural diversity of the fragment datasets.

Dataset of
Fragments

Morgan2 a

(1024-bits)
MACCS Keys a

(166-bits)

COCONUT 0.111 0.300
FooDB 0.106 0.241
DCM 0.125 0.243
CAS 0.095 0.222

3CLP inhibitors 0.147 0.214
a Median similarity.

Regarding the fingerprint-based diversity of the fragment datasets (Table 5), in general, all fragment
libraries showed a larger diversity than their parent compounds. Specifically, the CAS fragments
were the most diverse according to both molecular fingerprints (0.094, 0.222), followed by FooDB
(0.106, 0.241) and COCONUT (0.111 only for Morgan2). Possibly, the difference in the diversity of the
fragments from NP in COCONUT and food chemicals in FooDB is associated with the fragmentation
algorithm (i.e., the RECAP fragmentation algorithm terminal fragments only as compared to our
previous work [10]). This result means that the diversity of fragments appears in the intermediate
compounds generated throughout the fragmentation process.

3.4. Chemical Space Visualization

A visual representation of the chemical space of the entire compounds and fragments was
explored using the TMAP approach, as described in Methods, Section 2.5. Of note, TMAPs facilitate
the visualization of very large datasets (e.g., more than 380,000 molecules from COCONUT, Table 1).
The visual representation of the chemical space for the entire compounds and fragments is shown in
Figures 8 and 9, respectively. The figures display the chemical space of all compounds and fragments
using the same coordinates. To improve the visualization’s clarity, each set of unique compounds
and fragments from the five datasets is shown individually. The figures also present three panels
showing direct comparisons of COCONUT with the other datasets, highlighting in different colors
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the compounds that are in common, i.e., COCONUT–FooDB (purple); COCONUT–CAS (black);
COCONUT–DCM (green), and COCONUT–3CLP (magenta).Biomolecules 2020, 10, x 12 of 16 
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(green), and COCONUT–3CLP (magenta) are indicated.
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Figure 8 shows that all compound datasets converged in the chemical space largely defined by 
COCONUT, followed by that of DCM. The density distribution of the compounds appeared 
concentrated between COCONUT and FooDB, in association with the large (98%) overlap between 
FooDB and COCONUT compounds (vide supra, Figure 1); a lower density was evidenced for DCM, 
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Figure 9. Visualization of the chemical space of fragments generated with Tree Maps. Datasets are
represented with colors: COCONUT (cyan), DCM (gray), FooDB (orange), CAS (pink), and inhibitors of
the main protease of SARS-CoV-2, 3CLP, (olive). Overlapping fragments in COCONUT–FooDB (purple),
COCONUT–CAS (black), COCONUT–DCM (green), and COCONUT–3CLP (magenta) are indicated.

Figure 8 shows that all compound datasets converged in the chemical space largely defined
by COCONUT, followed by that of DCM. The density distribution of the compounds appeared
concentrated between COCONUT and FooDB, in association with the large (98%) overlap between
FooDB and COCONUT compounds (vide supra, Figure 1); a lower density was evidenced for DCM,
CAS, and 3CLP. Figure 9 shows that the chemical space of the fragments was mostly defined by
COCONUT fragments. Nevertheless, FooDB fragments presented a lower density compared to FooDB
compounds, whereas a higher density was found for DCM fragments and CAS fragments concentrating
in the chemical space covered by COCONUT fragments.

On the other hand, small molecules with scarce biological activity, like DCM, still converged
in a large portion of chemical space covered by NPs (COCONUT) and CAS datasets. To further
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illustrate this point, Figures 10 and 11 show a direct comparison of DCM, CAS, and the overlapping
compounds and fragments. DCM compounds and CAS compounds hardly converged on chemical
space, while CAS fragments and DCM fragments appeared to cover a large area of chemical space.
For this reason, DCM fragments showed a significant larger overlap with CAS fragments in comparison
with the original compounds. This observation suggests that fragments generated from DCM can be
used as building blocks in de novo design of bioactive molecules, despite the source compounds’ lack
of biological activity.
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4. Conclusions

Herein, we generated, analyzed the composition, and made publicly available a fragment
library obtained from an extensive collection of NP. The source compounds and fragment
libraries were compared to herein assembled fragment libraries of compounds of interest in drug
discovery, including molecules with significance in COVID-19 research. It was concluded that,
in general, the fragments generated retained the structural characteristics of the source compounds
(COCONUT, FooDB, CAS, DCM, and 3CLP). This analysis found that compounds from NP and food
chemicals were structurally more diverse and complex than compounds from CAS, DCM, and 3CLP.
Fragments generated from COCONUT and FooDB were more diverse than those from DCM and 3CLP
and less diverse than those of the CAS fragments. It was also concluded that fragments from DCM
overlapped with bioactive compounds like those of the CAS subset studied in this work. This reinforces
previous observations of DCM as a source of building blocks for designing bioactive molecules.
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Similarly, fragments of NP from COCONUT and FooDB appear to be important and valuable building
blocks for the future de novo design of bioactive compounds. The fragment libraries of the reference
databases generated in this work and focused on COVID-19 research (CAS and 3CLP) can be used to
identify novel compounds of medical interest and are not currently available in commercial libraries.
The fragment libraries for COCONUT and FooDB and the reference libraries DCM, CAS, and 3CLP that
we developed in this work are publicly available at https://doi.org/10.6084/m9.figshare.13064231.v1.
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Abstract: Acquired immunodeficiency syndrome (AIDS) caused by the human immunodeficiency
virus (HIV) continues to be a public health problem. In 2020, 680,000 people died from HIV-related
causes, and 1.5 million people were infected. Antiretrovirals are a way to control HIV infection but
not to cure AIDS. As such, effective treatment must be developed to control AIDS. Developing a
drug is not an easy task, and there is an enormous amount of work and economic resources invested.
For this reason, it is highly convenient to employ computer-aided drug design methods, which
can help generate and identify novel molecules. Using the de novo design, novel molecules can be
developed using fragments as building blocks. In this work, we develop a virtual focused compound
library of HIV-1 viral protease inhibitors from natural product fragments. Natural products are
characterized by a large diversity of functional groups, many sp3 atoms, and chiral centers. Pseudo-
natural products are a combination of natural products fragments that keep the desired structural
characteristics from different natural products. An interactive version of chemical space visualization
of virtual compounds focused on HIV-1 viral protease inhibitors from natural product fragments is
freely available in the supplementary material.

Keywords: artificial intelligence; de novo design; fragment-based drug discovery; HIV-1 inhibitors;
pseudo natural products

1. Introduction

The acquired immunodeficiency syndrome (AIDS) caused by the human immunod-
eficiency virus (HIV) is a major global public health concern. In 2020, the World Health
Organization (WHO) reported that approximately 37.7 million people live with HIV out of
24.5 million from the African region. In 2020, 680,000 people died from HIV-related causes
and 1.5 million people acquired it [1]. There is no definite treatment for AIDS. Therefore, it
is necessary to collaborate to develop a treatment since the antiretroviral drugs currently
approved by Food and Drug Administration (FDA) to clinical use only control AIDS and
prevent HIV-1 transmission between individuals (Figure 1 and Table 1) [2–4].

Drug design and development demand many years of hard work and economic
investment. Most drug candidates are prone to fail [5]. From 25,000 compounds that start
in the laboratory, only 25 make it through preclinical testing to human testing, and just
five of those reach the actual clinical use [6]. Computer-aided drug design (CADD) has
contributed to yielding several drugs into the clinic, yet it has several challenges ahead [7].
Among the CADD methods, de novo design has gained relevance due to the diversity of
structures generated by optimizing the algorithms used. From a methodological point
of view, artificial intelligence as boosted the development and application of de novo
design [5,8,9]. Notably, de novo design is a structure-based drug design method that
benefits from the experimental information available of the binding sites of molecular
targets.
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Table 1. FDA-approved HIV-1 protease inhibitors which will be used as a reference for the de
novo design of the new chemical compounds. a Fosamprenavir is the phosphate ester prodrug of
amprenavir.

Generic Name Brand Name EC50 [3] FDA Approval

Amprenavir Agenerase 12–80 nM 1999
Atazanavir Reyataz 2.6–5.3 nM 2003
Darunavir Prezista 1–2 nM 2006

Fosamprenavir a Lexiva 12–80 nM 2003
Indinavir Crixivan 5.5 nM 1996
Lopinavir Kaletra 17 nM 2000
Nelfinavir Viracept 30–60 nM 1997
Ritonavir Norvir 25 nM 1996

Saquinavir Invirase 37.7 nM 1995
Tipranavir Aptivus 30–70 nM 2005

The main goal of de novo design is to suggest novel molecular structures from scratch
with desired activity on a pharmacological target and desired properties [10]. The new
structures can be made using two general approaches: fragment-based and atom-based.
The advantage of the fragment-based approach is that it narrows down the search in
chemical space and maintains good chemical structure diversity [11–13]. Additionally,
fragments form fewer interactions that should be able to bind to a greater number of sites
on a greater number of proteins. Fragments are small (less than 20 heavy atoms) and
typically soluble; they are likely to have better pharmaceutical properties as well as the
new chemical compounds generated from them [14]. Over the last 20 years, four drugs
from fragment-based drug discovery (FBDD) have been approved, and 40 compounds are
currently in clinical trials [15].

Recently, de novo design and artificial intelligence have been combined to propose
novel molecules for the treatment of SARS-CoV-2 based on HIV-1 protease and the ap-
proved drugs that inhibit this viral protease [8]. Another successful example of de novo
design focusing on HIV research led to four molecules from a new compound library
generated from the ZINC database [16]. Other approaches de novo design was based on
enumerating libraries using chemical reactions [17,18] and are also promising to expand
the epigenetic relevant chemical space [19].

The development of new chemical compounds using de novo design can begin from
natural product-derived fragments. Natural products have been attractive chemical com-
pounds because they are characterized by a larger number of sp3 carbon atoms, chiral
centers (associated with structural complexity), the larger scaffold diversity, and functional
groups, hence their relevance for use as building-blocks [20,21]. Indeed, larger structural
complexity of small organic molecules has been associated with increased selectivity and
drug-likeness. In previous studies, we showed that natural products cover regions of
chemical space that have not yet been explored by synthetically accessible compounds
and those with biological activity [22]. For this reason, natural products could be used as
building-blocks to develop novel synthetic molecules or pseudo-natural products which
combine the desired structural characteristics from different natural products [23].

The goal of this work was to develop a virtual focused compound library of HIV-
1 protease inhibitors from natural products fragments through de novo design. The
focused library was compared with two virtual libraries of HIV-1 protease inhibitors
developed from commercially available fragment libraries that were used as reference.
The commercial reference libraries were 4063 ChemDiv’s fragments (enriched with sp3

carbons) [24], and 4150 natural product fragments from Enamine [25]. The natural product
fragments were built from the COlleCtion of Open NatUral producTs (COCONUT), the
currently largest accessible database of natural products with more than 400,000 non-
redundant compounds [26]. Of note, the novel chemoinformatics protocol presented herein
is general and can be adapted to generate the compound libraries using de novo design,
different molecular templates and molecular targets. Herein we focus on HIV-1 protease
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because of its current relevance in public health. Thus, we aim that the present work will
contribute towards the research that leads to effective HIV treatments.

2. Materials and Methods

The virtual focused compound libraries of HIV-1 viral protease inhibitors from natural
product fragments and two commercially available fragments libraries were developed
using the protocol outlined in Figure 2.
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fragments (COCONUT) and commercially available fragments (ChemDiv and Enamine).

2.1. Dataset Curation

The preparation of compounds, encoded in Simplified Molecular Input Line System
(SMILES) [27], was performed using the open-source cheminformatics toolkit RDKit ver-
sion 2021.03.3 [28], tool MolVS version 0.1.1 [29], and python programming language,
version 3.7.10. Compounds with valence errors or any chemical element other than H, B, C,
N, O, F, Si, P, S, Cl, Se, Br, and I were deleted. Stereochemistry information was removed
because not all compounds in datasets have it defined. Compounds with multiple com-
ponents were split, and the largest component was retained. The remaining compounds
were neutralized and reionized to subsequently generate a canonical tautomer. Repeated
compounds were deleted. To narrow down the search chemical space, physicochemi-
cal properties were computed: hydrogen bond donors (HBD), hydrogen bond acceptors
(HBA), topological polar surface area (TPSA), number of rotatable bonds (RB), molecu-
lar weight (MW), and partition coefficient octanol/water (SlogP). Molecular compounds
with the “rule of five” [30] and Veber [31] (MW ≤ 500, HBD ≤ 5, HBA ≤ 10, SlogP ≤ 5,
TPSA ≤ 140, RB ≤ 10) were retained. Of note, despite the fact some of the fragments used
in this work are generated from natural products (as illustrated in Figure 2), the type of
molecules designed are small organic drug-like molecules.
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2.2. Generation of Unique Fragments Using Retrosynthetic Rules

Fragment libraries were produced with the Retrosynthetic Combinatorial Analysis
Procedure (RECAP) as implemented in RDKit. The RECAP algorithm [32] cleaves a
molecule into fragments if this had any of the following bonds: amide, ester, amine, urea,
ether, olefin, quaternary nitrogen, aromatic nitrogen–aliphatic carbon, lactam nitrogen–
aliphatic carbon, aromatics carbon–aromatic carbon, and sulphonamide.

2.3. De Novo Design

The new chemical structures were built based on the template previously proposed
by Zhao et al. developed from the structure-activity relationship (SAR) analysis for the op-
timization of bevirimat (Figure 3), a compound derived from betulinic acid (Figure 4) [33].
Bevirimat [34,35] is a compound in clinical trials that targets the Gag polyprotein inhibiting
the action of HIV protease at its the last cleavage event of the capsid protein and spacer
peptide 1 (CA-SP1) [36,37]. The template proposed for building new chemical compounds
related to bevirimat is shown in Figure 5.
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in Table 3. Newly generated chemical structures with valence errors were removed. Ca-
nonical SMILES were generated, and duplicate molecules were deleted.  
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Figure 5. Template for building new chemical compounds similar to bevirimat using the ester of betulinic acid to ChemDiv
fragments and Enamine fragments, and the ester of COCONUT’s fragment derived from 24-nor-3α,11α-dihydroxy-lup-
20(29)-en-23,28-dioic acid.

New molecules were generated using the Python programming language and the
toolkit RDKit [28], following the protocol described for Saldívar-González et al. to enumer-
ate chemical libraries [18]. We used COCONUT fragments with a cyclic system skeleton
similar to betulinic acid, a hydroxyl group attached to carbon 3, and a carboxylic acid
group attached to carbon 17, as shown in Figure 4. The COCONUT’s fragment selected
was derived from 24-nor-3α,11α-dihydroxy-lup-20(29)-en-23,28-dioic acid (COCONUT
ID: CNP0243494 or Reaxys ID: 6547020). Betulinic acid was used to build new chemical
compounds from ChemDiv fragments and Enamine fragments because there were no
fragments of cyclic system skeleton derived from betulinic acid or analogous triterpenes.

Chemical reactions were represented in SMIRKS, a hybrid notation of SMILES and
SMARTS (SMILES Arbitrary Target Specification). Reaction 1, esterification, was made
between triterpene alcohol and 2,2-dimethyl succinic acid using SMIRKS 1, as shown in
Table 2. Reaction 2, amidation, was built from the carboxyl group attached to carbon
17 as shown in Figure 4 using fragments attached to piperazine, 1,3-diaminoethane, and
1,3-diaminopropane find in COCONUT fragments, ChemDiv fragments, and Enamine
fragments. The SMIRKS 2.1–2.3 were used in reaction 2 and shown in Table 2. The
compounds and fragments were selected using the functional groups in SMARTS notation
described in Table 3. Newly generated chemical structures with valence errors were
removed. Canonical SMILES were generated, and duplicate molecules were deleted.
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Table 2. SMIRKS used for building the new chemical compounds from natural products fragments.

Description Scheme

Reaction 1
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Table 3. Functional groups using SMARTS notation to filter fragments from natural products. 

Functional Groups SMARTS 

Aliphatic alcohol (cyclohexa-
nol) 

[#8;H1]-[#6]-1-[#6]-[#6]-[#6]-2-[#6](-[#6]-[#6]-[#6]-3-[#6]-4-
[#6]-[#6]C5([#6]-[#6]-[#6]-[#6]5-[#6]-4-[#6]-[#6]-[#6]-2-

3)[#6]([#8;H1])=O)-[#6]-1 
2,2-dimethyl succinic acid [#6]C([#6])([#6]-[#6](-[#8])=O)[#6](-[#8])=O 

piperazine [#6;H2;X4]1-[#6;H2;X4][#7;X3;!H1][#6;H2;X4]-
[#6;H2;X4][#7;H1;X3]1 

1,2-diaminoethane [#7;H1;X3][#6;H2;X4][#6;H2;X4][#7;H2;X3] 
1,3-diaminopropane [#7;H1;X3][#6;H2;X4][#6;H2;X4][#6;H2;X4][#7;H2;X3] 

Cyclic system skeleton de-
rived from betulinic acid 

[#6]1-[#6]-[#6]-[#6]2-[#6](-[#6]-1)-[#6]-[#6]-[#6]1-[#6]-2-[#6]-
[#6]-[#6]2-[#6]3-[#6]-[#6]-[#6]-[#6]-3-[#6]-[#6]-[#6]-1-2 

2.4. Structural Diversity and Complexity 
The structural diversity of the new chemical compounds generated was evaluated to 

compute the median value of the distribution of the pairwise similarity values generated 
with the Tanimoto coefficient for Morgan fingerprint with radius 2 (Morgan2, 1024-bits) 
[38] and Molecular ACCes System (MACCS) Keys (166-bits) [39]. 

2.5. Chemical Space Visualization 
The chemical space visualization was done using two methods, principal component 

analysis (PCA) based on physicochemical properties and the Tree MAP (TMAP) algo-
rithm based on molecular fingerprints [40,41]. 

PCA is a linear dimensionality reduction technique to transform data with many di-
mensions into a lower dimensional space and preserve the different relationships between 
the data points as much as possible [42]. PCA was generated from six physicochemical 
properties (MW, HB, HBA, SlogP, TPSA, and RB). 

TMAP allows the visual representation of many chemical compounds through the 
distance between the clusters and the cluster’s detailed structure through Local Sensitive 
Hashing (LSH) forest data structure, enabling c-approximate k-nearest neighbors (k-NN). 
Morgan fingerprints for chemical compounds were encoded using the MinHash algo-
rithm. The number of nearest-neighbors, k = 50, and the factor used by the augmented 
query algorithm, kc = 10, were used to develop the TMAP graphs. Morgan fingerprints 
with radius 2 (Morgan2, 1024-bits) were generated to generate TMAP graphs [38]. Appli-
cations of TMAP for chemical space visualization of other compound datasets have been 
reported [43,44]. 

2.6. Filtering of the New Chemical Compounds Generated 
To narrow down the search in chemical space and set the conditions for the newly 

generated compounds, physicochemical properties were computed for libraries generated 
and FDA-approved HIV-1 protease inhibitors (Table 1 and Figure 1). The maximum 

[#6:9]-1-[#6:8]-[#7H1;!$([#7]-C=[O,N,S])!$([#7]~[!#6]):4]-[#6:5]-[#6:6]-[#7;H0X3:7]-
1.[#6;A;r5:1][#6:2]([#8;A;H1,-])=[O:3]>>[#6;A;r5:1][#6:2](=[O:3])-[#7;H0X3:4]-1-[#6:5]-[#6:6]-

[#7;H0X3:7]-[#6:8]-[#6:9]-1
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Table 3. Functional groups using SMARTS notation to filter fragments from natural products.

Functional Groups SMARTS

Aliphatic alcohol (cyclohexanol)
[#8;H1]-[#6]-1-[#6]-[#6]-[#6]-2-[#6](-[#6]-[#6]-[#6]-3-[#6]-
4-[#6]-[#6]C5([#6]-[#6]-[#6]-[#6]5-[#6]-4-[#6]-[#6]-[#6]-2-

3)[#6]([#8;H1])=O)-[#6]-1

2,2-dimethyl succinic acid [#6]C([#6])([#6]-[#6](-[#8])=O)[#6](-[#8])=O

piperazine [#6;H2;X4]1-[#6;H2;X4][#7;X3;!H1][#6;H2;X4]-
[#6;H2;X4][#7;H1;X3]1

1,2-diaminoethane [#7;H1;X3][#6;H2;X4][#6;H2;X4][#7;H2;X3]

1,3-diaminopropane [#7;H1;X3][#6;H2;X4][#6;H2;X4][#6;H2;X4][#7;H2;X3]

Cyclic system skeleton derived from
betulinic acid

[#6]1-[#6]-[#6]-[#6]2-[#6](-[#6]-1)-[#6]-[#6]-[#6]1-[#6]-2-
[#6]-[#6]-[#6]2-[#6]3-[#6]-[#6]-[#6]-[#6]-3-[#6]-[#6]-[#6]-1-2

2.4. Structural Diversity and Complexity

The structural diversity of the new chemical compounds generated was evaluated to
compute the median value of the distribution of the pairwise similarity values generated
with the Tanimoto coefficient for Morgan fingerprint with radius 2 (Morgan2, 1024-bits) [38]
and Molecular ACCes System (MACCS) Keys (166-bits) [39].

2.5. Chemical Space Visualization

The chemical space visualization was done using two methods, principal component
analysis (PCA) based on physicochemical properties and the Tree MAP (TMAP) algorithm
based on molecular fingerprints [40,41].

PCA is a linear dimensionality reduction technique to transform data with many
dimensions into a lower dimensional space and preserve the different relationships between
the data points as much as possible [42]. PCA was generated from six physicochemical
properties (MW, HB, HBA, SlogP, TPSA, and RB).

TMAP allows the visual representation of many chemical compounds through the
distance between the clusters and the cluster’s detailed structure through Local Sensitive
Hashing (LSH) forest data structure, enabling c-approximate k-nearest neighbors (k-NN).
Morgan fingerprints for chemical compounds were encoded using the MinHash algorithm.
The number of nearest-neighbors, k = 50, and the factor used by the augmented query algo-
rithm, kc = 10, were used to develop the TMAP graphs. Morgan fingerprints with radius 2
(Morgan2, 1024-bits) were generated to generate TMAP graphs [38]. Applications of TMAP
for chemical space visualization of other compound datasets have been reported [43,44].

2.6. Filtering of the New Chemical Compounds Generated

To narrow down the search in chemical space and set the conditions for the newly
generated compounds, physicochemical properties were computed for libraries generated
and FDA-approved HIV-1 protease inhibitors (Table 1 and Figure 1). The maximum
values of the physicochemical properties obtained from the HIV-1 protease inhibitors was
HBD ≤ 6, HBA ≤ 13, SlogP ≤ 6.7, MW ≤ 720.30, TPSA ≤ 174.60, and RB ≤ 17 (Table 4).
Molecules with at least four rules were retained. SlogP strictly must be complied. These
sets of properties and values were used as a heuristic rule that is slightly less stringent than
the Lipinski and Veber rules [30,31].
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Table 4. Properties of pharmaceutical relevance of FDA-approved HIV-1 protease inhibitors.

Parent Molecule SlogP MW HBD HBA TPSA RB

Amprenavir 2.40 505.22 4 9 131.19 11
Atazanavir 4.21 704.39 5 13 171.22 14
Darunavir 2.38 547.24 4 10 140.42 11

Fosamprenavir a 2.69 585.19 4 12 174.56 13
Indinavir 2.87 613.36 4 9 118.03 11
Lopinavir 4.33 628.36 4 9 120.00 15
Nelfinavir 4.75 567.31 4 7 101.90 9
Ritonavir 5.91 720.31 4 11 145.78 17

Saquinavir 3.09 670.38 6 11 166.75 12
Tipranavir 6.70 602.21 1 7 102.43 11
Minimum a 2.40 505.20 1 7 101.90 9
Maximum a 6.70 720.30 6 13 174.60 17

a Maximum and minimum values for each property.

2.7. Synthetic Feasibility

The complexity of the compounds generated was estimated using the synthetic acces-
sibility score (SAscore) previously reported [45]. The SAscore implemented in this work is
the difference between fragment score and complexity penalty. The fragment score captures
common structural features in a large number of already synthesized molecules (934,046
representative molecules from the PubChem). Molecules are fragmented using extended
connectivity fragments (ECFP_4# fragments), and the fragment score is calculated as a sum
of contributions of all fragments in the molecule divided by the number of fragments in
the molecule. The fragment frequency is related to their synthetic accessibility, and hence
easy-to-prepare substructures are present in molecules quite often. The complexity score is
calculated as the sum of ring complexity (ring bridge atoms and spiro atoms), the number
of stereocenters, large rings (ring size greater than eight, molecular complexity increases),
and molecule size. The SAscore was calculated for the virtual focused libraries of HIV-1
viral protease inhibitors generated, and two reference datasets of FDA-approved drugs,
and FDA-approved HIV-1 protease inhibitors [46]. The SAscore was calculated using the
Python script published by Ertl and Schuffenhauer [45].

2.8. ADME-Tox Profiling

Absorption, distribution, metabolism, excretion, and toxicity (ADME-Tox) properties
of virtual focused libraries of HIV-1 viral protease inhibitors generated were calculated
using the SwissADME server [47] and the pkCSM-pharmacokinetics server [48]. The
ADME-Tox properties of FDA-approved drugs were also computed as reference. The
SwissADME server was used to compute descriptors associated with absorption and
metabolism. The pkCSM-pharmacokinetics server was used to compute descriptors associ-
ated with absorption, distribution, excretion, and toxicity. The evaluation of descriptors
related to ADME-Tox properties was computed as previously described [49]. The descrip-
tors calculated were absorption broken down into solubility, Silico-IT LogSw; lipophilicity,
consensus LogPo/w, and human intestinal absorption (HIA). The blood-brain barrier (BBB)
permeability, P-glycoprotein substrate, P-glycoprotein I inhibitor, and P-glycoprotein II
(take binary values: yes/no) for distribution. Inhibition of five main cytochrome enzymes
(CYP-1A2, CYP-2C19, CYP-2C9, CYP-2D6, CYP-3A4) for metabolism (take binary values:
yes/no). Total clearance log (mL/min/kg) to excretion. The hERG I/II inhibition, AMES
toxicity, and hepatotoxicity to toxicity (take binary values: yes/no).

3. Results and Discussion

As mentioned in the Introduction and Methods sections, new chemical compounds
were built from two commercially available libraries: 4063 ChemDiv fragments enriched
with sp3 carbons, 4160 Enamine natural products fragments, and 184,769 COCONUT
fragments computationally generated in house. The total number of molecules generated
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were: 1534 from COCONUT’s fragments, 62 molecules from ChemDiv fragments, and
11 molecules from Enamine fragments. Fragments attached to 1,3-diaminopropane were
not found in ChemDiv and Enamine’s fragment collections. Similarly, fragments attached
to 1,2-diaminoethane were not found in Enamine fragments.

3.1. Structural Diversity

The median of similarity generated using Morgan2 and MACCS keys fingerprints
are shown in brackets, respectively, and described in Table S1 in the supplementary ma-
terial. FDA-approved drugs (0.096, 0293) and FDA-approved HIV-1 protease inhibitors
(0.253, 0.558) were the most diverse datasets, following by compounds derived from
COCONUT fragments (0.605, 0.817), ChemDiv fragments (0.676, 0.821), and Enamine
fragments (0.682, 0.823). Compounds computationally generated from fragment datasets
were less diverse because these datasets are focused on bevirimat-like compounds.

3.2. Chemical Space Visualization

A visual representation of the chemical space based on physicochemical properties
(MW, HB, HBA, SlogP, TPSA, and RB, as stated in the Methods Section 2.5) using PCA is
shown in Figure 6. Principal component 1 recovered 73.6% of the variance, and principal
component 2 recovered 21.2% of the variance. The accumulated variance recovered by the
first two principal components represented in Figure 6 was 94.8%. In this chemical space
visualization, the compounds generated from the three fragment libraries are within the
space of physicochemical properties of FDA-approved drugs. Likewise, some compounds
generated from COCONUT fragments had physicochemical properties similar to FDA-
approved HIV-1 protease.
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Figure 6. Chemical space visualization of the virtual focused compound library of HIV-1 viral
protease inhibitors from natural product fragments and two compound reference libraries using
PCA based on physicochemical properties. Compound reference libraries represented in colors:
FDA-approved drugs (blue) and FDA-approved HIV-1 protease inhibitors (purple). Likewise. for
new chemical compounds generated from COCONUT (orange), ChemDiv (red), and Enamine (green)
fragment libraries.
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To quantitatively define which dataset is the most diverse, coverage space obtained
by convex hull analysis derived from PCA was computed for each dataset (Figure S1).
The convex hull is defined as the minimum convex polygon so that the point set is either
inside this polygon or at its border [50,51]. The convex hull area computed were for FDA-
approved drugs (737.59), HIV-1 protease inhibitors (1.11), compounds from COCONUT’s
fragments (3.18), compounds from ChemDiv’s fragments (0.79), and compounds from
Enamine fragments (0.18). The outcome of this analysis was similar to the results of the
structural diversity analysis based on fingerprints (Section 3.1): reference datasets were
more diverse than the new chemical compounds generated from fragments datasets. The
new chemical compounds derived from COCONUT fragments were the most diverse,
followed by new chemical compounds derived from ChemDiv and Enamine fragments.

The visual representation of the chemical space based on molecular fingerprint using
the TMAP algorithm is shown in Figure 7. An interactive version of the TMAP is avail-
able at https://figshare.com/s/ceb58d58e8f5585ce67e (accessed on 5 November 2021).
The chemical structures of new chemical compounds generated were very different in
comparison with FDA-approved drugs and FDA-HIV-1 protease inhibitors. The chemical
structures of the new compounds generated from ChemDiv and Enamine fragments were
very similar compared to compounds derived from COCONUT fragments. In some cases,
the chemical structures of compounds generated from COCONUT’s fragments were very
similar to some FDA-approved drugs, for instance, palbociclib and pipecuronium. In these
cases where there are not commercially available fragments like COCONUT’s fragments
could be used palbociclib and pipecuronium.
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Figure 7. Chemical space visualization of the virtual focused compound library of HIV-1 viral
protease inhibitors from natural product fragments and two compound reference libraries using
TMAP based on molecular fingerprints. Compounds reference libraries represented in colors: FDA-
approved drugs (blue), and FDA-approved HIV-1 protease inhibitors (purple). Likewise, for new
chemical compounds generated from COCONUT (orange), ChemDiv (red), and Enamine (green)
fragment libraries. The interactive version is available at https://figshare.com/s/ceb58d58e8f558
5ce67e (accessed on 5 November 2021).
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3.3. Compound Filtering Based on Physicochemical Properties

Figure 8 shows box-whisker plots of physicochemical properties after applying the
empirical rules proposed (Section 2.6). The summary of descriptive statistics is shown in
Tables S2–S7 in the supplementary material. 352 compounds generated from COCONUT
fragments (20%) and 1 compound generated from ChemDiv fragments were retained (2%),
and compounds generated from Enamine fragments were not retained (0%). Based on the
properties’ distribution shown in the box-whisker plots, the physicochemical properties
of compounds generated from COCONUT fragments, ChemDiv fragments, and Enamine
fragments were different regarding FDA-approved HIV-1 protease inhibitors and FDA-
approved drugs.
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Figure 8. Box-whisker plots of physicochemical properties of FDA-approved drugs (blue), FDA-approved HIV-1 protease
inhibitors (purple), and new chemical compounds generated from COCONUT (orange) and ChemDiv (red) fragment
libraries after applying physicochemical properties filtering. Black diamonds represent outliers.

The physicochemical properties calculated for datasets were: SlogP ≤ 12.94,
MW ≤ 1201.84, RB ≤ 20, TPSA ≤ 286.50, HBA ≤ 23, HBD ≤ 15 for FDA-approved
drugs; SlogP ≤ 6.70, MW ≤ 720.31, RB ≤ 17, TPSA ≤ 174.56, HBA ≤ 13, HBD ≤ 6
for FDA-approved HIV-1 protease inhibitors; SlogP ≤ 6.69, MW ≤ 998.63, RB ≤ 15,
TPSA ≤ 198.54, HBA ≤ 13, HBD ≤ 7 for compounds generated from COCONUT frag-
ments, and SlogP = 6.4, MW = 737.47, RB = 10, TPSA = 187.47, HBA = 12, HBD = 5 for
the compound generated from ChemDiv’s fragments. The SlogP, RB, and HBA values
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of compounds generated from COCONUT fragments and ChemDiv fragments were less
than FDA-approved HIV-1 protease inhibitors. HBA values were equal or less than FDA-
approved HIV-1 protease inhibitors. The SlogP values of compounds derived from Enamine
fragments were larger than FDA-approved HIV-1 protease inhibitors as shown in Figure S2;
accordingly, no compound was retained. The MW, TPSA, and HBD values of compounds
generated from COCONUT fragments were larger than for FDA-approved HIV-1 protease
inhibitors and less than for FDA-approved drugs. As mentioned above Ganesan [52],
natural products that violate the Lipinsky rules remain largely compliant in terms of log
P and HBD. He considers that “nature has learned to maintain low hydrophobicity and
intermolecular H-bond donating potential when it needs to make biologically active com-
pounds with high molecular weight and a large number of rotatable bonds”. In drugs, the
molecules that exceed HBD 5 or HBA 10 the majority are natural product-related [53].

3.4. Filtering Based on Synthetic Feasibility

The synthetic feasibility was computed for FDA-approved drugs, FDA-approved
HIV-1 protease inhibitors, and compounds generated from COCONUT and ChemDiv
fragments with physicochemical properties like FDA-approved HIV-1 protease inhibitors.
Figure 9 summarizes the results of synthetic feasibility. Molecules with a low SAscore
value < 6 are easily synthetically accessible [45]. A total of 97% FDA-approved drugs had
SAscore < 6, and FDA-approved HIV-1 protease inhibitors had SAscore ≤ 4.24. Similarly,
75% of compounds generated from COCONUT fragments had SAscore ≤ 6.03 and the
compound generated from ChemDiv had SAscore = 5.54. Although, compounds generated
from COCONUT fragments had 5.50 ≤ SAscore ≤ 6.03, still in recommended range so
that can be synthetically accessible; moreover, the high SAscore, in compounds generated
regarding FDA-approved HIV-1 protease inhibitors, was influenced by the ten stereocenters
of betulinic acid and 24-nor-3α,11α-dihydroxy-lup-20(29)-en-23,28-dioic acid. Considering
that these stereocenters do not have to be generated within the organic synthesis, the
SAscore value would be lower.
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Figure 9. Box-whisker plot of synthetic feasibility calculated for FDA-approved drugs (blue), FDA-
approved HIV-1 protease inhibitors (purple), and new chemical compounds generated from CO-
CONUT fragments (orange) and ChemDiv (red) fragments with physicochemical properties like
FDA-approved HIV-1 protease inhibitors. Black diamonds represent outliers.

3.5. ADME-Tox Profiling

The ADME-Tox profiling was computed for 251 compounds generated from CO-
CONUT fragments and 1 compound generated from ChemDiv fragments with physico-
chemical properties like FDA-approved HIV-1 protease inhibitors and estimated as easy
synthesizable (i.e., SAscore ≤ 6). Similarly, ADME-Tox profiling was computed for FDA-
approved drugs and FDA-approved HIV-1 protease inhibitors.
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3.5.1. Absorption

Solubility, lipophilicity, and HIA are summarized in Figure 10 and Tables S9–S11 in
the supplementary material. Solubility was expressed by Silicos-IT LogSw and lipophilic-
ity was expressed by consensus LogP. Silicos-IT LogSw and consensus LogP were com-
puted with the SwissADME server. Percentage of HIA was computed with the pkCSM-
pharmacokinetics server.
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Figure 10. Distribution curve of solubility, lipophilicity, and HIA. Colors represent compounds: new chemical compounds
generated from COCONUT fragments and ChemDiv fragments with physicochemical properties like FDA-approved HIV-1
protease inhibitors and easily synthetically accessible (orange), FDA-approved drugs (blue), FDA-approved HIV-1 protease
inhibitors (purple). Solubility is expressed in the percentage of Silicos-IT LogSw, and lipophilicity is expressed in the
percentage of consensus LogP.

Median values for solubility, lipophilicity, and HIA are described below. FDA-
approved drugs had consensus LogP = 2.36, Silicos-IT LogSw = −4.34, HIA = 90.6%. FDA-
approved HIV-1 protease inhibitors had consensus LogP = 3.50, Silicos-IT LogSw = −8.49,
HIA = 64.4%. Compounds derived from COCONUT and ChemDiv had consensus
LogP = 4.70 and Silicos-IT LogSw = −6.45, HIA = 67.9%.
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New drug candidates have poor water solubility, and it is often the result of highly
lipophilic compounds. Log P < 2, the crystal lattice becomes the main determining factor
for solubility. LogP values above 2, the lipophilicity is the main factor [54]. FDA-approved
HIV-1 protease inhibitors were highly soluble, followed by compounds derived from
COCONUT and ChemDiv fragments, both had Log P > 2; in this case, solubility is strongly
influenced by lipophilicity. Contrary to FDA-approved drugs that had Log P close to 2 and
were less soluble, solubility mainly depends on the crystal lattice. Compounds derived from
COCONUT and ChemDiv fragments had higher HIA in comparison to FDA-approved
HIV-1 protease inhibitors.

3.5.2. Distribution

The relative frequency of BBB permeability is described in Figure 11. The median
value of BBB permeability was −0.38 for FDA-approved drugs; −1.21 for compounds
generated from COCONUT and ChemDiv fragments, and −1.25 for FDA-approved HIV-1
protease inhibitors. Compounds generated from COCONUT and ChemDiv fragments had
similar BBB permeability.

The percentage of compounds that are P-glycoprotein substrate, P-glycoprotein I
inhibitor, and P-glycoprotein II inhibitor were summarized in Figure 12 and Table S13
in the supplementary material. All FDA-approved HIV-1 protease inhibitors and 96% of
compounds generated from COCONUT and ChemDiv fragments were P-glycoprotein sub-
strates. Similarly, 66.67% of HIV-1 Approved protease inhibitors and 82.9% of compounds
generated from COCONUT and ChemDiv fragments were P-glycoprotein II inhibitors.
Whereas no compounds generated from COCONUT and ChemDiv fragments were P-
glycoprotein I inhibitors, against 100% FDA-approved HIV-1 proteases inhibitors were
P-glycoprotein I inhibitors.
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3.5.3. Metabolism

The percentage of compounds CYP1A2, CYP2C19, CYP2C9, CYP2D6 and CYP3A4
inhibitors is described in Figure 13 and Table S14 in the supplementary material. No
compounds generated from COCONUT and ChemDiv fragments were CYP1A2, CYP2C19,
CYP2C9, CYP2D6 and CYP3A4 inhibitors. FDA-approved HIV-1 inhibitors were not
CYP1A2 and CYP2D6 inhibitors similar to compounds generated from COCONUT and
ChemDiv fragments. Whereas for FDA-approved HIV-1protease inhibitors, 89% were
CYP3A4 inhibitors, and 33% were CYP2C19 and CYP2C9 inhibitors.
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3.5.4. Excretion

Clearance quantitates the irreversible removal of a drug from the measured matrix, gener-
ally, blood or plasma [55]. The total clearance logarithm expressed in units of (mL/min/Kg)
is shown in Figure 14. The summary of descriptive statistics is shown in Table S15 in
the Supplementary Materials. The median values of the total clearance logarithm were
0.591 for FDA-approved drugs; 0.494 for FDA-approved HIV-1 protease inhibitors, and
−0.618 for compounds derived from COCONUT and ChemDiv fragments. The total clearance
of FDA-approved HIV-1 protease inhibitors (0.20 ≤ total clearance ≤ 0.94) was similar to 75%
FDA-approved drugs (0.27 ≤ total clearance ≤ 0.85). Whereas the total clearance of compounds
generated from COCONUT and ChemDiv fragments (−1.34 ≤ total clearance ≤ 0.13) was
similar to 25% FDA-approved drugs (-13.94 ≤ total clearance ≤ 0.27). The total clearance of
compounds derived from COCONUT and ChemDiv fragments and FDA-approved HIV-1
inhibitors were different.
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3.5.5. Toxicity

Percentage of compounds from datasets that are hERG I inhibitor, hERG II inhibitor,
hepatotoxicants (hepatotoxicity), and carcinogens (positive in AMES test) were described
in Figure 15 and Table S16 in the supplementary material. FDA-approved HIV-1 protease
inhibitors and compounds generated from COCONUT and ChemDiv fragments were not
carcinogens. However, 77.22% of compounds derived from COCONUT and ChemDiv
fragments were hepatotoxicants, lower than FDA-approved HIV-1 protease inhibitors
(100%), and higher than FDA-approved drugs (47.42%). A total of 100% and 98.81% of
compounds generated from COCONUT and ChemDiv fragments were not hERG I/II
inhibitors, respectively.
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in silico. Colors represent compounds: new chemical compounds generated from COCONUT fragments and ChemDiv
fragments with physicochemical properties like FDA-approved HIV-1 protease inhibitors and easily synthetically accessible
(orange), FDA-approved drugs (blue), FDA-approved HIV-1 protease inhibitors (purple).



Biomolecules 2021, 11, 1805 19 of 22

4. Conclusions

We developed an HIV-1 virtual focused library using de novo design based on enu-
merated libraries of compounds from fragment libraries. The fragments library in-house
was built from the COCONUT database, the currently largest accessible database of nat-
ural products. Using bevirimat as template, 251 out of 1534 compounds generated from
COCONUT fragments, had physicochemical properties like FDA-approved HIV-1 protease
inhibitors and were estimated as easy synthesizable.

Compounds generated from COCONUT fragments were more diverse than com-
pounds generated from ChemDiv and Enamine fragments, based on chemical structure
and physicochemical properties. Visual representation of the chemical space based on
TMAP showed that some compounds generated from COCONUT fragments had chemical
structures similar to FDA-approved drugs, such as palbociclib and pipecuronium.

ADME/Tox profiling showed that compounds generated from COCONUT frag-
ments had adsorption (solubility and lipophilicity) and distribution (BBB permeability,
P-glycoprotein substrate, and P-glycoprotein II inhibitor) similar to FDA-approved HIV-1
protease inhibitors. Concerning estimations of metabolism, no compounds generated from
COCONUT fragments were CYP1A2, CYP2C19, CYP2C9, CYP2D6, and CYP3A4 inhibitors.
As per excretion, the total clearance of compounds derived from COCONUT fragments and
FDA-approved HIV-1 inhibitors were different, but similar to FDA-approved drugs. Com-
pounds derived from COCONUT fragments were predicted to be no inhibitors of hERG
I/II, like 97.7% and 66.4% of FDA-approved drugs, respectively. Compounds derived from
COCONUT fragments were predicted to be no carcinogens.

The 251 compounds derived from COCONUT fragments with physicochemical prop-
erties like FDA-approved HIV-1 protease inhibitors, estimated as easy synthesizable, and
good ADME/Tox profiling can be used in future analysis such as virtual screening to select
candidates to test in biological assays. The next logical perspective of this project that this is
beyond the scope of this manuscript is to conduct the chemical synthesis and experimental
screening of selected compounds.

The protocol presented in this work is general and can be used to build other chemical
compounds like bevirimat or other maturation inhibitors of HIV-protease. Notably, the
code used for generated new chemical compounds from chemical fragments is freely
available (see Data Availability statement). This can be achieved from the SMARTS and
SMIRKS proposed to filter functional groups and build new chemical compounds.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/biom11121805/s1, Figure S1: Convex hull area from PCA based on physicochemical properties
of new chemical compounds generated and two compound reference libraries. Table S1: Summary
of fingerprint-based structural diversity of new chemical compounds generated from COCONUT,
ChemDiv, and Enamine fragments, and two compound reference libraries. Figure S2: Box-whisker
plots of physicochemical properties of FDA-approved drugs (blue), FDA-approved HIV-1 protease
inhibitors (purple), and new chemical compounds generated from COCONUT (orange), ChemDiv
(red), and Enamine (green) fragment libraries, before applying physicochemical properties filtering.
Table S2: Summary of the descriptive statistics of SlogP. Table S3: Summary of the descriptive
statistics of MW. Table S4: Summary of the descriptive statistics of RB. Table S5: Summary of the
descriptive statistics of TPSA. Table S6: Summary of the descriptive statistics of HBA. Table S7:
Summary of the descriptive statistics of HBD. Table S8: Summary of the descriptive statistics of
SAscore. Table S9: Summary of the descriptive statistics of solubility (Silicos-IT LowSw). Table S10:
Summary of the descriptive statistics of lipophilicity (Consensus Log P). Table S11: Summary of the
descriptive statistics of HIA. Table S12: Summary of the descriptive statistics of BBB permeability.
Table S13: Percentage of compounds that are P-glycoprotein substrate, P-glycoprotein I inhibitor, and
P-glycoprotein II inhibitor. Table S14: Percentage of compounds that inhibit the main cytochromes,
CYP1A2, CYP2C19, CYP2C9, CYP2D6, CYP3A4. Table S15: Summary of the descriptive statistics of
total clearance. Table S16: Summary of the descriptive statistics of toxicity descriptors.
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Natural products are attractive for drug discovery applications because of their distinctive chemical structures, 

such as an overall large fraction of sp 3 carbon atoms, chiral centers (both features associated with structural 

complexity), large chemical scaffolds, and diversity of functional groups. Furthermore, natural products are used 

in de novo design and have inspired the development of pseudo-natural products using generative models. Public 

databases such as the Collection of Open NatUral ProdUcTs and the Universal Natural Product database (UNPD) 

are rich sources of structures to be used in generative models and other applications. In this work, we report 

the selection and characterization of the most diverse compounds of natural products from the UNPD using 

the MaxMin algorithm. The subsets generated with 14,994, 7,497, and 4,998 compounds are publicly available 

at https://github.com/DIFACQUIM/Natural- products- subsets- generation . We anticipate that the subsets will be 

particularly useful in building generative models based on natural products by research groups, particularly those 

with limited access to extensive supercomputer resources. 

1. Introduction 

Natural products and fragments derived from natural products have 

been attractive in drug design and development because of their distinc- 

tive chemical structures. For example, natural products have, in general, 

an overall larger diversity of functional groups and larger structural 

complexity than synthetic molecules [1–4] . However, a drawback for 

some natural products, particularly those with sizeable structural com- 

plexity, is that they can be challenging to synthesize. A workaround for 

this issue is the so-called pseudo-natural products which are syntheti- 

cally feasible compounds generated through a de novo combination of 

natural product fragments [3] . Pseudo-natural products allow the explo- 

ration of uncharted areas of biologically relevant chemical space that 

are different from the chemical space covered by the compounds from 

which they are generated. 

The Collection of Open NatUral ProdUcTs (COCONUT) and the 

Universal Natural Product Database (UNPD) are two large compound 

databases. COCONUT [5] is arguably the most extensive public natu- 

ral product database, with 389,184 unique structures. UNPD [6] , with 

153,375 natural products, is the second-largest public natural prod- 

uct database. A distinctive feature of UNPD compared to COCONUT is 

that compounds in UNPD contain chirality information. In Latin Amer- 

ica, several public natural products databases compile the compounds 

isolated and characterized from the country of origin. Examples are 

Abbreviations: COCONUT, Collection of Open NatUral ProdUcTs; DNMT, DNA methyltransferase; ECFP, extended connectivity fingerprint; TMAP, Tree MAP; NPL, 

natural product-likeness; UNPD, Universal Natural Product database. 
∗ Correspondence author. 

E-mail address: medinajl@unam.mx (J.L. Medina-Franco) . 

NuBBE DB [ 7 , 8 ], SistematX [ 9 , 10 ] from Brazil; CIFPMA [ 11 , 12 ] from 

Panama; PeruNPDB [13] from Peru; and BIOFACQUIM [ 14 , 15 ] from 

Mexico. The latter database contains the structures of 531 natural prod- 

ucts. 

De novo design generates virtual molecules from scratch. It filters 

structures generated using several scoring functions and assesses syn- 

thetic chemical feasibility to remove reactive and unrealistic compounds 

[16] . De novo design based on generative algorithms such as deep learn- 

ing involves using neural networks [ 17 , 18 ] and databases with many 

compounds [19] . In the source compound databases, many compounds 

with three-dimensional information ( e.g. , stereochemistry) are relevant 

to build robust generative models [20] . However, for several research 

groups, it is difficult to access supercomputer resources to handle many 

compounds to obtain appropriate subsets that impact the model predic- 

tion [ 21 , 22 ]. 

This Communication reports the selection and characterization of the 

most diverse compounds from UNPD. The subsets were selected using a 

dissimilarity-based compound selection (DBCS) method, the MaxMin al- 

gorithm [23] . The compound subsets were characterized by the Natural 

Product Likeness (NPL) score [24] , structural diversity, and distribution 

in chemical space. The structural diversity was assessed with the Tani- 

moto coefficient and molecular fingerprints of different designs. Chem- 

ical space analysis was performed through the visual representation of 

the chemical multiverse [25] using T-distributed Stochastic Neighbor 
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Fig. 1. MaxMin algorithm implemented in this work. A database 

(UNPD) was split into a given number of subsets. From each sub- 

set, a random compound (X) was selected. The molecular similar- 

ity was calculated between X and each compound (A, B, C, D, and 

E) from the subset using the Tanimoto coefficient and the ECFP4 

fingerprint. In this figure, only a subset (that contains the com- 

pounds A, B, C, D, and E) is shown for illustrative purposes. The 

compound with the smallest molecular similarity was chosen and 

deleted from the original subset. The process was repeated to gen- 

erate a new subset with the number of compounds desired. 

Embedding t-SNE [26] and the recently proposed Tree MAP (TMAP) 

[27] . We anticipate that the natural product subsets generated and thor- 

oughly characterized in this work will be helpful to the scientific com- 

munity in a variety of tasks including building generative models, in 

particular to those research groups with limited access to large super- 

computer resources. 

2. Materials and methods 

2.1. Data sets 

For this study, different types of databases with compounds from var- 

ious origins were used including three data sets of natural products, and 

a data set focused on a specific molecular target of pharmaceutical rele- 

vance. Natural product databases from different sources were employed 

to compare the NPL score of the UNPD subsets (described in the Natu- 

ral product-likeness section). The data set focused on a specific molecu- 

lar target and the natural products from different sources were used to 

evaluate and compare the molecular diversity of UNPD subsets. Using a 

focused database gives a value of low structural diversity, which serves 

as a reference to compare the structural diversity of the UNPD subsets. 

Likewise, the chemical structures from other natural product databases 

served as reference compound collections to evaluate the diversity of 

the data sets newly generated. Each type of data set and its contents are 

described below. 

Three data sets of natural products were used, namely, COCONUT, 

UNPD, and BIOFACQUIM. COCONUT [5] had 389,184 unique struc- 

tures, not including chirality information. UNPD [6] with 153,372 

natural products, encoding their chirality. BIOFACQUIM [ 14 , 15 ] is a 

database with 531 natural products isolated and characterized in Mex- 

ico, and the chirality of the compounds is included. A data set with 715 

compounds focused on DNA methyltransferase 1 (DNMT1) inhibitors. 

DNMT1 is an epigenetic target relevant to drug discovery [ 28 , 29 ]. The 

data set of DNMT1 inhibitors was obtained from the ChEMBL database, 

release 31 [ 30 , 31 ]. 

2.2. Data set standardization 

The preparation of compounds, encoded in SMILES strings [32] was 

performed using the open-source cheminformatics toolkit RDKit 

[33] and MolVS [34] . Compounds with valence errors or any chemi- 

cal element other than H, B, C, N, O, F, Si, P, S, Cl, Se, Br, and I, were 

removed. Stereochemistry information, when available, was retained. 

Compounds with multiple components were split, and the largest com- 

ponent was retained. The remaining compounds were neutralized and 

reionized to generate the corresponding canonical tautomer. 

2.3. Natural product-likeness 

The NPL score, introduced by Ertl et al. [24] , was computed for 

all compounds in COCONUT, UNPD, and BIOFACQUIM. The NPL score 
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Table 1 

Descriptive statistics of NPL scores computed for COCONUT, UNPD, and BIO- 

FACQUIM. 

Dataset COCONUT UNPD BIOFACQUIM 

count 389,184 153,372 531 

mean 0.89 1.81 1.73 
a std 1.38 0.96 0.90 
b min − 3.53 − 2.51 − 0.36 
c Q1 − 0.32 1.14 1.03 

median 0.97 1.87 1.65 
d Q3 2.01 2.56 2.45 
e max 4.08 4.08 3.87 

a std: standard deviation. 
b min: minimum value. 
c Q1: value under which 25% of data points are found in increasing order. 
d Q3: value under which 75% of data points are found in increasing order. 
e max: maximum value. 

ranges between − 5 (if the compound is more similar to a synthetic com- 

pound) and 5 (if the compound is more similar to a natural product). 

2.4. Selection of sets of diverse compounds 

Dissimilarity-based compound selection (DBCS) methods allow the 

identification of diverse compound data sets by directly calculating dis- 

tances or dissimilarities between the chemical structures [23] . Among 

the DBCS methods, the MaxMin algorithm reduces the number of com- 

pounds choosing the molecules with the largest diversity from the origi- 

nal databases. Three subsets of UNPD were generated using the MaxMin 

algorithm as follows ( Fig. 1 ): The initial 153,372 compounds from UNPD 

were split into three ways: (A) thirty random subsets of 5,000 com- 

pounds each; (B) fifteen random subsets of 10,000 compounds each; and 

(C) ten random subsets of 15,000 compounds each. A new diverse set 

with 500 compounds was selected from each one using MaxMin [23] . 

First, a random compound was picked from each subset. The binary 

similarity between the compound selected (query set) and the remain- 

ing compounds (target set) was calculated. A new compound was se- 

lected from the target set if this had the lowest similarity value and 

then removed from the target set. The iteration process continued un- 

til the number of compounds desired set to 500 was reached. In total, 

three diverse subsets from UNPD were generated: UNPD-A (15,000 com- 

pounds), UNPD-B (7,500), and UNPD-C (5,000). For the diversity selec- 

tion, we used the Tanimoto coefficient and the extended connectivity 

fingerprint (ECFP) [35] of 1024-bits and diameter 4 (ECFP4). For the di- 

versity set calculations, we used an E5–2670v1 processor, 16 cores, and 

64 Gbytes of RAM). The maximum calculation time for each initial sub- 

set of the natural product subsets were: UNPD-A (15,000 compounds), 

19,989.21 s; UNPD-B (7,500 compounds), 102,569.61 s, and UNPD-C 

(5,000 compounds), 209,241.25 s. 

2.5. Structural diversity 

The structural diversity of three UNPD subsets, UNPD, BIOFAC- 

QUIM, and DNMT1, was compared through the distribution of the pair- 

wise similarity values generated with the Tanimoto coefficient using 

three molecular fingerprints Molecular ACCes System (MACCS) Keys 

(166-bits) [36] , extended connectivity fingerprint (ECFP) [35] of 1024- 

bits with diameter 6 (ECFP6) and diameter 4 (ECFP4). 

2.6. Chemical multiverse visualization 

The chemical multiverse [25] of the three UNPD subsets was com- 

pared to the chemical multiverse of the entire UNPD collection. A chem- 

ical multiverse is a group of numerical vectors that differently describe 

a set of molecules depending on the molecular representation [25] . So, 

each chemical space is an M-dimensional cartesian space in which com- 

pounds are located by a set of M descriptors. Each type of molecular 

Fig. 2. Cumulative distribution functions of the pairwise Tanimoto similarity 

using MACCS keys (166-bits), ECFP4, and ECFP6, as molecular representations. 

The datasets are UNPD-A (pink line), UNPD-B (green), UNPD-C (red), and UNPD 

(blue). 

3 



A.L. Chávez-Hernández and J.L. Medina-Franco Artificial Intelligence in the Life Sciences 3 (2023) 100066 

Table 2 

Summary of the structural diversity of the three UNPD subsets, BIOFACQUIM, and DNMT1 datasets. The number of initial and unique compounds from each 

database is indicated. 

Dataset Compounds Unique compounds MACCS keys (166-bits) a ECFP4 a ECFP6 a 

UNPD-A 15,000 14,994 0.341 0.091 0.077 

UNPD-B 7,500 7,497 0.346 0.094 0.08 

UNPD-C 5,000 4,998 0.356 0.092 0.079 

UNPD 153,372 153,372 0.43 0.111 0.094 

BIOFACQUIM 531 531 0.447 0.119 0.099 

DNMT1 714 714 0.417 0.119 0.1 

a The structural diversity is reported as the median value of the distribution of the pairwise comparison using the Tanimoto coefficient and molecular 

fingerprints (MACCS keys, ECFP4 and ECFP6). A full diversity assessment is presented at the cumulative distribution functions of the pairwise similarity values 

in Fig. 2 . 

Table 3 

Descriptive statistics of the number of hydrogen bond donors and acceptors (HBD, HBA) of the UNPD subsets and the entire UNPD. 

Property HBD HBA 

Dataset UNPD-A UNPD-B UNPD-C UNPD UNPD-A UNPD-B UNPD-C UNPD 

count 14,994 7,497 4,998 153,372 14,994 7,497 4,998 153,372 

mean 2.51 2.6 2.69 3.15 5.58 5.65 5.94 7.05 
a std 3.17 3.10 3.40 3.55 4.95 4.80 5.46 5.68 
b min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
c Q1 0.00 1.00 0.00 1.00 2.00 3.00 2.00 3.00 

median 2.00 2.00 2.00 2.00 4.00 5.00 5.00 5.00 
d Q3 3.00 3.00 4.00 4.00 7.00 7.00 8.00 9.00 
e max 36.00 33.00 33.00 36.00 53.00 53.00 52.00 54.00 

a std: standard deviation. 
b min: minimum value. 
c Q1: value under which 25% of data points are found in increasing order. 
d Q3: value under which 75% of data points are found in increasing order. 
e max: maximum value. 

Table 4 

Descriptive statistics of the number of rotatable bonds (RB) and LogP values of the UNPD subsets and the entire UNPD. 

Property RB LogP 

Dataset UNPD-A UNPD-B UNPD-C UNPD UNPD-A UNPD-B UNPD-C UNPD 

count 14,994 7,497 4,998 153,372 14,994 7,497 4,998 15,372 

mean 4.74 5.34 4.81 5.97 2.94 2.98 2.94 2.94 
a std 6.02 6.66 5.69 6.08 3.02 3.00 3.13 3.12 
b min 0.00 0.00 0.00 0.00 − 18.53 − 14.10 − 18.16 − 20.82 
c Q1 1.00 1.00 1.00 2.00 1.46 1.40 1.43 1.33 

median 3.00 3.00 3.00 4.00 2.87 2.79 2.90 2.96 
d Q3 6.00 7.00 6.00 8.00 4.32 4.24 4.45 4.58 
e max 59.00 63.00 59.00 63.00 24.43 23.11 21.63 25.12 

a std: standard deviation. 
b min: minimum value. 
c Q1: value under which 25% of data points are found in increasing order. 
d Q3: value under which 75% of data points are found in increasing order. 
e max: maximum value. 

Table 5 

Descriptive statistics of the topological surface area (TPSA) and molecular weight (MW) of the UNPD subsets and the entire UNPD. 

Property TPSA MW 

Dataset UNPD-A UNPD-B UNPD-C UNPD UNPD-A UNPD-B UNPD-C UNPD 

count 14,994 7,497 4,998 153,372 14,994 7,497 4,998 153,372 

mean 90.78 93.58 94.78 114.63 371.94 369.57 388.43 450.55 
a std 82.74 80.35 90.04 93.94 196.43 194.20 210.40 228.63 
b min 0.00 0.00 0.00 0.00 16.04 16.04 17.03 16.04 
c Q1 40.46 46.53 39.10 54.37 246.31 248.32 252.28 302.28 

median 69.67 74.60 69.92 85.97 330.29 328.45 342.47 396.20 
d Q3 112.05 116.20 119.61 145.91 445.60 444.48 466.74 534.66 
e max 877.36 927.43 900.36 927.43 1,887.28 1,889.30 1,875.31 1,907.36 

a std: standard deviation. 
b min: minimum value. 
c Q1: value under which 25% of data points are found in increasing order. 
d Q3: value under which 75% of data points are found in increasing order. 
e max: maximum value. 
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Fig. 3. Box-whisker plots of six properties of pharmaceutical relevance: hydrogen bond donors (HBD), hydrogen bond acceptors (HBA), topological polar surface 

area (TPSA), number of rotatable bonds (RB), molecular weight (MW), and partition coefficient octanol/water (LogP). The datasets are represented in different 

colors, UNPD-A (pink), UNPD-B (green), UNPD-C (red), and UNPD (blue). Black diamonds represent outliers. 

fingerprint generates a distinct chemical space, and the sets of chem- 

ical spaces comprise the chemical multiverse. For this work, the vi- 

sual representation of the chemical multiverse was done using t-SNE 

[26] and TMAPs [27] as visualization methods, and MACCS keys (166 

bits), ECFP4, and ECFP6 as molecular representations. 

The t-SNE generates plots that organize compounds. Similar com- 

pounds form clusters and dissimilar compounds are distant from each 

other. TMAP allows visualizing of many chemical compounds through 

the distance between clusters. Local Sensitive Hashing (LSH) allows each 

compound to be grouped hierarchically according to common substruc- 

tures using molecular fingerprints. The number of nearest neighbors, 

k = 50, and the factor used by the augmented query algorithm, kc = 10, 

were used to develop the TMAP graphs. In previous studies, we used 

TMAP to describe the molecular diversity of natural products such as 

COCONUT [2] , BIOFACQUIM [15] , and a focused library of HIV-1 pro- 

tease inhibitors using natural fragments from COCONUT [37] . 

3. Results and discussion 

3.1. Natural-product-likeness 

Table 1 summarizes the descriptive statistics for NPL scores calcu- 

lated for BIOFACQUIM, UNPD, and COCONUT. The COCONUT, UNPD, 

and BIOFACQUIM had NPL score values in the range of [ − 3.53,4.08], 

[ − 2.51,4.08], and [ − 0.36,3.87], respectively. As anticipated, natural 

product compounds from COCONUT, UNPD, and BIOFACQUIM had 

NPL scores ca. 4. Only 25% of COCONUT´s compounds (min = − 3.53, 

Q1 = − 0.32) had NPL scores ca. − 3.53, and 25% of UNPD´s compounds 

(min = − 2.51, Q1 = 1.14) had NPL close to − 2.51 meaning that COCONUT 

had compounds with more chemical structures similar to synthetic com- 

pounds regarding the UNPD because of NPL scores ca. − 5 is associated 

with compounds derived from the synthetic origin [24] . In general, nat- 

ural products (COCONUT, UNPD, BIOFACQUIM) had NPL values closer 

to 5. 

3.2. Molecular diversity 

Three subsets of UNPD (A-C) were generated using the MaxMin al- 

gorithm, as described in Section 2.4 . UNPD-A, UNPD-B, and UNPD- 

C had 15,000, 7,500, and 5,000 compounds, respectively. Then, the 

new subsets were curated, as described in Section 2.2 . Table 2 shows 

that six, three, two, and one duplicated compounds were found in 

UNPD-A, UNPD-B, and UNPD-C, respectively (between 0.04% and 

0.02%). Fig. 2 shows the cumulative distribution functions (CDF) of 

the pairwise Tanimoto similarity using MACCS keys (166-bits), ECFP4, 

and ECFP6, as molecular representations. The UNPD subsets (A-C) 

are represented in continous line as UNPD-A (pink), UNPD-B (green), 

and UNPD-C (red); UNPD (blue); BIOFACQUIM (yellow); and DNMT1 

(cyan). The CDF with ECFP4 and ECFP6 shows that UNPD subsets 

(A-C) were the most diverse data sets (median = 0.09); followed by 

the UNPD (median = 0.1), BIOFACQUIM (median = 0.12), and DNMT1 

(median = 0.12). The CDF with MACCS keys shows that UNPD subsets 

(A-C) were the most diverse (median = 0.3) and UNPD (median = 0.4), 

followed by DNMT1 (median = 0.4) and BIOFACQUIM (median = 0.43). 

Likewise, Table 2 shows that UNPD subsets were more diverse than 

UNPD, DIFACQUIM, and DNMT1. The UNPD-A was the most di- 
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Fig. 4. Chemical multiverse visualization of UNDP subsets using TMAPs and MACCS keys (166-bits), ECFP4 and ECFP6, as molecular representations. The data sets 

are represented as UNPD-A (pink), UNPD-B (green), and UNPD-C (red). The overlap between natural product subsets is represented in gray. 

verse dataset and had the lowest median similarity value (0.091, 

0.077) calculated with ECFP4 and ECFP6, respectively, followed by 

the UNPD-B (0.094, 0.08), and UNPD-C (0.092, 0.079); and the refer- 

ence databases: UNPD (0.111, 0.094), BIOFACQUIM (0.119, 0.099) and 

DNMT1 (0.119, 0.1). The structural diversity calculated with MACCS 

keys ( Table 2 and Fig. 2 ) indicated that UNPD subsets had the same 

trend, being the UNPD-A the most diverse (median = 0.341) followed 

by UNPD-B (median = 0.346), and UNPD-C (median = 0.356); followed 

by UNPD (median = 0.43), BIOFACQUIM (median = 0.447), and DNMT1 

(median = 0.417). For UNPD, the data set generated from a larger num- 

ber of subsets (thirty versus fifteen or ten subsets) was the most diverse, 

i.e. , UNPD-A according to the ECFP4, ECFP6, and MACCS keys finger- 

prints. 

3.3. Properties of pharmaceutical relevance 

The natural products subsets were further characterized by means 

of the distribution of six properties of pharmaceutical relevance: hy- 

drogen bond donors (HBD), hydrogen bond acceptors (HBA), topo- 

logical polar surface area (TPSA), number of rotatable bonds (RB), 

molecular weight (MW), and partition coefficient octanol/water (LogP). 

Fig. 3 shows box-whisker plots of the distribution of the property 

values calculated for the three UNPD subsets and the entire UNPD 

(UNPD-A (pink), UNPD-B (green), UNPD-C (red), and UNPD (blue)). 

Tables 3-5 summarize the descriptive statistics. Fig. 3 and Tables 3- 

5 show that 75% of compounds of UNPD subsets and UNPD had 

the same range of LogP values, namely UNPD-A: LogP < = 4.32, UNPD- 

6 



A.L. Chávez-Hernández and J.L. Medina-Franco Artificial Intelligence in the Life Sciences 3 (2023) 100066 

Fig. 5. Chemical space visualization of UNPD and UNPD subsets using t-SNE based on the properties: hydrogen bond donors, hydrogen bond acceptors, topological 

polar surface area, number of rotatable bonds, molecular weight, and partition coefficient octanol/water. The datasets are represented in scatter points as UNPD-A 

(pink), UNPD-B (green), UNPD-C (red), and UNPD (blue). Panel A shows the UNPD subsets (A-C), and panel B shows the entire UNPD. 

B: LogP < = 4.24, UNPD-C: LogP < = 4.45, and UNPD: LogP < = 4.58. Re- 

garding MW and TPSA, 75% of UNPD’s compounds (TPSA < = 145.91 

and MW < = 534.66) were more diverse than 75% of UNPD subsets 

(A-C): UNPD-A’s compounds (TPSA < = 112.05, MW < = 445.60); UNPD- 

B’s compounds (TPSA < = 116.20, MW < = 444.48), and UNPD-C’s com- 

pounds (TPSA < = 116.61, MW < = 466.74). Regarding RB, UNPD’s com- 

pounds (RB < = 8.0) and UNPD-B’s compounds (RB < = 7.0) were more di- 

verse than UNPD-A’s compounds (RB < = 6.0) and UNPD-C’s compounds 

(RB < = 6.0). Regarding HBA and HBD, UNPD’s compounds (HBD < = 4.0, 

HBA < = 9.0) and UNPD-C’s compounds (HBD < = 4.0, HBA < = 8.0) were 

more diverse than UNPD-A (HBD < = 3.0, HBA < = 7.0) and UNPD-B 

(HBD < = 4.0, HBA < = 7.0). Overall, the UNPD-C dataset was the most di- 

verse in terms of the properties of pharmaceutical relevance after the 

entire UNPD. 

3.4. Visualization of the chemical space and chemical multiverse 

As described in Section 2.6 , a chemical multiverse is conceptualized 

as a group of molecular representations that each describe a compound 

dataset (in contrast to a chemical space that is defined by only one set of 

descriptors). Fig. 4 shows a visual representation of the chemical mul- 

tiverse of the UNPD datasets using TMAPs and MACCS keys (166-bits), 

ECFP4, and ECFP6 as molecular representations. In this study, the chem- 

ical multiverse is comprised of three molecular fingerprints: one based 

on structural keys, MACCS keys ( Fig. 4 A); and the hashed molecular 

fingerprint, ECFP4 and ECFP6 ( Figs. 4 B and C). The data sets are repre- 

sented in scatter points with different colors as UNPD-A (pink), UNPD-B 

(green), and UNPD-C (red). The overlap between different data sets is 

depicted in gray. The TMAP generated with MACCS keys shows fewer 

clusters with more compounds than ECFP4 and ECFP6. For natural prod- 

ucts, the TMAP generated with ECFP6 shows that the compounds of the 

UNPD subsets are more evenly distributed with respect to the TMAPs 

constructed with ECFP4 and MACCS keys. The chemical multiverse rep- 

resented by ECFP6 is more accurate in describing the structural diversity 

than ECFP4 because ECFP6 encodes molecular fragments in more detail 

than ECFP4 [35] and thus has an impact on quantifying structural di- 

versity. 

We also visualize the chemical space of the datasets using t-SNE 

based on the six physicochemical properties of pharmaceutical inter- 

est discussed in Section 3.3 . Fig. 5 A shows the chemical space of UNPD 

subsets (A-C). Each data point represents a compound: UNPD-A (pink), 

UNPD-B (green), and UNPD-C (red). As reference, Fig. 5 B depicts a vi- 

sualization of the chemical space of the entire UNPD (blue data points). 

t-SNE in Fig. 5 A shows that the three UNPD subsets overlap with diverse 

regions of the chemical space of UNPD ( Fig. 5 B). UNPD-C was the most 

diverse regarding the six physicochemical properties of pharmaceutical 

interest, as described before in Section 3.3 . 

3.5. Applications of selection of subsets in drug discovery 

The herein diverse subsets derived from natural products annotated 

with chirality information can be used in several different ways. For 

example, they can be used as reference sets for diversity analysis and 

coverage of chemical space of other compound libraries. For instance, 

Vivek-Ananth et al. recently reported a comparative analysis of more 

than 1800 secondary metabolites of medicinal fungi [38] . In that work, 

the authors included nine reference databases including natural prod- 

ucts datasets. The same research group has reported and characterized 

an extensive database of Indian Medicinal Plants, Phytochemistry, and 

Therapeutics [39] . Having diverse subsets from UNDP included herein 

would further expand the outcome of such diversity studies. Other ap- 

plications of the diverse subsets include its use in the development of 

generative models, such as de novo design. This approach generates new 

chemical entities with the properties desired, and recently uses algo- 

rithms of deep learning [16] . Deep learning algorithms require a large 

number of compounds, but it means more computer resources. The ra- 

tional design of drugs involves quality data [40] to develop good models 

with the best predictions [21] , and computer scientists advise the use of 

algorithms that can detect meaningful patterns in small data sets char- 

acteristics of the early stage of drug discovery can generate prospective 

studies [41] . For instance, a first approach to de novo design is to start 
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from small data sets of compounds with diverse structures and diverse 

properties of pharmaceutical relevance herein generated; and add to the 

distinctive structural complexity and diversity of the natural products as 

a larger fraction of sp 3 carbon atoms and chiral centers [ 3 , 4 ]. 

4. Conclusions 

We report the selection and characterization of the three subsets 

with the most diverse compounds from UNPD using the MaxMin algo- 

rithm. Three subsets with 14,994, 7497, and 4998 compounds selected 

from the UNPD contain the most structurally diverse natural products. 

Unlike compounds in the COCONUT database, molecules in UNPD are 

annotated with chirality. The structural diversity of compounds is not 

affected by the number of subsets derived from the original database 

from which a new database is generated, and an analysis of the chem- 

ical multiverse supports that UNPD subsets contain the most diverse 

molecules. During the study, we also concluded that the visualization 

of the chemical space described with ECFP6 is more accurate to de- 

scribe the structural diversity of compounds compared with ECFP4 and 

MACCS keys (166 bits). The natural product subsets had a large diversity 

of chemical compounds with different structural features and properties 

of pharmaceutical relevance. The NPL score supports that the chemical 

structures of natural products are very different and diverse as defined 

by the threshold of the NPL score, and as expected, natural products 

(COCONUT, UNPD, and BIOFACQUIM) had NPL scores values close to 

5. 

A significant perspective of this work is that the natural product sub- 

sets derived from the UNPD can be used to develop generative models 

that use deep learning algorithms and require the most diverse com- 

pounds, such as de novo design. The natural products subsets can also 

be used to develop predictive models; for virtual screening; and refer- 

ence databases for evaluating the structural diversity or similarity to 

a specific subset, among other applications. The public availability of 

the natural product subsets can save costly computational resources for 

research groups with limited accessibility to supercomputer means. 

Supplementary material 

The MaxMin algorithm and structural diversity implemented in 

Python language, the interactive TMAPs, and the three subsets gen- 

erated from UNPD with 14,994, 7,497, and 4,998 compounds with 

stereochemical information, are publicly available at GitHub: https: 

//github.com/DIFACQUIM/Natural- products- subsets- generation . 
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Chemical and biological data are the cornerstone of modern drug discovery
programs. Finding qualitative yet better quantitative relationships between
chemical structures and biological activity has been long pursued in medicinal
chemistry and drug discovery. With the rapid increase and deployment of the
predictive machine and deep learning methods, as well as the renewed interest in
the de novo design of compound libraries to enlarge the medicinally relevant
chemical space, the balance between quantity and quality of data are becoming a
central point in the discussion of the type of data sets needed. Although there is a
general notion that the more data, the better, it is also true that its quality is crucial
despite the size of the data itself. Furthermore, the active versus inactive
compounds ratio balance is also a major consideration. This review discusses
the most common public data sets currently used as benchmarks to develop
predictive and classificationmodels used in de novo design.We point out the need
to continue disclosing inactive compounds and negative data in peer-reviewed
publications and public repositories and promote the balance between the
positive (Yang) and negative (Yin) bioactivity data. We emphasize the
importance of reconsidering drug discovery initiatives regarding both the
utilization and classification of data.
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1 Introduction

Data and the increasing role of predictive models, including
machine and deep learning (Mouchlis et al., 2021; Bajorath et al.,
2022), are the cornerstone of modern drug discovery programs
(Zhang et al., 2022). The increasing use of computational methods
that recently included deep learning is reducing the time and
financial costs of finding drug candidates (Zhang et al., 2022).
For instance, computer-aided drug design (CADD) has led to the
discovery of more than seventy approved drugs (Sabe et al., 2021)
including remdesivir as an emergency treatment against SARS-CoV-
2 in 2021 (Dos Santos Nascimento et al., 2021).

CADD methods are typically divided into two main categories,
structure-based drug design (SBDD) and ligand-based drug design
(LBDD) that rely on the three-dimensional (3D) structure data
available for one or more molecular targets, or the structure-activity
data of ligands, respectively. Examples of deep learning applications
in SBDD include AlphaFold to assist in homology modeling, and
DiffDock in molecular docking. AlphaFold predicts 3D protein
structures according to their amino acid sequences (Jumper et al.,
2021), and DiffDock predicts the binding mode between the ligand
and specific protein target (Corso et al., 2022). One of the most
notable approaches in LBDD are quantitative structure-activity
relationships (QSAR) (Dos Santos Nascimento et al., 2021).
Current QSAR methods use machine learning and deep learning
(Soares et al., 2022) that can be divided into linear methods and
nonlinear methods (Patel et al., 2014; Greener et al., 2022). Linear
methods include linear regression, multiple linear regression, partial
least squares, and principal component analysis (Patel et al., 2014).
Nonlinear methods include artificial neural networks, k-nearest
neighbors, and Bayesian neural nets, to name a few examples
(Patel et al., 2014; Greener et al., 2022).

Advances in deep learning models have a significant progress
in molecule generation, representing a big step forward in bridging
the gap between chemical entities and drug-like properties
(Krishnan et al., 2021). Deep learning algorithms are currently
used in the renewed interest in the de novo design of chemical
libraries. In 2020, the successful application of deep learning in
drug discovery, that included the de novo design using deep
learning, was selected by the Massachusetts Institute of
Technology Technology Review as one of the top ten
breakthrough technologies (Juskalian et al., 2023).

De novo design is aimed at generating new chemical entities
(NCE) with desired properties (Palazzesi and Pozzan, 2022). De
novo design based on deep learning algorithms (Palazzesi and
Pozzan, 2022) requires a large number of compounds that may
demand significant computational resources. However, bioactivity
data for a biological endpoint is not always sufficient. The lack of
data has led to the development of new methods for compound
selection and applications for deep learning algorithms are being
developed (Guo M et al., 2021).

Knowledge-based drug design frequently involves quality data
(Perron et al., 2022b) to develop models with useful predictions
(Schneider et al., 2020). To this end, rethinking the methodologies
used for drug discovery and development campaigns is crucial. The
quality of data sets, decoy data sets and inactive compounds used in
predictive models, and de novo design models need to be reviewed
and discussed.

The main purpose of this manuscript is discussing the
importance of quality data, decoy data sets, and the balance
needed between inactive (i.e., “Yin”) and active (“Yang”)
compounds currently employed in de novo design and
developing predictive models of biological activity to generate
NCE. Following up on previous studies (Schneider et al., 2020;
Bajorath et al., 2022; Cherkasov, 2023), we comment on the need to
rethink the way to drug design and develop campaigns. The
manuscript is organized into four main sections. After this
Introduction, Section 2 presents an overview of de novo design.
Section 3 discusses the main public data sources used to develop
predictive models. Section 4 discusses criteria to generate quality
data sets. The last section presents a summary of conclusions and
perspectives.

2 De novo design overview

De novo design aims to generate new chemical structures from
scratch with desired predicted properties, e.g., absorption,
distribution, metabolism, excretion, toxicity (ADMET), other
drug-likeness properties, and biological activities (Palazzesi and
Pozzan, 2022). The two main strategies for de novo design can be
classified into SBDD and LBDD (vide supra) (Zhang et al., 2022). A
recent example of a structured-based de novo design is the
RELATION model that learns from the desired geometric
features of protein-ligand complexes to generate new molecules
(Wang et al., 2022). The generation process applies a fragment-
based strategy given an initial chemical scaffold embedded in the
binding site of the target protein. The pre-trained model generates
molecules iteratively by sequentially adding, deleting, inserting, or
replacing and linking fragments (Zhang et al., 2022).

In contrast, ligand-oriented de novo design focuses on the
ligands themselves, thereby generating compounds with new
chemical structures with novel scaffolds from active compounds
while optimizing the desired properties (Xie et al., 2022). A general
workflow is schematically summarized in Figure 1 which has seven
main steps (Krishnan et al., 2021; Zhang et al., 2022): 1) Selecting
compound data sets from public or in-house sources (further
discussed in Section 3); 2) Filtering molecular data sets with
desired properties such as drug-likeness. In the example of
Figure 1 a data set with three subsets of compounds is
represented with a star, triangle, and circle, respectively. The
compounds represented with a star have drug-like properties
(Lipinski et al., 2001; Veber et al., 2002); those represented with
triangles comply with some of the drug-likeness properties, and
those represented with circles are not compliant. Other approaches
to select compounds from the data sets use molecular fingerprints
(Kadurin et al., 2017) or filter compounds directly via similarity-
based virtual screening instead of designing NCE from scratch
(Tong et al., 2021). 3) Selecting the molecular representation as a
basis to learn and represent the structures and properties of
molecules, e.g., SMILES (Weininger, 1988), SELFIES (Krenn
et al., 2020) or molecular graphs (Simonovsky and Komodakis,
2018). 4) Developing and validating the model for molecule
generation using metrics such as the operating characteristic
curve. 5) Optimizing the model by combining reinforcement
learning and property prediction (Olivecrona et al., 2017). 6)
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Generating molecules de novo, 7) Assessing the biological activity of
the compounds designed in relevant in vitro or in vivo models.

Deep learning, currently used in ligand-based de novo design,
learns the probability distribution of molecular data and generates
continuous or discrete latent representations for molecules with
property optimization (Gómez-Bombarelli et al., 2018). The

algorithms map the learned probability distribution and molecule
representation into novel molecules while optimizing molecular
properties (Bilodeau et al., 2022) through the tuning of
hyperparameters (Perron et al., 2022a; Bender et al., 2022).
Advances in deep learning are significantly advancing molecule
generation, representing a big step forward in bridging the gap

FIGURE 1
Overview of ligand-based de novo design. 1) Selecting data sets. 2) Filteringmolecular data sets with desired properties such as drug-likeness. In this
example, compounds represented with stars comply with drug-likeness properties (Lipinski et al., 2001; Veber et al., 2002). 3) Choosing a molecular
representation. 4) Selecting a de novo designmodel. 5) Developing, validating and optimizing themodel. 6) Generatingmolecules de novo. 7) Testing the
compounds in a relevant biological experiment.
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between chemical entities and drug-like properties (Krishnan et al.,
2021).

Ligand´s properties can be optimized in two steps: 1)
property-based generation, wherein models would learn the
chemical space of molecules with desirable properties; and 2)
novel molecules are generated within a desired property space
(Bilodeau et al., 2022). Examples of ligand-based de novo design
are deep neural networks (DNN), recurrent neural networks
(RNNs) (Olivecrona et al., 2017), and variational autoencoders
(VAE) (Gómez-Bombarelli et al., 2018). Olivercroma et al.
(Olivecrona et al., 2017) proposed the REIVENT model that
uses RNN for de novo design. They introduced a reinforcement
learning method to fine-tune the pre-trained RNN so the model
could generate structures with desirable properties. Recently,
Blaschke et al. released REINVENT 2.0 (Blaschke et al., 2020)
making the code freely accessible in Github.

Ligand-based de novo design using DNN (Palazzesi and
Pozzan, 2022) requires a large number of compounds that
demand more computational resources. The DNN
architecture is prone to problems because of fitting numerous
parameters. For this reason, a large training data set is needed to
reduce the risk of overfitting. However, sufficient bioactivity
data for a biological endpoint is not always available (Wu et al.,
2018). The lack of sufficient data has led to using methods for
compound selection or the development of new methods for
compound selection. Altae-Tran et al. (Altae-Tran et al., 2017)
demonstrated how the one-shot learning paradigm can be used
to address the overfitting problem; they used DNN to transform
small molecules into embedding vectors in a continuous feature
space whose similarity measures are then iteratively learned.
They showed that this DNN architecture offers convincing
performance in many activity prediction tasks given limited
amounts of training. On the other hand, computer scientists
advise using algorithms that can detect meaningful patterns in
small data sets, which is a typical case in the early stage of drug
discovery (Schneider and Clark, 2019). For instance, an initial
approach to de novo design is to start from small data sets of
compounds with diverse structures and diverse properties of
pharmaceutical relevance (Chávez-Hernández and Medina-
Franco, 2023).

The availability of gold standard datasets as well as
independently generated data sets are valuable in generating
well-performing models (Vamathevan et al., 2019).
Dissimilarity-based compound selection could be improved if
one focused the selection on a structural diverse dataset (for
instance derived from natural products). Some approaches
proposed suggest using quality data sets using a dissimilarity-
based compound selection method such as the MaxMin or
MaxSum algorithms (Leach and Gilleteds, 2007). Recently, we
reported the use of the MaxMin algorithm for the selection of
natural product subsets (Chávez-Hernández and Medina-Franco,
2023) using the Universal Natural Product Database (UNPD) (Gu
et al., 2013). In that study, the natural product subsets generated
had the most diverse chemical structures with physicochemical
properties of pharmaceutical interest similar to the original data
set. Chemical structures in the natural product subsets were
represented with SMILES encoding chirality, an important
feature of natural products.

3 Main sources of data sets used to
develop generative and predictive
models

3.1 Current status of reference and
benchmark datasets

The first step in de novo design is to select, from the vast
chemical space, the appropriate subset of all possible molecules
for a desired biological activity (Schneider et al., 2000). To have an
idea, the size of the chemical space has been estimated at around 1060

small molecules and between 1020–1024 for all molecules up to
30 atoms that comply with Lipinski’s rule-of-five (Reymond,
2015). According to Yang et al. compound data sets can be
classified into on-demand databases, collections containing
bioactivity data, compounds databases commercially available,
and natural products databases (Yang et al., 2019). Herein, we
include benchmark, decoy and inactive compounds data sets as
others categories as illustrated in Figure 2. In this figure, on-demand
databases are further divided into commercially available (e.g.,
Enamine-REAL, CHEMriya and Freedom Space) (Chemspace,
2023) and in-house (e.g., Pfizer and AstraZeneca). The figure
shows examples of compound databases in other categories
which are discussed in the remainder of this section.

Among the different types of chemical databases, de novo design
employs libraries from different categories outlined in Figure 2.
Specific examples are ChEMBL (Davies et al., 2015; Mendez et al.,
2019), PubChem (Kim et al., 2023), DrugBank (Wishart et al., 2006;
Wishart et al., 2008; Wishart et al., 2018), Enamine´s REadily
AccessibLe (REAL) (Enamine, 2023), CHEMriya (CHEMriya,
2023), Freedom Space (Chemspace, 2023), ZINC-22 (Tingle

FIGURE 2
Classification of compound databases and representative
examples of each one. For the discussion of this manuscript,
databases are split into six main categories: on-demand, commercial
availability, bioactivity, natural products, benchmark and decoys.
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et al., 2023), and MoleculeNet (Wu et al., 2018) which more details
for each one are provided in Table 1 and further commented in the
next sections.

3.2 On-demand databases

Early approaches to ligand-based de novo design involved fragment
compounds into unique building blocks which could be recombined to
make new molecules. A number of commercial suppliers of chemical
samples offer large make-on-demand collections that can be reliably
synthesized because the building blocks are available as well as the
synthetic routes and methods (Warr et al., 2022; Korn et al., 2023).
There are also large collections of fragments or building blocks
commercially available. Examples of on-demand compound
databases and suppliers are REAL (Enamine) (Enamine, 2023),
CHEMriya (OTAVA) (CHEMriya, 2023), and Freedom Space
(Chemspace) (Chemspace, 2023) (Table 1). REAL database
(Enamine, 2023) comprises over 6 billion molecules that comply
with the traditional drug-likeness criteria. CHEMriya (CHEMriya,
2023) contains 12 billion novel and synthetically feasible small
molecules whose molecules are not explicitly listed in the public
domain. Freedom Space (Chemspace, 2023) contains 201 million
molecules and 73% of its compounds are drug-like (as assessed with
the “rule of five”). Examples of on-demand in-house databases from the
pharmaceutical industry are 1015 compounds of AZ Space
(AstraZeneca) (Grebner, 2022), 1019 compounds of JFS (Johnson &
Johnson) (Warr, 2021), 1018 compounds of PGVL (Pfizer) (Hu et al.,
2012), 1017 compounds BICLAIM (Boehringer Ingelheim) (Korn et al.,
2023), and 1020 compoundsMASSIV (Merck/EMD) (Korn et al., 2023).

3.3 Commercially available databases

One of the largest and long-standing compendiums of
commercially available compounds in ZINC. The most

recent version, ZINC-22 (Tingle et al., 2023) contains over
37 billion enumerated, searchable, commercially available
compounds in 2D. Over 4.5 billion have been built in
biologically relevant ready-to-dock 3D formats (Tingle et al.,
2023). Some examples of de novo design using ZINC include the
design of inhibitors of DDR1 (discoidin domain receptor 1, a
kinase target implicated in fibrosis and other diseases)
(Zhavoronkov et al., 2019) and compounds with activity
towards the dopamine receptor D2 (Liu et al., 2019;
Maziarka et al., 2020).

3.4 Bioactivity databases

De novo design based on deep learning algorithms frequently
use PubChem, ChEMBL, and DrugBank to select subsets of
compounds focused on a biological target or biological
endpoint as the design of ligands (Li et al., 2018; Li et al., 2022;
Liu et al., 2019). PubChem (Kim et al., 2023) is a freely accessible
database from the US National Institutes of Health (NIH) with
over 115 million compounds. At the time of writing, the most
recent version release of ChEMBL is 32 (Davies et al., 2015;
Mendez et al., 2019) and contains 2,354,965 compounds
bioactive drug-like small molecules with 2D structures and
calculated properties. DrugBank (Wishart et al., 2006; Wishart
et al., 2008; Wishart et al., 2018) version 5.1.10 (released 2023-01-
04) contains 15,448 drug entries including 2,740 approved small
molecule drugs, 1,577 approved biologics (proteins, peptides,
vaccines, and allergens), 134 nutraceuticals and over
6,717 experimental (discovery-phase) drugs. Some applications
include the de novo design of SARS-CoV-2 Mpro inhibitors (Li
et al., 2022), the design of ligands against the adenosine receptor
(A2AR) (Liu et al., 2019), and the generation of compounds analogs
to celecoxib (used to manage symptoms of various types of arthritis
pain and reduce precancerous polyps in the colon) (Li et al., 2018;
DRUGBANK, 2023).

TABLE 1 Main sources of public molecular data sets used in de novo design.

Data sets Category Description Ref.

ChEMBL Bioactivity Database with 2,354,965 bioactive drug-like small molecules with 2D structures and calculated
properties.

Davies et al. (2015), Mendez
et al. (2019)

PubChem Bioactivity Database at the US National Institutes of Health with 115 million compounds. It includes names,
molecular formulas, structures, physical properties, and biological activities.

Kim et al. (2023)

DrugBank Bioactivity Version 5.1.10 contains 15,448 drug entries including 2,740 approved small molecule drugs. Wishart et al. (2006)

ZINC-22 Commercial Database with over 37 billion enumerated, searchable, commercially available compounds in 2D. Tingle et al. (2023)

CHEMriya On-demand Database with 12 billion novel and synthetically feasible small molecules. CHEMriya (2023)

Freedom Space
(Chemspace)

On-demand Database with 201 million molecules; 73% of its compounds comply with drug-likeness
properties.

Chemspace (2023)

Enamine-REAL On-demand Database with 6 billion synthetic compounds that comply with drug-likeness properties. Enamine (2023)

MoleculeNet Benchmark Compilation of 17 datasets with over 700,000 compounds in total used for comparison of
different machine learning algorithms.

Wu et al. (2018)

MOSES Benchmark Dataset with 1,936,962 molecules from ZINC Clean Lead suitable for hit identification and
ADMET optimization. It does have metrics to detect common issues in generative models such as
overfitting or if the model does not limit to producing only a few typical molecules.

Polykovskiy et al. (2020)
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3.5 Natural product databases

Natural product databases (Gómez-García and Medina-Franco,
2022; Saldívar-González et al., 2022) are important in drug
discovery. From drugs approved by 2020 about 23% are natural
products or derivatives (Newman and Cragg, 2020). Natural
products have a diversity of privileged scaffolds (Atanasov et al.,
2021; Grigalunas et al., 2022) and molecular fragments (Chávez-
Hernández et al., 2020a; Chávez-Hernández et al., 2020b) that
depend on the particular source (Medina-Franco et al., 2022b); a
diversity of chiral centers; and a larger fraction of sp3 carbon atoms
and functional groups (Atanasov et al., 2021; Grigalunas et al., 2022).

Privileged structures were defined by Evans et al. (Evans et al.,
1988) as chemical structures capable of providing useful ligands for
more than one receptor judicious modification of such structures
could be a viable alternative in the search for new receptor agonists
and antagonists. Schneider and Schneider (2017) define a privileged
structure as a chemical structure that may be considered to possess
geometries suitable for decoration with side chains, such that the
resulting products bind to different target proteins or a ligand that

potently interacts with one (selective binder) or many target
receptors (promiscuous binder). To this end, natural products are
used in the development of pseudo-natural products, compounds
that are generated through a de novo combination of natural product
fragments, allowing the exploration of uncharted areas of
biologically relevant chemical space that are different from the
chemical space covered by the compounds from which they are
derived (Grigalunas et al., 2022).

Representative natural product datasets that can be used in de
novo design are Collection of Open NatUral ProdUcTs
(COCONUT) (Sorokina et al., 2021), SuperNatural 3.0 (Gallo
et al., 2023), UNPD (Gu et al., 2013), NuBBEDB (Pilon et al.,
2017; Saldívar-González et al., 2019), SistematX (Scotti et al.,
2018; Costa et al., 2021), CIFPMA (Olmedo et al., 2017; Olmedo
and Medina-Franco, 2020), PeruNPDB (Barazorda-Ccahuana et al.,
2023), BIOFACQUIM (Pilón-Jiménez et al., 2019; Sánchez-Cruz
et al., 2019), UNIIQUIM(UNIIQUIM, 2015), and are summarized
in Table 2.

SuperNatural 3.0, COCONUT and UNPD are the most
extensive natural product databases. SuperNatural 3.0 (Gallo

TABLE 2 Examples of natural product databases in the public domain.

Data sets Description Ref.

COCONUT Extensive database with 406,076 unique structures. Sorokina et al. (2021)

SuperNatural 3.0 A database with 449 058 natural compounds and derivatives. It
includes chemical structure, physicochemical information,
information on pathways, mechanism of action, toxicity, vendor
information if available, drug-like chemical space prediction for
several diseases such as antiviral, antibacterial, antimalarial,
anticancer, and target-specific cells.

Gallo et al. (2023)

UNPD Second-largest database with around 229,000 natural products that
contain chirality information.

Gu et al. (2013)

TCM Database@Taiwan Database with more than 20,000 pure compounds isolated from
453 TCM ingredients.

Chen (2011)

IMPPAT Database of 9,596 phytochemicals from 1,742 Indian medicinal
plants.

Mohanraj et al. (2018)

AfroDB Compound collection with more than 1,000 compounds from
African medicinal plants.

Ntie-Kang et al. (2013)

NuBBEDB Brazilian database with 2,223 natural products encoding as
SMILES, InChI, and InChIKey strings, Ro5 and Veber descriptors,
source, therapeutic effect, and reference.

Valli et al. (2013), Pilon et al. (2017), Saldívar-González et al.
(2019)

SistematX Brazilian database with 9,514 unique secondary metabolites
encoding as SMILES, InChI, and InChIKey strings, and include
physicochemical drug-like descriptors, predicted biological
activities, and reference.

Scotti et al. (2018), Costa et al. (2021)

CIFPMA Database developed at the University of Panama. It contains
natural products that have been tested in over 25 in vitro and in
vivo bioassays, for different therapeutic targets.

Olmedo et al. (2017), Olmedo and Medina-Franco (2020)

PeruNPDB Peru database developed at the Catholic University of Santa Maria.
The current version has 280 natural products from animals and
plants.

Barazorda-Ccahuana et al. (2023)

BIOFACQUIM Mexican database with structures of 531 natural products isolated
and characterized at UNAM and other Mexican institutions.

Pilón-Jiménez et al. (2019), Sánchez-Cruz et al. (2019)

UNIIQUIM Mexican database with 1,112 plant natural products mostly
isolated and characterized at the Institute of Chemistry of the
UNAM.

UNIIQUIM (2015)

Other libraries of natural products with an emphasis on commercial availability are listed on the NIH website (NIH, 2023).
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et al., 2023) is arguably the most extensive natural product database
with 449,058 natural compounds and derivatives; followed by
COCONUT (Sorokina et al., 2021) with 406,076 unique
structures (no encoding stereochemistry) and UNPD (Gu et al.,
2013) with 197,201 natural products that contain chirality
information.

Several public natural products databases compile the
compounds isolated and characterized from a geographical
region or the country of origin as China, India and Africa. For
instance, Chinese Traditional Medicine (TCM) Database@Taiwan
(Chen, 2011) is a non-commercial TCM database with more than
20,000 pure compounds isolated from 453 TCM ingredients; A
curated database of Indian Medicinal Plants, Phytochemistry And
Therapeutics (IMPPAT) (Mohanraj et al., 2018) is a manually
curated database of 9,596 phytochemicals from 1,742 Indian
medicinal plants; and AfroDB (Ntie-Kang et al., 2013) with more
than 1,000 small and structural diversity compounds from African
medicinal plants.

Representative Latin American databases (Gómez-García and
Medina-Franco, 2022) are NuBBEDB (Pilon et al., 2017; Saldívar-
González et al., 2019), SistematX (Scotti et al., 2018; Costa et al.,
2021) from Brazil; CIFPMA (Olmedo et al., 2017; Olmedo and
Medina-Franco, 2020) from Panama; PeruNPDB (Barazorda-
Ccahuana et al., 2023) from Peru; BIOFACQUIM (Pilón-Jiménez
et al., 2019; Sánchez-Cruz et al., 2019) and UNIIQUIM
(UNIIQUIM, 2015) from Mexico. The current version of NuBBEDB
(Pilon et al., 2017; Saldívar-González et al., 2019) contains 2,223 natural
products encoding as linear notations as SMILES. SistematX (Scotti
et al., 2018; Costa et al., 2021) has 9,514 unique secondary metabolites
arising from 20,934 botanical occurrences across five families. Other
natural product collections from Latin America are CIFPMA, the
Natural Products Database from the University of Panama, Republic
of Panama (Olmedo et al., 2017; Olmedo and Medina-Franco, 2020)
with 354 compounds. CIFPMA molecules have the potential to show
target selectivity in biochemical assays and are useful molecules to
identify reference compounds for virtual screening campaigns (Olmedo
et al., 2017; Olmedo andMedina-Franco, 2020). The first version of the
Peruvian Natural Products Database (PeruNPDB) had 280 natural
products isolated fromplants and animal sources (Barazorda-Ccahuana
et al., 2023). BIOFACQUIM (Pilón-Jiménez et al., 2019; Sánchez-Cruz
et al., 2019) contains 531 natural products isolated and characterized at
the School of Chemistry of the National Autonomous University of
Mexico (UNAM) and other Mexican institutions. UNIIQUIM
(UNIIQUIM, 2015) with 1,112 plant natural products mostly
isolated and characterized at the Institute of Chemistry of the UNAM.

3.6 Benchmark databases

The development of reliable machine learning algorithms has
been limited due to the lack of standard benchmark datasets to
compare the efficacy of the methods proposed (Jain and Nicholls,
2008). Furthermore, machine learning in chemistry compared with
other areas such as computer speech and vision has a main
disadvantage, the data recovery (Wu et al., 2018; Guo et al.,
2022), because of measuring chemical properties often requires
specialized instruments; as a result, datasets with experimentally
determined results are small and often not sufficiently large to cover

the high-demanding needs of machine-learning tasks (Wu et al.,
2018). Another challenge is data splitting (the way in which datasets
are split into training data and testing data). Some are random
selection and rational selection. The former is randomly extracting a
compound’s fraction from the data set. In contrast to rational
selection, training and testing are selected from the same clusters
of compounds. Random selection is common in machine learning
but is often not correct for chemical data (Sheridan, 2013). In
response to these challenges, standard benchmark data sets are
being developed to evaluate de novo design protocols [(Wu et al.,
2018; Brown et al., 2019; Polykovskiy et al., 2020). One example is
MoleculeNet (Wu et al., 2018), a large-scale data set built upon
multiple public databases. MoleculeNet is organized into regression
and classification datasets and has over 700,000 compounds tested
on a range of different properties subdivided into four categories
(quantum mechanics, physical chemistry, biophysics, and
physiology). Another example is the Molecular Sets (MOSES)
(Polykovskiy et al., 2020) that contains 1,936,962 molecules (split
into training, testing and scaffold datasets) and a set of metrics to
evaluate the quality and diversity of generated structures. Metrics
detect common issues in generative models such as overfitting or if
the de novo design model just generates fairly common (not novel)
structures (Brown et al., 2019; Polykovskiy et al., 2020). The
developers of MOSES implemented and compared several
molecular generation models and suggested using the results as
reference points for further advancements in generative chemistry
research.

3.7 Current decoy data sets and inactive
compounds

Accuracy of predictive models depends on data quality and
quantity. Also, the balance between active and inactive compounds
is important, which remains an issue to resolve. Historically, the
publication of active compounds in a given assay or with a particular
endpoint has been prioritized over inactive molecules. For example,
a recent comprehensive analysis of published screening bioactivity
data shows that in ChEMBL V.29 (release in 2022) there is a large
number of active compounds (ca. 71%) with respect to the inactive
ones (ca. 31%); contrary to what it would be expected (López-López
et al., 2022). These results highlight the relevance of changing the
mindset about the importance and utility of inactive or negative data
(keeping in mind that the definition of “inactive” is subjective as it
depends on the particular biological assay and the predefined
threshold to deem a compound inactive).

Decoy data sets have been developed in an attempt to reduce the
gap between inactive (or negative) and active compounds. Decoy
molecules are assumed non-active but have high physicochemical
property similarity (but not topologically) to reference compounds
(Réau et al., 2018). Decoys are useful to evaluate benchmark models
that were assembled in the absence of inactive compounds
experimentally measured (Irwin, 2008) and can be used to enrich
de novo design models. Table 3 summarizes examples of large
databases of experimentally tested active or inactive compounds,
decoy datasets, and tools to generate decoys for specific projects.

Decoy compounds have been used to describe, explore, and
expand the knowledge of active molecules. For example,
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rationalizing the physicochemical, chemical, biological, and clinical
data of active compounds (López-López et al., 2021a). Recently,
decoys can be employed in several de novo protocols based on ligand
or structure as summarized in Table 4.

4 Criteria to generate compound
datasets with high quality

The quality of a data set is multifaceted. Commonly, it is
associated with the experimental reproducibility of each data

point and the experimental similarities between the protocols
used to derive such data. Another important aspect of data
quality is the balance between active and inactive compound.
The latter is specially a challenge in public data sets due to the
overall lack of published negative data. Finding qualitative yet better
quantitative relationships between chemical structures and
biological activity has been long pursued in medicinal chemistry
and drug discovery. With the rapid increase and deployment of the
predictive machine and deep learning methods, as well as the
increased interest in the de novo design of chemical libraries
(Mouchlis et al., 2021), the quantity and quality of data are

TABLE 3 Examples of potential inactive and decoy resources for enriching de novo design models.

Datasets with active and inactive compounds Criteria to select inactive data Ref.

ChEMBL Reported activity data. Davies et al. (2015), Mendez et al. (2019)

PubChem Kim et al. (2023)

Binding DB Reported ligand-receptor affinity. Chen et al. (2002)

Decoy datasets Common decoy selection criteria

ZINC Compounds that share drug-like properties with the reference
(active) compounds.

Tingle et al. (2023)

DUD-E Mysinger et al. (2012)

DUD Database with 2950 annotated ligands and 95,316 property-
matched decoys for 40 targets.

Irwin (2008)

MUV Compounds that share structural similarity with active
reported compounds.

Rohrer and Baumann (2009)

DEKOIS 2.0 Compounds that share drug-like properties and structural
similarity with the reference (active) compounds.

Bauer et al. (2013)

Decoy tools Common decoy compound selection criteria

DecoyFinder Allows the automatic creation of datasets of compounds with
physicochemical similarity and without structural similarity
respect to the reference (active) compounds.

Cereto-Massagué et al. (2012)

RADER Allows the automatic generation of datasets of compounds
with physicochemical and structural similarity with respect to
the reference (active) compounds.

Wang et al. (2017)

ZINC pharmer Enables the automatic identification of compounds with
pharmacophore similarity with respect to the reference (active
and inactive) compounds.

Koes and Camacho (2012)

Decoy Developer Allows the automatic generation of peptides decoys. Shipman et al. (2019)

TABLE 4 Examples of applications of decoys in de novo design.

Approach Purpose of using decoy sets Ref.

Ligand-based

• Validation of new protocols and scoring functions based on similarity
metrics and 3D shape.

(Arús-Pous et al. (2020); Awale and Reymond. (2015); Cao et al. (2020);
Medina-Franco et al. (2019); Norinder et al. (2019); Papadopoulos et al.

(2021); Skalic et al. (2019b); Skalic et al. (2019a); Ullanat (2020)
• Improvement of the accuracy of AI-based models.

• Improvement of the accuracy of QSAR models.

• Enrichment of inactive “dark regions” in chemical space.

Structure-
based

• Validation of new protocols and scoring functions based in docking,
molecular dynamics, and pharmacophore modeling.

Balius et al. (2013); Beato et al. (2013); Guo J et al. (2021); Ma et al. (2021);
Niitsu and Sugita (2023)

• Peptide and protein design.
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becoming a central point in the discussion of the type of data sets
needed (Schneider et al., 2020). While the more data (Cherkasov,
2023), the better, it is also true that the quality of the data available
(that might not be quite large) is also crucial. Furthermore, the
balance between active and inactive compounds is also a major
consideration (López-López et al., 2022). Table 5 summarizes
criteria for generating quality data sets. The list is not exhaustive
but covers what the authors consider key points based on experience
and what has been discussed extensively in the literature. Each point
is supported by the references indicated in the table and further
commented in the next subsections.

4.1 Balance

As discussed previously, several current data sets in the public
domain are unbalanced due to the infrequent practice of reporting
inactive compounds and negative data in general. Historically, the
negative and inactive data of preclinical compounds has been ignored
by most journals that favor the publication of most active compounds
and positive results (Medina-Franco and López-López, 2022).
However, inactive and negative data are essential in drug design
and development. For example, the analysis of high-quality inactive
and negative data improves clinical success rate, reduces costs
associated with drug development, and reduces the side effects
rates (Hayes and Hunter, 2012; López-López and Medina-Franco,
2023). Moreover, data mining and AI approaches are largely
benefitted from inactive compounds (Yu, 2021; López-López et al.,
2022). The use of inactive and negative data allows real data
augmentation to develop AI models, improve their accuracy, and
reduce the rate of false-positive cases (Korkmaz, 2020; IBM, 2022).
Also, the inactive and negative data facilitates the generation of QSPRs
models that allows the rationalization of basically any property
(Kramer and Lewis, 2012; Norinder et al., 2019).

4.2 Confidence of the activity data

An unwritten rule on AI and computational projects in general
is "garbage in, garbage out". This perspective has direct implications
in drug design (Bajorath et al., 2022). Recent studies have
demonstrated that the use of quality data allows generating of AI
models with higher accuracy than the AI models generated from
larger datasets but with low-quality.

4.3 Chemical and structural diversity

In general, a compound dataset with a large or broad
applicability domain, as captured by the diversity of the contents,
can give rise to predictive models with a large coverage. This is,
molecules from diverse chemical structures could be conveniently
interpolated in those models. As a comparison in an experimental
setting, high-throughput screening of chemical diverse libraries
increases the chances to find hit compounds for targets for which
no hit compounds have been previously identified.

Due to the rapid expansion of the chemical universe, recently
called the ‘Big Bang’ of the chemical universe (Cherkasov, 2023) it is
relatively easy to have access to large and diverse regions of the
chemical space. However, a practical challenge is to manage such
large compound data sets computationally while developing and
testing new models. A similar practical problem emerged when
combinatorial chemistry was at its peak: it was challenging to design
rationally novel large and diverse combinatorial libraries. To tackle
this problem numerous diversity selection algorithms have been
developed (Leach and Gillet, 2007). We recently applied a
dissimilarity-based compound selection method to obtain three
diverse subsets of natural products (with 14,994, 7,497, and
4,998 compounds, respectively) from the UNP. The subsets, that
are freely available, can be readily used for the novo design

TABLE 5 Overview of suggested general criteria to generate quality datasets useful in de novo design.

Criteria Brief description Ref.

Balance • Quality and quantity data allow the exploration of substantial regions of
chemical space.

Scannell et al. (2022); Yang et al. (2023)

Quality
(confidence) data

• The reliability of the activity data (active or inactive) is crucial to develop
predictive models. This is the activity data reproducibility.

Kumar et al. (2022)

Diversity • Datasets with a high chemical and structural diversity improve the generation
of novel molecules.

Saldívar-González and Medina-Franco (2022)

Preparation or
curation

• Dataset curation must be focused on one or multiple drug targets. Therefore,
molecular descriptors and the cut-off threshold used for the curated must be
properly selected.

• Dataset should be oriented to resolve specific outcomes and avoid Pan-Assay
Interference Compounds (PAINS) structures or chemical structures related to
side effects.

• In small datasets it is very important to have as much accurate data as possible.
The maximum observable accuracy of classification models also depends on
the experimental uncertainty and the distribution of the measured values. For
instance, datasets with large noise are not recommended for the comparison of
different models.

Fourches et al. (2016); Kramer and Lewis (2012)

Complete
information

• According to the main objective of each project, the dataset used must contain
reliable data related to the project’s objective. For example, structure
containing chemical and physicochemical information, bioactivity data for the
related biological endpoint, or outcomes from clinical trials, etc.

López-López et al. (2021b); López-López and Medina-Franco.
(2023); Wu et al. (2023a); Wu et al. (2023b)
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applications and as benchmarks for similarity/diversity analysis
(Chávez-Hernández and Medina-Franco, 2023).

4.4 Preparation or curation

A general curation protocol used on drug discovery datasets is to
eliminate duplicate structures, canonize their SMILES
representation, eliminate salts, and metals. However, according to
the main goal of the de novo design model, additional steps to
prepare a dataset could be taking into account, for example: 1)
eliminating compounds with structural PAINS to reduce the rate of
false-positive compounds prediction; 2) deleting compounds
reported with side effects and/or ADMET deficiencies, to
prioritize the generation of safe and optimization compounds.; or
3) making sure to keep in the dataset compounds with high activity
confidence to improve the quality of predicted outputs. This list
must be adapted according to the main goal of the de novo design
model. It is also noted the need to develop robust and consistent
protocols that take into scout metal-containing compounds as they
have a major role in medicinal inorganic chemistry (Medina-Franco
et al., 2022a).

4.5 Completeness

Chemical structures should contain the required or relevant
information for the goals of the study. For instance, compounds
should be annotated with stereochemistry information if the 3D
structure and conformation is critical; electronic density and
quantum chemical data if the reactivity is key point to predict;
the type of the biological activity data such as biochemical, cell-based
or functional assays; drug-drug interaction data,
pharmacogenomics, or post-marketing annotations; should be
aligned with the type of outcome to be predicted and later
validated experimentally.

5 Perspectives of de novo design

One of the major perspectives of the de novo design is using
balanced data sets (as much as experimental data is available) to
build reliable models. Similar to QSAR predictive models, it is
also crucial the validation of de novo protocols using standard
and well-curated benchmark datasets (discussed in Section 3.6).
With the increasing data availability to generate and train new
models, it is becoming increasingly easy to explore regions of
chemical space previously uncharted and continue contributing
to the so-called “big bang” expansion of the chemical space. A
major perspective in this direction is to explore biologically
relevant compounds but outside the traditional small molecule
chemical space (Medina-Franco et al., 2014). For instance,
exploring metallodrugs (Medina-Franco et al., 2022a),
macrocycles (Liang et al., 2022), peptides, or the combination
of commonly explored chemical spaces, e.g., pseudo-natural
products (discussed in Section 3.5).

6 Conclusion

Among the main types of datasets used in the novo design are
on-demand collections, compounds annotated with biological
activity, commercially available libraries, and natural products.
More recently, a large benchmark data set was developed for
machine learning applications. Although there is a general
agreement in machine learning that the more data, the better,
it is becoming more and more evident to consider the reliability
and the quality of the data sets as critical features of the data.
Part of the quality is associated with the balance between
inactive and active compounds (in a rough analogy with the
Yin-Yang concept), tasks that are not always feasible due to the
general scarcity of negative (inactive compounds). The later
point further emphasizes the continued need to publish and
disclose negative results. Due to the fact that the experimental
data of inactive compounds are not common, the community is
using decoy data sets that by themselves are subject to design
and refining using rational approaches. Decoy data sets try to fill
the void of experimentally determined inactive molecules.
Major criteria to take into account to generate compound
data sets with high quality include balanced data sets in
terms of active and inactive compounds (when the
experimental information is available), structural and
chemical diversity, curation or preparation according to the
goals of the project, and complete information. All these
together contribute to the perspectives of de novo design that
foresees a continued and rapid expansion of molecules with the
potential to become drugs.
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List of abbreviations

ADME/Tox absorption, distribution, metabolism, excretion, and
toxicity

CADD computer-aided drug design
CADS computer-aided drug selection
COCONUT Collection of Open Natural Products
CoVs coronaviruses
DNMT DNA methyltransferase
HBA hydrogen bond acceptors
HBD hydrogen bond donors
MD molecular dynamics
MOE Molecular Operating Environment
Mpro membrane protein
MW molecular weight
NP natural products
PDB Protein Data Bank
RB rotatable bonds
SAH S-adenosyl-L-homocysteine
SAM S-adenosyl-L-methionine
SAR structure-activity relationships
SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus 2
SlogP octanol/water partition coefficient
SMARts structure multiple-activity relationships
TCM Traditional Chinese Medicine
TMAP Tree Map
TPSA topological polar surface area
VS virtual screening

1 Natural products in drug discovery

Natural products (NP), from either terrestrial or aquatic
organisms, have a long tradition as sources of active

compounds for health-related benefits. From the approved
drugs between 1981 and 2019, 3.8% corresponds to unal-
tered NP, and 18.9% are NP derivatives [1]. An example
of an NP recently approved for clinical use is migalastat
(Galafold®) (Fig. 1) to treat Fabry disease. This compound
that was isolated as a fermentation product of the bacte-
rium Streptomyces lydicus, is approved for clinical use (as
of August 2018) in Australia, Canada, Israel, Japan, South
Korea, Switzerland, the United States of America, and the
European Union. Other drugs recently approved for clini-
cal use that are derivatives of NP are the antiparasitic com-
pound moxidectin, and the antibacterial plazomicin
(Fig. 1).Moxidectin is synthetically derived fromnemadec-
tin and plazomicin is synthetically derived from sisomicin.
It is alsowell known that overmillions of years,Nature has
selected and optimized chemical structures to produce
chemical scaffolds and compounds enriched with biologi-
cal function. However, NP hurdles include challenges in
the isolation and purification procedures, minimal avail-
able amounts of lead compounds, the difficulty in synthe-
sizing NP with high structural complexity, and the
associated synthesis scale-up issues. Also, for drug discov-
ery applications, caution should be takenwith compounds
that have been designed by Nature for defense and are
toxic.Assuch,one canexpect thatnot allNPhasabeneficial
effectonhealth.However, the considerable successofusing
NP to produce bioactive compounds or bioactivemixtures
has inspired the preparation of synthetic molecules
that have become drugs approved for clinical use [1].
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Besides, the unique structural features ofNP, such as struc-
tural complexity [2], represent a promising opportunity to
identifyactiveor selective compounds for emerging targets
[3] or those targets that are difficult to tackle with classical
synthetic molecules.

The number of applications of computational
approaches to improve and accelerate NP-based drug dis-
covery is increasing. This fact is documented in several
recent book chapters and review papers [4–8] that discuss
the range of molecular modeling, chemoinformatics [9],
machine learning [10], and other computer-aided drug
design approaches that are used to optimize drug candi-
dates from natural origin and to understand the coverage
of NP in chemical space. This chapter also discusses new
molecular modeling and chemoinformatics applications
to identify bioactive NP with potential therapeutic use.
We also present computational techniques to optimize
the biological activity and understand at the molecular
level the underlyingmechanismof action of bioactive com-
poundsandanticipate theirpotential issuesof toxicity. This
chapter is an update of several topics covered 5 years ago
and published in the first edition of this book [4].

The chapter is organized into six major sections: after a
brief introduction of NP-based drug discovery, Section 2
presents a general overview of the drug discovery process
emphasizing the different computational approaches used
in the discovery and development of lead compounds. In
the same section,we comment on the factors affectingdrug
discovery from natural products in computational
approaches. Section 3 discusses recent progress on com-
poundsdatabases, emphasizing collections ofNPavailable

in the public domain. The next section describes the NP’s
characterization and profiling in terms of chemical diver-
sity, coverage of chemical space, toxicity, and molecular
complexity. Section 5 presents the detection of compounds
fromnatural originwithapotential therapeutic application
and identifies potential molecular targets of bioactive com-
pounds.This section emphasizes the roleofNP forCOVID-
19 drugdiscovery and epigenetic drugdiscovery. Section 6
covers molecular modeling’s role in exploring the mecha-
nism of action of NP at themolecular level. The last section
presents concluding remarks and an outlook.

2 Computer-aided drug design

Computer-aided drug design (CADD) includes a large
group of theoretical and computational approaches that
are part of modern drug discovery. These methods
include molecular modeling, chemoinformatics, bioinfor-
matics, and other theoretical disciplines [11]. CADD has
made major contributions to help to bring compounds to
the clinic. Indeed, several marketed drugs such as imati-
nib, zanamivir and nelfinavir, and other clinical candi-
dates have been identified or optimized with the aid of
molecular modeling techniques [12]. Fig. 2 shows a sche-
matic representation of the main steps involved in the
drug discovery process and the type of application and
representative computational approaches that are used
along the process. The role of CADD in the drug discov-
ery process lies mainly in the phase of lead identification
and optimization.

FIG. 1 Recent natural products and derivatives approved for clinical use.
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Recent progress on CADD has been recently reviewed
and the reader is referred to the literature for the details
[12]. Briefly, computational calculations have played a sig-
nificant role in the investigation of molecules that are cur-
rently in clinical use. For instance, in silico methods have
made notable contributions in the treatment of acquired
immunodeficiency syndrome, influenza virus infections,
in the treatment of glaucoma, and in the treatment of
patients with non-small cell lung cancer.

As reviewed elsewhere, CADD approaches can be clas-
sified in three main areas: structure-based, ligand-based
and hybrid methods. Structure-based methods, such as
molecular docking and molecular dynamics, depending
on the three-dimension information of the molecular tar-
get. Applications of structure-basedmethods include char-
acterization of biding sites, elucidation of the mechanism
of action of active molecules at the molecular level, and
evaluation of the kinetics and thermodynamics involved
in the ligand-target recognition process.

Ligand-based methods depend on the information of
the chemical structures of a group of molecules (aka
ligands) with known biological activity. One of the main
goal of this method is to identify some bioactive com-
pounds or to improve the activity of active molecules.

Typical examples of ligand-based methods are similarity
searching, QSAR modeling, and machine learning
models that depend on the structure of the ligands [13].

When the structure of the target is known aswell as the
structure of active molecules, it is feasible to apply hybrid
methods, i.e., a combination of structure- and ligand-
based. Examples are in silico approaches to predict bioac-
tivity based on the biological profile of compounds tested
vs. one or multiple targets. Other examples are pharma-
cophore modeling.

One of the major issues to deal with natural products
using chemoinformatics approaches is the type of mole-
cules that could be too large or complex. For instance, sev-
eral molecular fingerprints typically used to represent
small organic compounds are challenging to apply to nat-
ural products. Therefore, there is an effort to develop
molecular representations general as possible [14].

3 Natural product databases

Compound databases have a prominent role in drug
discovery. This is particularly relevant with the advent
of big data. Indeed, high-throughput experimental and

FIG. 2 Schematic representation of main steps involved in the drug discovery and the applications of computational methods at different stages.
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virtual screening (VS) of large chemical databases generate
an enormous amount of data that need to be stored and
made accessible to convert data into information and
finally into knowledge [15]. One of the applications of che-
moinformatics (also known as cheminformatics or chemi-
cal informatics) [11] in NP research is the organization,
analysis, and dissemination of chemical information of
NP in compound databases [16,17]. In fact, the increasing
amount of informatics applications in drug discovery has
led to the term “natural products informatics” [11]. There
are several excellent and extensive reviews of NP data-
bases published over the past 5 years [6,16,18,19]. One of
the most recent reviews is a compilation of more than
100 public NP databases from different sources that collect
more than 400,000 non-redundant molecules [20,21].
Among the numerous NP databases in the public domain,
there are initiatives to compile in a single platform, NP
from different geographical regions, including Africa
(e.g., African Natural Products Database—ANPDB) [22],
Latin America (e.g., Latin American Natural Product
Database—LANaPD) [17], and Vietnam [23]. Also, there
are compound databases of NP focused on a specific ther-
apeutic indication. A contemporary example is DiaNat-
DB, a compound collection of more than 330 antidiabetic
compounds from medicinal plants [24].

Besides, there are efforts tomake publicly available data-
bases of fragments derived from NP for NP-based
fragment-based drug discovery and the generation of
“pseudo-NP” [25]. For instance, Chávez-Hernández
recently reported an extensive fragment library with nearly
206,000 fragments derived from a drug-like subset of the
Collection of Open Natural Products (COCONUT) data-
base. In that work, the fragment library of NP was com-
pared to fragment libraries of ChEMBL as representative
of biologically relevant compounds and a vast on-demand
database of synthetic molecules. The fragment library of
NP was made freely available [26]. Of note, COCONUT
is one of the largest compilations of NP available for which
a website has been developed to browse the contents [21].

4 Chemoinformatic studies

In addition to the construction and maintenance of NP
databases, computational methods are used to analyze
compound databases’ contents and obtain a detailed pro-
file of various features of common interest for drug dis-
covery applications. Common examples include the
systematic analysis of chemical diversity using different
structural and molecular representations, a profile of
physicochemical properties of pharmaceutical interest,
molecular complexity, visual representation of the chem-
ical space, and in silico profiling of absorption, distribu-
tion, metabolism, excretion, and toxicity (ADME/Tox).

There are well-established chemoinformatic protocols
to obtain a detailed profile of these characteristics [27].

4.1 Physicochemical properties

Moleculardescriptors frequently used todescribe chem-
ical libraries include molecular weight (MW), the octanol/
water partition coefficient (SlogP), topological polar sur-
face area (TPSA), hydrogen bonddonors (HBD), hydrogen
bond acceptors (HBA), and the number of rotatable bonds
(RB). These descriptors are typically used to quantify lead-
like and drug-like features of compound data sets. In gen-
eral, these descriptors are intended to capture three signif-
icant features of interest in drug development, namely size
(MW), polarity (SlogP, TPSA,HBDs,HBAs), and flexibility
(RBs) [28,29].NPdata sets havebeenprofiled formore than
15years in terms of such sixmolecular descriptors. It is also
common to include in such analysis the distribution of
other simple yet relevant structural features such as counts
of carbon, nitrogen, oxygen atoms, and different types of
rings (total number, aromatic, heteroaromatic, etc.) [30,31].

Pilón-Jimenez et al. reported a comparative analysis of
BIOFACQUIM, a NP database from Mexico with drugs
approved for clinical use, NP from NuBBEDB, marine
NP, cyanobacteria, and fungi metabolites [32]. The
authors concluded that compounds in BIOFACQUIM
are more similar to NuBBEDB and fungi data sets. In a
separate and also recent study, Simoben et al. reported
the drug-likeness of 1870 compounds from the EANPDB
database [22]. It was found that about 85% of the com-
pounds in this database have drug-like features.

Saldívar-González recently reported a diversity analy-
sis based on physicochemical properties of 154,680 com-
pounds from the Universal Natural Product Database
[27] and compare the diversity of such database with
compound data sets from the different origins such as
188 morpholine peptidomimetics from a diversity-
oriented-synthesis approach, 37 analogs of indinavir
from a combinatorial compound library, 27 non-
nucleoside DNA-methyltransferase inhibitors from a
lead optimization program representative of a target-
oriented synthesis approach, and drugs approved for
clinical use. The authors concluded that compounds from
the extensive NP database are the most diverse, while
compounds from the combinatorial library, followed by
the TOS set, are the least diverse.

4.2 Molecular scaffolds

Molecular scaffolds also termed “chemotypes,” are the
mainorcoreofamolecular structure.Likephysicochemical
properties discussed in Section 4.1, molecular scaffolds are
straightforward to interpret and facilitate communication
across disciplines such as NP and medicinal chemists,
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and chemoinformaticians. Certainly, molecular scaffolds
are firmly bound to general concepts in drug discovery,
suchas“privilegedstructures” [33]and“scaffoldhopping”
[34]. There are different ways to generate scaffolds of com-
pound databases systematically and consistently that have
been extensively reviewed by Langdon et al. [35].

Systematic analysis of NP databases’ scaffold content
has been reported revealing the most frequent and dis-
tinct scaffolds in the data sets. For instance, Saldívar-
González et al. identified the most common scaffolds
found in NP from Brazilian diversity [36]. Tran et al.
recently discussed the unique molecular scaffolds pre-
sent in compounds from honey bee and stingless bee
propolis. In the same study, authors readily identified
that benzene, coumarin, flavan, and flavone are the four
scaffolds present in the propolis plus approved drugs
and food chemicals [37]. Al Sharie et al. analyzed the
scaffold diversity of metabolites from red, brown, and
green algae from the Seaweed Metabolite Database,
concluding that red algae metabolites are the least
diverse while metabolites from green algae are the most
diverse [38]. Similarly, González-Medina et al. also
recently analyzed the scaffold diversity of cyanobac-
teria compounds from freshwater and marine sources,
concluding that the former are less diverse than metab-
olites from marine sources. In that work, it was also
revealed the most frequent scaffolds found in both data
sets and the molecular scaffold common to both com-
pound collections.

4.3 Molecular complexity

Likewise to the notion of molecular similarity [39],
molecular complexity is an ambiguous and subjective
concept which definition depends on the person’s experi-
ence and application. For instance, the complexity of a
molecule can be assessed in terms of the final structure
itself (atom connectivity or three-dimensional shape) or
by how difficult to synthesize. Some metrics have been
proposed to quantify the complexity of a molecule struc-
ture [2]. Similarly, there are different approaches to
measure synthetic accessibility [40]. Saldívar-González
et al. recently reviewed the three main methods to evalu-
ate chemical complexity and synthetic accessibility,
namely graph-theoretical methods, (sub)structure-based
approaches, and physicochemical and topological
descriptors [27]. In that review, it was noted that the
results of the quantitative metrics should coincide with
the chemical intuition. Likewise, it is emphasized that
simple and easy to compute metrics can provide insight-
ful results [27].

Quantitative assessment of molecular complexity is
becoming a crucial factor in drug discovery since it has
been associated with increased probabilities to advance

in clinical development [41], selectivity, and safety.
Recently, it has been proposed that a classical metric to
quantity structural complexity such as Fsp3 is a drug-
likeness criterion [42]. Several metrics are straightfor-
ward to compute with open-source and free software
such as DataWarrior [43,44].

It is well known that NP can have highly complex
structures. Likewise, several NP’s synthetic accessibility
is challenging, particularly when they have several
stereocenters. Chemoinformatic methods are useful for
quantifying the molecular complexity and comparing
it with the complexity of compounds from other sources
such as organic synthesis. Over the past few years, the
fraction of sp3 carbon atoms, the number of stereocen-
ters, and other descriptors have been used to compare
the molecular complexity of NP from different sources
and geographical regions. Prieto-Martínez et al. recently
reviewed several analyses [5]. More recent studies
include the molecular complexity profiling of the Uni-
versal Natural Products Database, NP in NuBBEDB,
marine NP, cyanobacteria, fungi metabolites, and other
data sets [36]. Also, it has been recently analyzed the
complexity of compounds from the Seaweed Metabolite
Database [38]. The final conclusion of the quantitative
comparisons was that, overall, NPs are more complex
than drugs approved for clinical use and that NP have
large differences in complexity, depending on the partic-
ular source. For instance, cyanobacterial metabolites are
more complex than fungi metabolites. Also, marine
metabolites are more complex than NP available from
commercial sources [36].

4.4 Fragments

The overall complex chemical structures of NP make
them attractive sources to investigate novel areas of
chemical space. Simultaneously, high structural complex-
ity represents a challenge to further obtain them in large
quantities needed in advance stages of the drug develop-
ment face. For this reason, there has been a recent interest
in developing synthetic plans to generate semi-synthetic
compound libraries inspired by NP [45]. Also, NPs are
attractive starting points for fragment-based drug design
and generate “pseudo-NPs” [25]. Based on the need to
generate fragment libraries based on NP, Chávez-
Hernández et al. recently reported an exhaustive frag-
ment library with 205,903 fragments obtained from a
sizeable drug-like subset of COCONUT (vide supra)
[26]. In that work, Chávez-Hernández et al. compared
the NP-based fragment collection with a fragment library
obtained from more than one million drug-like com-
pounds tested for biological activity and stored in
ChEMBL [46], and with a second fragment collection
derived from more than 15 million synthetically
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accessible and novel compounds. It was concluded that
there is an extensive diversity of unique fragments
derived from NPs that could be used as building blocks
for the de novo design and synthesis of unique molecules.
It was also found that the entire structures and fragments
derived from NP are more diverse and have larger struc-
tural complexity than the two reference compound
collections [26].

4.5 Acid/base profiling

Acidic and basic functional groups of amolecule deter-
mine its charge state at different pH values. This, in turn,
can affect its solubility, physicochemical properties, affin-
ity for a molecular receptor, pharmacokinetics, and toxic-
ity (vide infra). For instance, molecular basicity has been
correlated with molecular promiscuity, hERG blockade,
and phospholipidosis. The reader is directed to an
in-depth discussion by Manallack et al. [47] on the effect
of acid/base properties on ADME/Tox properties, drug-
target interaction, and drug formulation.

Despite the critical importance of the acid/based prop-
erties of molecules in drug discovery, they have been ana-
lyzed on a limited basis for NP. In this direction,
Santibáñez-Morán et al. discussed the acid/base profile
of NP libraries from different geographic locations and
sources. The calculated profilewas compared to food che-
micals and drugs approved for clinical use [48,49]. The
NP data sets analyzed were the Universal Natural Prod-
uct Database, NP from NuBBEDB and BIOFACQUIM
databases, marine NP, fungi and cyanobacteria metabo-
lites, and NP from commercial vendors (pure and
semi-synthetic). The NP data sets were compared to food
chemicals and drugs approved for clinical use. Santibá-
ñez-Morán et al. concluded that, regardless of the differ-
ent characteristics of the various NP data sets depending
on the source of origin (marine, fungi, cyanobacteria) and
geographical location (e.g., Brazil, Mexico), NP contain
about 45% of neutral compounds. NP also have about
25% of single acids with a pKa distribution comparable
to approved drugs and less than 7% of single bases.

4.6 ADME/Tox profiling

ADME/Tox properties play a significant role in drug
discovery [50]. It is estimated that a significant percentage
of all drug failures are related to issues with such proper-
ties. Therefore, early measurement or at least in silico pre-
diction of ADME/Tox properties has an enormous
impact on drug development projects. However, accurate
prediction of such properties is not a trivial endeavor and
but big data and machine learning are largely contribut-
ing to improving ADME/Tox predictions [51,52]. A large
variety of prediction methods have been implemented

into public web servers [53]. For instance, Jia et al.
reviewed public online resources to evaluate the ADME
and drug-likeness properties of compound data sets [50].
The authors emphasized that quality and updated infor-
mation in comprehensive databases are key factors for
constructing reliable models to evaluate drug-likeness
in silico. Jia et al. also concluded that online ADME/
Tox resources provide useful guidelines to extract ratio-
nal compounds that match the desirable pharmacokinetic
properties or to filter compounds that are not likely to be
drugs. Chen et al. have recently pointed out that, despite
the fact, there are several web servers and computational
models of free access to evaluate ADME/Tox properties,
the user should be careful as many of such models have
been trained on synthetic compounds, and the applicabil-
ity domain of NP could be outside those models [7].

Since NP are excellent sources of drug candidates, NP
data sets have been profiled for the past 15years [54]. For
instance, Fatima et al. recently discussed a computational
ADME/Tox profiling of four phytochemical databases,
analyzing different parameters. The authors concluded
that 24 compounds have the ADME/Tox properties that
can be considered for drug development [55].

Durán-Iturbide et al. reported a comparative in silico
profile of compounds in BIOFACQUIM with NP from
AfroDB, NuBBEDB, molecules from the Traditional Chi-
nese Medicine (TCM), and drugs approved for clinical
use. The authors of that work found that the absorption
and distribution profile of compounds in BIOFACQUIM
is similar to approved drugs, while the metabolism pro-
file is comparable to other NP databases. The excretion
profile of compounds in BIOFACQUIM was different
from approved drugs, but their predicted toxicity profile
was comparable [56].

Recently, Simoben et al. reported the ADME/Tox pro-
file of 1870 compounds from the EANPDB database [22].
To that end, the authors employed the free-server
pkCSM-pharmacokinetics [57]. It was found that 99.7%
of the molecules in EANPDB were predicted to do not
interfere with the inhibition of the potassium ion (K+)
channels. It was also found that about 85% of compounds
in EANPDB were estimated to do not have
no-hepatotoxic or skin sensitization effects [22].

4.7 Global diversity

As commented in the previous sections, different repre-
sentations of chemical structures (physicochemical proper-
ties, sub-structural features, molecular fingerprints, etc.)
are used to quantitatively measure compound data sets’
chemical diversity. Indeed, chemical representation is
one (or perhaps the most important) feature in chemoin-
formatics (vide infra). Therefore, molecular diversity is
highly attached to the particular method used to quantify
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diversity. To reduce molecular diversity dependence with
molecular representation has been proposed to combine
multiple representations into a single graph termed Con-
sensus Diversity Plot (CDP) [58]. A CDP is a
bi-dimensional graph that shows on the same plot four
measures of diversity (more metrics of diversity could
be added), and it is intended to analyze the “total” or
“global” diversity of compound data sets. In current
CDP applications, the most common representations to
analyze diversity have been scaffold-based, fingerprint,
drug-like molecular properties, and the number of com-
pounds (or size) in the data set. Complexity has also been
represented. There is a free webserver to generate
CDPs [58].

CDPs have been used to analyze the total diversity of
NP from Brazil, Mexico, and Panama [36,59,60]. Recently
Al Sharie et al. employed the consensus technique to com-
pare metabolites from red, brown, and green algae from
the Seaweed Metabolite Database, concluding that, over-
all, metabolites from green algae are the most diverse
[38]. The graphs have also been used to analyze the global
diversity of compounds tested with epigenetic targets
and synthetic libraries [61]. Further discussion of CDP
has been published recently [27].

4.8 Visual representation of chemical space

The concept of “chemical space” has received different
definitions. For example, Virshup et al. defined chemical
space as “an M-dimensional Cartesian space in which
compounds are located by a set of M physiochemical
and/or chemoinformatic descriptors” [62]. Such defini-
tion emphasizes the dependence of chemical space with
molecular representation. Although many quantitative
assessments of the structural diversity of compound data
sets are linked to the concept of chemical space (e.g., anal-
ysis of the profile of the six physicochemical properties of
pharmaceutical interest, vide supra), the chemical space
exploration is usually associated with a visual represen-
tation of the multi-dimensional space. To this end, differ-
ent visualization techniques have been implemented.
Among the most common are principal component anal-
ysis, self-organizing maps, t-distributed stochastic neigh-
bor embedding (t-SNE), ChemMaps [63], and others
extensively reviewed in [64,65]. For example, Olmedo
et al. used PCA to generate a comparative chemical space
visualization of NP from Panama with compounds in
TCM, synthetic molecules and drugs approved for clini-
cal use [59,66].

Recently, Probst et al. proposed the technique TreeMap
(TMAP) tuned to visualize high-dimensional chemical
spaces [67]. This technique has been used to visualize
the chemical space of theNPdatabase BIOFACQUIMwith
the reference databases ChEMBL and NP assembled from

the Universal Natural Products Database, the Natural
Products Atlas, and Natural Products in PubChem Sub-
stance Database [60]. Visual representation of the chemical
space if often used to explore the structure-activity rela-
tionships (SAR) or structuremultiple-activity relationships
(SMARts) [68] of compound data sets systematically and
identify valuable “StARs” in chemical space [69].

To illustrateTMAPs, threeNaturalProductdatasetswere
used: Traditional Chinese Medicine (TCM), with 17,986
compounds [70], BIOFACQUIM with 531 NPs that were
isolated and characterized fromMexico [60], andNuBBEDB
with 2215NP fromBrazil [71].Data setswerepreparedwith
the open-source cheminformatics toolkit RDKit (http://
www.rdkit.org), version 2020.03.2.0. supporting us from
the Standardizer, LargestFragmentChoser, Uncharger,
Reionizer, and TautomerCanonicalizer functions imple-
mented in themolecule validation and standardization tool
MolVS [72]. All calculations were performed using Python
programming language. Curated data sets have standard-
ized chemical structures. Compoundswere removed if they
hadanyelementother thanH,B,C,N,O,F, Si, P, S,Cl, Se,Br,
and I. Structureswithvalence errorswere removed fromthe
dataset. Those had multiple compounds (e.g., ionic salts)
were split, and the largest component was retained
(LargestFragmentChoser function). The remaining com-
pounds were neutralized (Uncharger function) and reio-
nized (Reionizer function) to generate a canonical
tautomer (TautomerCanonicalizer function) subsequently.
Also, duplicated structures within each database were
removed. After curation and preparation, data sets had
the followingsizes: 17,905TCMcompounds,2015NuBBEDB
compounds, and 503 BIOFACQUIM compounds.

After data curation, fragments were generated with
Retrosynthetic Combinatorial Analysis Procedure
(RECAP) that is based on 11 cleavage rules derived from
chemical reactions.Amolecule is cleaved if this had any of
the following bonds: ether, olefin, amide, ester, amine,
urea, quaternary nitrogen, aromatic nitrogen-aliphatic
carbon, lactam nitrogen-aliphatic carbon, aromatics
carbon-aromatic carbon, and sulfonamide [73]. After that,
to carry out the visual representation of chemical space
using TMAP, Morgan fingerprint with radius 2
(Morgan2, 1024bits) [74] were generated for all com-
pounds and fragments from data sets of TCM, BIOFAC-
QUIM, and NuBBEDB. It was generated a binary vector
(0,1) with the possible substructures that each molecule
in each database can have. Where 1 is that a molecule
has a substructure and 0 is that the molecule does not
have. It should be noted that the reference substructures
are unique to each database and depend on the chemical
environment of the molecule. Later, these binary values
(fingerprints) were coded to 1024 HASH functions and
128 prefix trees. After the c-approximate k-nearest neigh-
bors’ graph (c-k-NNG) was constructed taking two argu-
ments: k, the number of nearest-neighbors to be searched
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for, and kc, the factor used by the augmented query algo-
rithm. The k numbers of compounds closest to a reference
compound are grouped. Closeness is measured from the
Euclideandistance between each compound, and the clos-
est compounds form groups that were joined through
branches, as if it were a tree, hence the name of the graph.

Figs. 3 and 4 show a visual representation of three NP
datasets using TMAP for both compounds and fragments,
respectively. Both figures have six panels where the three
upper panels show the three data sets of NP: TCM in cyan
(light gray in print version), BIOFACQUIM in magenta
(gray in print version), and NuBBEDB in olive (dark gray
in print version). The three lower panels show the overlaps
between TCM-BIOFACQUIM in black, TCM-NuBBEDB in
navy color (dark gray color in print version), and
BIOFACQUIM-NuBBEDB in blue (light gray in print ver-
sion). Each point in the TMAP graph represents a chemical

structure, either compounds or fragments. In structural
terms, if several points are separated means that the com-
pounds are different. The compounds are like each other if
the points are closer together. For example, Fig. 3 shows
that compounds BIOFACQUIM are the most diverse, fol-
lowed by NuBBEDB and TCM. In addition, the chemical
space of the compound data sets is mostly represented
by TCM. The largest percentage of overlapping com-
pounds was TCM-NuBBEDB (3.02% overlap), followed
by BIOFACQUIM-NuBBEDB (2.81% overlap) and TCM-
BIOFACQUIM (0.84% overlap). Whereas, Fig. 4 shows
the chemical space of fragments data sets.
BIOFACQUIM-NuBBEDB fragments have the largest over-
lapping (9.09% overlap), followed by TCM-NuBBEDB

(5.33%overlap), andTCM-BIOFACQUIM(2.15%overlap).
Because the percentage of structures in common between
NuBBEDB and BIOFACQUIM fragments (9.09%) is greater

FIG. 3 Visual representation of the chemical space of the compounds datasets using Tree Map (TMAP). The figure shows compounds from each
dataset represented in colors: TCM (cyan (light gray in print version)); BIOFACQUIM (magenta (gray in print version)), and NuBBEDB (olive (dark
gray in print version)). Overlapping compoundswere indicated for TCM-BIOFACQUIM (black); TCM-NuBBEDB (navy (dark gray in print version)),
and BIOFACQUIM-NuBBEDB (blue (light gray in print version)).
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than their respective compounds (2.81%). It would be
advisable to merge both databases into one, but only frag-
ments. Besides, relatively few fragments are obtained, 392
fragments from NuBBEDB and 136 fragments from
BIOFACQUIM.

The chemical space of NP from plant, marine, fungi,
and other sources has been extensively revised by Saldí-
var-González et al. [75]. In that review, the authors high-
light the variety of properties calculated and different
visualization methods of the chemical space. The molec-
ular representations usedmore frequently to visualize the
chemical space are physicochemical properties associated
with drug-like features and molecular fingerprints. One
of the most frequently used visualization techniques is
PCA. In that work, it was concluded that the space of nat-
urally occurring molecules is diverse and vast and that

the consistent exploration of the space may have crucial
implications not only in drug discovery but also in biodi-
versity analysis.

In a recent and novel approach, Santibáñez-Morán
et al. reported a PCA representation of chemical of seven
NP data set from different origins (e.g., marine, fungi,
and cyanobacteria metabolites) and geographical regions
(Brazil and Mexico) using nine descriptors associated
with the acid/based profile [48]. The NP data sets were
compared to food chemicals and drugs approved for clin-
ical use. The first two principal components captured 76%
of the variance. The visualization of the chemical space
and hierarchical clustering of the same nine descriptors
revealed that cyanobacteria metabolites are different
from the other NP data sets due to mainly the different
pKa distribution of single acids that, in turn, is associated

FIG. 4 Visual representation of the chemical space of the fragments datasets using Tree Map (TMAP). The figure shows fragments from each
dataset represented in colors: TCM (cyan (light gray in print version)); BIOFACQUIM (magenta (gray in print version)), and NuBBEDB (olive (dark
gray in print version)). Overlapping fragments were indicated for TCM-BIOFACQUIM (black); TCM-NuBBEDB (navy (dark gray in print version)),
and BIOFACQUIM-NuBBEDB (blue (light gray in print version)).
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with the low proportion of carboxylic acids. The analysis
also showed that semi-synthetic compounds from a com-
mercial vendor are more similar to drugs approved for
clinical use [48].

Sánchez-Cruz et al. used the TMAPmethod to visualize
the chemical space of 503 compounds in BIOFACQUIM,
168,030 NP assembled from three large data sets (namely,
the Natural Product Atlas, Natural Products in PubChem
Substance Database, and Universal Natural Product Data-
base), and 1,667,509 compounds from ChEMBL 25 [46].
TMAP was particularly useful in this case since, as stated
above, this approach is suitable to represent visually large
data sets as a two-dimensional tree. It was found that com-
pounds in ChEMBL practically defined the biologically
relevant chemical space, but this is not evenly populated.
In such reference space defined by ChEMBL, NPs cover
the same space but more sparsely. In contrast, BIOFAC-
QUIM populates less dense chemical space regions but
have compounds similar to the reference data sets [60].

5 Identify active compounds and potential targets

5.1 Computer-aided drug selection

VS or computer-aided drug selection (CADS) can be
understood as the computational filtering of molecules
to select a reduced number of molecular entities with
increased probability to have the desired property (e.g.,
biological activity). Generally, there are two main types
of filtering. One of them is screening a typically large col-
lection of small molecules (e.g., MW below 1000Da) to
select a reduced number of molecules for experimental
validation and find hit compounds. The experimental
validation is done using biochemical or cell-based assays.
Depending on the experimental information available,
the filtering can be done using structure- or ligand-based
methods. Common approaches are molecular docking
for the first and similarity searching.

The secondmain type of filtering is referred to in the lit-
erature target fishing. This is the screening ofmolecular tar-
gets that could potentially interact with a given (or a
handful number) of small molecules. This approach is
broadlyused inNP research. This is because it is frequently
desired to uncover potential molecular targets of a given
natural compound. This strategy is also quite relevant if
the natural compounds under study are part of a mixture
of molecules that are used in traditional or folk medicine.

VS has a large impact on NP-based drug discovery, as
reviewed in previous publications [7,76,77]. For instance,
in a recent view, de Sousa Luis et al. concluded that for
15years (2003–2018), 230 peer-reviewed articles are
reporting VS of NP collections. Most of the applications
were focused on the therapeutic areas anticancer, antibac-
terial, and anti-inflammatory.

VS or CADS can also be facilitated by the increased avail-
ability of software andonline resources for this purpose [78].
For instance, there are several free online servers that have
been developed to identify potential targets of small mole-
cules. Examples areMolTarPred [79],HitPick [80], SwissTar-
getPrediction [81], and the polypharmacology browser [82],
to name a few. It was recently developed Epigenetic Target
Profiler that is focused on predicting the potential activity of
agivensmallmoleculewitha setof 55 epigenetic targets [83].
Epigenetic Target Profiler is part of D-Tools: a set of free
online resources to support drug discovery [84].

Hereunder, we elaborate on a recent case study related
to the CADS of compounds with potential activity vs.
COVID-19. We selected this case study because of its rel-
evance in modern drug discovery.

5.1.1 COVID-19

Coronaviruses (CoVs) are a family of enveloped RNA
viruses and have a characteristic crown-shaped appear-
ance caused by the surface glycoproteins that decorate
the virus [85]. CoVs are widespread in nature, they can
infect several different species, including mammals and
birds [86]. Also, it has been suggested that some types
of bats are the natural reservoirs of these types of CoVs
[87]. CoVs can cause mainly respiratory, gastrointestinal,
and hepatic diseases, with neurotropic and neuroinva-
sive properties in various hosts [88].

A novel CoV provisionally named 2019-nCoV [89],
and then renamed as Severe Acute Respiratory Syn-
drome Coronavirus 2 (SARS-CoV-2) by the International
Committee on Taxonomy of Viruses [90], was associated
with a cluster of respiratory tract infections named
COVID-19 in Wuhan, Hubei Province, China on Decem-
ber 2019 [91,92]. It has rapidly spread across the world,
causing that the World Health Organization recognized
it as a pandemic in March 2020 [93,94].

SARS-CoV-2 was found to be a positive sense, single-
stranded RNA virus belonging to the genus Betacorona-
virus [85,86]. Its genome contains 14 open reading frames,
encoding for 27 proteins: the ORF1 and ORF2 at the 50-
terminal region of the genome encode for 15 non-struc-
tural proteins, Fig. 5. The four non-structural proteins
that are key enzymes in the viral life cycle are the
3-chymotrypsin-like protease, papain-like protease, heli-
case, and RNA-dependent RNA polymerase, which are
important for virus replication [95]. Initial analyses of
SARS-CoV-2 genomic sequences indicate that these four
enzymes’ catalytic sites could represent antiviral targets
due to their highly conserved and high level of sequence
similarity with the corresponding SARS and MERS
enzymes [96]. The 30-terminal region of the genome
encodes for structural proteins, namely spike, envelope
protein, membrane protein, and nucleocapsid, plus eight
accessory proteins [97]. The proteins are important
because the spike protein governs binding to host cell
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receptors and virus entry into cells; themembrane protein
(Mpro) and the envelope protein, facilitates viral assembly;
and the N protein, which together with genomic RNA
constitutes the nucleocapsid, which is the major antigen
in severe acute respiratory syndrome [86,98,99].

Currently, there are no SARS-CoV-2 specific antiviral
agents. However, researchers are looking for any possible
treatment for this disease. Some journal articles published
since December 2019 to date. There are journal articles on
potential antiviral drug candidates such as remdesivir,
baricitinib, and chloroquine to treat this disease [100,101].

Besides various commercialized antiviral drugs, there
are also small molecule compounds currently in research
and development that have shown significant inhibitory
effects on many key proteins from similar coronaviruses
such as SARS-CoV and MERS-CoV. These drug candi-
dates mostly inhibit viral enzymes, including proteases
and components for RdRp. Since 3CLpro protease has a
high level of sequence homology between SARS-CoV
and SARS-CoV-2, inhibitors against 3CLpro of SARS-
CoV may also apply to SARS-CoV-2. Compounds,
including benzopurpurin B, C-467929, C-473872, NSC-
306711 and N-65828, which may inhibit the activity of
viral NSP15, poly(U)-specific endoribonuclease, were
tested for reduced SARS-CoV infectivity in cultured cells
with IC50 of 0.2–40μM.

Because of the emergency of the pandemic, one of the
most attractive strategies to identify the potential treat-
ment of COVID-19 is to screen compound data sets to
identify potential drug candidates hitting one or more
of the main molecular targets or directly inhibiting the
SARS-CoV-2. Other rational drug discovery approaches
such as de novo design can be explored and reported in
the near future. To rapidly screen the vast chemical space
[64], chemoinformatic analysis [27] and computational
filtering of compound databases or CADS is a logical step
to shorten the times and cost of massive experimental

screening. Molecular docking, followed by molecular
dynamics, is one of the most common techniques used
thus far in VS. Other general approaches are similarity
searching and QSAR modeling [102].

Thus far, perhaps the most common databases used in
CADS campaigns are drugs approved for clinical use,
under clinical investigation, or withdrawn from the mar-
ket. This strategy is to pursue a drug repurposing strat-
egy. Arguably the second most explored regions of
chemical space are commercial compounds from ZINC
15 [103]. Other regions of the chemical space explored
in VS are represented by small sets of NP and food che-
micals. Our research group recently conducted a first
large screening of food chemicals and molecules in the
dark chemical matter using a combination of ligand-
and structure-based screening [104]. Some chemical
space regions have been explored on a limited basis such
as on-demand libraries [105] and large databases of NP.

5.1.2 Natural products with potential activity with
SARS-CoV-2

ThebroadavailabilityofNPdatasets inthepublicdomain
and the rapid structure information of potential drug targets
of SARS-CoV-2 prompted the quick search in NP datasets
(in-house, commercial or public collections) to identify
potential drug candidates or starting points for optimization
[106]. Insomecases, foodchemicaldatabaseshavebeeneval-
uated, of which a large number are from natural sources
[104]. Consequently, several reports emerged in the litera-
ture, most of them published as preprints, and several pub-
lished in peer-reviewed journals. Table 1 summarizes
representative studies published in peer-reviewed journals.

From the compilation of 16 works related to possible
hits against SARS-CoV-2 (Table 1) of NP, it was observed
that the most frequently used computational approaches
are molecular docking, molecular dynamics, ADME/Tox
predictions, and pharmacophore modeling. It should be

FIG. 5 Genomic organization of SARS-CoV-2 indicating the coding regions for proteins that are key enzymes in the viral life cycle and could be
potential drug targets [95].
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TABLE 1 Examples of computational screening on natural products against SARS-CoV-2.

Target Natural products Computational approaches Hitsa Reference

MPro 52 compounds. Alkaloids, terpenoids,
polyphenolic compounds, peptides.

Molecular docking, ADME/Tox,
molecular dynamics.

One [107]

MPro 88 compounds from the literature. QSAR, molecular docking. 13 [108]

ACE2, 3CLpro, RdRp,
Spike protein

38 compounds contained in Rhizoma
Polygonatum from TCMSP (Traditional
Chinese Medicine Systems Pharmacology
Database).

Network pharmacology,
molecular docking.

Two [109]

3CLpro (6w63) Narcissin flavonoid that belongs to
monomethoxyflavone derivative.

Molecular docking. One [110]

Multi-target: including
RdRp, 3CLpro,
exoribonuclease,
endoribonuclease.

4570 natural compounds from NPASS
Database.

Molecular docking, molecular
dynamics, ADME.

Three [111]

Nsp10/nsp16,
endoribonuclease, ADP
ribose phosphate,3CLpro.

2755 bioactive molecules of coumarin
derivatives from PubChem

Virtual screening, molecular
docking, ADME/Tox, molecular
dynamics.

25 (five
compounds for
each receptor)

[112]

3CLpro 3000 compounds from the compound library of
Natural Products Research Laboratories
(NPRL).

Molecular docking. 9 [113]

Mpro 14,064 compounds from Marine Natural
Product (MNP) library.

Pharmacophore model,
molecular docking, molecular
dynamics.

17 [114]

Transmembrane protease
serine 2 (TMPRSS2)

30,927 compounds from the natural
compounds library Natural Product Activity
and Species Source (NPASS).

Pharmacophore model,
molecular docking, ADME/Tox.

12 [115]

Mpro 100+ natural compounds and synthetic analogs
from in-house library.

Virtual screening, molecular
docking, molecular dynamics.

Four [116]

Mpro Natural product databases: ZINC (120,720
molecules), SNP (274,363 molecules), andMNP
(1464 molecules).

Pharmacophore model,
molecular docking, molecular
dynamics, ADME.

Six [117]

Mpro 1611 natural compounds from Selleck
database.

Virtual screening, molecular
docking, molecular dynamics,
ADME/Tox.

Four [118]

Mpro Natural products from Sigma-Aldrich plant
profiler library.

Molecular docking, molecular
dynamics

Six [119]

Nsp1 2300 from DRUGBANK and 300,000 small
molecules from Supernatural II database.

Virtual screening, docking,
molecular dynamics, ADME.

Four NP,
remdesivir,
edoxudine.

[120]

3CLpro, Nsp9, Spike
receptor (ecto-domain and
HR2 domain)

27 plant metabolites belonging to different
classes from the PubChem database.

Molecular docking, ADME. Three [121]

3CLpro, PLpro Natural products from ZINC natural product
database and FDA-approved drug from ZINC
drug database

Pharmacophore model based
virtual screening, molecular
dynamics, docking, ADME/Tox.

12 natural
products,
nelfinavir and
tipranavir.

[122]

a Number of computational hits.

550 23. Lead compounds from natural sources



noted that pharmacophore modeling and/or molecular
docking is usually used in combination with molecular
dynamics and predictions of ADME/Tox properties. As
it is well-known, molecular docking enables predicting
the binding mode and conformation of a molecule with
a molecular target and aids the identification of com-
pounds with biological activity. ADME/Tox profiling
aims to consider in advance the ADME/Tox properties
for the proposed molecule’s active substances and subse-
quently perform the in vitro assays. In the context of the
studies performed, molecular dynamics simulations
aimed to assess the stability of the possible inhibitor
within the binding pocket and account for the flexibility
of the receptor.

Table 2 summarizes the number of studies focused on
each molecular target of SARS-CoV-2 and the number of
proposed or computational hits. Most of the studies pub-
lished at the time of writing this manuscript (December
2020) have been directed to Mpro.

From the studies surveyed, it was possible to find that
the protein with the highest number of studies was Mpro

and, not surprisingly, the largest number of computational
hits. As elaborated above, Mpro is the main protease of
SARS-CoV-2, and it is a promising target because there
are no homologous proteins in humans in addition to hav-
ing a direct impact on the natural life cycle of SARS-CoV-2
[104]. One of the computational hits to be highlighted from
this search was dieckol that showed an experimental
inhibitory activity of Mpro with IC50 of 2.7μM [123].

TMPRSS2, or serine protease 2, is a transmembrane
host enzyme that facilitates the entry of viral particles into
host cells, therefore, inhibition of this protein blocks vir-
us’s interaction with ACE2 [115]. TMPRSS2 was the sec-
ond most pursued target in the survey of VS. One of the
computational hits against this target was geniposide
that showed a better-predicted affinity with TMPRSS2
as compared to the reference compound, camostat.

RdRp and the spike protein are importantmolecular tar-
gets associated with the invasion and replication of SARS-
CoV-2 (vide supra). The spike protein is the first protein to
interact with the host cell through ACE2 (angiotensin-

converting enzyme-2), propitiating invasion. In turn, RdRp
is an RNA-dependent RNA polymerase, therefore, a mole-
cule that has inhibitory activity against RdRp can satisfacto-
rily interfere in the life cycle of the coronavirus. In theVS, the
asiatic acid was identified as a potential inhibitor of the
Sprotein.However, there are no in vitro studies that demon-
strate its efficacy against SARS-CoV-2.

Non-structural proteins (Nsp1–16) have functions of
viral replication and interaction with the host cell. Nsp1
has the function of cellular degradation of cellular mRNA
and inhibition of IFN signaling; Nsp9 functions by dimer-
ization and binding of RNA; Nsp10/16 is associated with
the negative regulation of the innate immune response. In
the computational screening, glycyrrhizic acid was identi-
fied as a potential inhibitor of Nsp1. This compound is
approved by the FDA for its use as a sweetener, and anti-
viral activity has been reported, inhibiting replication and
regulation of the immune response. Similar to the other
computationalhits surveyedat the timeofwriting this chap-
ter (December 2020), there are not yet reports of experimen-
tal studies demonstrating its efficacy against SARS-CoV-2.

Some of the VS studies surveyed also seek to propose a
multi-target design. The objective of a multi-objective
design is for a molecule to interact efficiently with differ-
ent target proteins of SARS-CoV-2. An example compu-
tational hit of these studies was 2,3,4-trihydroxybenzoic
acid which showed potential inhibitory activity against
five target proteins (RdRp, 3CLpro, exoribonuclease,
endoribonuclease, methyltransferase). However, it still
lacks in vitro experimental assays [111].

Table 3 shows the chemical structures of representa-
tive NP hits that have been proposed as potential drug
candidates for the treatment of COVID-19.

One of the significant challenges that remain to be
solved is the high mutation rate of viruses. The drugs are
designed for auniquebindingmodel to theproteinof inter-
est, ahighmutation rate cangreatlyaffectpossiblepharma-
cological therapies and cause setbacks to the investigation.

To carry out the in silico studies, the chemical struc-
tures of the NP were retrieved from different databases
summarized in Table 4. Most of the compounds studied
come mainly from plants and herbs, followed by marine
species microorganisms’ products.

6 Elucidate mechanism of action: Molecular
modeling

Molecular modeling has been critical to explore the
SAR of NP at molecular level [5]. Hereunder we discuss
a recent case study focused on the characterization of a
dietary component as an inhibitor of a major epigenetic
target that has been pursued by our and other research
groups [124,125].

TABLE 2 Number of studies and hits found per target protein.

Target Number of studies Number of computational hits

Mpro 14 63

RdRp 2 2

Spike 2 1

TMPRSS2 1 10

Nsp 10/16 1 5

Nsp 1 1 3

Nsp 9 1 4

5516 Elucidate mechanism of action: Molecular modeling



TABLE 3 Representative NP hits that have been proposed as potential drug candidates for the treatment of COVID-19.

Molecular structure ID Target Sources Ref.

O
HN

O

O

O

O

OH

 

10255241
PubChem
70951814
ChemSpider

Mpro Terpenoid from marine sponge
Cacospongia mycofijiensis.

[107]

O

OH
OHHO

HO

11874
PubChem
11381
ChemSpider

Multi-target: RdRp,
3CLpro, exoribonuclease,
endoribonuclease,
methyltransferase

Phenol compound isolated from
Pachysandra terminalis.

[111]

O O O

O
HO

OH

OH

101223868
PubChem

Nsp10/nsp16, Main
Protease and
endoribonuclease.

Coumarin derivates known as natural
coumarins from Ruta graveolens,
Polygala fruticose, Seseli sessiliflorum.

[112]

O

O

OH

O

HO O

O

OHHO

O

OHHO

OHOH

OHO

OH

HO

3008868
PubChem
2278311
ChemSpider

Mpro Belonging to the family of
phlorotannins, isolated in the brown
algae Ecklonia cava.

[114]

H
O

H

O

O

OH

OH

O
O

OH

OHHO

OH
O

HO
O

H

HO

O

14982
PubChem
14263
ChemSpider

Nsp1 Extracted from the root of the licorice
plant; Glycyrrhiza glabra.

[120]

OH
OH

OH

O
HO

119034
PubChem
106361
ChemSpider

3CLpro, Nsp9, Spike
receptor (ecto-domain)

Extracted from Centella asiatica [121]

O

O

HO

OH

OH

10473311
PubChem

3CLpro, PLpro Present in extracts of Glycyrrhiza
glabra, also known as licorice

[122]

O

N+

O

O

O
S3769
Selleck
database
19009
PubChem

Mpro Palmatine is a naturally occurring
isoquinoline alkaloids found in
traditional Chinese medicine.

[118]

O
OH

OHHO

O
O

OH
OHHO

HO

O
O

OH OH

OH

O

O

OH

OH

OH
O

O
HO

HO OH

HO

SN00293542
Supernatural
Product (SNP)
3085157
PubChem
2342114
ChemSpider

Mpro Onions, asparagus, and edible
burdock, Morinda officinalis.

[117]
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https://pubchem.ncbi.nlm.nih.gov/compound/3085157#section=2D-Structure
http://www.chemspider.com/Chemical-Structure.2342114.html?rid=e78b3f0f-124f-451b-bfef-399b6d854cbc


6.1 DNA methyltransferases (DNMT):
Identification of a natural product

The word “epigenetics” is rooted in Waddington and
Nanney’s work, where it was initially defined to denote a
cellular memory, persistent homeostasis in the absence of
an original perturbation, or an effect on cell fate not attrib-
utable to changes in DNA [126]. However, “epigenetics”
is now used with multiple meanings, for instance, to
describe the heritable phenotype (cellular memory) with-
out modification of DNA sequences [127], or the mecha-
nism in which the environment conveys its influence to
the cell, tissue or organism [128]. Regardless of the mul-
tiple definitions, the interest in epigenetic drug discovery
increases, as revealed by the multiple approved epige-
netic drugs or compounds in clinical development for
epigenetic targets [129].

DNMTs are one of the main epigenetic modifiers. This
enzyme family is responsible for promoting the covalent
addition of a methyl group from S-adenosyl-L-methionine
(SAM) to the 5-carbon of cytosine, mainly within CpG
dinucleotides, yielding S-adenosyl-L-homocysteine
(SAH) [130]. DNMT1, DNMT3A, and DNMT3B partici-
pate in DNAmethylation in mammals to regulate embryo
development, cell differentiation, gene transcription, and

other normal biological functions. Abnormal functions of
DNMTs are associated with tumorigenesis and other dis-
eases [130,131]. Despite the fact there are twoDNMT inhib-
itors approved for clinical use, both azacitidine and
decitabine have poor bioavailability, low specificity, and
instability in physiological conditions plus toxicity. Thus,
it has been the interest of our [124,132–138] and other
research groups [139–146] to identify DNMT inhibitors
with novel chemical scaffolds. Inhibition of DNMTs is a
major topic of research not only because of its potential
therapeutic benefits but also to understand the essential
mechanisms of epigenetic events in cells.

Fig. 6 shows the chemical structures of representative
DNMT inhibitors or compounds with DNA demethyla-
tion activity from the natural origin [3,147–151]. Evidence
suggests that environmental factors and nutrients play a
major role in establishing epigenetic mechanisms, includ-
ing irregular DNA methylation patterns. Thus, a regular
uptake of DNA demethylating agents is hypothesized to
have a chemopreventive effect [152].

Due to the known activity of polyphenols and previous
evidence of theaflavin activity with DNMT3A [153],
we hypothesized that theaflavin, a dietary component
(Fig. 6) found in back tea, is an inhibitor of DNMT1 and
DNMT3B. To test this hypothesis,wepurchased theaflavin

TABLE 3 Representative NP hits that have been proposed as potential drug candidates for the treatment of COVID-19—cont’d

Molecular structure ID Target Sources Ref.

O

O

O

OH

OO
HO

HO

OH

OH

NPC306344
Natural
Product
Activity and
Species Source
12004581
PubChem

Transmembrane protease
serine 2 (TMPRSS2)

One of the major iridoid glycosides of
gardenia fruit, It is present in nearly
40 species belonging to various
families.

[115]

TABLE 4 Databases of natural products used in the virtual screening toward SARS-CoV-2 molecular targets.

Database
Number of
molecules Website

TCMSP (Traditional Chinese Medicine Systems Pharmacology
Database and Analysis Platform)

29,384 https://tcmspw.com/load_intro.php?id¼42

NPASS (Natural Products Activity & Species Source Database) 35,032 http://bidd.group/NPASS/index.php

MNP (Marine Natural Products) 14,064 http://docking.umh.es/chemlib/mnplib

SNP (Super Natural Products) 27,363 http://bioinf-applied.charite.de/supernatural_new/
index.php?site¼compound_input

ZINC natural database 120,720 http://zinc15.docking.org/substances/subsets/natural-
products/

Selleck Natural Product Library 2370 https://www.selleckchem.com/screening/natural-
product-library.html

DrugBank 11,483 https://go.drugbank.com/

PubChem 109 M https://pubchem-ncbi-nlm-nih-gov.pbidi.unam.mx:2443/
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froma commercial vendor (TargetMol) andperformedbio-
chemical assays as summarized in the next subsection and
described in detail elsewhere [154].

6.1.1 Biochemical DNMT assays

The inhibition of the enzymatic activity of DNMT1,
DNMT3B, and DNMT3B/3L was tested using the Hot-
SpotSM platform for methyltransferase assays from Reac-
tion Biology Corporation [155]. HotSpotSM is a low
volume radioisotope based assay that uses tritium-labeled
AdoMet (3H-SAM) as a methyl donor. Theaflavin diluted
in dimethyl sulfoxide was added using acoustic technol-
ogy into enzyme/substrate mixture in the nano-liter
range. The reactions were initiated by the addition of
3H-SAM, and incubated at 30°C. Total final methylations
on the substrate (Poly dI-dC in DNMT1 assay, and
Lambda DNA in DNMT3B; DNMT3B/3L assay) were
identified by a filter bindingmethod implemented inReac-
tion Biology. Data analysis was conducted with Graphed
Prism software (La Jolla, CA) for curve fits. Reactions were
conducted at 1μM of SAM. SAH was used as a standard
positive control. Theaflavin was tested first with DNMT1
and DNMT3B at one 100 μM concentration in duplicate.
Then, it was tested in 10-dose IC50 (effective concentration
to inhibit DNMT1, DNMT3B and DNMT3B/L activity by
50%) with a three-fold serial dilution starting at 100 μM.

At single-dose concentration, theaflavin showed detect-
able inhibition of DNMT1 and DNMT3B (65% and 33%
inhibition, respectively). In the dose-response evaluation,
the dietary component had an IC50 value of 85.33 μMwith
DNMT1 and had IC50 values >100 μM when tested with
DNMT3B and DNMT3B/3L. SAH (the positive control)
had an IC50 value of 0.26 μM with DNMT1.

Theaflavin is a natural product polyphenol found in
green and black tea and coffee (vide supra) with previously
measured enzymatic inhibitory activity of DNMT3A [153].
However, there were no previous reports on its inhibitory
potential of DNMT1 and DNMT3B. In that work, it was
evaluated the activity of the dietary component with both
enzymes. Based on the results andprevious publications, it
was proposed that theaflavin could be a selective inhibitor
of DNMT1. Despite the fact its IC50 is high (85.3 μM, under
the assay conditions of that work), this dietary component
could contribute to the modulation of DNMT1. Interest-
ingly, it has been proposed that the modulation of normal
levels of DNMT could be conveniently achieved through
the dietary uptake of food chemicals (or other “safe”
NP). A prominent example of this hypothesis has been
suggested for the polyphenol compound from green tea,
EGCG (Fig. 6), which has been proposed to inhibit
DNMT1 and reactivate methylation-silenced genes in
cancer [152].

6.1.2 Molecular docking

Of the different mechanisms described to inactivate
DNMT activity [156] we hypothesized that theaflavin is
a SAM competitor. Theaflavin was docked with DNMT1
(vide infra) using the programMolecular Operating Envi-
ronment (MOE), version 2018.08 [157]. Its chemical struc-
ture was built with MOE. The docking was carried out
with the crystal structure of the catalytic domain of
DNMT1 obtained from the Protein Data Bank [158]
PDB ID: 4WXX [159]. This crystal structure is in complex
with SAH and has a resolution of 2.62Å. The structure of
the protein was prepared with the “QuickPrep” tool of
MOE using the parameters established by default, which
help to remove the molecules of structural water and add

FIG. 6 Representative natural products as inhibitors of DNA methyltransferases.

554 23. Lead compounds from natural sources

http://firstglance.jmol.org/fg.htm?mol=4WXX


hydrogens atoms to the protein. In this process, the
co-crystallized SAH was removed for the binding site
to realize a direct docking. The docking was done using
default parameters in MOE. Before docking theaflavin,
the docking protocol was validated by re-docking the
SAH obtaining a root-mean-square deviation of 1.3 Ang-
stroms and a docking score of �8.96kcal/mol.

Fig. 7 shows the 2D interaction map and the 3D bind-
ing mode of the predicted binding mode between the
human catalytic domain of DNMT1 and theaflavin.
Docking simulations help to rationalize at the molecular
level the experimental results of theaflavin.

7 Concluding remarks

NPs have a critical role in drug discovery and develop-
ment either providing bioactive compounds that have
become drugs approved for clinical use or inspiring the
synthesis of small molecules. Chemoinformatics has been
crucial in the investigation of NP and gives rise to the
emerging sub-discipline “natural products informatics.”
Informatic methods have been key for the profiling and
diversity analysis of NP data sets in terms of physico-
chemical properties, structural and sub-structures (func-
tional groups and fragments), molecular fingerprints,
complexity, acid/base properties and ADME/Tox pro-
file. These studies have quantified, for instance, the struc-
tural complexity of NP and revealed that to all NP are
alike; some have distinct structural features depending
on the source. For instance, it is remarkable the unique
characteristics of cyanobacteria metabolites compared

to the structures of NPs from other sources. Many visual-
ization methods have been developed and used to ana-
lyze the diversity and distribution of NP in chemical
space. It is important to point out the “chemical space”
is not static and unique, but relative to the descriptors
used to generate the chemical space. Thus far, NPs have
been represented with physicochemical properties, struc-
tural features and fingerprints, ADME/Tox, acid/base
profile. Computational approaches also have an out-
standing contribution to uncover bioactive NP. It is con-
cluded that VS of NP compound libraries is an example of
computer-aided drug selection. VS-CADS of NP is an
excellent example of the benefits of combining to main
sources of hit compounds (computational approaches
and NP-based drug discovery). Given the emergency
imposed by the current COVID-19 pandemic, many
research groups are doing CADS-VS of NP compound
libraries. Several NPs have been proposed at the time
of writing this chapter (October 2020) and are awaiting
experimental confirmation. Although potential mole-
cules with inhibitory activity against some SARS-CoV-2
proteins of interest have been sought and found, it is nec-
essary to perform in vitro and in vivo tests to corroborate
the activity of computational hits selected from computa-
tional filtering of compound databases. Computational
approaches have also largely contributed to the identifi-
cation of compounds with activity for epigenetic targets.
Also, molecular modeling methodologies play a signifi-
cant role in understanding at the molecular level, the bio-
logical activity of small molecules. This manuscript
illustrates that molecular docking has helped understand
the in vitro activity of theaflavin that is a dietary

FIG. 7 Two dimensional map showing the predicted binding mode of theaflavin with DNA methyltransferase 1 (DNMT1).
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component that inhibits DNMT1 and does not show sig-
nificant inhibition of DNMT3B.
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Abstract: Technological advances and practical applications
of the chemical space concept in drug discovery, natural
product research, and other research areas have attracted
the scientific community‘s attention. The large- and ultra-
large chemical spaces are associated with the significant
increase in the number of compounds that can potentially
be made and exist and the increasing number of
experimental and calculated descriptors, that are emerging
that encode the molecular structure and/or property
aspects of the molecules. Due to the importance and
continued evolution of compound libraries, herein, we

discuss definitions proposed in the literature for chemical
space and emphasize the convenience, discussed in the
literature to use complementary descriptors to obtain a
comprehensive view of the chemical space of compound
data sets. In this regard, we introduce the term chemical
multiverse to refer to the comprehensive analysis of
compound data sets through several chemical spaces, each
defined by a different set of chemical representations. The
chemical multiverse is contrasted with a related idea:
consensus chemical space.

Keywords: chemical multiverse · chemical space · drug discovery · machine learning · molecular representation · structure-property
relationships · ultra-large chemical library · visualization

1 Introduction

The concept of “chemical universe,” “chemical space,” or
“chemical compound space” is associated with a set of all
possible molecules described by a multi-dimensional space
that represents their functional and structural properties
and the relationship of the molecules to each other.[1,2]

Although the type of molecules could be any, the chemical
space has been typically studied quantitatively and qual-
itatively with small organic compounds. Practical applica-
tions in drug discovery approaches include the study of
epigenetic-focused compounds,[3,4] covalent protein kinase
inhibitors,[5] human immunodeficiency virus (HIV) protease
inhibitors,[6] natural products (NPs),[7,8] and novel com-
pounds from combining fragments or scaffolds, e.g.,
pseudo-NPs.[9] Also, there are reported applications of the
chemical space concept to food and flavor chemicals,[10]

peptides,[11] and metal-containing molecules,[12] and virtual
and on-demand libraries.[13]

In theory, the multi-dimensional space can be formed
by two (or even one) dimensions, e.g., a single or two
descriptors that encode a specific set of structural or
functional properties. However, depending on the project‘s
goals, the dimensions are typically more than three.
Eventually, it could contain hundreds or a few thousands of
descriptors, for instance, when using structural fingerprints.
Many descriptors demand the implementation of dimen-
sionality-reduction techniques to generate two (2D) – or
three-dimensional (3D) visual representations of the multi-
dimensional descriptor space. Reduction methods such as t-
distributed stochastic neighbor embedding (t-SNE),[14] prin-
cipal component analysis (PCA),[15] self-organized maps
(SOMs),[16] generative topographic mapping (GTM),[17–19] and
chemical space networks[20,21] currently are the most
frequently used, but there are others. Visual representation
of the chemical space has been the focus of several
research projects, as further discussed below.

For several decades, the chemical space concept has
been of interest in several areas of chemistry, emphasizing
drug discovery. With the rapid advances in machine

learning and de novo design and the number of chemical
compounds that exist or could be made, the community
has a significant interest in enumerating large- and ultra-
large chemical libraries containing billions of chemical
structures.[22] Hence, there is an increased interest in study-
ing the huge chemical libraries under the chemical space
concept, e.g., systematic and consistent description with
novel and existing chemical descriptors, visual representa-
tion of the chemical space of libraries with millions of
compounds, and several other analyses that can be done
based on the multi-dimensional chemical space (examples
of the latter are diversity analysis, similarity-based virtual
screening, property, and biological activity prediction). For
instance, Schmidt et al. and Bellmann et al. recently ex-
plored the chemical space of make-on-demand libraries.[13,23]

Zabolotna et al. reported the implementation of GTM to
efficiently navigate the chemical space of the entire ZINC
library of purchasable compounds, relative to the bio-
logically relevant ChEMBL compounds.[19]

There are several reviews focused on chemical space.
These reviews, summarized in Table 1, cover applications to
drug discovery and NPs research, progress on visualization
methods, and approaches to study the chemical space of
small organic compounds, emphasizing the application of
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public resources. However, the review or research papers
using the concept of chemical space often have a narrow or
very focused view of the space. For instance, they usually
refer to organic (typically small) molecules.[24]

This manuscript’s goal is to review definitions proposed
in the literature for chemical space, emphasizing the
approaches to generate a consensus view of the chemical
space. Building upon the developments of others and our
group on chemical space, we also propose the term
chemical multiverse highlighting the convenience of em-
ploying multiple descriptors for a comprehensive assess-
ment of the chemical space. After this brief introduction,
we discuss the current definitions of chemical space.
Section 3 introduces the term of chemical multiverse and
compares it with the notion of consensus chemical space.
In Section 4 we review the applications discussed in the
literature of multiple descriptors to analyze the chemical
space of compound data sets. In other words, we present
case studies discussed in the literature showing the general
applicability of chemical multiverses in diversity analysis,
virtual screening, and structure-activity relationships,
among other applications.

2 Current Views of Chemical Space

There are several definitions of chemical space proposed in
the literature. Table 2 summarizes examples.

As reviewed in Table 2, several definitions conceptualize
the chemical space as a chemical descriptor vector space

set by the numerical vector D encoding property or
molecular structure aspects as elements of the descriptor
vector D.[35] Based on this notion, Figure 1 shows the
chemical space concept like “M-multidimensional cartesian
space,” aka a “chemical space table.” Rows represent the
number of (n) molecules, and the columns (M) are the
number of descriptors or features that encode each
molecule. The length of descriptor sets corresponds to the
number of dimensions defining the chemical space itself.

3 Chemical Multiverse: General Concept

The chemical space concept implies that a given set of n
molecules represented with different descriptors would
lead to distinct chemical universes e.g., each one is
“descriptor universe”. Varnek and Baskin have pointed out
that “unlike real physical space, a chemical space is not
unique: each ensemble of graphs and descriptors defines its
own chemical space.”[39] It also follows that molecules with
very different chemical nature, for instance, organic small-
molecules, e.g., lead- and drug-like; peptides; metal-con-
taining compounds, macromolecules, biologics, etc., yield
divergent chemical spaces, this be their own nature of the
descriptors required to represent the compounds. In
addition, the number and type of chemical and biological-
related descriptors available from experimental data or
computational calculations, e.g., quantum mechanics,[32] are
also increasing, yielding the chance to augment the number
of possible valid chemical spaces.
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In physics, Everett’s multiverse[42] is “a hypothetical collec-
tion of potentially diverse observable universes, each of

which would comprise everything that is experimentally
accessible by a connected community of observers.”[43] In

Table 1. Selected review papers focused on the chemical space of different types of compounds.a

Review title Focus of the review Ref.

Visualization of the chemical space in drug discov-
ery.

Summarized chemical space visualization, several programs to visualize chemical
space for chemical compounds from natural products, drug molecules, and
combinatorial libraries, and their application in drug discovery.

[25]

Exploring chemical space for drug discovery using
the chemical universe database.

Progress on the authors in searching for bioactive ligands by enumeration and
virtual screening of the unknown chemical space of small molecules. The review
covers the application of these libraries to the search for NMDA-receptor
analogous.

[26]

The chemical space project. Development of chemical universe databases (GDB), a project to enumerate all
possible molecules to generate an unbiased insight into the entire chemical
space, taking only simple chemical stability and synthetic feasibility criteria.

[27]

Progress in visual representation of chemical space. Chemical space concepts. Advances in methods for visualization of chemical
space, and older but overlooked methods.

[28]

Reaching for the bright StARs in chemical space. Visualization methods to explore the chemical space aiming at reaching
insightful structure-activity relationships.

[29]

Chemoinformatics in natural product-based drug
discovery.

General review of chemoinformatics applied to natural products. It includes
analysis, visualization, and navigation of their chemical space.

[30]

Defining and exploring chemical spaces. Overview of algorithmic approaches to defining and exploring chemical spaces
that have the potential to operationalize the process of molecular discovery.

[31]

Ab initio machine learning in chemical compound
space.

Machine learning studies aimed at sampling exhaustively the chemical com-
pound space. The review covers novel molecules in general (non-only small
organic molecules) and materials.

[32]

Progress on open chemoinformatic tools for ex-
panding and exploring the chemical space.

Recent progress on chemoinformatic tools to expand and characterize the
chemical space of compound data sets employing various types of molecular
representations, generate visual representations of the chemical space and
analyze the SAR of data sets.

[33]

Using deep neural networks to explore chemical
space.

Common deep learning methods to explore the chemical space. The review
discusses the selection of molecular representation, training for focused chemical
space exploration, and considerations for assessing and validating the chemical
space coverage.

[34]

Approaches for enhancing the analysis of chemical
space for drug discovery.

The current state of chemical space in drug design and discovery. Topics
discussed: advances for efficient navigation in chemical space, the use of this
concept in assessing the diversity of different data sets, exploring SAR for one or
multiple endpoints, and compound library design.

[35]

a In chronological order of publication.

Table 2. Examples of definitions of chemical space concepts, as proposed in the literature.a

Author(s) Chemical space definitions Ref.

Dobson “All possible small organic molecules, including those present in biological systems”. [36]

Lipinski and
Hopkins

“Chemical space can be viewed as being analogous to cosmological universe in its vastness, with chemical
compounds populating space instead of stars”.

[37]

Reymond, et al. “Ensemble of all known and possible molecules described by their chemical properties”. [38]

Varnek and Bas-
kin

“The ensemble of graphs or descriptor vectors forms a chemical space in which some relations between the objects
must be defined”.

[39]

von Lilienfeld,
et al.

“The combinatorial set of all compounds that can be isolated and constructed from possible combinations and
configurations of N1 atoms and Ne electrons in real space”.

[40]

Virshup et al. “An M-dimensional cartesian space in which compounds are located by a set of M physicochemical and/or
chemoinformatic descriptors”.

[2]

Vogt “Comprehensive collection of all possible small molecules under some reasonable restrictions considering size and
composition”.

[41]

Huang and Lil-
ienfeld

“Chemical compound space is the set of all theoretically conceivable combinations of chemical elements and (meta-
)stable geometries that make up matter”.

[32]

a In chronological order of publication.
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other words, the multiverse “is a hypothetical group of
multiple universes,” and regions in the universe detached
from one another exhibit distinct properties.[44]

By rough analogy with the cosmic multiverse, here we
introduce the term chemical multiverse as the group of
numerical vectors that describe it differently from the same
set of molecules. In other words, a chemical multiverse is a
group of multiple chemical spaces, each one defined by a
given set of descriptors e.g., a group of “descriptor
universes”. Furthermore, and maintaining the analogy with
the cosmology megaverse, a “chemical megaverse” is the
collection of chemical multiverses. This would be given by
the several different sets of descriptors that can be used to
define a chemical space (Figure 1). As discussed in previous
papers (Table 2), different chemical space representations
lead to other spaces, and relationships between chemical
compounds could be maintained or not.[20]

The concept of the chemical multiverse is schematically
shown in Figure 2. Three grids (“chemical space tables”)
encode different chemical spaces, each described by a
different set of descriptors. For schematic and illustrative
purposes, the blue triangles encode a chemical multiverse
defined by Lipinksi’s “Rule-of-five” that displays favorable
pharmacokinetic properties in terms of absorption and
distribution. The orange cylinders represent a chemical
space described by molecular fingerprints as Extended
Connectivity Fingerprints (ECFP). The pink cubes encode
the chemical space defined by constitutional descriptors
like carbon, nitrogen, and oxygen atoms, ring counts, and
bridgehead atoms. Of course, any other set of descriptors
can be used. All three chemical spaces in Figure 3 comprise
the chemical multiverse of the data set with n atoms. Again,
the chemical multiverse could be formed by more than
three chemical spaces, depending on how many different
sets of descriptors need to be used to meet the study’s

Figure 1. Schematic view of the chemical space. Each molecule in the compound data set is represented by M descriptors that lead to a
feature vector space. The group of n molecules represented with M descriptors form a “chemical space table” that can be represented using
different visualization methods. Mapping a property (e.g., biological activity) to the “chemical space table” or the visual representation gives
rise to a chemogenomic space that is the basis to do structure-property (activity) relationships.
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goals. Section 4 presents case studies, most of them
published in the literature, of chemical multiverses using
real data sets (albeit the name “chemical multiverse” has
not been used in previous publications).

The importance of the chemical multiverse concept
relies on the fact that a comprehensive view of the chemical
space of a data set should be given by several representa-
tions, as opposed to a single one. This is because a single
set of descriptors is limited and does not capture all aspects
of the chemical structures. The need to consider multiple
descriptors for chemoinformatics applications has been
broadly recognized, for instance, in similarity searching[45]

and diversity analysis.[46] A case in point is the so-called
consensus diversity plots that consider at least four types of
molecular representation to gain a more comprehensive
view of the “global” or total diversity of compound data
sets in comparative studies. In consensus diversity plots,
types of representation such as scaffolds, structural finger-
prints, physicochemical properties, and metrics associated
with structural complexity have been employed.[46,47]

3.1 Chemical Multiverse vs. Consensus Chemical Space

The consensus chemical space can be conceptualized as
the result of the fusion or combination of the different
descriptors into one. Thus, it is highly associated with the
concept of data fusion.[48] Under this concept, the consensus
chemical space is dependent on the approach to combining
the descriptors of the molecules or making hybrid
representations.[49] A consensus chemical space can also be
seen as the combination of similarity metrics, also reminis-
cent of data fusion, to generate a unified representation of
the chemical space. In contrast, the chemical multiverse, as
introduced in the previous section, does not require a
fusion of a combination of descriptors for each molecule:
the chemical multiverse is composed of a group of
alternative representations of the compounds (e.g., using
different fingerprints, properties, or descriptors for a given
dataset). Figure 3 shows the difference and relationship
between the chemical multiverse and consensus chemical
space of a given set of n molecules.

While the consensus chemical space combines into one
several possible universes created by different sets of
descriptions, the chemical multiverse herein is conceptual-
ized as a set of parallel universes. Thus, the chemical

Figure 2. Schematic and general representation of the concept of the chemical multiverse. The chemical multiverse of the same data set
with n molecules would be composed of several (shown in figure three for illustrative purpose) alternative chemical spaces, each one
defined by a different set of descriptors. The geometric figures represent the encoding of the structures using different descriptors: e.g.,
drug-likeness properties (blue triangles), fingerprints (orange cylinders), and constitutional descriptors (such as ring counts, carbon, nitrogen,
oxygen, and bridgehead atoms) (pink cubes). Depending on the study‘s goals, a chemical multiverse could contain as many chemical spaces
as needed. Each chemical space (in the middle section: “chemical space tables”) could be subject to different 2D/3D visual representations
of the chemical space.
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multiverse could be a better option to handle the chemical
spaces because each one will provide information associ-
ated with the particular descriptor used and, therefore, be
easier to interpret. In contrast, in a consensus representa-
tion, the result could be hard to interpret due to combining
several representations into one.

Analogous to the molecular representations,[50] there is
no unique and global chemical universe. Whereas a
consensus chemical space is an attempt to generate “a
single chemical universe,” the relevant information from a
set of descriptors can be lost due to combining the
chemical spaces, as depicted in Figure 3.

4 Examples of Chemical Multiverses

This section reviews case studies of chemical multiverses
applied to different data sets of molecules (though the
term “chemical multiverse” has not been used before). The
chemical multiverses could be analyzed, navigated, and
compared, considering the full-dimension space, similar to
individual chemical spaces.[30] Even though the chemical
space is typically associated with small organic molecules
for drug discovery applications (see exemplary proposed
definitions of chemical space in Table 2), we emphasize that
the chemical space and chemical multiverse could involve
other types of chemical compounds. Table 3 summarizes
recent studies of the chemical space using multiple

structure representations for different aims. The studies are
briefly discussed below.

It has been noted that different similarity measures
generate different chemical spaces. For instance, in 2014
Medina-Franco and Maggiora illustrated the diversity of
nine compound data sets as they are projected into 3D
obtained from pairwise structure similarity computed with
the Tanimoto coefficient and four fingerprints of different
designs.[52] For comparison, the authors generated a single
visualization of the chemical space obtained by the mean
fusion of the four different sets of similarity values (an
example of representation of a consensus chemical space).
From the visual representation of the chemical multiverse
and consensus chemical space was concluded that, albeit
graphically, those compound neighborhoods will not
remain invariant to changes in molecular representation.

In separate work, Casciuc et al. showed the complemen-
tarity of seven GTMs based on a different descriptor space
to classify actives and inactive compounds in ChEMBL. In
that work, the authors also compared the performance of
virtual screening of the complementarity of different maps
vs. a consensus map concluding that “while any single
universal map has moderate predictive power, the combi-
nation of complementary maps lead to a more robust
consensus effect in virtual screening.[17] Also using GTMs,
Zabolotna et al. presented “NP-Navigator”, a freely available
intuitive online tool for visualization and navigation
through the chemical space of NPs and NP-like molecules.[8]

The different representations generated in NP-Navigator

Figure 3. General comparison of a chemical multiverse with consensus chemical space. While a chemical multiverse of a compound data set
is a set of alternative chemical spaces (shown in figure only two, for illustration purposes), a consensus chemical space is the combination of
the alternative chemical spaces to yield one single chemical space that is the result of data fusion or combination of the descriptors. The
grids with blue triangles and orange cylinders encode two different chemical spaces described by, for instance, drug-likeness and ECFP
descriptors, respectively. In this schematic example, the green hexagons represent the fusion or combination of the two descriptors to lead
to a new but single consensus chemical space.
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allows to efficiently analyze different aspects of NPs such as
chemotype distribution, physicochemical properties, bio-
logical activity, and commercial availability of NPs.

The use of multiple structure representations to explore
the chemical space of compound data sets and its impact
to analyze structure-activity relationships under the concept
of activity landscapes has been shown and reviewed in the
literature.[56] In an early work, 2D and 3D representations
were used to identify activity cliffs of a data set of 48
bicyclic guanidines with k-opioid receptor binding affinity.
It was concluded that while some activity cliffs are depend-
ent on the structure representation, there are activity cliffs
that are consistent regardless of the representation ex-
plored, i. e. consensus activity cliffs.[51]

In order to generate efficient methods to quantify the
diversity of large and ultra-large chemical libraries and
visualize their mutual relationships in chemical space, Dunn
et al. developed Chemical Library Networks (CLNs) based on
extended similarity indices.[54] In this work, different CLNs of
19 chemical libraries used in drug discovery and NPs
research were generated using MACCS keys (166-bits),
RDKit, and ECFP4 fingerprints. The analysis and comparison
of the generated CLNs led to the conclusion that the
extended Tanimoto index offers the best description of
extended similarity in combination with RDKit fingerprints.
In subsequent work, Flores-Padilla et al. used CLNs and
Constellation plots based on chemical core scaffolds to
analyze 11 commercial libraries of different sizes focused on
epigenetic targets (with 53443 compounds in total).[3] The
chemical space content and diversity analysis based on

different descriptors helped to identify the most diverse
synthetic-focused screening libraries.

In the design of compound libraries, various representa-
tions of chemical space are also commonly used to assess
the novelty, pharmaceutical properties, and molecular and
shape diversity of the compounds generated. For example,
to design combinatorial libraries it is common to analyze
the chemical space based on physicochemical properties
and compare it with sets of pharmaceutical relevance such
as approved drugs. Structural novelty and diversity are also
often visualized through chemical space based on molec-
ular fingerprints. Other visualizations that are included in
compound library design programs are the Principal Mo-
ments of Inertia plots. These graphs are mainly used in
diversity-oriented synthesis approaches to ensure the
diversity of shapes of the designed compounds.[57]

Recently, Arús-Pous et al. used different PCA plots of
molecular quantum number fingerprints in compound
library design to assess the quality of the training process in
generative models.[53] In that study, the obtained plots
showed that when using recurrent neural networks to train
models that sample chemical space, complex molecules
with many rings and heteroatoms are more difficult to
sample than molecules with fewer rings and more carbon
atoms.

The encoding of fragments or building blocks, as well as
experimental data on reactions in computer-accessible
formats, are opening new ways of representing chemical
space. Integrating this information into the chemical space
representation can facilitate the search for promising
compounds in ultra-large data collections and focus the

Table 3. Examples of studies of chemical spaces of compound data sets using multiple representations.a

Study aims Data sets and molecular representations and descriptors Ref.

Structure-activity relationships 2D representations of the chemical space combined with biological activity using 11 2D and 3D
structural representations. The therein generated activity landscapes were used to identify consensus
activity cliffs.

[51]

Diversity analysis 3D projections of PCA-based chemical spaces generated from a set of 2250 compounds obtained
from nine datasets of 250 compounds each using four fingerprints (atom pairs, MACCS keys, TGD,
and piDAPH4) and the Tanimoto coefficient. The visualizations of the chemical space were employed
to analyze the diversity of the data sets.

[52]

Virtual screening Eight universal GTMs each generated with different descriptor vectors (In SIlico design and Data
Analysis – ISIDA descriptors), each encoding distinct structural features, were employed as support
for predictive classification landscapes.

[17]

Compound library design Four PCA plots of molecular quantum number fingerprints to assess the quality of the training
process in generative models.

[53]

Chemical space navigation Visualization and navigation through the chemical space of natural products and natural products-
like molecules considering chemotype distribution, physicochemical properties, biological activity,
and commercial availability.

[8]

Diversity analysis and
compound(s) selection

CLNs of 19 chemical libraries used in drug discovery and natural products research were generated
using four fingerprints (MACCS keys, RDKit, and ECFP4), and the extended Tanimoto index. CLNs
were used to compare the diversity of the data sets.

[54]

Diversity analysis 16 comparative ChEMBL vs. purchasable building blocks (PBB) landscapes using GTMs and ISIDA
fragment descriptors. GTMs allowed the identification of the most represented and underrepresented
classes of PBBs.

[55]

a In chronological order of publication.
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synthesis of new compounds in relevant medicinal
chemistry spaces.[58] In another application of GTMs,
Zabolotna et al. analyzed the diversity of more than 400,000
purchasable building blocks (PBBs) provided by
eMolecules.[55] Comparison of PBBs with synthons derived
from ChEMBL fragmentation revealed that the internal
diversity among members of the same class of synthons is
significantly better for ChEMBL-derived synthons, leaving
room for the design and improvement of corresponding
PBBs. Similarly, the existence of structurally equivalent
synthons in ChEMBL can be used to search for alternative
synthesis ways in situations where the same structural
remainder can be provided by radically different reactivity
BBs applicable in different synthetic routes.

Figure 4 shows additional examples of visualization of
chemical multiverses for different data sets: different nature
of chemical structures and a varied number of molecules.
Of note, the purpose of the examples in this figure showing
data sets of varying chemical nature is to illustrate the
concept of the chemical multiverse. Still, we do not attempt
to make a direct comparison between the data sets or
discuss their diversity. Figure 4 shows a 2D visualization of
the chemical multiverse (given by two chemical spaces,
each obtained with a different set of descriptors) and a
representative consensus chemical space of five data sets
from various sources: small organic drug-like compounds,
protein� protein interaction inhibitors, anti-Staphylococcus
aureus methicillin-resistant (MRSA) peptides from the anti-
microbial peptide database 3,[59] natural products, and food

Figure 4. Example of the visual representation of chemical multiverse of four compound data sets: A) drug-like (2,403 compounds); B)
protein-protein interaction inhibitors (2,227 compounds);[65] C) anti-MRSA peptides (165);[59] D) natural products (285 compounds from
BIOFACQUIM database);[66] E) food chemicals (21,319 compounds from FooDB).[67] The visual representations were obtained from the t-SNE
module implemented in KNIME. The chemical multiverse of each set is compared with a consensus representation of the chemical space
obtained from averaging (i.e, average fusion rule) the coordinates of the data points. The upper part of this figure shows examples of
representative chemical structures of each data set, each structure is represented by a yellow shape.
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chemicals. The coordinates for each graph in Figure 4 were
created using the “tSNE module”[14] of KNIME software
(version 4.3.4).[60] Figure 4A1–E1 (top part of the figure, in
blue) shows a visualization of the chemical space based on
the recently developed “MinHashed atom-pair fingerprint
up to a diameter of four bonds” (MAP4) fingerprint
(2048 bits).[61] Figure 4A2–E2 (middle of the figure, in
orange) shows the visual representation of the chemical
space using a different set of chemical descriptors: SlogP,
TPSA, MW, Rotatable bonds, NumHBD, NumHBA, NumSter-
eocenters, FractionCSP3, that were calculated with the
RDKIt module implemented in KNIME.[62] In this illustrative
example, both chemical space representations in blue and
orange of the five different data sets (A–E) shows a
visualization of the chemical multiverse of the sets, in this
case using t-SNE (other approaches to visualize the
chemical space or chemical multiverses can be employed,
as described in Section 3). The chemical multiverses for
each data set, e.g., comparing the pair of chemical spaces
A1� A2, B1� B2, C1� C2, D1� D2, and E1� E2, clearly show the
dependence of the chemical space on the structure
representation, in these cases MAP4 fingerprints and
chemical descriptors. This is particularly dramatic for data
sets such as peptides and NPs.

For comparison, Figure 4A3–E3 (bottom part of the
figure, in green) illustrates an example of a visualization of a
consensus chemical space of the same five data sets. For
this example, the consensus representation was generated
by taking the average of the t-SNE coordinates of each data
set. Several other combinations of descriptors or fusion
rules could be employed and finding “the best” one would
not be straightforward. Of note, exploring and comparing
different approaches to combine descriptors is beyond the
scope of this review (in general) and the Figure 4 (in
particular). As discussed in Section 3.1, the consensus
representation of the chemical space would be directed to
generating a “global” perception of the chemical universe,
which is also valuable. To illustrate further the interdepend-
ence of data between the multiverse chemical spaces and
consensus representation, the upper part of Figure 4 shows
representative chemical structures of each data set. In
general, the change in the relative position of each
chemical structure in their chemical multiverse is con-
densed on the consensus representation of each one.
However, the interpretation of the consensus chemical
space becomes more complicated if one wants to associate
the structure of property features that distinguish the
compound data sets.

The interactive visualizations of chemical spaces were
generated using DataWarrior software.[63,64] The visualiza-
tions are available on Figshare at https://doi.org/10.6084/
m9.figshare.20483958.

In Figures 4 alternative and more molecular representa-
tions could be used to illustrate the concept of chemical
multiverses of the various data sets in addition to the

published examples reviewed in Table 3. For illustration,
only a few molecular representations were used.

The survey of published case studies (Table 3) shows the
relevance of using several descriptors for various type of
applications, namely structure-activity relationships, diver-
sity analysis, virtual screening, compound library design,
visual representation of the chemical space, and compound
selection. The examples in Figure 4 are intended to further
illustrate that chemical multiverses can be applied to
virtually any type of molecular structure such as small
molecules as drug candidates, NPs, peptides, inhibitors of
protein� protein interactions, peptides, and food chemicals,
that have distinct structural features.

5 Summary and Outlook

The number and type of chemical structures relevant to
drug discovery and other related applications are dramati-
cally increasing. Similarly, the number and type of exper-
imental or calculated descriptors also augment. The
continued increase in the number of compounds and
descriptors encourages novel ways to interact with the
chemical space beyond the traditional medicinally relevant
chemical space built based on drug- or lead-like properties
of the pharmaceutical interest and the conventional organic
small-molecules. Herein, we introduce the term chemical
multiverse as a group of chemical spaces, each one defined
by a given set of descriptors. By its own nature, a chemical
multiverse provides more information about a single
chemical space defined by a specific molecular representa-
tion. In this review, we have shown that the use of multiple
descriptors to study the chemical space has been imple-
mented in several studies as a single type of descriptor is
not enough to capture all the required features for
structure-activity relationships, or other applications such as
diversity analysis, virtual screening, compound library
design, visual representation of the chemical space, and
compound selection. A “chemical megaverse” is the
collection of chemical multiverses, and this would be given
by the several different groups of descriptors that can be
used to define a chemical space.

For some specific compound data sets, for instance,
metal-containing molecules and other types of complex
molecules, it remains to determine the chemical multiverses
consistently: very much like in cosmology, to explore
uncharted regions of the chemical space. Also, it remains to
explore how to move from one universe to another (aka,
navigating between chemical spaces or navigating the
chemical multiverse of a compound data set), similar to
physics or astronomy, but we can find a point where each
multiverse connects or overlaps, and we can observe these
points in the visualizations of chemical spaces.

Beyond this review paper that surveys studies that use
different descriptors for various drug discovery applications,
it remains to compare, in a research study, different ways to
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combine descriptors and, in general, generate consensus
representations of chemical spaces.

As illustrated in this manuscript, same as the chemical
space concept, the chemical multiverse and chemical
megaverse have applications in several research areas,
including drug discovery and beyond.
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Cuando se habla de Química, lo más común es imaginar a alguien 
dentro de un laboratorio, portando goggles, vistiendo una bata 
y trabajando con matraces (el llamado “laboratorio húmedo” 
o wet lab). Sin embargo, también existen hombres y mujeres 

que están detrás de una computadora haciendo experimentos, pero 
con algoritmos (el llamado “laboratorio seco” o dry lab). La Química 
Computacional es una disciplina que se nutre en gran medida de da-
tos experimentales generados en un laboratorio húmedo. La idea de 
usar computadoras es transformar estos datos químicos (llámense re-
acciones químicas, compuestos químicos, datos de actividad biológica, 
etc.) en información y ésta en conocimiento, lo cual permite reducir 
costos y eficientar procesos. Por esa razón ha tenido un gran impacto 
en la sociedad y cada vez hay un mayor número de aplicaciones que se 
ven reflejadas en un incremento de artículos y publicaciones científicas 
(Damm-Ganamet et al., 2020). 

Pero, ¿por qué es necesario enfatizar la labor que han hecho las mujeres 
en la Química Computacional y no sólo hablar de esta disciplina? La baja 
representación de mujeres en espacios STEM (del inglés ciencia, tecnología, 
ingeniería y Matemáticas) es un problema multifactorial que no sólo afecta 
a nivel social, sino que también repercute en la forma en la que se hace y se 
piensa la ciencia. De acuerdo con el Instituto de Estadística de la UNESCO, 
menos de 30% de los investigadores de STEM en todo el mundo son mujeres 
(Emambokus et al., 2016). El hecho de que las niñas y mujeres no se sientan 
capaces en ciertas áreas, o incluso ni las consideren a la hora de elegir ca-
rrera, es una situación que requiere nuestra atención. Resaltar las contribu-
ciones de mujeres en la Química Computacional y discutir tanto los factores 
que han influido en la participación de mujeres en ella, como los factores que 
siguen obstaculizando su éxito en todos los niveles, nos permite identificar 
los retos, las oportunidades y las áreas de desarrollo que tienen actualmente 
las mujeres que quieren orientar su carrera profesional hacia allá. También 

https://paperpile.com/c/mYlmGT/HXnW
https://paperpile.com/c/mYlmGT/HXnW
https://paperpile.com/c/mYlmGT/HXnW
https://paperpile.com/c/mYlmGT/JPKJ
https://paperpile.com/c/mYlmGT/JPKJ
https://paperpile.com/c/mYlmGT/JPKJ
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es importante dar difusión a este tema para avanzar en la construcción 
de una ciencia con perspectiva de género en la que las aplicaciones 
científicas beneficien a una mayor parte de la sociedad.

¿QUÉ ES LA QUÍMICA COMPUTACIONAL Y QUÉ APLICA-
CIONES TIENE?

Existen tantas definiciones de Química Computacional que pueden lle-
gar a ser confusas, debido a que, por mucho tiempo, el término fue usa-
do para describir lo que ahora representa la Química Teórica. Otras de-
finiciones se enfocan demasiado en los métodos utilizados, excluyendo 
campos como la Quimioinformática. Para usos prácticos, y para dar una 
visión más amplia de lo que representan los métodos computacionales 
en Química, utilizaremos la definición del Dr. Gabriel Cuevas, quien la 
menciona como una disciplina que comprende todos aquellos aspectos 
de la investigación en Química que se benefician de la aplicación de las 
computadoras (Cuevas, 2005). La figura 1 resume algunas áreas que 
comprende y sus principales aplicaciones. Como podemos ver, aborda 
cuestionamientos desde el nivel electrónico y atómico hasta el nivel 
macroescala. Por ejemplo, en la Química Teórica, los métodos compu-
tacionales se usan en la validación de métodos químico-cuánticos, para 
el cálculo de estructuras tridimensionales, y también para predecir o 
explicar la estructura y reactividad de las moléculas (Lu, Deng y Shuai, 
2021). 

En el descubrimiento y desarrollo de fármacos, los métodos compu-
tacionales (tanto derivados de la Quimioinformática como de la Bioin-
formática) han tenido un impacto sustancial en la identificación y el 
diseño de nuevos compuestos, además de la elucidación de mecanis-
mos de acción de fármacos (Saldívar-González, Prieto-Martínez y Me-

https://paperpile.com/c/mYlmGT/FAe5
https://paperpile.com/c/mYlmGT/VQje
https://paperpile.com/c/mYlmGT/VQje
https://paperpile.com/c/mYlmGT/0OHv
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  Figura 1. Áreas de la Química Computacional y sus principales aplicaciones.

dina-Franco, 2017). A nivel industrial, la Química Computa-
cional se usa para caracterizar y diseñar nuevos materiales, 
así como en el desarrollo de rutas de síntesis química más 
eficientes a través de herramientas de inteligencia artificial 
(IA)  (Lu, Deng y Shuai, 2021).

¿QUÉ PAPEL JUEGAN LAS MUJERES EN LA QUÍ-
MICA COMPUTACIONAL?

Históricamente, las mujeres han tenido una presencia muy 
activa en sectores como la informática y las telecomunicacio-
nes. En la década de los sesenta, las mujeres constituían la  
mayor parte de la fuerza laboral informática. Sin embargo, 
esto cambió con la aparición de las computadoras de escri-
torio, que popularizaron esta actividad como algo exclusivo 
para hombres. Tan sólo en EUA, el número de mujeres gra-
duadas en informática pasó de 37% en 1984 a 18% en 2017 
(White, 2017). Esta disparidad entre hombres y mujeres es 
aún más grande conforme va aumentando el nivel educati-
vo. A pesar de las  barreras de su época, mujeres como las 
doctoras Margaret Dayhoff, Yvonne Martin y Arianna Wright 
Rosenbluth, lograron posicionarse dentro del círculo compu-

https://paperpile.com/c/mYlmGT/0OHv
https://paperpile.com/c/mYlmGT/VQje
https://paperpile.com/c/mYlmGT/cNYq
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tacional, abriendo camino para la aplicación de la computa-
ción en áreas de la ciencia como Biología y Química.  La Dra. 
Dayhoff sentó las bases de la Bioinformática (Gauthier et al., 
2019), mientras que la Dra. Martin fue una de las primeras 
defensoras de la Química Computacional y su uso en el dise-
ño de fármacos (Stouch, 2009). Por su parte, la Dra. Wright 
Rosenbluth ayudó a crear Metrópolis, uno de los algoritmos 
más importantes que se usa en modelado molecular.

Afortunadamente, el panorama actual en la Biología y 
la Química Computacional es mejor que en los sectores ex-
clusivamente computacionales. En los últimos 40 años, el 
número de afiliaciones y la presencia de mujeres en con-
gresos en esta división y en diseño de fármacos asistido por 
computadora (DIFAC) ha aumentado a 25% (Holloway y 
McGaughey, 2018).  En particular, en el DIFAC se estima que 
esta cifra ha aumentado a 38% (hasta 2017), comparado 
con 13% en 1989 y 1% en 1975. Esto se debe en gran par-
te a que son divisiones relativamente nuevas, además de la 
disminución de limitaciones por normas sociales obsoletas 
respecto a roles de género. También, la naturaleza multidis-
ciplinaria, en donde convergen egresados de carreras como 
Química, Biología, Bioquímica, Farmacia e incluso algunas 
ingenierías, ha disminuido esta brecha. Otros factores que 
contribuyen a un crecimiento del número de mujeres son 
la mayor flexibilidad que permite el trabajo vía remota y 
las mentorías positivas. Estas últimas pueden proporcionar 
perspectivas importantes en el área de trabajo, estilos de 
vida y valores reflejados. 

Recientemente, las revistas científicas han tomado iniciativas 
para reconocer y celebrar el trabajo de mujeres en la Química 
Computacional y han organizado conversatorios y volúmenes 
o colecciones especiales (ver en línea: Women in Computational 
Chemistry y Women in Artificial Intelligence in the Life Sciences), 
que exponen investigaciones, cifras, opiniones y experiencias 

https://paperpile.com/c/mYlmGT/jsmA
https://paperpile.com/c/mYlmGT/jsmA
https://paperpile.com/c/mYlmGT/jsmA
https://paperpile.com/c/mYlmGT/jsmA
https://paperpile.com/c/mYlmGT/ukFN
https://paperpile.com/c/mYlmGT/XH7C
https://paperpile.com/c/mYlmGT/XH7C
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personales de mujeres en esa especialidad.  Entre los retos 
que aún quedan por afrontar se recalcan: obstáculos cultu-
rales y sociales (mayoritariamente en mujeres de primera 
generación), sexismo, malas políticas de licencia de mater-
nidad/paternidad, discrepancias salariales y el famoso techo 
de cristal. 

En la actualidad, es importante que las mujeres estemos 
ejerciendo como profesionistas en nuestra sociedad y fun-
giendo como pioneras en disciplinas emergentes como el 
DIFAC y en las aplicaciones que ofrecen tecnologías como la 
IA. La presencia de mujeres, al menos en estas disciplinas, ha 
enriquecido la visión que se tiene respecto al manejo y trata-
miento de ciertas enfermedades. Por ejemplo, se ha eviden-
ciado la falta de representación de mujeres en estudios clíni-
cos, lo que repercute en el espectro de efectos adversos que 
se estudian o contemplan al lanzar un nuevo medicamento, 
o bien, al darle un nuevo uso (Carrasco et al., 2022). A pe-
sar de que se ha demostrado que la respuesta a fármacos es 
distinta en hombres y mujeres, no se han establecido dife-
rencias en el uso o dosificación de medicamentos, lo cual, en 
ocasiones se traduce en poco efecto terapéutico y mayores 
efectos adversos en mujeres (Alcalde-Rubio et al., 2020).  

Cirillo et al. (2020) han examinado las brechas actuales 
de sexo y género en las aplicaciones de IA en Biomedicina, 
donde se resalta que la exclusión y el sesgo que existe en los 
datos que se han recolectado hasta la fecha, también reper-
cute en los modelos computacionales que se diseñan hoy en 
día. Es necesario que la comunidad científica sea consciente 
de ello y se fortalezcan iniciativas para la inclusión de da-
tos más diversos que tengan un impacto significativo en los 
tratamientos y en los resultados de los pacientes, particular-
mente en aquellos en áreas de la medicina con necesidades 
insatisfechas. 

https://paperpile.com/c/mYlmGT/Ovbm
https://paperpile.com/c/mYlmGT/Ovbm
https://paperpile.com/c/mYlmGT/Ovbm
https://paperpile.com/c/mYlmGT/ZaV5
https://paperpile.com/c/mYlmGT/ZaV5
https://paperpile.com/c/mYlmGT/ZaV5
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HALLAR TU CAMINO A TRAVÉS DE UN ESPA-
CIO DE POSIBILIDADES

Existe una idea falsa de que una vez que decides estudiar 
una carrera no hay vuelta atrás y harás eso toda tu vida, 
o bien, que si decides realizar estudios de posgrado tu 
único camino será la academia. Actualmente, el desa-
rrollo laboral para una mujer que enfoca su carrera pro-
fesional en la Química Computacional es muy amplio, 
aunque probablemente limitado en términos geográfi-
cos.  Para mostrar que las trayectorias profesionales no 
siempre son y ni tienen que ser lineales, aquí mostramos 
ejemplos de mujeres con esta formación desarrollándose 
profesionalmente en diferentes campos, desde la indus-
tria y la academia hasta en emprendimientos y política. 
Para tener un panorama más amplio de las investigacio-
nes de estas mujeres puedes consultar el siguiente direc-
torio: http://iopenshell.usc.edu/wtc/resources.html

A nivel industrial, la Química Computacional ha in-
fluido directamente en el descubrimiento y desarrollo de 
fármacos y de nuevos materiales. El desarrollo de sof-
tware científico y el análisis de datos químicos también 
se han hecho indispensables dentro de las industrias quí-
micas. Algunos ejemplos de científicas en la industria son 
Georgia McGaughey (vicepresidenta en Ciencia de Datos 
en Vertex Pharmaceuticals), Rebecca Green (científico 
principal sénior en Bristol Myers Squibb), Luisa María 
Fraga (gerente sénior en Materiales Avanzados de Rep-
sol) y Katharine Holloway (científica principal en Gfree 
Bio) quien cuenta con más de 30 años de experiencia en 
DIFAC y contribuyó al desarrollo de Crixivan, el primer 
fármaco aprobado para el tratamiento del SIDA dirigido 
a inhibir la proteasa del VIH. 

https://www.repsol.com/es/productos-y-servicios/quimica/index.cshtml
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En la academia, específicamente en el campo de la 
dinámica molecular, resaltan los trabajos de las doctoras 
Teresa Head-Gordon, Rommie E. Amaro y Zoe Cournia, 
esta última también desarrolló SME Ingredio, una app 
para teléfonos móviles que informa a los consumidores 
sobre los peligros potenciales de los ingredientes quí-
micos en los productos alimenticios y cosméticos. En 
América Latina, científicas que destacan son las doctoras 
Carolina Horta Andrade (Universidade Federal de Goiás, 
Brasil), Fernanda Duarte (Chile, actualmente investiga-
dora en la Universidad de Oxford, Reino Unido), Karina 
Martínez Mayorga (Instituto de Química, UNAM, Méxi-
co) y Laura Domínguez Dueñas (Facultad de Química, 
UNAM, México). 

Además de la investigación, es común que científi-
cas se desempeñen como revisoras o editoras de revistas 
científicas, un ejemplo sobresaliente es el del Journal of 
Chemoinformatics, en donde tres de los cuatro editores 
son mujeres: las doctoras Karina Martínez Mayorga, 
Bárbara Zdrazil (European Bioinformatics Institute) y 
Nina Jeliazkova (Ideaconsult Ltd).

Los institutos gubernamentales también son una op-
ción para realizar investigación en Química Computa-
cional. Cada vez se hace imperativo el uso de métodos 
computacionales para el manejo de información química 
en patentes y en la regulación y evaluación de medica-
mentos, agroquímicos, productos alimenticios y cosmé-
ticos. La Dra. Patra Volarath es un ejemplo de científica 
de datos con vastos conocimientos en Quimioinformá-
tica que trabaja para la Administración de Alimentos y 
Medicamentos de los Estados Unidos (FDA, por sus si-
glas en inglés). 



17CIENCIA UANL / AÑO 26, No.121, septiembre-octubre 2023

Por otra parte, las consultorías y las 
pequeñas y medianas empresas (Pymes) 
son ejemplos de emprendimientos. Desta-
camos Wendy Warr & Associates, empresa 
fundada en 1992 por la Dra. Wendy Warr, 
quien tiene cerca de 50 años de expe-
riencia en Quimioinformática y Química 
Computacional y casi 20 de éstos en la 
industria farmacéutica. Otro ejemplo es 
pinely.co, empresa fundada por Rachelle 
Choueiri y Shabnam Safaei, que utiliza la 
computación cuántica y las simulaciones 
clásicas para optimizar sistemas químicos 
y desarrollar materiales y catalizadores 
más sostenibles.

En la política y en las inversiones tam-
bién hay casos de mujeres muy sobresalien-
tes. Angela Merckel, excanciller alemana, 
obtuvo su doctorado en Química Cuántica, 
pero se interesó en la política con la caída 
del muro de Berlín.  La Dra. Charity Wayua 
(directora de Investigación sénior de IBM) 
puso en práctica sus habilidades como in-
vestigadora del cáncer en un paciente es-
pecial: el gobierno de su Kenia natal. Ella 
contribuyó a mejorar drásticamente el pro-
ceso para abrir nuevos negocios en su país, 
favoreciendo su crecimiento económico, 
nuevas inversiones y el reconocimiento del 
Banco Mundial.

Figura 2. Espacios para el desarrollo laboral en Química Computacional (adaptado de Dong, 2020).



18 CIENCIA UANL / AÑO 26, No.121, septiembre-octubre 2023

C
IE

N
C

IA
 Y

 S
O

C
IE

D
A

D

CONCLUSIONES

Las mujeres podemos y debemos continuar aventurándonos en las 
áreas emergentes del STEM. Muy importante: si aspiramos a enri-
quecer la visión que se tiene respecto a la ciencia y sus aplicacio-
nes en la sociedad, se deben realizar esfuerzos que incentiven la 
diversidad de género en sectores STEM. Como ciudadanos podemos 
contribuir en esta tarea externando nuestras opiniones y “alzando 
la voz” ante situaciones no equitativas o injustas. Mujeres científicas 
podemos compartir experiencias e impulsar la participación de más 
mujeres hacia una igualdad de género. Colegas hombres también 
pueden ayudar informándose y visibilizando el trabajo de sus cole-
gas mujeres (más allá de sólo cubrir cuotas para congresos o atraer 
recursos a sus laboratorios). 

Otra forma es evitando el mansplaining, respetando y no ocupan-
do lugares como ponentes en foros y espacios destinados a compar-
tir experiencias de mujeres científicas. Finalmente, las instituciones 
educativas, gubernamentales y las empresas deben asumir compro-
misos que aseguren espacios para las mujeres, e implementar polí-
ticas de equidad de género que garanticen que las mujeres puedan 
tener visibilidad, éxito y reconocimiento en todos los niveles.

La inclusión de mujeres en la Química Computacional, como se 
mostró en este artículo, puede poner en evidencia las consecuencias 
de la falta de representatividad en diversas especialidades, lo cual 
tiene impacto en la resolución de problemas que no habían sido 
considerados previamente. 
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Abstract 

We report the main conclusions of the first Chemoinformatics and Artificial Intelligence Colloquium, Mexico City, June 
15–17, 2022. Fifteen lectures were presented during a virtual public event with speakers from industry, academia, 
and non‑for‑profit organizations. Twelve hundred and ninety students and academics from more than 60 countries. 
During the meeting, applications, challenges, and opportunities in drug discovery, de novo drug design, ADME‑Tox 
(absorption, distribution, metabolism, excretion and toxicity) property predictions, organic chemistry, peptides, and 
antibiotic resistance were discussed. The program along with the recordings of all sessions are freely available at 
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Introduction
In the setting of a growing number of applications and 
developments of computational approaches to drug dis-
covery and related fields, of an increasing frequency 
of virtual meetings [1, 2], and of efforts to enhance the 
education of students [3, 4], the first Chemoinformatics 
and Artificial Intelligence (AI) Colloquium organized by 
a Latin American country was held in Mexico City, June 
15–17, 2022. The virtual meeting featured talks by 15 
international experts. Table 1 presents the full program. 
The speakers, eight of which were from Latin American 

Countries or of Latin American origin, have a broad per-
spective as they work in academia, large pharmaceutical 
companies, new start-ups, public research institutions 
and non- profit organizations.

Twelve hundred and ninety participants, from more 
than 67 countries, including México, India, Colombia, 
Brazil, Perú, United States, Cameroon, Ecuador, Argen-
tina, and Germany, had access to the talks through Zoom, 
YouTube, and the Facebook channels of the School of 
Chemistry at the Universidad Nacional Autónoma de 
México (UNAM). The group of participants was made 
up 659 students (51.1%), 242 academics (18.8%), 236 
researchers (18.3%), 119 industry professionals (9.2%), 
and 34 with other non-disclosed profiles (2.6%) from 
more than 40 institutions in Mexico and other countries.

The meeting was hosted by the Department of Phar-
macy in UNAM’s School of Chemistry. Recordings of all 
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talks and the full program are freely available at https:// 
www. difac quim. com/ engli sh/ events/ 2022- collo quium/. 
The following sections summarize the key developments 
presented and discussed during the meeting. The content 
is organized into six sections: following the introduction, 
the effectiveness and challenges of chemoinformatics and 
AI methods are considered, followed by a discussion of 
the opportunities afforded by these methods, general 
insights, and an overview of the material. The report ends 
with a discussion of the overall conclusions.

Challenges of chemoinformatics and AI methods
Professor Johan Gasteiger, the first speaker in the Col-
loquium, stated three of the fundamental questions 
in chemistry: (1) what structure do I need for a certain 
property?, (2) how do I make this structure?, and (3) how 
do I synthesize this and characterize this compound? 
Answers to the first question involve structure-property 
or structure-activity relationships, to the second question 

involve synthesis design, and to the third question involve 
reaction prediction and structure elucidation. In many 
instances, answers to these questions can be found in the 
vast amount of data stored in publicly accessible data-
bases, which contain information on millions of com-
pounds, their structures and reactions, as well as many of 
their chemical and biological properties. Because of the 
size and complexity of this data, chemoinformatics tools 
are essential if one is to utilize this information effectively 
in order to answer important chemical questions (vide 
supra) [4].

Inductive learning, i.e. learning from examples, is an 
important mode of learning in chemistry, which typi-
cally arises in the interpretation and analysis of data. 
The objective of most artificial intelligence (AI) meth-
ods is to emulate human reasoning by machine or auto-
mated processes. Thus, inductive learning methods such 
as machine learning (ML) and deep learning (DL), have 
many applications in chemistry. In fact, the application 

Table 1 Program of the chemoinformatics and artificial intelligence colloquium and related links

a In order of presentation
b Each lecture is associated with the references given in the far-right column and vice-versa

Speakera Affiliation (country) Lectureb Related 
links and 
references

Johann Gasteiger University of Erlangen‑ Nuremberg (Germany) Chemistry in times of artificial intelligence [4–7]

Marilia Valli University of São Paulo (Brazil) Brazilian biodiversity chemical space into NuBBE 
database

[8]

Fernando Prieto D. Prieto‑Martínez National Autonomous University of México 
(Mexico)

A bird’s eye view of AI in structure‑based drug 
design

[9–11]

Paola Rondón‑Villarreal Industrial University of Santander. Currently 
Universidad de Santander (Colombia)

Machine learning in virtual screening and pep‑
tide’s design

[12]

Fabien Plisson Center for Research and Advanced Studies of the 
National Polytechnic Institute (CINVESTAV‑IPN) 
(Mexico)

Probing the limits in AI‑driven peptide design [13]

Miquel Duran‑Frigola Ersilia Open Source Initiative (UK) Ersilia, a hub of AI/ML models for infectious and 
neglected tropical diseases

[14, 15]

Eli Fernández‑de Gortari International Iberian Nanotechnology Laboratory 
(INL) (Portugal)

The role of generated chemical space in ML‑
based virtual screening

[16–18]

Norberto Sánchez‑Cruz Chemotargets, LLC (Spain); National Autono‑
mous University of México (Mexico)

Deep graph learning for protein‑fragment bind‑
ing predictions

[19]

Raquel Rodríguez‑Pérez Novartis (Switzerland) Machine learning for the prediction of ADME 
properties in pharmaceutical industry

[20, 21]

Jordi Mestres Chemotargets, LLC (Spain) Challenges and benefits of integrating the pre‑
clinical‑to‑postmarketing safety data continuum

[19]

Gerald M. Maggiora University of Arizona (USA) Development of a soft rule of five [22]

Ramón A. Miranda‑Quintana University of Florida (USA) Extended similarity analysis: from pair of mol‑
ecules, to chemical space and beyond

[23, 24]

Jürgen Bajorath University of Bonn (Germany) DeepSARM: From structural and SAR analysis to 
compound design and optimization

[25, 26]

Oscar Méndez‑Lucio Recursion Pharmaceuticals (USA) Geometric deep learning for structure‑based 
drug design

[27]

Tudor I. Oprea Roivant Sciences (USA) Learning from machine learning: some lessons 
from a gene‑centric Alzheimer’s model

[28, 29]
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of AI, specifically artificial neural networks (ANN), in 
chemistry and drug design has a long history [7]. Recent 
developments in AI methods have led to a resurgence 
and increased interest in this field. Sufficient knowledge 
and correct application (beyond the hype) are necessary, 
particularly for students, early career researchers, and 
investigators interacting with computational chemists 
or data scientists [30]. It is clear that AI has applications 
in many areas of chemistry such as property prediction, 
reaction prediction, synthesis planning, structure elu-
cidation, drug design, food chemistry, agrochemistry, 
risk assessment of chemicals, development of cosmetic 
products, material science, and process control [6, 31]. 
Because of the wide spectrum of applications of chemo-
informatics and AI in chemistry, the colloquium was cen-
tered on three major areas: identifying and developing 
small molecules as drug candidates, peptides, and natural 
products [32]. The following subsections summarize the 
challenges that were discussed during the meeting.

Data issues
Data is a cornerstone for the generation of information 
and knowledge. Hence, data quantity and quality are 
vital to the development and performance of chemoin-
formatics and AI methods. Thus, academia, start-ups, 
and industry should, as a scientific community, prior-
itize access to data, which is as balanced and complete 
as possible. For example, activity data associated with 
ligand-target interactions should also include data asso-
ciated with inactive ligands in order to capture weak or 
non-existent interaction data. In that way researchers will 
be able to access the full spectrum of available knowl-
edge [33]. Moreover, such a “holistic” viewpoint would 
help cope with the data imbalance present in many drug 
design and compound optimization campaigns.

Data curation and the construction of reliable data-
bases are major issues that also need to be addressed. 
Poorly curated databases complicate the assessment of 
the predictive performance of AI models. Combining 
efforts could, however, facilitate access to new and inter-
esting data. Examples include natural products, metal-
lodrugs, safety, preclinical, and toxicological databases, 
which complement the current data available in the pub-
lic domain and offer new perspectives on the known data 
[34–36]. There are, however, potential conflicts of inter-
est related to the publication of sensitive data associated 
with intellectual property. For example, post-marketing 
(pharmacovigilance) data that might be biased related to 
the time and clarity of data shared.

Technical challenges
One of the most important issues in chemoinformat-
ics is how to compare molecules. There are two equally 

important aspects to this issue: (1) how to represent the 
information in a molecular structure in a computation-
ally appropriate form and (2) how to determine the struc-
tural relationship of one molecule to another using this 
information. In the first instance, a common approach 
in widespread use today is the development of ‘vector-
ized’ representations of molecular structure such as 
that exemplified by Extended Connectivity Fingerprints 
(ECFP) [37] or MACCS key fingerprints [38], that repre-
sent the structural features of molecules as binary vectors 
whose components are based on the presence or absence 
of specific substructural features. In addition, SMILES 
sequences and molecular graphs are being used as fea-
tures for the most recent neural networks architectures. 
Many of these and closely related methods provide a 
basis for developing all manner of AI models. An impor-
tant caveat regarding these approaches is that they deal 
almost exclusively with 2D molecular structures. Three-
dimensional structural features, such as multiple confor-
mations, are rarely treated for a variety of reasons.

Once the structural information has been appropriately 
represented, the issue now becomes how to compare 
molecular structures. Traditionally, this has been done 
based on assessments of the structural similarity [39] of 
pairs of molecules, using any one of a number of similar-
ity measures (aka similarity functions or coefficients), the 
most popular being that developed by Jaccard and Tani-
moto [40, 41]. Recently, Miranda et al. have developed a 
new, highly efficient method, which facilitates compari-
son of multiple molecules simultaneously [22, 23], open-
ing up new possibilities in drug research.

Unfortunately, molecular similarities are representa-
tion dependent. Thus, different structural representations 
will typically lead to different similarity values, even if the 
same similarity function is used. Although this appears 
to be a severe limitation of structural similarity methods, 
in many instances they appear to produce reasonable 
results in similarity-based database searches, which lie at 
the heart of LBDD methods [42], which are described in 
greater detail in “Ligand and structure-based drug design 
methods” and “Ligand-based drug-design opportunities”.

Molecular similarity provides a suitable basis for con-
structing chemical spaces, which play an important role 
in LBDD. Chemical spaces are composed of a set of mol-
ecules and the set of pairwise similarities relating them to 
each other. Thus, they are dependent upon the molecular 
representation and similarity measure used in their con-
struction, and they are, of course, also subject to the lack 
of invariance of all structural similarity measures.

Chemical spaces are typically represented in two ways, 
coordinate-based and network-based. Coordinate-based 
chemical spaces are generally of high-dimension, and 
thus are subject to the ‘Curse of Dimensionality’ [43, 44]. 
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Lower-dimensional subspaces, in many instances, are 
employed for the purpose of visualization, however, with 
a concomitant loss of information.

Chemical space networks (CSN) provide an alterna-
tive representation that is not afflicted by the Curse of 
Dimensionality [45]. This combined with the availability 
of efficient algorithmic methods for characterizing the 
properties of very large networks, such as the Internet, 
make CSNs the preferred means for representing very 
large chemical spaces. Although it is difficult to perceive 
relationships visually in very large chemical spaces rep-
resented by CSNs, the important point here is that the 
structure of network data facilitates its analysis.

Chemical spaces lie at the heart of LBDD (see  “Ligand 
and structure-based drug design methods” and “Ligand-
based drug-design opportunities” for a fuller discus-
sion), but because of their representation dependence 
they are not unique. However, as noted earlier, this may 
not in many instances materially affect the effectiveness 
of ligand-based searches of chemical spaces [42]. Mag-
giora has provided a relatively comprehensive discussion 
of molecular representations, similarity measures, and 
chemical spaces, which should be consulted for more 
details [46].

Chemical Checker [15] signatures were proposed in 
order to facilitate the conversion of bioactivity data to a 
format readily amenable to ML methods. The concept 
of chemical space is continuing to evolve. Its applica-
tion has been extended to data visualization and to the 
study of structure-property relationships, lead optimi-
zation, data fusion, and data-driven decision making, to 
name a few applications. However, many different types 
of descriptors are available to represent different classes 
of compounds, e.g., natural products, peptides, metallo-
drugs, drug-like, and lead compounds. The extensive list 
of possible molecular representations raises a significant 
question, viz. “what are the most suitable descriptors for 
my dataset?” In specific cases, the answer combines dif-
ferent kinds of features or types of data such as chemi-
cal or topological features, and physical or biological 
data. However, it is not easy to collect, order, and organ-
ize such heterogeneous information. In order to enter an 
era where chemical and biological spaces are integrated, 
the development of new methodologies is required for 
assessing chemical and biological similarity and for han-
dling genes, proteins, omics data, and chemical data in a 
consistent manner [47].

Another challenge is the implementation of filters to 
select molecules according to pre-defined rules such 
as Lipinski’s Rule of Five (Ro5). Maggiora discussed the 
importance of ‘soft’ methods for selecting compounds 
according to Ro5. Zadeh et  al. define soft methods as 
an emerging computational approach that parallels the 

remarkable ability of the human mind to reason and 
learn in an environment of uncertainty and imprecision. 
Such methods tend to produce more realistic molecular 
property relationships as discussed by Maggiora and co-
workers [22].

Ligand and structure‑based drug design methods
LBDD methods focus entirely on the structure of the 
ligand. By contrast, SBDD methods focus on the struc-
ture of both the ligand and the binding site in its target 
proteins and/or nucleic acids. Thus, obtaining data in the 
latter case is typically more difficult.

Because of the greater availability of data on ligand 
structure, AI methods are more effective, enabling the 
study of very large volumes of diverse data in LBDD 
studies. SBDD approaches, on the other hand, have not 
yet fully explored the utility of AI, although a significant 
amount of research is currently in progress. One reason 
for this is the availability of structural data needed in 
SBDD studies, which require data on the ligand and on 
its binding site. By comparison, structure, activity, and 
physicochemical data typically required in LBDD studies, 
is considerably more available. Because of the limitations 
of current computational methods, generation of fully 
reliable 3D conformational states or binding modes is 
not possible in all cases, although significant strides have 
been made in computational docking methods, some of 
which are now capable of docking more than a billion 
compounds to a given binding site [48, 49]. In addition, 
recent progress in AI-driven de novo protein structure 
prediction (see below) has provided an unprecedented 
wealth of putatively reliable structural templates, with 
coverage recently approaching the entire protein universe 
[10, 50, 51].

General challenges
A current limitation of computational approaches in aca-
demic settings is related to the relatively limited amount 
of computational processing capacity. However, over the 
next few years accessibility to cost effective, highly effi-
cient hardware could increase dramatically, reducing 
budgetary and time requirements for developing and 
evaluating new ML algorithms. Other essential chal-
lenges discussed during the meeting included the appli-
cation of chemoinformatics and AI methods to better 
understand unexplored, rare, and neglected diseases. 
More consistent communication and collaboration 
between academia, start-ups, and large industries is also 
desirable in order to foster a viable synergy and help the 
transfer of in silico knowledge ultimately to the clinic.
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Opportunities for chemoinformatics and AI 
methods
Ligand‑based drug‑design opportunities
In addition to in  vitro and in  vivo methods, in silico 
methods can enhance serendipity and help to rational-
ize phenomena that experimental methods alone cannot 
explain. For example, serendipity in drug design can lead 
to unexpected but potentially positive results, as exempli-
fied by the discovery of Lyrica (pregabalin) [52]. An excel-
lent opportunity for ligand-based methods to enhance 
compound comparisons is through the addition or aug-
mentation [15] of chemical and physicochemical prop-
erty data, of in vitro, in vivo, and ‘omics’ biological data, 
and of preclinical, clinical, and post-marketing pharma-
covigilance data. The added information would support 
the development of a comprehensive similarity search-
ing capability that would likely, in specific instances, be 
able to identify chemical mimetics capable of reverting 
disease signatures. For example, drug-design procedures 
might be developed for reversing (or preventing) molecu-
lar pathway alterations or for predicting toxicity or safety 
issues for marketed drugs [53].

Two new applications, Extended Similarity Indices 
[23, 24] and the structure–activity relationships Matrix 
(SARM) approach and its deep learning extension (Deep-
SARM) [25], were presented at the Colloquium by Quin-
tana (Talk 12) and Bajorath (Talk 13), respectively. These 
applications support multiple procedures such as analog 
series identification (fragmentation?), analysis of de novo 
drug-design signatures, similarity searching, and visuali-
zation of SAR and chemical spaces.

Structure‑based drug‑design opportunities
Over the past few decades, SBDD has attained a sig-
nificant degree of maturity. This is especially true with 
regard to structure-based virtual screening, which has 
made remarkable progress despite its intrinsic limitations 
[54, 55]. In recent years, DL has been used in attempts 
to further improve the performance of SBDD methods. 
Perhaps the most well-known example of this is the usage 
of DL for protein structure prediction. De novo struc-
ture prediction with Alphafold [10] RoseTTAfold [50], 
or other programs [51, 56] has yielded many protein 
models of near-experimental accuracy which has further 
expanded the opportunities and the applicability domain 
of homology modeling. Protein models are now increas-
ingly used for prediction of many biophysical properties 
[57].

Other uses of AI in SBDD include, but are not lim-
ited to, potential energy functions that are similar to 
quantum-chemical descriptions (ANAKIN-ME) [9]. For 
example, DFT-like interaction potentials at the computa-
tional cost of a geometrical optimization with molecular 

mechanics; force field development [58]; enhanced sam-
pling by means of collective variables [59]; Boltzmann 
generators trained to identify transition states [60]; pro-
tein-ligand interaction fingerprints [61] such as SPLIF 
[62] or ECIF [63], and scoring functions like GNINA [64]. 
Recently, the geometric DL approach was used to learn 
distance distributions and ligand-target interactions and 
to predict the binding conformation of bioactive com-
pounds. This potential performs as well as or better than 
well-established scoring functions [27]. Geometry DL 
uses a mesh on the protein surface [65] as a molecular 
representation.

New approaches to CADD based on AI methodologies
Chemoinformatics helps transform data into information 
and subsequently into knowledge in support of decision 
making. New techniques and methodologies have con-
tributed significantly to encoding and analyzing chemi-
cal, biological, and clinical data patterns. For example, 
different types of neural networks (e.g., neural, deep neu-
ral, Kohonen-Self Organizing Maps (SOM), and graph-
based) [7] support multitask learning, which facilitates 
the exploration and exploitation of synergies between 
prediction tasks in complex systems. This potentially 
alleviates the need for system reduction or approxima-
tion, an attractive approach for holistic drug discovery 
and design. Furthermore, it is possible to use these new 
techniques and methodologies for improving graph-
based pharmacophoric representations, fragment-based 
drug design, de novo drug design, binding energy pre-
dictions, and consensus classification models [18]. How-
ever, there are a number of caveats associated with these 
approaches that must be addressed in order for them to 
be fully mature.

De novo drug design and generative models
  De novo drug design is one of the areas benefiting from 
DL. For example, DeepSARM is a deep learning exten-
sion of SARM for generative fragment-based analog 
design. DeepSARM [26] introduces chemical novelty 
into the design process based on recent developments in 
generative modeling adaptation and the further develop-
ment of chemical language models. Iterative DeepSARM 
(iDeepSARM) [25] can rationally modify and extend 
sequence-to-sequence models and add iterative com-
pound optimization and core-structure modifications.

Deep Graph Learning (DGL) which is based on ANNs, 
is capable of learning from graph-structured data [66]. 
It is included as part of the ProSurfScan platform devel-
oped by Chemotargets. This platform has been success-
fully applied to the identification of novel compounds for 
different targets. It yielded the first AI-designed drug for 
Huntington’s disease, which is currently in clinical trials 
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[67]. ProSurfScan allows estimation of the compatibility 
and binding mode of fragments on different regions of 
a protein surface. Therefore, the protein surface is rep-
resented as a complete graph consisting of nodes with 
pharmacophoric features derived from the analysis of a 
triangulated mesh representation of the protein surface 
[68, 69]. Two complementary methods are employed to 
carry out the predictions. A clique detection algorithm is 
used to compare the protein surface with known surfaces 
associated with fragments from ligands present in struc-
tures from the Protein Data Bank (PDB) (aka fragment 
environments). This allows placement of the fragment 
based on the largest subgraph found between the frag-
ment-environment and the protein surface. In addition, a 
series of DGL models is built using Graph Convolutional 
Neural Networks (GCNN) that estimate the compatibil-
ity of the fragments with respect to distinct regions of the 
protein surface.

Fernandez-de Gortari discussed the use of genera-
tors [16, 18] based on Variational Autoencoders (VAE), 
a deep neural network architecture. He discussed their 
advantage for constructing molecules with multi-target 
profiles and properties of pharmaceutical interest from 
lead molecule seeds. The methodology is based on using 
generators obtained from reasonable mutations of frag-
ments [17], obtained by exchanging structurally similar 
fragments on the lead molecule seed based on a hypo-
thetical continuous SAR for the development of a ML-
based virtual screening classifier of Sarco(endo)plasmic 
reticulum  Ca2+-ATPase (SERCA) inhibitors.

Machine learning for the prediction of ADME‑Tox 
properties
Low efficacy associated with bioavailability problems and 
adverse drug effects have been recognized as one of the 
main causes of attrition during clinical trials [70]. Thus, 
the number of possible causes for a compound to fail 
or to have barely tolerable adverse effects is quite large. 
Moreover, in vitro and in vivo characterization of a com-
pound’s properties can become very costly and time-con-
suming. For all of these reasons, considerable effort has 
been made to develop computational models for predict-
ing ADME-Tox properties [70]. AI models have leveraged 
the information available in heterogeneous ADME-Tox 
data sets and helped to improve the accuracy of early 
drug efficacy and safety predictions. There is an increas-
ing number of public and private sector initiatives aimed 
at the generation and evaluation of prospective mod-
els to assist decision-making processes and to generate 
future innovations for predicting ADME-Tox properties. 
Initiatives are also underway to permit public use and 
comparison of ML/DL models to increase confidence 
in and acceptance of these predictions. For example, 

Therapeutics Data commons (TDC) was introduced as a 
platform to systematically access and evaluate ML models 
across the entire range of therapeutics, accessible via an 
open python library [71, 72]. TDC encompasses AI-ready 
datasets and learning tasks for therapeutics; sets of tools 
to support data processing, model development, valida-
tion, and evaluation; and a collection of ‘leaderboards’ to 
support model comparison and benchmarking.

Other ML models derive hypothetical properties such 
as brain penetration (Kp) from limited experimental data 
or characterize in  vivo properties from in  vitro assay 
data. In a study conducted by Rodríguez-Pérez’s group, 
multitask learning based on Graph Neural Networks 
(MT-GNN) showed superior performance to other ML 
approaches based solely on in  vitro brain penetration 
data [20]. These promising models have considerable 
potential for practical applications in other property pre-
diction tasks.

To provide a partial solution to the data issues and 
improve early drug safety assessment, an effort has been 
made to integrate preclinical and post-marketing drug 
safety data with other commonly used sources of infor-
mation, such as chemical structure data and preclinical 
assays. Current trends focus on developing novel systems 
approaches to drug safety that offer a more mechanis-
tic view of predictive safety based on similarity to drug 
classes, interaction with secondary targets, and interfer-
ence with biological pathways beyond the traditional 
identification of chemical fragments associated with 
selected toxicity criteria [53]. An example of the inte-
gration of this information is  CLARITYPV [73], a web 
platform for translational safety and pharmacovigilance 
studies that track side effects throughout all phases of the 
drug discovery and development process.

Importance of natural products in drug discovery
Natural products have historically contributed to drug 
discovery as a source of diverse, structurally complex 
bioactive molecules that have evolved to fulfill specific 
biological functions. However, drug development from 
NPs is more complex, costly, and inefficient than drug 
development from small molecules [74]. Similarly, the 
small amount of bioactivity data associated with NPs has 
limited potential applications of ML and DL in the study 
of naturally occurring compounds. Initiatives such as 
the  NuBBEDB, a virtual database of NPs and their deriva-
tives from the Brazilian biodiversity [75, 76], have paved 
the way for developing new NP databases and projects 
like LOTUS [77] for NP storage, search, and analysis. A 
number of different chemoinformatics [78] and AI [32] 
applications have been proposed for analyzing the data 
collected to date. The main applications have focused 
on understanding the biological activity of NPs, carrying 
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out the systematic search for bioactive NPs with respect 
to a molecular target of interest, and guiding the chemi-
cal synthesis of NP analogs with simplified structures 
and improved activity. The  NuBBEDB database has been 
expanded in collaboration with CAS (Chemical Abstracts 
Service). Currently, more than 54,000 substances are 
described with information on chemical, biological, and 
pharmacology data that can be explored in order to ana-
lyze their medicinal chemistry potential. Recent work on 
target predictions for compounds in the  NuBBEDB led to 
the identification of chalcones with potential application 
for the treatment of Chagas disease [79].

General opportunities
Access to AI technology and international network-
ing can also accelerate the development of drugs for 
neglected diseases, Alzheimer’s disease, and antibiotic 
resistance. The research group of Oprea developed ML 
models to identify a potential gene relevant to suscepti-
bility to Alzheimer’s disease [29]. This analysis also iden-
tified potential risk genes including FRRS1, CTRAM, 
SCGB3A1, FAM92B/CIBAR2, and TMEFF2.

Other chemoinformatics, ML, and DL models were 
proposed as a means of identifying compounds to com-
bat antibiotic resistance, which is found in all parts of the 
world [80]. Peptides have been proposed as suitable alter-
natives since they display biological activity against bac-
teria, viruses, fungi, and parasites [81, 82]. Antimicrobial 
peptides (AMP) have a low propensity for bacteria resist-
ance [83, 84]. The research group of Rondón-Villarreal 
[12] developed an AMP library using the  CAMPR3 [85] 
database, and genetic algorithms. The peptide library 
was designed with specific physicochemical properties 
(charge, hydrophobicity, isoelectric point, and stability 
index) and tested against Escherichia coli, Pseudomonas 
aeruginosa and methicillin-resistant Staphylococcus 
aureus. This library could potentially lead to the discov-
ery of potent antimicrobial peptides.

However, the challenges of peptide design might 
require addressing multiple parameters such as high tox-
icity, poor oral bioavailability, thermal and pH stability, 
and functional promiscuity in concert. In addition, costs 
associated with experimental time, human resources, 
and equipment involved [13], must also be accounted 
for. Chemoinformatics, ML, and DL approaches should 
provide a means for developing safe AMPs with reduced 
toxicity, predict their antibacterial activity and drug-like-
ness profile, and accelerate antibiotic discovery [86, 87]. 
Plisson et al. [13] proposed an ML-guided discovery and 
design project related to non-hemolytic peptides. The 
workflow is composed of collecting compounds for an 
AMP database, computing 56 physicochemical descrip-
tors; developing binary-classifier models to predict 

hemolytic nature and activity; estimating the domain of 
applicability, and applying optimized models to the dis-
covery of non-hemolytic AMPs from a known database 
(e.g., APD3) or design novel sequences. The models used 
in this study include support vector machines, decision 
trees, random forest, gradient boosting, and k-nearest 
neighbors. This research is part of a growing series of 
predictive and generative ML models applied to support 
the discovery and design of bioactive peptides, includ-
ing antimicrobial peptides [56, 63]. The authors applied 
multivariate outlier detection to delineate the bounda-
ries of their predictive models (i.e., applicability domain) 
leading to the identification of outlying sequences [9]. To 
date, little work is being carried out on estimating the 
domain(s) of applicability of peptide modeling, although 
it is necessary for the parallel application of multiple pre-
dictors on a given sequence space.

Recommendations for new generations of scientists
Some speakers shared their experiences as scientists. This 
section summarizes some general recommendations for 
future scientists. The early-career scientist should choose 
topics that open new possibilities and should not adhere 
to a single approach or technology. “If you have your 
data, run your own benchmarks tests, build your own 
models, and try to interpret them in context. Metrics are 
irrelevant. The only proof is unbiased predictivity”.

One should always review the original publications to 
ensure integrity of information sources and avoid dilu-
tion or subjective bias. “Verify what you see, doubt what 
you find, and always obtain independent confirmation of 
your observations to validate your work”.

Do not be afraid to say, “I do not know.” Omniscient 
human beings are rare. Be ready to learn continuously. 
Focus on problem-solving skills; they are more impor-
tant than static learning and memorization of facts. 
Always prize creativity and out-of-the-box thinking. As 
you progress in your career, you will learn that people are 
the most important asset. If someone “steals” your ideas, 
which does happen, remember that this is a form of flat-
tery. It is not sufficient to only generate one great idea in 
your scientific life (the, indeed, it should be taken away 
…). Rather, one needs to generate new ideas continuously 
to cultivate individual creativity.

Discussion
Limited open-source data is a major bottleneck to AI 
approaches in many areas including drug discovery and 
design. It is hoped that synergy between academia, start-
ups, and pharmaceutical companies will further increase 
available data for learning, accelerate the design of new 
drug candidates, and reduce the gap that often exists 
between academia and industry. This may, however, be a 
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fond hope as the entities in the pharmaceutical industry 
typically have different research agendas from academic 
scientists, and there is, of course, the issue of proprietary 
data that is an important constraint on the sharing of 
data generated within pharmaceutical companies.

Chemoinformatic methods, including ML/DL 
approaches, offer significant benefits for the discovery 
and development of bioactive compounds. However, one 
of the major drawbacks of ML/DL methods discussed 
during the Colloquium was the lack of or limited inter-
pretability of their predictions. This is more evident for 
DL approaches, in which the user has no knowledge 
about internal features (or priorities) of the model and 
their assignment.

Poorly curated databases and unbalanced datasets also 
complicate model assessment and interpretation. Better 
benchmarks and guidelines need to be established for the 
characterization and analysis of ML models, following 
the example of quantitative structure-activity relation-
ship modeling.

It was also pointed out during the conference that 
regardless of the many statistics and metrics available to 
evaluate the performance of a predictive model, “true” 
validation requires prospective predictions and their 
experimental assessment. However, prospective predic-
tions are not without pitfalls and thus require careful 
evaluation of the interdisciplinary context in which such 
predictions and associated experiments are conducted. 
Machine and deep learning models are only approxima-
tions to the underlying mechanistic components of the 
system under investigation. In this case, as Oprea pointed 
out we should ask ourselves: “Is what I am doing relevant 
to the problem I am trying to solve?”

Regardless of the speakers’ diverse research environ-
ments and settings (Table 1), it was clear from the meet-
ing that the number of opportunities in ML in career 
development is increasing. This is happening in aca-
demia, in research institutes, and in large and small phar-
maceutical companies. This outcome from the meeting 
was valuable for the students, particularly those wonder-
ing about their professional future in this area and hav-
ing to decide about their next career steps [88]. It was 
also valuable for students and early career investigators 
to become aware of the career paths of many speakers 
who have transitioned from different disciplines and have 
made significant scientific contributions in the exciting 
computer-aided drug design field. Several speakers with 
20 to 30 or more years of experience, made the transi-
tion to computer-aided drug discovery from quantum 
mechanics, organic chemistry, biochemistry, computer 
engineering, medicine, and pharmacology. Their career 
paths are varied, and there is not a single straight path 
from one discipline to another. Research interests and 

opportunities evolve, and researchers adapt to the cur-
rent needs, which can change.

During the meeting, some speakers shared their experi-
ences in scientific publishing (which is crucial in science 
and has practical implications in academia). A highlight 
is that the speakers emphasize the need to be persis-
tent while pursuing a research idea. For example, Prof. 
Gasteiger shared that his most cited paper was initially 
rejected for publication three times. This message is cru-
cial for students and young scientists who often get dis-
couraged by the rejection of a submitted manuscript. The 
message is that ‘persistence pays off’.

Figure  1 shows the impact of chemoinformatics and 
AI approaches that have been around at all stages of 
the drug-discovery process, from target selection to the 
pharmacovigilance of approved drugs. The current tech-
nologies allow the use of a huge diversity of data (atomic, 
chemical, biological, clinical, and post market data) in 
combination with different approaches (e.g., data fusion, 
clustering, ML, DL, pairwise comparisons, dimension-
ality reduction, and networks) to classify, predict, or 
recognize patterns in order to explain or decode new 
knowledge, opening up a vast repertoire of possible com-
binations of methods that are applicable to the solution 
of drug-design problems.

Conclusion
The virtual Chemoinformatics and Artificial Intelligence 
Colloquium, Mexico City, June 15–17, 2022, provided an 
overview of the current developments, specific applica-
tions, and areas of opportunity in the application of AI, 
ML, and DL methods to the discovery and design of bio-
active molecules. The perspective was provided by speak-
ers at different career levels working in different research 
environments worldwide. During the colloquium, the 
role of chemists, chemoinformaticians, and data scien-
tists in accelerating drug discovery and development, 
which regularly takes 10–15 years, was discussed.

The colloquium was the first open-access event hosted 
in a country in Latin America focused on chemoinfor-
matics and AI and open to the scientific community, as 
it was accessible to registrants from more than 60 coun-
tries. It is expected that in the next few years, the Latin 
American community will be more integrated with 
chemoinformatics and AI methods being developed 
worldwide. Since it is known that scientific English can 
be a barrier for many that must be overcome, courses in 
English at the undergraduate level will be offered to pro-
mote practice among the students. Future editions of the 
meeting will include hands-on tutorials/workshops and 
poster/oral presentations by students. Also, it is expected 
that future meetings will be hybrid in order to benefit 
from one-on-one discussions and to facilitate the rapid 
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Fig. 1 Overview of applicability of chemoinformatics and AI technologies on drug design. A Main contributions of chemoinformatics and AI 
technologies on each step in the drug design process. B Combination of data, approaches, and type of results used in drug design
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dissemination and contact with interested persons for 
which traveling is difficult.

The current colloquium is an early but hopefully con-
tinued effort to join other educational events on chem-
oinformatics that have a long tradition such as the 
chemoinformatics and pharmacy informatics schools 
that are periodically held at the University of Strasbourg 
in France, or the University of Vienna in Austria.
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ABSTRACT: Searching, retrieving, and analyzing chemical
information are among the main tasks faced by students and
professionals in chemistry-related scientific disciplines. Currently,
freely available modules developed in programming languages,
such as Python, allow efficient data management and facilitate the
obtaining of information and knowledge from the data. This article
describes an electronic handbook generated on the GitBook
platform to introduce the Python programming language and the
analysis, computational representation, and visualization of
chemical data. This manual explores the most common molecular
representations of low molecular weight organic compounds and
their applications in various contexts. It also illustrates the
acquisition of chemical data from large public molecular databases
such as ChEMBL and PubChem and the analysis and visualization of chemical information using concepts such as chemical space.
The GitBook is freely available (https://difacquim.gitbook.io/quimioinformatica/) and is expected to foster open science and
facilitate learning for chemistry students at the undergraduate and graduate levels, as well as professionals interested in chemical data
analysis and visualization.
KEYWORDS: Chemoinformatics, Scientific Education, Latin America, Python, Spanish-Speaking Community, Open Science, Handbook

■ INTRODUCTION
Chemoinformatics is one of the independent disciplines that
has become a pillar during the development and design of new
drugs and, therefore, is indispensable in pharmaceutical
chemistry. This area of knowledge allows one to solve
problems in the management and presentation of information
in chemistry by integrating different computational techniques
and methods.1 Chemoinformatics merges chemistry and
informatics to solve tasks in chemistry. Figure 1 schematically
illustrates the broad applications of Chemoinformatics in drug
discovery and many other chemistry areas.2

One of Chemoinformatics’s most widely acknowledged
accomplishments is its contribution to providing access to
chemical information within databases.3 The vast volume of
data related to chemical compounds, encompassing their
physical, chemical, and biological properties, has promoted the
creation of databases designed for efficient storage and
electronic dissemination of this information. Various computa-
tional methods have been devised to further enhance the utility
of these databases. These methods facilitate more effective
information retrieval by enabling comprehensive searches
based on complete structures, substructures, and similarity.

This approach streamlines data mining and enhances the
overall efficiency of database searches. Examples of such
computational methods encompass virtual screening cam-
paigns involving molecular docking and similarity searching,
pharmacophoric modeling, quantitative structure−activity
relationship (QSAR) analyses in both 2D and 3D formats,
ligand-based drug design, and fragment-based drug design,
among others continuously evolving within the field.4

In the same context, different types of molecular
representations have enabled improved searches and expanded
applications in various areas of chemistry. Examples include
the development of new chemical compounds (de novo
design),5,6 property predictions such as absorption, distribu-
tion, metabolism, and excretion (ADME),7 structure−activity
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relationships (SARs), structure−properties relationships
(SPRs),8 and development of new chemical descriptors.9

Notable examples of molecular descriptors commonly
employed in drug discovery applications include structural
fingerprints and molecular properties. Fingerprints encode
molecular fragments or functional groups of a molecule, such
as Molecular ACCes System (MACCS) Keys10 and extended
connectivity fingerprints (ECFPs).11 Typical calculated mo-
lecular properties are whole molecular properties of
pharmaceutical interest that are part of empirical rules to
assess drug-likeness.12

Chemical space analysis, molecular docking, and application
of similarity concepts are prominent topics in computer-aided
drug design (CADD). These topics are widely utilized in the
pharmaceutical industry, universities, and research centers,

demonstrating high-frequency drug discovery and develop-
ment applications. The chemical space is the conceptual basis
of Chemoinformatics,13 several definitions are reviewed
elsewhere.14 Recently, the notion of the chemical multiverse
has emerged, representing a collection of chemical spaces for a
given set of compounds, each characterized by a distinct set of
descriptors.15 This concept finds applications in drug design,
encompassing diversity analysis, SAR and SPR analysis, and the
design of molecular libraries.14

Applications of the similarity concept, such as SAR/SPR
analysis and activity landscapes, have been very useful in
describing changes in biological activity associated with
changes in chemical structures and the subsequent design of
new compounds with improved activities.16 Often, these
differences can be confirmed with tools such as molecular

Figure 1. Overview of the applications of Chemoinformatics.

Figure 2. Snapshots of the nine main chapters of the GitBook.
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docking, which consider the mechanism of action at a
structural level. However, their application is limited to the
availability of information related to the therapeutic target.
To explore the topics mentioned above further, the

following is a Spanish handbook that addresses concepts and
tools of Chemoinformatics with applications in drug design. In
recent years, there have been several contributions to teaching

Chemoinformatics17−19 and machine learning for chemists in
an organized and formal manner.20,21 However, it is still
necessary to improve the teaching and dissemination of the
applications of Chemoinformatics in Latin America.22

Teaching the applications and basic concepts of Chemo-
informatics equips professionals with advanced skills in using
computational tools for chemical data analysis, which benefits

Table 1. Contents of the Chemoinformatics GitBook

Chapter Content Objectives

1. Search for chemical
information.

• SciFinder-n • Enhance the skills of students and professionals in the chemical field to seek scientific
information proficiently.

•Web of Science • Become familiar with diverse scientific information types and various tools or engines
employed to search for chemical information.

•Scopus • Evaluate and choose information based on distinct search criteria.
•CAS Source Index (CASSI) • Recognize the varied forms of scientific publications, understanding their structure and

content.
•Bibliometrics: tools and
software

• Acquaint oneself with tools and software employed in bibliometric analysis and
visualization.

2. Introduction to Python, Linux,
and Google Colaboratory.

• Fundamentals of programming • Introduce basic Python definitions and functions.
• Data cleaning • Introduce the concept of packages.
• Installation of the environment
in local and WSL-based

• Learn how to import, manage, and clean existing data sets.

• Basic commands on Linux • Introduce basic commands in Bash programming language for Linux interaction from the
terminal.

• Introduce Bash basic commands for managing, processing, and analyzing data from the
Linux terminal.

3. Molecular representation. • SMILES • Introduce the most common molecular representations of low molecular weight organic
compounds and their applications in various contexts.

• SMARTS • Learn how to convert compounds between the different molecular representations as
appropriate.

• InChI/InchI keys • Introduce the use of RDKit, py3Dmol, and smilesDrawer packages to manage chemical
structures.

• Apply the knowledge learned to compare structures, filter databases, and visualize
molecules with specific characteristics.

4. Molecular databases. • PubChem • Acquire proficiency in utilizing databases pertinent to drug research, including ChEMBL,
PubChem, DrugBank, and ZINC

• ChEMBL • Identify the specific categories of information accessible within each resource, enabling
streamlined and efficient information retrieval.

• DrugBank • Become familiar with using APIs to access information from public databases
programmatically.

• ZINC
• ChemSpider

5. Construction and curation of
molecular databases.

• Construction of compound
databases

• Build compound databases annotated with biological activity.
• Acquire knowledge about the molecular characteristics necessary for subsequent in silico
studies.

• Identify and eliminate molecules that could alter computational calculations.
• Curate compound databases using RDKit and Molvs modules.

6. Analysis and visualization of
chemical information.

• Calculation and analysis of
molecular descriptors

• Introduce EDA for chemical data.

• Visualization of chemical space • Employ visual methodologies to examine physicochemical properties crucial to
pharmaceutical applications, along with descriptors linked to molecular complexity.

• Explore potential correlations among various variables within the data set.
• Utilize chemical space visualization methods to generate comprehensive profiles of
chemical databases.

• Introduce the concept of a chemical multiverse and showcase it through a Chemical Art
gallery.

7. Chemical similarity. • Molecular representation
(fingerprints)

• Introduce the concept of chemical similarity and its applications in drug design.

• Similarity functions • Acquire a fundamental understanding of the critical components used to assess the
similarity between chemical compounds.

• QSAR • Study structure−activity relationships through QSAR and activity landscape modeling.
• Activity landscapes

8. Chemical library enumeration. • Chemical reactions • Illustrate examples of virtual chemical library enumeration.
• Transformation rules • Gain proficiency in employing SMARTS and SMIRKS for encoding chemical reactions

and transformations.
9. Molecular docking. • LeDock • Give a general, nonexhaustive overview of what a molecular docking study is.

• AutoDock Vina • Explain the steps for a protein−ligand molecular docking study with two open-access
programs.

Journal of Chemical Education pubs.acs.org/jchemeduc Technology Report

https://doi.org/10.1021/acs.jchemed.4c00041
J. Chem. Educ. XXXX, XXX, XXX−XXX

C

pubs.acs.org/jchemeduc?ref=pdf
https://doi.org/10.1021/acs.jchemed.4c00041?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


both academic research and the chemical and pharmaceutical
industries. It also contributes to fostering international
collaboration and technological expertise.
In this context, the goal of developing an electronic

handbook on Chemoinformatics in Spanish is to strengthen
the understanding of its basic principles in chemistry students
and professionals and to contribute to the user’s ability to
handle and interpret computational techniques associated with
this scientific discipline in the context of bioactive compounds.
This, in turn, will contribute to the formation of students and
researchers who want to learn and benefit from the appropriate
use and implementation of computational methods for their
professional development.
GitBook Structure and Content

The Chemoinformatics handbook is implemented within the
GitBook plat form (https://di facquim.gi tbook. io/
quimioinformatica/). We opted for GitBook due to its
suitability for our specific needs, providing accessibility and
user-friendliness for a diverse range of contributors. Addition-
ally, GitBook’s support for various content formats and simple
customization features enabled us to present our content in an
appealing and organized manner. As depicted in Figure 2, the
GitBook is structured into nine chapters that seek to promote
the acquisition of basic Chemoinformatics concepts and
develop competencies for the search, acquisition, and analysis
of chemical information by employing programming and open-
access computational tools. The handbook covers a broad and
diverse range of topics, including a general introduction to
Python concepts and packages and basic commands on Linux.
It also covers the search and analysis of chemical information
using different databases and software for bibliometric
visualization. It guides users on the applications of different
molecular representations of low molecular weight organic
compounds, further provides proficiency in utilizing databases
pertinent to drug research through Application Programming
Interfaces (APIs), and instructs on building compound
databases annotated with biological activity. Additionally, it
introduces Exploratory Data Analysis (EDA) for examining
physicochemical properties, exploring correlations within data
sets, and visualizing the chemical space. The concept of a
chemical multiverse is introduced and exemplified through a
chemical art gallery.23 Applications of the similarity concept to
conduct QSARs and activity landscape modeling are also
covered. The GitBook also exemplifies published examples of
chemical library enumeration in more detail.24,25 This can
prove highly beneficial for investigating proposed method-
ologies in chemical synthesis, facilitating the exploration of an
affordable chemical space through the utilization of open-
access Chemoinformatics tools. Finally, a general overview of
molecular docking is provided, including steps to conduct
protein−ligand molecular docking studies using open-access
programs LeDock26 and AutoDock Vina.27,28

Table 1 summarizes the contents and main objectives of
each handbook chapter. In each chapter, the objectives are
mentioned, followed by an introduction of the most essential
concepts for each topic and their relevance. Subsequently,
procedures are developed with “applicable” examples in
research. The chapters end with exercises to reinforce the
topics learned. The related Notebooks to explain each topic
were developed on Google Colaboratory and can be found at
https://github.com/DIFACQUIM/Cursos. The DIFAC-
QUIM/Cursos repository is under the MIT license. “A short

and simple permissive license with conditions only requiring
preservation of copyright and license notices.” Licensed works,
modifications, and larger works may be distributed under
different terms and without source code.
Implementation and Discussion

An analysis of the current trends and challenges confronting
Chemoinformatics in Latin America underscores the uneven
trajectory of this discipline’s growth within the region, in
contrast to its counterparts in Europe, Asia, and North
America.22 In Latin America, the lack of sustained funding,
adequate infrastructure, supportive policies and offering of
Chemoinformatics-related subjects in academic curricula has
resulted in a slower and fragmented progression of Chemo-
informatics.29

As part of an effort to advance the field of Chemoinformatics
in Latin America, the first school of Chemoinformatics in Latin
America was launched in 2022.30 Six lectures, one workshop,
and one roundtable with four editors were presented during an
online public event with speakers from academia, big pharma,
and public research institutions. It is anticipated that this
initiative will endure and that the presented material will
facilitate the proposal of additional workshops in future
editions.
To introduce and disseminate the GitBook among chemistry

students and professionals, a free online workshop was recently
conducted on the UAMedia platform (https://www.
uamediadigital.com/cursos-online). The workshop lasted 20
h and covered the content summarized in Table 1, excluding
molecular docking, which was subsequently included based on
attendee requests. Additionally, the GitBook is being
implemented as teaching material for the Chemoinformatics
class at the School of Chemistry, UNAM, at the undergraduate
and graduate levels. Moreover, this work has also been
presented at the Mexican Chemical Society meeting and soon
in the tenth edition of a Medicinal Chemistry symposium at
UNAM. The aim is to continue disseminating this material
among educators and professionals within the field, to foster
the incorporation of this discipline into diverse educational
institutions across Latin America, and to further collaboration
among distinct research collectives.
It is noteworthy to emphasize that any undergraduate or

graduate chemistry school can use the GitBook content
because it is written at the introductory level. While most
examples during the course focused on drug design, its
application extends beyond and can be effectively utilized in
diverse fields, such as materials science or food chemistry,
among others.

■ CONCLUSIONS
Chemoinformatics is a scientific discipline that has emerged in
response to the need to manage, classify, and efficiently
interpret chemical information. One of the main applications
of Chemoinformatics has been in drug development, since it
has facilitated the integration of chemical and biological data to
generate information and, ultimately, helpful knowledge (for
instance, predictive models of biological activity). The
Chemoinformatics handbook, constructed within the GitBook
platform and organized into nine chapters, is a valuable
educational resource for Spanish-speaking students and
professionals entering the Chemoinformatics field. It facilitates
learning in programming and highlights real and practical drug
design applications. The fundamental concepts and applica-
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tions can be adapted and extended to various chemical-related
disciplines. The emphasis on teaching Chemoinformatics
through open-access tools and the fact that the handbook is
published in Spanish align with the broader goal of
democratizing science and cultivating interest among students
and professionals in the chemical field.
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Abstract 

Science and art have been connected for centuries. With the development of new computational methods, new 
scientific disciplines have emerged, such as computational chemistry, and related fields, such as cheminformatics. 
Chemoinformatics is grounded on the chemical space concept: a multi‑descriptor space in which chemical 
structures are described. In several practical applications, visual representations of the chemical space of compound 
datasets are low‑dimensional plots helpful in identifying patterns. However, the authors propose that the plots can 
also be used as artistic expressions. This manuscript introduces an approach to merging art with chemoinformatics 
through visual and artistic representations of chemical space. As case studies, we portray the chemical space of food 
chemicals and other compounds to generate visually appealing graphs with twofold benefits: sharing chemical 
knowledge and developing pieces of art driven by chemoinformatics. The art driven by chemical space visualization 
will help increase the application of chemistry and art and contribute to general education and dissemination 
of chemoinformatics and chemistry through artistic expressions. All the code and data sets to reproduce the visual 
representation of the chemical space presented in the manuscript are freely available at https:// github. com/ DIFAC 
QUIM/ Art‑ Driven‑ by‑ Visual‑ Repre senta tions‑ of‑ Chemi cal‑ Space‑. Scientific contribution: Chemical space as a concept 
to create digital art and as a tool to train and introduce students to cheminformatics.
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Introduction
Art can be considered as the set of activities and 
products of human beings with aesthetic, ethical, and 
communication objectives that impact individuals or 
societies [1]. Its impact may seek to transmit ideas, 
emotions, needs, concerns, or values [2]. Science can be 
considered an art tool that makes the materialization of 
ideas possible and delimits the ideas of artists. What is 
important about science is not only that it has served to 
enable the work to be executed. What is fundamental 
is that it has allowed it to be imagined. Furthermore, 
scientific knowledge allows for a more profound 
interpretation of art.

Historically, the relationship between science and art 
has existed since humans created art. One example is 
chemistry, a scientific discipline that historically has had 
a symbiotic relationship with art and has determined its 
respective evolutions. Among the many interactions of 
chemistry in art are the development of pigments and 
spectroscopic techniques, materials for conservation and 
restoration, to name just a few [3, 4].

The advent of computers gave rise first to 
computational chemistry and then chemoinformatics. 
Chemoinformatics, also frequently referred to in the 
literature as cheminformatics [5] aims to manage and 
organize information, visualize chemical space, perform 

data mining, and establish mathematical relationships 
between chemical structures and properties. While 
bioinformatics focuses on biologically relevant 
macromolecules, chemoinformatics is focused on 
small compounds [6]. As an independent theoretical 
discipline, chemoinformatics relies on the chemical 
space concept [7–10]. Understanding the concept of 
chemical space within and outside chemoinformatics 
can be complicated. Generally, this concept has been 
accompanied by various images that seek to represent 
characteristics that chemists have assigned according 
to the inherent purposes of their research, leaving aside 
the aesthetic composition that, in turn, can contribute 
to deepening and communicating beyond the common 
sense, which associates thinking to an operation that 
excludes its connections with the affections, sensitivity, 
and creation. In Chemoinformatics, chemical space 
has been defined as a chemical descriptor vector 
space (cf. Fig.  1A) set by the numerical vector X 
encoding property or molecular structure aspects 
as elements of the descriptor vector X [11]. As such, 
chemoinformatics methods strongly depend on 
molecular representation and numerical descriptors 
[12]. There are many descriptors whose selection will 
depend on the type of molecules studied, for example, 
organic, inorganic, small molecules, peptides (whose 
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size can differ significantly), natural products, and 
food chemicals, to name a few. For small molecules 
(e.g., molecular weight < 1000  Da), it is common 
to use as descriptors molecular fingerprints [13, 
14], whole molecule properties (e.g., properties of 
pharmaceutical relevance [15, 16]), and sub-structures 
such as molecular scaffolds [17]. Figure  1A shows a 
schematic representation of the concept of chemical 
space, e.g., a chemical space table as a matrix where 
compounds are the rows and the numerical descriptors 
are the columns. Graphical and reduction dimension 
techniques are used to map the usually large multi-
dimensional spaces into two or three dimensions that 
can be plotted and easily visualized.

Since the chemical space of a set of compounds is 
not unique and will depend on the set of descriptors 
chosen to describe it, multiple chemical spaces are 
theoretically possible for the same data set. Continuing 
this line of thinking, a chemical multiverse was proposed 
recently and defined as “the group of numerical vectors 
that describe differently the same set of molecules.” 
An alternative definition of the chemical multiverse 
is a “group of multiple chemical spaces, each defined 
by a given set of descriptors—a group of “descriptor 
universes” [7]. The chemical multiverse concept is 
represented in Fig. 1B.

Chemical spaces and chemical multiverses are, like 
many other types of analysis, frequently analyzed through 
data visualization techniques (Fig.  1). Indeed, data 
visualization is widely used in science and other areas to 
effectively summarize and communicate data to produce 
information and, ultimately, knowledge. Extensive 
reviews have been published concerning the visualization 
of chemical spaces [9, 10]. As reviewed, there are multiple 
methods of visualization, such as principal component 
analysis (PCA) [18], t-distributed stochastic neighbor 
embedding (t-SNE) [19], Tree MAP (TMAP) [20], self-
organizing map (SOM) [21–23], and the generative 
topographic mapping (GTM) [24]. Each one will have 
advantages and disadvantages. As emphasized above, the 
visualization of a given data set will depend on the type of 
descriptors used.

The visual representation of chemical spaces can lead 
to visually appealing figures, particularly if appropriate 
color schemes are used. The visually attractive settings 
are used to emphasize patterns in the chemistry data to 
facilitate visual information extraction. For instance, to 

highlight grouping or clustering in the chemistry data 
or to rapidly identify patterns in the structure–property 
landscapes. At the same time, the visually attractive 
graphs can be for the chemistry expert and non-expert, 
a visually appealing graph, or a digital “painting” or work 
of art. In other words, the graph or digital painting is 
driven by chemical structures and descriptors. Therefore, 
the person generating the chemical space representation 
could be considered a chemical space artist who can 
communicate not only chemical data and information but 
even emotions if the chemical structures are associated 
with a personal, emotional, or another type of feeling 
the “artist” / author want to communicate through the 
visualization, e.g., an artistic expression.

In this sense, the concept of chemical space also opens 
up the possibility of searching for new representations 
that have to do with the need to configure another image 
of thought, and think in a novel fashion; it is a creative 
task and is similar to art.

This manuscript proposes the general notion of 
generating visual representations of chemical space 
and chemical multiverses as a means of chemical 
communication that produces new experiences 
and, in parallel, artistic expressions. To illustrate the 
proposal, we generated chemical space visualizations 
of four flavor categories from an extensive public 
database of food chemicals, FooDB [25], using different 
descriptors and molecular fingerprints. We considered 
four flavor categories, as detailed in the Methods 
section. The concept would further promote art driven 
by chemoinformatics and can be expanded to other 
information-related disciplines, such as bioinformatics. 
Using different descriptors and visualization methods, 
we show examples of chemical multiverse visualizations 
of four flavor categories from FooDB and other chemical 
compounds.

Methods
Data sets
Herein, we used food chemicals to generate visual 
representations of the chemical space as artworks. 
Food and its flavors, colors, textures, and aromas are 
generally associated with the great pleasures of life; for 
this reason, they have been a source of inspiration in art 
world. However, an approximation at the structural level 
of the molecules has yet to be addressed. Specifically, 
we used chemical structures from the public database 

(See figure on next page.)
Fig. 1 Schematic concept of A chemical space and its visual representation in low‑dimensions. B Schematic representation of a chemical 
multiverse for a hypothetical data set of n compounds: descriptors of different design (continuous properties, molecular fingerprints, constitutional 
descriptors, etc.) can lead to alternative chemical spaces for the same data set
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FooDB [25]. The current version of FooDB contains 
70,477 compounds, and after data set standardization 
(described in detail in Sect.  "Data set standardization") 
has 52,856 molecules. FooDB has information about 
macronutrients, micronutrients, and food chemicals 
that give food flavor, color, taste, texture, and aroma to 
foods. Each chemical item in FooDB contains more than 
100 separate data fields providing detailed compositional, 
biochemical, and physiological information [25]. 
From FooDB, 4964 natural flavorings derived from 
food compounds were identified across twenty flavor 
categories. Figure  2 summarizes the frequency of the 
seven most populated categories.

From the twenty-seven flavor categories, we defined 
four new flavor categories: (1) ground flavors, (2) wine-
tasting, (3) contrast between fatty and spicy, and (4) 
natural remedies. Additional file  1: Table  S1 shows the 
number of compounds in each of the four categories 
considered in this work. Flavors of the ground/flavor 
similar to herbaceous are earthy, herbaceous, and green 
flavors. Wine tasting is composed of fruity and floral 
flavors. The contrast between fatty and spicy is composed 
of fatty and spicy flavors. Medicinal comprises balsamic, 
chemical, and medicinal, which are characteristic flavors 
found in ointments, alcohol, and syrups. Additional file 1: 
Fig. S1 shows the overlapping compounds between the 
selected flavor categories.

Data set standardization
Compounds in FooDB, encoded as SMILES strings 
[12], were standardized using the open-source 
cheminformatics toolkit RDKit [26] and Standardizer, 
LargestFragmentChoser, Uncharger, Reionizer y 
TautomerCanonicalizer functions implemented in 
MolVS [27]. Compounds with valence errors or any 
chemical element other than H, B, C, N, O, F, Si, P, S, Cl, 

Se, Br, and I were removed. Stereochemistry information, 
when available, was retained. Compounds with multiple 
components were split, and the largest component was 
retained. The remaining compounds were neutralized 
and reionized to generate the corresponding canonical 
tautomer.

Molecular descriptors
For each molecule, physicochemical properties and 
molecular fingerprints were calculated as descriptors 
using Python language and RDKit. The whole molecule 
descriptors computed were hydrogen bond donors 
(HBD), hydrogen bond acceptors (HBA), topological 
polar surface area (TPSA), number of rotatable bonds 
(RB), molecular weight (MW), and partition coefficient 
octanol/water (LogP). Molecular fingerprints computed 
were Molecular Access System (MACCS) Keys (166-bits) 
[13], extended connectivity fingerprint (ECFP) [14] of 
1024-bits with diameter 4 (ECFP4). Of note, virtually any 
other descriptors can be used, as further commented in 
the Sect. "Discussion".

Visualization methods
In this study, we used three well-known dimensionality 
reduction methods: t-SNE, PCA, and TMAPs, although 
additional visualization methods can be used. Briefly, 
t-SNE generates plots that organize compounds. Similar 
compounds form clusters and dissimilar compounds are 
distant from each other. PCA is a linear dimensionality 
reduction technique that transforms data with many 
dimensions (i.e., descriptors) into a lower dimensional 
space and keeps the different relationships between 
the data points as much as possible [18]. PCA was 
generated from six whole molecule descriptors (MW, 
HB, HBA, SlogP, TPSA, and RB). TMAPs allow 
visualization of many chemical compounds through the 
distance between clusters and the detailed structure 
of these through branches and sub-branches. Local 
sensitive hashing allows each compound to be grouped 
hierarchically according to common substructures using 
molecular fingerprints. In this work, we use MACCS 
keys (166-bits) [13] fingerprints. Then, each chemical 
compound was encoded using the MinHash algorithm. 
The number of nearest neighbors, k = 50, and the factor 
used by the augmented query algorithm, kc = 10, were 
used to generate the TMAPs [20].

Results
Figures  3, 4, 5, 6 show examples of so-called “Art 
Galleries” composed by visualization of the chemical 
space of different food chemical categories. The visual 
representations of chemical space were generated 
with t-SNE (Figs.  3 and 4), PCA (Fig.  5), and TMAPs Fig. 2 The seven most frequent flavor categories identified in FooDB
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(Fig.  6). Below each image (i.e., “digital paintings”) 
is presented basic information of the “technique” 
(visualization method, allusive to the techniques used 
in paintings), descriptors, and chemicals (that would 
be meaningful information for a chemistry-oriented 
person to understand the data presented). Each visual 
representation of the chemical space or Artwork 
includes a “Title” that is reminiscent of the name of the 
piece of art or digital painting.

Discussion
Chemoinformatics has been broadly used in drug 
discovery. Still, it has many more applications in 
chemistry, with increasing applications in food 
chemistry, as evidenced by the emergence of the 
research areas of food chemical informatics or food 
informatics [28, 29]. There are others, such as natural 
products [30, 31], polymers, and materials, to name 
a few [6]. Herein, we propose expanding the realm of 
chemoinformatics´ applications through the visual 

Fig. 3 Four flavor categories and full FooDB. The flavor categories are A Ground flavors (655 compounds), B Wine‑tasting (1024 compounds), C 
Contrast between fatty and spicy (430 compounds), and D Natural remedies (762 compounds)
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representation of the chemical space of compound 
data sets—herein illustrated with food chemicals—
to yield exemplary “art pieces.” The connection or 
synergy between chemoinformatics and art has a strong 

potential to bring together at least two sectors of the 
population that might be otherwise disconnected. From 
an educational point of view, which is a central need in 

A

TITLE: Umami
Technique: t-SNE
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor food category: Green, Earthy, and Herbaceous.

B

TITLE: Sweet
Technique: t-SNE
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor food category: Fruity and Floral.

C

TITLE: Sour
Technique: t-SNE
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Fatty and Spicy.

D

TITLE: Bitter
Technique: t-SNE
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Balsamic, Chemical, and Medicinal.

Fig. 4 Four flavor categories: A Ground flavors (655 compounds), B Wine‑tasting (1024 compounds), C Contrast between fatty and spicy (430 
compounds), and D Natural remedies (762 compounds)
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chemoinformatics—the synergy might attract young 
students and kids to chemistry through art.

The subdiscipline of food informatics was proposed 
in 2014 as a specific application of chemoinformatics to 
food chemistry [28]. Since then, numerous applications 
of chemoinformatics to different aspects of food 

chemistry have been published, including analysis of 
the chemical space of food chemicals to characterize the 
structural diversity [32]. In Sect.  "Results" we showed 
examples of visual representations of the chemical 
space of food chemicals as an artistic expression and 
scientific dissemination through art. There are many 

A

TITLE: PANTE
Technique: PCA
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Green, Earthy, and Herbaceous.

B

TITLE: SYRAH
Technique: PCA
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Fruity and Floral.

C

TITLE: FONTINA
Technique: PCA
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Fatty and spicy.

D

TITLE: XOCOC
Technique: PCA
Descriptors: MW, HB, HBA, SlogP, TPSA, and RB.
Chemicals: Flavor food-chemical compounds.
Flavor categories: Balsamic, Chemical, and Medicinal.

Fig. 5 Four flavor categories: A Ground flavors (655 compounds), B Wine‑tasting (1024 compounds), C Contrast between fatty and spicy (430 
compounds), and D Natural remedies (762 compounds)
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A

TITLE: Ébano (Ebony)
Technique: TMAP
Descriptors: MACCS keys fingerprints
Chemicals: Flavor food-chemical compounds.
Flavor categories: Green, Earthy, and Herbaceous.

B

TITLE: Flor de corazón (Heart flower)
Technique: TMAP
Descriptors: MACCS keys fingerprints
Chemicals: Flavor food-chemical compounds.
Flavor categories: Fruity and Floral

C

TITLE: Amaranto (Amaranth)
Technique: TMAP
Descriptors: MACCS keys fingerprints
Chemicals: Flavor food-chemical compounds.
Flavor categories: Fatty and Spicy

D

TITLE: Huele a miel (Honey´s smell)
Technique: TMAP
Descriptors: MACCS keys fingerprint
Flavor food-chemical compounds.
Flavor categories: Balsamic, Chemical, and Medicinal

Fig. 6 Four flavor categories: A Ground flavors (655 compounds), B wine‑tasting (1024 compounds), C Contrast between fatty and spicy (430 
compounds), and D Natural remedies (762 compounds)
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possibilities to expand the genesis of the proposed 
“art-cheminformatics,” as further elaborated in Sect. 
“Conclusions and outlook”.

Exemplary art‑related chemical spaces and multiverses
The examples of visual representation of chemical space 
as artistic representations presented in Sect.  "Results" 

Table 1 Exemplary potential paintings based on the visualization of the chemical space of compound data sets

Data set Artistic meaning Artwork name

Random compounds Aleatory molecules represent the vastness of our universe and daily life. We are 
in contact with many chemicals every time, but we don’t look at their complexity 
and intrinsic disorder in our universe and daily life

“Chaos”

Diverse data set The diversity offers many colors, flavors, tastes, and experiences. In nature, diversity 
(in all senses) is a constant feature

“Diversity”

Marine natural products We don’t understand the sea; It has life, death, color, and darkness. It’s constantly 
changing

“The Ocean”
“Immensity”

Drugs approved for the treatment of HIV Everything happens in a positive HIV human; Fear, memories, happiness, 
and normality. The drugs help… but are not a complete answer

“Living with AIDS”

Hormones—neurotransmitters Love = hormones + neurotransmitters + special persons “The chemistry of love”

Chemicals associated with depression Depression = hormones + neurotransmitters—purpose “Darkness”

Food chemicals The great pleasures of life are often accompanied by flavors, colors, textures, 
and aromas

“Bellyful”
“Flavor trip”

ZINC database vs. drug‑like compounds We know a lot about our nature and composition, but we don’t know much more. 
Our knowledge is a mere stain on an entire canvas that we do not yet understand

“Our knowledge”

Fig. 7 Chemical space art example. Title: “Wise nature”; Autor: Edgar López‑López; Technique: SOM—using DataWarrior software [33, 34]; Dataset: 
Random natural products (1000 compounds); Descriptors: predicted mutagenic, tumorogenic, Reproductive effective, and Irritant; Technical 
description: Each white point is a natural product, the regions colored in red represent the chemical space with a high predicted probability 
of containing compounds witch side effects, the opposite for the blue color; Artistic interpretation: The "nature" is not always healthy, in nature, 
there has always been a duality between what fills us with life and what takes it away
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are focused on food chemicals and molecular descriptors 
suitable to represent such chemical compounds. Also, 
examples of visualization methods used in the previous 
section are t-SNE, PCA, and TMAPs. However, 
as commented in the Introduction, the number 
of established visualization techniques, molecular 
descriptors, and, perhaps most importantly, the number 
of chemical structures are immense. Therefore, there are 
thousands or millions of ways to generate chemical space-
driven works of art. To glimpse the artistic possibilities, 
Table  1 summarizes examples of the cheminformatics-
driven visualization of chemical space and multiverses. 
The table summarizes examples of compound data sets 
with chemicals of different types that could be used 
to represent their vastness, complexity, diversity, and 
chaotic intrinsic features from an artistic perspective. 
Many more compound data sets and multiple 
combinations of descriptors and visualization techniques 

could be used. However, as with any other artistic vehicle, 
the real importance of any type of art is its capacity to tell 
histories or convey a message that sometimes is hidden.

To illustrate further the potential of generating artistic 
representations through visualization of chemical space, 
Fig. 7 shows an example of chemical space artwork from 
a random natural products dataset, decoding by their side 
effects descriptors (e.g., mutagenesis, tumorogenesis, and 
negative reproductive effects, etc.). Their color palette, 
from red to blue, represents the probability of each 
natural product generating side effects. The “canvas” was 
“painted” with a dotted technique, reflecting another 
possible set of textures that can be developed with this 
technique. Like in Fig.  7, we intrinsically know that 
"nature" is not always healthy and that within us, there is 
a delicate balance that is very easy to break.

Figure  8 shows additional examples of chemical 
space artwork that combine different reduction data 

TITLE: Chemical umbrella
Technique: PCA + Data fusion (chemical 
multiverse approach).
Descriptors: Cell-based and enzymatic 
inhibition data. Dots are connected based on 
their inhibitory activity against different types of 
cytochromes (proteins related to hepatic 
protection).
Hepatotoxic compounds. 

TITLE: Broked cancer
Technique: Constellation plots.
Descriptors: Anticancer cell inhibition data. 
Anticancer drugs.

Fig. 8 Chemical space art examples. Chemical artworks were generated with public data [35–37]
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methods and descriptors to generate an artistic visual 
representation of the chemical data. We encourage the 
readers to reflect and find other artistic interpretations 
that these figures could have. The examples of chemical 

space visualization as work art have been included in a 
Chemical Space Art Gallery freely available at https:// 
www. difac quim. com/ chemi cal- art- galle ry/

Fig. 9 Example(s) of artificial intelligence‑driven art with the free application Canva (https:// www. canva. com/) using the keyword chemical space 
and A Watercolor and B color pencil

Table 2 Representative developments of combining art with chemoinformatics through artistic visualizations of chemical space

Development Putative outcome or application

Continue developing a digital collection focused on the artistic representation of the chemical 
space

The Chemical Space Art Museum

Generate automated workflows using open software or informatic tools to improve the accessibility 
of this kind of art to people with different academic/artistic backgrounds

ChemArt Generators

Establish a free, open‑access, and permanent repository of art pieces. This encourages open science 
and open art. The scientific and artistic community could support the repository

ChemART Gallery. An example is at https:// www. 
difac quim. com/ chemi cal‑ art‑ galle ry/

Set up a sustained educational or cultural program as a continued open and permanent exposition Art Driven by Chemical Space Visualization program

https://www.difacquim.com/chemical-art-gallery/
https://www.difacquim.com/chemical-art-gallery/
https://www.canva.com/
https://www.difacquim.com/chemical-art-gallery/
https://www.difacquim.com/chemical-art-gallery/
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Artificial intelligence and digital art
Artificial intelligence (AI) is used to generate artistic 
representations [38, 39]. Although it is not the central 
point of this manuscript, Fig.  9 illustrates images 
generated with free resources using keywords associated 
with “chemical space.” Specifically, the figure shows 
an example of a chemical multiverse/chemical space 
driven by an AI-web server training on words. Although 
the images are attractive, a striking difference with the 
chemical space artworks presented in previous sections 
(Figs. 3, 4, 5, 6, 7, 8) is that the images in Fig. 9 are based 
on keyword training. The former are derived directly 
from chemical structures encoded with molecular 
descriptors. Another important aspect is a greater 
understanding and human intervention in the former 
representations, something questionable in AI-guided 
pictures.

Conclusions and outlook
Science and art have long been intimately related. A 
typical example is summarized by the phrase, “Drug 
discovery is as much an art as it is a science.” Certainly, 
chemistry is substantially used in art, such as in art 
restoration and preservation. However, an emerging 
trend exists to apply chemistry and its concepts to 
generate artwork. Herein, we discuss an approach to 
combining art with chemoinformatics through the visual 
representations of chemical space. We presented a few 
examples of chemical space artworks that can be “digital 
paintings.” The author of the low-dimensional graphs can 
use the plots with dual general purposes: communicate 
data and generate chemical information (as generally 
done with the visualizations of chemical space) and 
convey an emotional or personal meaning to the graph 
(driven by chemistry and informatics principles).

We also conclude that chemical space-driven works 
of art can be tools to promote science in general and 
chemistry in particular for the broad audience. Thus, 
chemistry informatic-driven artistic expressions can 
be an approach to disseminating science. Such an 
approach aligns with the graphical abstracts frequently 
used in peer-reviewed journals. The "chemical art" 
could be useful to represent complex data by using 
an artistic and attractive perspective. The person 
generating the chemical space representation could be 
considered a “chemical space artist.”

We envision several further developments and areas 
of opportunity for art driven by visual representations 
of chemical space. Table  2 summarizes ongoing 
chemical arts projects, from the generation of “easy 
to use” tools, the first chemical art gallery, and the 
implementation of this artistic mode to introduce the 
new generation of chemoinformaticians to the chemical 

space concept. In parallel, AI methods will continue 
expanding and exploring the chemical space, offering 
new types of molecules and descriptors that could 
be used to increase the possibilities of representing 
chemical space from an artist’s perspective.
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Abstract 
In this work, we discuss a compressive fragment 
library with 205, 903 fragments derived from 
recently published Collection of Open Natural 
Products (COCONUT) data set with more than 
400,000 non-redundant natural products. The 
natural products-based fragment library was 
compared with other two fragment libraries herein 
generated from ChEMB (to represent biologically 
relevant compounds) and Enamine-REAL(a large 
on-demand or virtual collection of synthetic 
compounds), both used as reference data sets 
with relevance in drug discovery. It was found that 
there is a large diversity of unique fragments 
derived from natural products. It was also 
concluded that the entire chemical structures and 
fragments derived from natural products are 
more diverse and structurally complex than the 
two reference compound collections. 
 
Introduction 
Natural products (NPs) have been relevant in 
drug discovery pipelines since the beginning of 
the pharmaceutical era. They have gone through 
an adaptation process therefore they represent 
attractive ligands for several biological targets. 
NPs possess unique functional groups, unique 
scaffolds, and unique characteristic structural 
fragments that could provide important 
information related to biological activity.  Thus, 
fragments obtained from NPs can be further used 
in traditional fragment-based or de novo drug 
design. Therefore, it is desirable to generate 
fragment libraries from NPs.  
In this work, we report a novel and 
comprehensive database of fragments derived 
from NPs based on the COlleCtion of Open 
NatUral producTs (COCONUT), a recently 
published database with more than 400,000 
nonredundant compounds. The fragment library 
was characterized and compared with fragment 
libraries herein generated from two large 
reference compound data sets with relevance in 
drug discovery: ChEMBL as a source of 
biologically relevant compounds, and Enamine-
REAL, a large on-demand collection of synthetic 
compounds. 

Conclusions 
The comparison of the unique and overlapping 
fragment of NPs with other reference 
collections revealed that there is a large 
diversity of unique fragments derived from NPs 
that could be used as building blocks for the de 
novo design and synthesis of novel 
compounds. It was also concluded that both the 
entire structures and fragments derived from 
NPs are more diverse and structurally complex 
than the two reference compound collections. 

ChEMBL compounds had higher similarity to 
the REAL-SB-DFP further emphasizing the 
opportunity to increase the number of NPs 
tested for biological activity (e. g., enrich 
ChEMBL with drug-like compounds available in 
COCONUT). 
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Figure 2. Visual representation of the chemical space for 
compounds and fragments of natural products, synthetics 
compounds, and biologically relevant compounds. The 
number of compounds is represented with a continuous 
color scale. Compounds data sets used: a) COCONUT, b) 
Enamine-REAL, c) ChEMBL. Fragment data sets used: d) 
COCONUT, e) Enamine-REAL, and f) ChEMBL. 

Figure 1. Unique and overlapping structures between 
COCONUT, ChEMBL and REAL data sets analyzed. 
Structural content was analyzed in terms of a) Compounds, 
b) Molecular scaffolds, and c) Fragments. The letter k 
represents thousands and the letter M represents millions. 

Result 

Methods 
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