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Resumen

Los productos naturales (PNs) continúan brindando una fuente diversa y única de compues-
tos bioactivos para el descubrimiento de fármacos. Sin embargo, la investigación en este campo es
más compleja, costosa e ineficiente en comparación con la investigación de moléculas pequeñas
obtenidas por síntesis. Por lo tanto, el uso de métodos computacionales para encontrar nuevas
estructuras bioactivas a partir de PNs representa una alternativa para superar estos problemas y
realizar búsquedas más dirigidas y menos costosas.
En este trabajo, mediante diversas herramientas quimioinformáticas, se analizó la diversidad es-
tructural, la complejidad molecular y la distribución en el espacio químico de diferentes bases de
datos de PNs como recursos para hacer cribado virtual. Núcleos estructurales base (scaffolds) de
importancia biológica en PNs como los acetales bicíclicos y las lactamas fueron identificados y
clasificados de manera sistemática mediante flujos de trabajo desarrollados en KNIME. La infor-
mación generada fue de utilidad para la construcción de un flujo de trabajo que permite el diseño
de nuevas bibliotecas químicas bajo un enfoque de síntesis orientada en diversidad (DOS, por sus
siglas en inglés). Las bibliotecas químicas diseñadas e inspiradas en PNs, representan fuentes de
inicio para hacer cribado virtual.
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Capítulo 1

Antecedentes

En los últimos años se ha incrementado la cantidad reportada de metabolitos provenientes de
PNs y el número de dianas moleculares relevantes en la terapia de trastornos humanos.1,2 En este
escenario, herramientas quimioinformáticas son de gran utilidad para tratar con bibliotecas con
numerosas estructuras de potenciales moléculas bioactivas.3 No obstante, son pocos los análisis
que se han hecho a PNs. Dada la importancia de los compuestos de origen natural como fuente
para encontrar candidatos a fármacos, la construcción de bases de datos de PNs y el subsecuen-
te análisis de su diversidad, complejidad molecular y distribución en el espacio químico, repre-
sentan el primer paso para que estas colecciones sean utilizadas en estudios de cribado virtual.
Estructuras privilegiadas y sistemas de anillos innovadores que ofrecen PNs han hecho que estos
compuestos sean usados ampliamente como punto de partida para inspirar y guiar el diseño de
bibliotecas químicas y el diseño basado en fragmentos. En este sentido, la construcción de flujos
de trabajo automatizados que integren la identificación, la clasificación y el análisis de estructu-
ras de importancia biológica permite enfocar el diseño de nuevas estructuras químicas a espacios
poco explorados y con mayor oportunidad de éxito.

1.1. Productos naturales en el área de diseño de fármacos

Si bien el proceso de descubrimiento y desarrollo de fármacos se ha revolucionado con el adve-
nimiento de tecnologías más eficientes como la química combinatoria y el high-throughput screening
(HTS), los PNs han atraído una vez más la atención de académicos e investigadores enfocados
en la química farmacéutica. Esto es debido a que los PNs son una fuente más prometedora de
fármacos que los compuestos obtenidos por química combinatoria o enfoques tradicionales de
síntesis.4,5 Actualmente, cerca de 250 mil PNs están disponibles para estudios de cribado virtual,
tanto en bibliotecas comerciales como de acceso libre.6 Se espera que este número aumente debido
al incremento de los grupos de investigación que desarrollan bibliotecas de PNs. Un ejemplo es
la biblioteca BIOFACQUIM,que contiene PNs aislados en México y que ha sido construida recien-
temente dentro del grupo DIFACQUIM.7 Una lista detallada de bases de datos de PNs puede ser
consultada en la literatura científica. 6,8

1.2. Estudios quimioinformáticos de PNs

La quimioinformática es una disciplina que usa métodos computacionales para el manejo, la
visualización y el análisis sistemático de información química.9,10 Esta disciplina tiene aplicacio-
nes en diferentes áreas como la química analítica, la química orgánica y más recientemente en la
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química de alimentos 11 y de materiales.12 Hasta ahora, la quimioinformática ha tenido su mayor
impacto en el descubrimiento y desarrollo de fármacos.13 En este contexto, herramientas quimoin-
formáticas se han utilizado para caracterizar bibliotecas de PNs en términos de descriptores mole-
culares, diversidad y complejidad molecular, comparando estas bibliotecas con otras de referencia
como compuestos de síntesis y fármacos aprobados.14 Otras aplicaciones incluyen la visualización
del espacio químico de los PNs,15 el cual permite a su vez la clasificación de los compuestos por
efecto farmacológico, diana molecular, o biosíntesis, y la selección de compuestos para su cribado
virtual. Como se mencionó, los PNs contienen sistemas de anillos innovadores con geometrías
adecuadas para el posicionamiento espacial de las cadenas laterales. Por tanto, muchos PNs se
han empleado para el diseño de bibliotecas químicas y el diseño basado en fragmentos.16,17 Es-
fuerzos recientes en esta área se están enfocando en la elucidación de estructuras,18 la predicción
de actividad, en la identificación de compuestos líderes a partir de PNs y en la elucidación de la
biosíntesis de metabolitos.19

1.3. Estructuras privilegiadas en bases de datos de PNs: acetales bicí-
clicos y lactamas

Los PNs y los fármacos derivados de éstos destacan por tener una mayor diversidad estructu-
ral que los fármacos sintéticos y presentan un área mayor del espacio químico.6 Se ha establecido
que los PNs provienen de la adaptación de un organismo a su entorno y tienen un propósito bioló-
gico específico basado en la evolución. Por lo tanto, tiene sentido que los PNs generalmente tengan
estructuras con relevancia biológica. Las subestructuras o los scaffolds de los PNs se consideran con
frecuencia estructuras privilegiadas 20–22 lo que significa que pueden ofrecer una actividad mayor
o específica contra diversas dianas o blancos biológicos. Además, en un estudio reciente se encon-
tró que casi 1300 scaffolds encontrados en PNs (83 % de todos los scaffolds), no se encuentran en
bibliotecas de compuestos comerciales.23 Este resultado revela el potencial de las características
estructurales de PNs que no se han explotado en términos de bibliotecas combinatorias o de sín-
tesis en general.
Entre las diferentes estructuras químicas en la naturaleza, los acetales bicíclicos y las lactamas son
particularmente relevantes en la química farmacéutica, debido a su papel clave en varias interac-
ciones biológicas y la diversidad química que proviene de las muchas combinaciones posibles de
anillos. Estructuralmente, un grupo acetal bicíclico consiste en al menos dos anillos donde dos áto-
mos de oxígeno que pertenecen a diferentes anillos están unidos a través de un átomo de carbono
en común. Estos compuestos están presentes en una variedad de PNs de diferent origen, incluyen-
do insectos, organismos marinos, hongos y plantas.24,25 Por otra parte, una lactama es una amida
cíclica que dependiendo el número de átomos que integren el anillo pueden clasificarse en beta (4
miembros), gamma (5 miembros), delta (seis miembros) y epsilon (siete miembros).

1.4. Construcción de bibliotecas moleculares para cribado virtual

Cada año aumenta el número de compuestos disponibles para realizar cribado virtual. Las bi-
bliotecas de compuestos pueden ser consultadas de forma gratuita o comercial, o bien, pueden ser
generadas in silico. Los avances en la capacidad de procesamiento computacional y de almacena-
miento han permitido a investigadores generar bibliotecas químicas virtuales que contienen miles
de moléculas. Algunos ejemplos de bibliotecas virtuales son Generated Data- Base (GDB-17) con
166 miles de millones de compuestos,26 Fragment Database (FDB-17) con 10 millones de moléculas
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con propiedadesfragment-like,27 y Screenable Chemical Universe Based on Intuitive Data OrganizatiOn
(SCUBIDOO) con 21 millones de compuestos obtenidos de la aplicación de 58 reacciones robustas
a un grupo de 18 561 building blocks.28 Aunque estos números parecen grandes, unicamente una
pequeña fracción de éstas moléculas orgánicas podrían potencialmente ser sintetizadas.29 Respec-
to a los PNs, se ha observado que la tasa de PNs descubiertos aumenta con el tiempo, no obstante,
ocurre lo contrario con la tasa de PNs con estructuras novedosas.30 En este sentido hay que tener
en cuenta que más allá del enfoque terapéutico obvio, la novedad es igualmente importante 31 a
la hora de realizar el diseño de bibliotecas químicas.

1.5. Diseño y construcción in silico de bibliotecas enfocadas en diver-
sidad (DOS)

La síntesis orientada a la diversidad (DOS, por sus siglas en inglés) es un área que propor-
ciona acceso a moléculas pequeñas, complejas y diversas, que prometen modular la actividad de
muchas dianas o blancos biológicos que han estado fuera del alcance de las colecciones de com-
puestos tradicionales.32 Desde los inicios de DOS, se han reconocido dos estrategias para generar
colecciones diversas:32 1) enfoque basado en los reactivos, donde una molécula dada se somete a
un rango de condiciones de reacción que permiten la síntesis de un número de compuestos dis-
tintos y 2) enfoque basado en los sustratos, donde un número materiales de partida que contienen
información esquelética precodificada se transforman bajo las mismas condiciones en una gama
de estructuras moleculares. Algunas de estas ideas fueron refinadas por Schreiber et al. cuando
describieron la estrategia de Build/Couple/Pair para generar diversidad estructural.33 La Figura 1.1
describe las principales estrategias aplicadas en DOS. Dentro de DOS también se han hecho es-
fuerzos para el desarrollo de bibliotecas basadas en andamios privilegiados.34

Figura 1.1: Estrategias aplicadas en el diseño orientado en diversidad: enfoque basado en los
reactivos, b) enfoque basado en los sutratos, c) Buil/Couple/Pair basado en los reactivos y d)
Build/Couple/Pair basado en los sustratos. Imagen tomada de O’Connell y Warren.32
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Capítulo 2

Objetivos

2.1. General

Contribuir al estudio de los PNs mediante el análisis quimioinformático de diferentes bases
de datos de compuestos de origen natural disponibles para estudios de cribado virtual, y generar
flujos de trabajo para identificar, clasificar y cuantificar la presencia de estructuras de relevancia
biológica en PNs y en otras bases de datos de interés farmacéutico.

2.2. Particulares

Analizar la diversidad molecular, la complejidad estructural y la distribución en el espacio
químico de bases de datos de PNs.

Identificar, clasificar y cuantificar la presencia de acetales bicíclicos y lactamas en PNs y otras
bases de datos de relevancia farmacéutica.

Describir el perfil biológico de estos compuestos de acuerdo a su clasificación química.

Identificar núcleos estructurales enriquecidos y con pocos análogos, para generar una bi-
blioteca de nuevos compuestos químicos.

Automatizar el diseño de bibliotecas químicas enfocado en diversidad, mediante la integra-
cion de métodos quimioinformáticos de acceso libre.
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Capítulo 3

Metodología

3.1. Análisis quimioinformático de bases de PNs

Para analizar la diversidad de los PNs, se examinaron varias bases de datos moleculares bajo
métricas reportadas en la literatura, entre ellas: propiedades fisicoquímicas, huellas digitales mo-
leculares (molecular fingerprints) y análisis de núcleos base (scaffolds). Las bibliotecas de compuestos
utilizadas en este trabajo se describen en la Tabla 3.1. Para un análisis simultáneo integrando las
diferentes métricas, se hizo uso de los gráficos CDP (Consensus Diversity Plots).35 Por su parte, la
complejidad molecular fue analizada mediante el cálculo de los descriptores: fracción de carbonos
sp3 (Fsp3), peso molecular, y fracción de carbonos quirales (FCC).

Tabla 3.1. Bases utilizadas para el análisis de la diversidad y la complejidad de los PNs

Base de datos No. de compuestos únicos Referencia
Fármacos aprobados 1806 www.drugbank.ca

Metabolitos de cianobacterias 473 In-house
Metabolitos de hongos 206 36

PNs marinos 6253 30

PNs disponibles comercialmente (MEGx) 4103 ac-discovery.com
Compuestos semi-sintéticos (NATx) 26318 ac-discovery.com

PNs de Brasil 2214 37

PNs de medicina tradiconal China (TCM) 17986 38

Universal Natural Products Database (UNPD) 209574 39

3.1.1. Propiedades fisicoquímicas

Se calcularon siete descriptores moleculares relevantes desde el punto de vista farmacéutico
y que están asociados con frecuencia a factores que contribuyen a una buena disponibilidad oral
de fármacos.40,41 Estos descriptores son: número de átomos aceptores y donadores de puentes
de hidrógeno (HBA y HBD, respectivamente), coeficiente de partición octanol/agua (log P), peso
molecular, número de enlaces rotables, área de superficie polar topológica (TPSA) y fracción de
carbonos con hibridación sp3 (FCsp3). Se obtuvo la distribución de cada una de las propiedades
calculadas, así como el valor de su media, mediana, rango intercuartílico y desviación estándar
mediante el programa R.42 Para facilitar la representación visual de los descriptores moleculares,
se realizó un análisis de componentes principales (PCA, por sus siglas en inglés)43 en el programa
KNIME.44
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3.1.2. Análisis de scaffolds

Otra estrategia para cuantificar la diversidad de las bases de datos fue contar los scaffolds ob-
tenidos con la definición de Murcko.45 De acuerdo con esta definición, a cada compuesto se le
remueve de forma sistemática todos aquellos vértices con grado uno, dando como resultado grá-
ficos cíclicos. En caso de existir más de un ciclo, se incluyen los átomos que conectan a dichos
sistemas. Con los resultados obtenidos del conteo de scaffolds, se graficó la fracción de sistemas
cíclicos contra la fracción acumulativa en la base de datos (gráficos Cyclic System Retrieval (CSR))
y de esta manera se realizó la comparación directa con el contenido y diversidad en otras bases
de datos. Los casos extremos que ayudan a interpretar los gráficos CSR son los siguientes: a) en
el caso de contener un sistema cíclico diferente para cada uno de los compuestos en la biblioteca,
dará como resultado una diagonal, lo que corresponderá a la máxima diversidad de scaffolds y
por ende presentará una área bajo la curva de 0.5; y b) en el caso opuesto, de encontrar un solo
sistema cíclico que englobe a todos los compuestos se obtendrá un escalón con su máximo en uno,
el mínimo de diversidad posible y con un área bajo la curva de 1.

3.1.3. Entropía de Shannon

Para obtener mayor información y realizar un análisis más completo de la diversidad de scaf-
folds, una métrica reportada y muy utilizada es la entropía de Shannon (SE).46 Esta métrica, a
diferencia de las curvas CSR, considera la distribución específica de las moléculas en un dado n
número de scaffolds más poblados. La SE de una población de compuestos P distribuidos en n sis-
temas se define como:

SE = −
n

∑
i=1

pilog2 pi pi =
ci

P
, (3.1)

donde pi es la probabilidad estimada de la ocurrencia de un scaffold específico i en una pobla-
ción de P compuestos que contienen un total de n sistemas acíclicos y cíclicos, y ci es el número
de moléculas que contienen un quimiotipo particular. Para normalizar SE a los diferentes n, la
entropía Shannon escalada (SSE) se define como:

SEE =
SE

log2n
(3.2)

El valor de SSE oscila entre cero cuando todos los compuestos tienen el mismo scaffold (diver-
sidad mínima) y 1.0 cuando todos los compuestos están distribuidos uniformemente entre los n
sistemas acíclicos y/o cíclicos (diversidad máxima). Para probar la dependencia de SSE con varios
números máximos de quimiotipos, se consideraron diferentes números de n (5-70).

3.1.4. Huellas digitales moleculares (molecular fingerprints)

Las bases de datos fueron analizadas con huellas digitales moleculares para evaluar su simili-
tud intra-colección. Para ello, se calcularon en KNIME las huellas digitales ECFP4, un fingerprint
topológico circular y MACCS keys, un fingerprint basado en un diccionario de 166 -bits. Posterior-
mente, se calculó la matriz de similitud utilizado el índice de Tanimoto.47 Los valores fuera de la
diagonal de la matriz de similitud se utilizaron para graficar la función de distribución acumula-
tiva para cada una de las bases de datos.
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3.1.5. Consensus Diversity Plot (CDPlot)

Los gráficos CDPlots (Consensus Diversity Plots)35 son una nueva propuesta de metodología
que permite representar en dos dimensiones la diversidad global de las bases de datos. Estos grá-
ficos pueden ser construidos usando diversas métricas individuales o combinadas de diversidad,
por ejemplo métricas del análisis de scaffolds, huellas moleculares (molecular fingerprits) y propie-
dades fisicoquímicas, permitiendo así un análisis más completo.

3.2. Identificación, clasificación y cuantificación de estructuras de rele-
vancia terapéutica

La identificación y clasificación de PNs que contienen scaffolds con acetales bicíclicos y lacta-
mas se llevó a cabo mediante SMARTS, un lenguaje útil para describir patrones moleculares y
para realizar búsqueda de subestructuras.48 La Figura 3.1 muestra las subestructuras definidas
para la identificación y clasificación de los acetales bicíclicos en las bases de PNs. Para este estudio
se analizaron bases de datos de PNs de acceso libre: MEGx, UNPD, PNs marinos, metabolitos de
hongos, PNs presentes en la base de datos ZINC49 y en PNs provenientes de medicina tradicional
China (TCM) (Tabla 3.1).
La Figura 3.2 muestra las subestructuras definidas para la identificación y la clasificación de lac-
tamas en las bases de datos UNPD,39 fármacos aprobados50 y ChEMBL.51

3.3. Perfil biológico de estructiras de relevancia terapéutica: Lactamas

Las lactamas provenientes de la base de datos ChEMBL se asociaron con sus datos de actividad
biológica. Para este trabajo, sólo se incluyeron los compuestos con actividad reportada como IC50
y porcentaje de inhibición. Aquellos compuestos con un pIC50 (−log(IC50) mayor que 6 (<1000
nM) y con un porcentaje de inhibición mayor que 60 % se consideraron “activos”.

3.3.1. Factor de enriquecimiento (EF) de scaffolds

Dado que los valores de actividad para las lactamas fueron disponibles, también fue posible
construir los gráficos del factor de enriquecimiento (EF).53 Estos gráficos son útiles porque pro-
porcionan información general y cuantitativa sobre el número de análogos reportados para cada
scaffold, así como su actividad promedio con respecto a los otros scaffolds presentes. El valor de EF
da la proporción de compuestos activos para un sistema cíclico o scaffold en un determinado blan-
co biológico, y la frecuencia nos da una idea de la cantidad de análogos que hay para un scaffold
en particular. Para llevar a cabo la gráfica de EF, a cada compuesto se le calculó su scaffold según
la definición de Bemis y Murcko45 y los compuestos se agruparon por las dianas biológicas contra
las que eran activos. Los valores de EF se calcularon usando la expresión:

EF(Cl =
Act(Cl)

Act(C)
, (3.3)

donde, Act(Cl) =
(C+

l )

(Cl)
Act(C) = (C+)

(C)
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Figura 3.1: Clasificación y porcentaje de acetales bicíclicos a) fused, b) spiro y c) bridged en bases
de PNs. Las tres combinaciones de anillos más frecuentes para cada clase de acetales bicíclicos se
muestran en recuadros ampliados. El porcentaje mostrado es relativo al número total de marcos
de acetal bicíclicos identificados en la base de datos (6369) y no al número total de productos
naturales que contienen acetal (4699), ya que algunos PNs contienen más de un tipo de acetal
bicíclico en su estructura. (d) Ejemplo de la combinación de anillo [5,6]-fused acetal. Imágenes
tomadas de Lenci at al.52.
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Figura 3.2: Subestructuras definidas para la identificación y la clasificación de las beta-, gamma-,
delta- y epsilon- lactamas, que a su vez están clasificadas como isolated, bridged, fused y spiro lacta-
mas.

3.4. Diseño y enumeración de bibliotecas químicas enfocadas en diver-
sidad

Para el diseño de la biblioteca de lactamas se siguió una estrategia aplicada en la síntesis orien-
tada en diversidad llamada Build/Couple/Pair (B/C/P).54 Como punto de partida se seleccionó la
biblioteca de building blocks de Enamine.55 Esta biblioteca contiene 437,625 compuestos. En la fa-
se de acoplamiento o coupling únicamente se seleccionaron building blocks con dos o más grupos
funcionales. Para enfocar la biblioteca en lactamas, solo se consideró en la fase de acoplamiento la
reacción de formación de carboxamidas entre ácidos carboxílicos y aminas primarias y secunda-
rias. Finalmente, para la fase de emparejamiento o pairing se consideraron las reacciones descritas
en la Tabla 3.2.
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Tabla 3.2. Reacciones intramoleculares usadas en la reacción de emparejamiento

Reacción Nombre de la reacción Reacción Nombre de la reacción

Lactonización Metátesis

Lactamización Metátesis de eninos

Condensación
de alcoholes Aminación reductiva

X= Cl, Br, I (halógeno alifático)

Síntesis de
Williamson

Reacción de
química click

X= Cl, Br, I (halógeno aromáti-
co)

Acoplamiento
cruzado

Buchwald-Hartwig
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Capítulo 4

Resultados y discusión

4.1. Anásis quimioinformático de bases de PNs

En la Figura 4.1a se muestran los resultados del análisis de propiedades fisicoquimicas y la
visualización del espacio químico de PNs. Como se observa en ésta figura, la base de datos de
UNPD cubre la mayor parte del espacio químico y es también la base de datos con la mayor di-
versidad de propiedades físicoquímicas. En contraste, NuBBEDB y los productos semisintéticos
(NATx) ocupan una región más enfocada en el espacio químico, que a su vez se incluye dentro del
espacio de fármacos aprobados y UNPD.
Los resultados del análisis de diversidad y de complejidad de PNs indican que, en general, estas
bases de datos son más diversas en cuanto a propiedades moleculares. Sin embargo, la diversidad
en cuanto a scaffolds y fingreprints y la complejidad estructural varían según el origen de los com-
puestos. Como se observa en el CDPlot (Figura 4.1b), los metabolitos de hongos y cianobacterias
tienen la mayor diversidad de scaffolds, mientras que NuBBEDB y los PNs marinos son los más
diversos considerando fingerprints. También se observó que los metabolitos de cianobacterias re-
saltan por su alta complejidad estructural y su perfil distintivo basado en propiedades moleculares
y alertas subestructurales, y son también diferentes de otros PNs (Figura 4.1c y 4.1d).
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Figura 4.1: Resultados representativos del análisis quimioinformático de PNs. a) Representación
visual del espacio químico. La representación visual se generó con un análisis de componentes
principales de siete propiedades fisicoquímicas tal como se describe en métodos; b) CDPlot que
compara la diversidad de diferentes bibliotecas de NPs. Cada punto representa una base de da-
tos: fármacos aprobados (1), metabolitos de cianobacterias (2), metabolitos de hongos (3), PNs
marinos (4), MEGx (5), NATx (6), NuBBEDB (7), TCM (8) y UNPD (9). La mediana de MACCS /
Tanimoto del conjunto de datos se representa en el eje X y el AUC de las curvas de recuperación
del scaffolds en el eje Y. Los puntos de datos están coloreados por la diversidad de las propiedades
fisicoquímicas del conjunto de datos medido por la distancia euclidiana de seis propiedades de
relevancia farmacéutica. La distancia se representa con una escala de color continua de rojo (más
diverso), a naranja/marrón (diversidad intermedia), a verde (menos diverso). El tamaño relativo
del conjunto de datos se representa con el tamaño del punto de datos: los puntos de datos más pe-
queños indican conjuntos de datos compuestos con menos moléculas; c) Porcentaje de compuestos
en cada uno de los 6 subconjuntos (drug-like, extended drug-like, fragment-like, lead-like, PPI-like, and
Pan Assay Interference Compounds - PAINS); y d) Agrupamiento jerárquico (promedio/distancia eu-
clidiana) de acuerdo con el porcentaje de compuestos de variables no correlacionadas (drug-like,
fragment-like, PPI-like, and PAINS).

4.2. Identificación, clasificación y cuantificación de estructuras de rele-
vancia farmacéutica

En la Figura 4.2 se resumen los resultados obtenidos del análisis de la diversidad topológica de
los scaffolds de PNs que contienen acetales bicíclicos. Se observa la frecuencia de acetales biciclclos
bridged, fused y spiro en siete bases de datos diferentes de PNs. En total, de 466328 PNs analiza-
dos, se identificaron 4699 compuestos con acetales bicícliclos en su estructura y 45 combinaciones
de anillos diferentes. Los PNs de TCM, PNs marinos y la base de UNPD son particularmente in-
teresantes, ya que presentan un alto porcentaje de compuestos con acetales bicícliclos, con una
prevalencia de [6,5]-espiroacetales en las bases de datos de UNPD y TCM y [6,6]-espiroacetales
en la base de datos de PNs marinos. Este análisis también reveló que de las 45 combinaciones
de anillos, los sistemas [5,5], [6,6] y [5,6] fueron los más abundantes dentro de la categoría de
acetales bicíclicos fusionados, mientras que en la categoría de acetales bicíclicos bridged, el 6,8-
dioxabiciclo[3.2.1]octano demostró ser el sistema cíclico más abundante. En cuanto a los espiroa-
cetales, los sistemas [6,5] y [6,6] fueron las combinaciones de anillos con mayor número de com-
puestos. Por otro lado, los resultados de diversidad y complejidad de acetales bicíclicos sugieren
que el grupo de acetales bicíclicos fusionados presenta una mayor diversidad cuando se mide bajo
métricas de diversidad de scaffolds (Figura 4.3a), mientras que los espiroacetales destacan por su
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alta complejidad molecular (Figura 4.3b).

Figura 4.2: Presencia de acetales biciclclos bridged, fused y spiro en siete bases de datos diferentes
de PNs disponibles en el dominio público. Imágenes tomadas de Lenci at al.52

Figura 4.3: Resultados del análisis de acetales bicíclíclos. a) Curva de recuperación de sístemas
ciclíclos, b) Boxplot con la distribución de la fraccion de carbonos con hibridación sp3 (Fsp3).
Imágenes tomadas de Lenci at al.52
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De la misma forma, en la Figura 4.4 se observa la frecuencia de lactamas isolated, bridged, fused y
spiro en las bases de datos de UNPD, fármacos aprobados y ChEMBL. Para las tres bases de datos
analizadas hay una fracción más grande de lactamas fused, en la base de fármacos aprobados, hay
una mayor cantidad de beta-fused, mientras que en ChEMBL y UNPD hay una mayor cantidad
de lactamas gamma-fused y delta-fused, respectivamente. No se encontraron lactamas bridged y spiro
en las bases de PNs y fármacos aprobados, y en ChEMBL se han explorado muy poco. En cuanto
a los compuestos isolated, los más explorados y los que se encuentran más frecuentemente en la
naturaleza son los clasificados como gamma-isolated.

Figura 4.4: Presencia de lactamas isolated, bridged, fused y spiro en las bases de datos UNPD, fárma-
cos aprobados y ChEMBL.

4.3. Perfil biológico de las lactamas

El perfil biológico de las lactamas provenientes de ChEMBL se resume en la Tabla 4.1. Se puede
observar el número de dianas biológicas en los que se han analizado las lactamas según su clasifi-
cación química, el número de compuestos y scaffolds únicos, y el porcentaje de compuestos activos.
La Tabla 4.1 indica que las lactamas gamma- isolated y delta- fused tienen un perfil de actividad más
extenso en comparación con las lactamas spiro y bridged que se han probado en un número menor
de dianas biológicas. Las dianas biológicas humanas con el mayor número de compuestos acti-
vos son los purinoreceptores P2X 2 y 7, la proteína Mdm-2, TNF-alpha, el factor de coagulación
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X, el receptor metabotrópico de glutamato 5, y los bromodominios 4, 3 y 2. De la misma forma,
las dianas biológicas no humanas con un mayor número de compuestos activos son Plasmodium
falciparum, el virus de la hepatitis C, la integrasa (HIV-1), la beta lactamasa (Enterobacter cloacae y
E. coli), y el virus del herpes humano.

Tabla 4.1 Resumen de la información biológica y química de las lactamas clasificadas por clase
química
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No. de dianas biológicas
humanas 52 88 4 501 352 15 351 179 9 190 5 5

No. de dianas biológicas
no humanas 94 52 2 172 184 11 153 71 8 76 2 6

% compuestos activos 37.18 43.58 62.74 46.76 43.39 7.87 39.93 48.76 6.32 50.69 62.16 17.20
No. compuestos únicos 627 892 41 4062 3297 198 2406 2042 255 1861 25 78
No. de scaffolds únicos 280 376 19 1638 1658 138 1259 1031 206 926 12 58

Por otra parte, el análisis de EF indica que existen 131 scaffolds con una frecuencia mayor a 20
y un EF mayor a 1. De estos, 45 son gamma-fused, 21 delta-fused, 18 epsilon-fused, 19 gamma-isolated,
16 delta-isolated, 10 beta-isolated, y 5 beta-fused. Por otro lado, se encontraron 2934 scaffolds con un
EF mayor que 1 pero con una cantidad de análogos menor a 20. La mayoría de estos scaffolds son
gamma-fused y gamma-isolated con 652 y 492 compuestos, respectivamente. También se encontró
una gran cantidad de compuestos epsilon-fused (494), delta-isolated (473) y delta-fused (471). Los scaf-
folds de compuestos spiro (beta, gamma, delta y epsilon) y los compuestos epsilon-bridged destacan ya
que como se mencionó, han sido poco explorados en síntesis orgánica. No obstante, algunos de
estos scaffolds muestran actividad contra ciertos objetivos biológicos. Por ejemplo, los compuestos
con scaffolds beta-spiro han mostrado actividad para el receptor Vanilloide y solo se han informado
11 scaffolds con menos de 5 compuestos cada uno. Dentro del grupo de spiro lactamas, delta-spiro y
gamma-spiro han sido los más explorados, sin embargo, solo se identificaron 17 scaffolds delta-spiro
y 10 gamma-spiro con EF mayor que 1. Los objetivos potenciales para los scaffolds delta-spiro son el
receptor de quimiocina CC-5, el virus de inmunodeficiencia humana tipo 1, el receptor de angio-
tensina II tipo 1, el virus de la hepaptitis C y la 11-β-hidroxiesteroide deshidrogenasa tipo 1 (11-β
HD1). De igual forma, scaffolds gamma-spiro muestran actividad contra el receptor de proteína G
acoplado 44, angiotensina II tipo 1a, la integrina II tipo 1a, la integrina alfa-11b/beta-3, la cinasa 4
dependiente de ciclina, el canal de calcio tipo T regulado por voltaje y la aldosa reductasa. Para la
clase de epsilon-spiro, solo se identificó un scaffold activo contra el transportador de norepinefrina.
Los compuestos con scaffolds de epsilon-bridged han mostrado actividad en objetivos como la cina-
sa 4 dependiente de ciclina, el virus de inmunodeficiencia humana tipo 1 y la proteína integrina
alfa-V/beta-3; para esta clase de compuestos solo se han identificado 11 scaffolds, los cuales tam-
bién tienen menos de 5 análogos cada uno. En la Figura 4.5 se describen ejemplos de los scaffolds
más frecuentes y con EF mayor a 1 (Figura 4.5a), así como ejemplos de scaffolds con menos de 20
análogos informados pero que muestran actividad contra blancos biológicos específicos (Figura
4.5b).
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Figura 4.5: a) Scaffolds más frecuentes con EF mayor que 1 y b) Scaffolds menos frecuentes con EF
mayor que 1. Se indica el ID de cada scaffold y entre paréntesis la frecuencia de ese scaffold en la
base de datos. Se muestran los factores de enriquecimiento (EF) y el número (n) de compuestos
totales con el scaffold que se han probado contra el objetivo particular.

4.4. Diseño y enumeración de bibliotecas químicas enfocadas en diver-
sidad

En la Tabla 4.2 se resume el número de compuestos obtenidos en cada fase de la estrategia
(B/C/P), para la biblioteca de building blocks de Enamine. Los compuestos obtenidos a partir
de reacciones intramoleculares se separaron en macrociclos, compuestos con anillos de más de
7 miembros y no macrociclos, compuestos con anillos de entre 3 y 7 miembros. La Tabla 4.2 indica
que se obtuvieron 9252 lactamas no macrocíclicas usando aminas primarias y ácidos carboxílicos
en la reacción de acoplamiento, y 11345 lactamas cuando se usaron aminas secundarias y ácidos
carboxílicos. En general, las reacciones de esterificación, lactamización y acoplamiento cruzado
generaron la mayor cantidad de compuestos. Las reacciones como la metátesis de eninos y la reac-
ción de química click generaron compuestos macrocíclicos principalmente. Cabe señalar que esta
estrategia, al menos con la biblioteca de building blocks de Enamine, puede producir una gran di-
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versidad de scaffolds, lo que se puede observar al comparar el número de compuestos únicos con
el número de scaffolds únicos.
Los compuestos diseñados bajo este enfoque se clasificaron en la misma forma en la que fueron
agrupadas las lactamas de fármacos aprobados, UNPD y ChEMBL. Los resultados se describen en
la Tabla 4.3. Como se observa, con esta estrategia solo se obtienen lactamas de seis y siete miembros
(delta y epsilon lactamas), siendo esta última clase la que contiene mayor número de compuestos.
En total, utilizando la estrategía (B/C/P) se obtuvieron 4682 epsilon-bridged, 3310 epsilon-spiro, 361
delta-bridged y 1733 delta-spiro, que son las clases de lactamas que hasta ahora se han explorado
menos en la síntesis orgánica. Ejemplos de compuestos diseñados bajo este enfoque se muestran
en la Figura 4.6.

Tabla 4.2 Número de compuestos obtenidos en cada fase de la estrategia (B/C/P), para los
building blocks de Enamine.

Building blocks 437,625 compuestos únicos
Building blocks

con más de un grupo
funcional

117,700 compuestos

Coupling R-COOH + R-NH2
1,000,000

R-COOH + R-NH-R
1,000,000

Pairing
Reacción Macrociclos No macrociclos Macrociclos No macrociclos

Lactonización 16525 4224 25099 6533
Lactamización 7444 1962 8633 2351

Síntesis de Williamson 4181 512 4827 1212
Acoplamiento cruzado

Buchwald-Hartwig 12308 2353 9849 1044

Aminación reductiva 481 190 500 145
Condensación de

alcoholes 0 0 0 0

Metátesis de alquenos 1 1 1 0
Metátesis de eninos 452 12 847 63

Reacción de química
click 81 0 210 1

Compuestos únicos 41472 9252 49965 11345
Scaffolds únicos 37966 7504 45081 9382

Tabla 4.3. Número de lactamas por clase.

Clase Amina primaria + ácido carboxílico Amina secundaria + ácido carboxílico
delta-isolated 1490 1446
delta-bridged 5 356
delta-fused 742 1353
delta-spiro 738 995

epsilon-isolated 1942 1832
epsilon-bridged 1631 1679
epsilon-fused 3037 5045
epsilon-spiro 1631 1679
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Figura 4.6: Ejemplos de lactamas diseñadas bajo un enfoque DOS.
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Capítulo 5

Conclusiones y Perspectivas

5.1. Conclusiones

Los PNs proporcionan un punto de partida útil y validado evolutivamente para la identifica-
ción y diseño de nuevas moléculas bioactivas. En este proyecto, los análisis quimioinformáticos
realizados permitieron evaluar el espacio químico, la diversidad y la complejidad de diferentes
bases de PNs Los resultados mostraron que varias colecciones de PNs como Universal Natural
Product Database (UNPD), PNs de medicina tradicional China (TCM) y los PNs marinos, cubren
una región del espacio químico más amplia que los fármacos aprobados para uso clínico. No obs-
tante, en general, la mayoría de los PNs tienen aproximadamente la misma cobertura de espacio
químico que los fármacos aprobados. También se concluyó que la diversidad y la complejidad es-
tructural varía de acuerdo al origen de los PNs. En general, las bases de PNs marinos, NuBBEDB y
metabolitos de hongos son las bases de datos más diversas y que representan una fuente prome-
tedora para estudios de cribado virtual y el posterior descubrimiento de fármacos.
Estructuras de relevancia médica como acetales bicíclicos y lactamas se encuentran ampliamente
distribuidos en las bases de PNs. Su identificación y clasificación permitió identificar a los scaffolds
más frecuentes y aquellos que representan una gran oportunidad en el diseño de fármacos, ya que
son estructuras con potencial biológico pero que han sido poco explorados en el área de síntesis.
Los resultados del análisis biológico y quimioinformático de las lactamas indicaron que las spiro y
bridged lactamas son las clases con menor número de compuestos y scaffolds únicos.
En cuanto al diseño de la biblioteca de lactamas, la estrategia de B/C/P fue muy útil para generar
lactamas con una gran diversidad de scaffolds. Con la aplicación de esta estrategia se obtuvo un
gran número de spiro y bridged lactamas, principalmente de seis y siete miembros.

5.2. Perspectivas

Se pretende evaluar la novedad y diversidad de las lactamas obtenidas bajo el enfoque DOS.
Asimismo, en el grupo del Dr. Andrea Trabocchi (Universidad de Florencia, Italia), se realizará la
validación experimental de los resultados obtenidos mediante la síntesis de algunos compuestos
diseñados en este trabajo. Otra perspectiva es que las bases de PNs analizadas en este trabajo, así
como así como de la biblioteca de lactamas que fue generada bajo un enfoque DOS, serán utiliza-
das en estudios de cribado virtual. En cuanto a la metodología, se plantean utilizar los flujos de
trabajo generados en este proyecto para el análisis de otros andamios de relevancia farmacéutica
y el posterior diseño y síntesis de nuevas bibliotecas químicas.
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ABSTRACT: NuBBEDB is the first library of natural products of
Brazilian biodiversity. It includes a large variety of classes of
compounds and structural types of secondary metabolites of
plants, fungi, insects, marine organisms, and bacteria. So far the
chemical diversity and complexity of NuBBEDB have not been
characterized in a systematic and detailed manner. Herein, we
report a comprehensive chemoinformatic analysis of the most
current version of NuBBEDB. As part of the characterization,
NuBBEDB was compared with several databases of natural
products in terms of structural diversity and complexity. Results
of the analysis showed that NuBBEDB is diverse in terms of
structural fingerprints, distribution of chemical scaffolds, and
molecular properties. In addition, the results of the visualization
of chemical space support quantitatively that NUBBEDB is a promising source of molecules for drug discovery and medicinal
chemistry.

■ INTRODUCTION

The growth and evolution of our civilization have been based
on the use of biodiversity. Human survival was much sustained
by the use of plant species, especially for nutrition and
medicinal uses. Natural products are the most traditional
source for the design and development of new drugs.1−3

Taking into account all drugs approved worldwide, 67% are
either a natural product, a semisynthetic derivative, or a
macromolecule isolated from an organism or have a
pharmacophore group inspired by a natural product.4

Natural products researchers have been studying the
medicinal properties of plants, and great advances regarding
biosynthesis, ecology, and biological properties were achieved
in the last century.5 The biodiversity of tropical and equatorial
environments is plentiful and could offer a particularly rich
potential in the search for biologically active compounds to be
used as models for drug discovery and medicinal chemistry.6

Brazil is the country with one of the greatest biodiversities in
the world, accounting for more than ca. 10% of all living
species.7 It comprises six terrestrial biomes: the Amazonian
rainforest, the Caatinga, the Cerrado (Savanna), the Atlantic
forest, the Pantanal, and the Pampas. This extraordinary
biodiversity remains underexplored, and the chemical diversity

could be used for the development of bioproducts, including
pharmaceuticals, cosmetics, food supplements, and agricultural
pesticides.8 The Atlantic Forest and the Cerrado are regarded
as hotspots of biodiversity due to an enhanced loss of
biodiversity caused by urbanization, agriculture, and livestock.
Many species from these biomes are endangered and near
extinction, and the chemistry, genes, and biological properties
of them would also be lost.8−10 The chemical diversity of the
flora and fauna of the Brazilian Biomes is revealed by a
diversity of compound classes and structural types of secondary
metabolites from plants, fungi, insects, marine organisms, and
bacteria.11

The scientific information published in more than 50 years
of studies on Brazilian biodiversity becomes easier to access
when standardized, certified, and organized in a database. As
an initial effort, the NuBBEDB was created, a database of
compounds from Brazilian biodiversity with the objective of
organizing its chemical, biological, and pharmacological
information.12 NuBBEDB presently contains data of 2218
compounds, an estimative of 5% of the published information
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on natural products isolated/identified from species collected
in the Brazilian territory. NuBBEDB is an ongoing project and
already has good coverage because it comprises compounds
from plants, marine organisms, and fungi species from all six
Brazilian biomes, and the chemical space is notably diverse and
rich, with compounds from several molecular classes, such as
flavonoids, alkaloids, terpenes, iridoids, lignans, etc.
Chemical (metabolic class, chemical structure, physicochem-

ical properties, common and IUPAC name, and molecular
mass), biological (species, geographic location, and biological
activities), pharmacological, and spectroscopic data (molar
mass and nuclear magnetic resonance) are provided.13

NuBBEDB is accessible online for free, and a search can be
filtered by any properties and a combination of criteria.14 The
organization and mapping of this information on a
systematized and correlated system allow the access and use
of the benefits of biodiversity. This information center
significantly reduces the time spent in scientific studies and
processes involving technological research. Consequently, due
to the simplified access of this molecular heritage the industrial
segment is more encouraged to invest in the technological
development and research of products. In this sense, NuBBEDB
may assist in the development of different fields of science,
technological development of biodiversity products with high
added value, and public policies, that is, to bring benefits both
to science and to strengthen the bioeconomy. The scientific
community is aware of the significance of NuBBEDB, and
several studies were recently published either reporting its use
or its importance.13,15−21 However, a comprehensive chemo-
informatic analysis in terms of diversity and chemical
complexity of the NuBBEDB has not been carried out. This
type of chemoinformatics analysis plays an important role as a
guide for the acquisition of compounds and in the selection of
databases for the detection and optimization of leads.16

The goal of this paper was to perform a quantitative
characterization of the chemical diversity of NuBBEDB and
compare it with other databases of natural products. The
analysis was carried out using multiple criteria including
physicochemical properties of pharmaceutical relevance,
diversity of scaffolds, diversity based on fingerprints, structural
complexity, and visual representation of the chemical space.
The global diversity of each database was assessed using the
Consensus Diversity Plots developed recently.22

■ METHODS
The chemical diversity and chemical space coverage of
NuBBEDB were analyzed using descriptors and quantification
approaches used recently to study the diversity of other natural
products data sets, for example, natural products from
Panama,37 metabolites from fungi,38 and natural products
from plants.39 The diversity and chemical space of NuBBEDB
were compared to other compound databases that were used
as reference. NuBBEDB was compared with metabolites from
fungi,38 metabolites from cyanobacteria, natural products
commercially available (MEGx), and a data set of marine
compounds reported recently40 and with the compounds in
the Universal Natural Products Database (UNPD) and the
Traditional Chinese Medicine Database@Taiwan (TCM)
(vide inf ra). Other reference collections were a database of
semisynthesis compounds (NATx) and a database of drugs
approved by the United States Food and Drug Administration
(FDA). Of note, similar to NuBBEDB, the reference data set of
marine compounds analyzed in this work had not been

analyzed in terms of molecular properties, structural diversity,
and complexity.
All calculations in this work were done with KNIME23 and

R. An open Web-based implementation of several diversity
analyses used in this work is implemented in the server
Platform for Unified Molecular Analysis (PUMA)24 freely
available at D-Tools (https://www.difacquim.com/d-tools/).25

Compound Data Sets. The compound data sets used in
this study were summarized in Table 1. Prior to analysis, each

molecule was prepared using the node Wash provided by
Molecular Operating Environment (MOE).26 This node
disconnects salts of metals, removes simple components,
recalculates states of protonation, determines wedge bonds for
bonds from chiral centers, and calculates missing chiral parities
from existing wedge bond. With this same program, inorganic
compounds were eliminated, as well as repeated compounds.
Tautomeric forms were not considered in this study.

Molecular Properties of Pharmaceutical Relevance
and Chemical Space. Seven molecular properties of
pharmaceutical interest were computed namely, hydrogen-
bond donors (HBD), hydrogen-bond acceptors (HBA),
partition coefficient octanol/water (xlogP), molecular weight
(MW), number of rotatable bonds (RB), topological polar
surface area (TPSA), and the fraction of carbon atoms with sp3

hybridization (FCsp3). The statistical comparison of the
descriptors was carried out in RStudio. To facilitate the visual
representation of the seven molecular descriptors and generate
a visual representation of the chemical space, a principal
components analysis (PCA)27,28 was carried out in the
KNIME program. The representation of the chemical space
was made in RStudio.

Drug-, Extended Drug-, Lead-, Fragment-, PPI-like,
and PAINS Profiling. Compounds in NuBBEDB and the
reference databases were analyzed in terms of the number of
compounds that falls within each of the six categories: drug-,
extended drug-, lead-, fragment-, PPI-like, and PAINS. These
categories are characterized by the definition of ranges of
physicochemical properties as follows: drug-like (150< =
MW< = 500 Da, xlogP< = 5, Num HBD < = 5, Num HBA < =
10); “extended drug-like” (this is drug-like with additional
constraints: drug-like AND rotatable bonds < = 7, TPSA<
150); lead-like (250< = MW< = 350 Da, xlogP< = 3.5,
rotatable bonds < = 7); fragment-like (MW< 300 Da, Num
HBD < = 3, Num HBA < = 3, xlogP< = 3); PPI-like (MW>
400 Da, Num Rings > = 4, Num HA > 4, xlogP> 4); PAINS

Table 1. NuBBEDB and Compound Databases Used as
Reference

database sizea reference

cyanobacteria metabolites 473 in-house
fungi NP 206 38
marine NP 6253 40
purified natural product screening
compounds (MEGx)

4103 ac-discovery.com

semisyntetics (NATx) 26318 ac-discovery.com
approved drugs 1806 www.drugbank.ca
NuBBEDB 2214 13
Traditional Chinese Medicine Database@
Taiwan (TCM)

17986 52

Universal Natural Products Database
(UNPD)

209574 53

aNumber of unique compounds after data curation.
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(based on structural alerts, as defined by Guha et al.).29,30

Compound data sets were further analyzed and clustered based
on the number of drug-, fragment-, PPI-like, and PAINS
compounds.
Molecular Complexity. In addition to MW, the fraction of

carbon atoms with sp3 hybridization (FCsp3) and the fraction
of chiral carbons (FCC) were computed as metrics of
molecular complexity. Overall, large values for these
descriptors are associated with larger, more three-dimensional,
and greater stereochemical complexity, respectively. Also, the
Scaffold Complexity index (Si) defined by Xu31 was calculated
in KNIME using the node “Scaffold Classification Approach”
provided by MOE. Si is composed of four structural
descriptors: (1) the maximum number of the smallest set of
smallest rings (sssrs), (2) the maximum number of heavy
atoms, (3) the maximum number of bonds, where covalent
bonds between hydrogen atoms and other atoms are excluded,
and (4) the maximum sum of heavy atomic numbers.

Molecular Scaffolds. In this work, scaffolds were
generated under the Bemis-Murcko definition using the
RDKit nodes available in KNIME.32 The Shannon entropy
(SE)33 of a population of P compounds distributed in n
systems is defined as

∑= −
=

p pSE log
i

n

i i
1

2

=p
c
Pi

i

where pi is the estimated probability of the occurrence of a
specific chemotype i in a population of P compounds
containing a total of n acyclic and cyclic systems, and ci is
the number of molecules that contain a particular chemotype c.
To normalize SE to the different n, Scaled Shannon Entropy
(SSE) is defined as

Figure 1. Visual representation of the chemical space: a) Full space and b) NuBBEDB vs Approved drugs c) NuBBEDB vs UNPD and d) NuBBEDB
subspace by origin. The visual representation was generated with a principal component analysis of seven physicochemical properties: molecular
weight, hydrogen bond donors, hydrogen bond acceptors, the octanol and/or water partition coefficient, topological polar surface area, number of
rotatable bonds, and the fraction of carbon atoms with sp3 hybridization (FCsp3) .
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The SSE value oscillates between 0, when all the compounds
have the same chemotype (minimum diversity), and 1.0, when
all the compounds are evenly distributed among the n acyclic
and/or cyclic systems (maximum diversity).
In order to identify possible unique scaffolds, the Nsing of

each database was compared with each other. The unique
scaffolds were searched in the scaffolds of the ChEMBL
database, version 24 (Gaulton et al. 2017) (1,727,112
compounds). In addition, unique scaffolds in NuBBEDB were
searched in the Dictionary of Natural Products database
(Dictionary of Natural Products 27.1) (274,478 compounds)

to identify scaffolds that were not reported within natural
products.

Structural Fingerprints. Extended Connectivity finger-
prints radius two (ECFP4) and MACCS keys (166-bits) were
calculated for all molecules in KNIME. Based on these two
fingerprints, the similarity matrix was calculated with the
Tanimoto coefficient.36 Values outside the diagonal of the
similarity matrix were used to graph the cumulative
distribution function for each of the databases.

Global or Total Diversity. CDPlots22 are two-dimensional
graphs where a representative measure of the fingerprint
diversity of the data set is plotted on one axis (e.g., X), and the
measure of the scaffold diversity is plotted on the second axis
(e.g., Y). Each data point in the plot represents a compound

Figure 2. Box plots of the distribution of molecular weight, fraction with sp3 hybridization (FCsp3), fraction of chiral carbons (FCC), and Scaffold
Complexity index (Si). Values were computed for NuBBEDB and the eight reference databases.
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data set. Data points are further differentiated by size and color
that are used to represent the relative number of compounds in
the data set and a different property, respectively. Additional
properties of the compound data sets that can be associated
with different colors of the data points are, for instance,
diversity computed based on physicochemical properties or
molecular complexity.37 As described in the Results and
Discussion, the CDPlots to compare NuBBEDB with other data
sets were generated using the metrics of fingerprint and
scaffold diversity computed as described above.

■ RESULTS AND DISCUSSION

Molecular Properties, Chemical Space. For evaluation
of the chemical space of NuBBEDB, seven properties were
computed as is it described in the Methods section. These
properties are often associated with factors that contribute to a

good oral bioavailability of drugs, as described by Lipinski41

and Veber.42 Figure 1a shows a visual representation of the
chemical space of NuBBEDB and the reference data set based
on the seven physicochemical properties. The figure shows that
the database of UNPD covers most of the chemical space and
is also the database with the greatest diversity in
physicochemical properties. In contrast, NuBBEDB occupies a
more focused region of the property space, which in turn is
included within the space of approved drugs (Figure 1b) and
UNPD (Figure 1c). The distribution of the seven phys-
icochemical properties for NuBBEDB and the reference data
sets is shown in Figure S1 of the Supporting Information. Of
note, the box plots show that cyanobacteria metabolites have
distinct properties with an average value and interquartile
variation for all the calculated descriptors above that of the
other databases.

Figure 3. a) Percentage of compounds in each of the six subsets (drug-like, extended drug-like, fragment-like, lead-like, PPI-like, and Pan Assay
Interference Compounds - PAINS). b) Hierarchical clustering (average linkage/Euclidean distance) according to the percentage of compounds of
uncorrelated variables (drug-like, fragment-like, PPI-like, and PAINS).
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In a recent study comparing the chemical space of NuBBEDB
and other libraries of NPs using the Dictionary of Natural
Products (DNP) and approved drugs as reference,43 it can be
seen that NuBBEDB is within the DNP and approved drugs
space; however, with a difference of other libraries of NPs such
as TCM, TCMID (Traditional Chinese Medicine Integrated
Database), UNPD, and StreptomeDB (NPs produced by
streptomycetes), the chemical space of NuBBEDB is not greater
than that of approved drugs, similar to what is observed in this
work.
Figure 1d shows only the space covered by compounds in

NuBBEDB but further distinguishing the molecules by the
source. In other words, Figure 1d depicts the so-called
subspace of NuBBEDB visualizing the compounds according
to their origin. From this visualization it can be concluded that
the largest property diversity in the current version of
NuBBEDB is given by the compounds isolated from plants.
Another representation of the NuBBEDB subspace is shown in
Figure S2 in the Supporting Information, where the
compounds are distinguished by the geographical area in
which they were isolated. In this representation are the
Southeast compounds that present a larger diversity.
From the distribution of the physicochemical properties

(Figure S1) and the visual representation of the chemical space
(Figure 1), it can be observed that, in general, NuBBEDB and
other natural products compared in this work occupy a similar
property space similar to drugs, so that their study can lead to
identifying new compounds with possible therapeutic activity.
Similarly, it is also observed that some of the compounds
present in natural products collections occupy regions of the
chemical space not yet covered by current drugs and may be
useful in virtual screening for therapeutic targets in which
molecules with biological activity have not yet been found.
Molecular Complexity.Molecular complexity is becoming

an important property to characterize databases, especially
natural product databases, which are generally assumed to
contain “complex” structures. This concept represents a crucial
component in the design of drugs, where it has been associated
with selectivity44 and safety38 and with the success of
compounds in the progress toward clinical development.45

Also, molecular complexity is implicated in the design of
chemical libraries for virtual screening.46 Different approaches
have been proposed to evaluate molecular complexity.47,48

However, there is still no single or universal method. The
molecular complexity of NuBBEDB and reference data sets was
quantified by calculating descriptors such as molecular weight,
carbon fraction with sp3 hybridization (FCsp3), and fraction of
chiral carbons (FCC). The results of the distributions of FCC,

FCsp3, and Si that were used as metrics to quantify complexity
are summarized in the box plots of Figure 2 (the summary
statistics are in Table S1 of the Supporting Information).
Results indicated that NuBBEDB has, in general, a comparable
molecular complexity as approved drugs. Notably, of the other
natural products data sets analyzed, metabolites from
cyanobacteria have the largest complexity according to the
molecular weight, FCsp3, and FCC metrics. As discussed
above, this is related to tridimensional complex molecules and
greater stereochemical complexity, respectively. Likewise,
metabolites from cyanobacteria is the data set that has the
greatest structural complexity of scaffolds.

Drug-, Extended Drug-, Lead-, Fragment-, PPI-like,
and PAINS Profiling. Based on the distribution of molecular
properties, several metrics have been proposed to categorize
chemical libraries in different subsets with specific character-
istics49 such as drug-like, extended drug-like, lead-like,
fragment-like, or protein−protein interaction (PPI)-like
molecules. In addition, the use of filters to eliminate
compounds containing PAINS (Pan Assay Interference
Compounds) has also been introduced recently: small
molecules that are reactive under test conditions and produce
false positive signals29 (e.g., the relevance of these alerts in
natural products has been discussed in ref 50). Compounds in
NuBBEDB and the reference collections were classified into the
six subsets: drug-like, extended drug-like, fragment-like, lead-
like, PPI-like, and PAINS, Figure 3a. According to this subset
classification, all but cyanobacteria metabolites have a similar
profile. Notably, NuBBEDB has a large percentage of drug- and
extended drug-like compounds and roughly 50% of lead-like
molecules. In contrast, NuBBEDB has a small percentage of
PAINS molecules. In sharp contrast, cyanobacteria metabolites
have a small fraction of drug-, extended drug-, and lead-like
molecules with an increased fraction of PPI-like compounds.
This can be associated with the overall increased size (as
measured by molecular weight) of these compounds. Also,
cyanobacteria present few compounds with PAINS alerts.
These results, coupled with molecular complexity results,
suggest that cyanobacteria compounds have the potential to
show objective selectivity in biological assays. It is also
noticeable in Figure 3a the high percentage of drug-like,
extended drug-like fraction in NATx that is consistent with the
assembly of this commercial collection of natural products and
semisynthesis compounds.
A hierarchical clustering (average linkage/Euclidean dis-

tance) of the nine compound data sets based on the percentage
of compounds of each data set in the drug-like, fragment-like,
PPI-like, and PAINS categories is shown in Figure 3b. For this

Table 2. Scaffold Diversity Analyses on the Data Setsa

database M N N/M Nsing Nsing/M Nsing/N AUC F50 SSE10 unique scaffoldsb

approved drugs 1806 986 0.546 794 0.440 0.805 0.712 0.139 0.961 319 (17.66%)
cyanobacteria 473 178 0.376 95 0.201 0.534 0.750 0.124 0.753 76 (16.06%)
fungi NP 206 116 0.563 74 0.359 0.638 0.672 0.233 0.964 27 (13.10%)
marine NP 6253 2496 0.399 1493 0.239 0.598 0.754 0.117 0.898 1661 (26.56%)
MEGx 4103 1632 0.398 1085 0.264 0.665 0.765 0.095 0.894 857 (20.89%)
NATx 26318 8256 0.314 4455 0.169 0.540 0.779 0.106 0.992 8472 (32.19%)
NuBBEDB 2214 644 0.291 338 0.152 0.524 0.792 0.087 0.930 272 (12.28%)
TCM 17986 17219 0.957 6716 0.373 0.390 0.778 0.079 0.878 377 (2.09%)
UNPD 209574 196728 0.939 40412 0.193 0.205 0.857 0.025 0.812 28753 (13.72%)

aM: number of molecules, N: number of scaffolds, Nsing: number of singletons, AUC: area under the curve, F50: fraction of chemotypes that
contains 50% of the data set; SEE10: Scaled Shannon Entropy at the 10 most frequent scaffolds. bUnique scaffolds compared to ChEMBL
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clustering these four categories were selected because they
have low correlations. The clustering clearly revealed the
overall large profiling of all compared natural product data sets,
including NuBBEDB, with the clear exception of cyanobacteria
metabolites that has a unique profile among all compared data
sets. Also, the hierarchical clustering in Figure 3b shows the
close relationship between approved drugs and natural
products such as NuBBEDB, Marine NP, TCM, and UNPD.
Scaffold Diversity. The scaffold term is used to describe

the central or core structure of a molecule. This criterion was
also used to quantify and compare the diversity of NuBBEDB
and reference compound collections. Table 2 summarizes the
results of the scaffold diversity computed with different
metrics. The scaffold count analysis reveals that among the
natural product data sets, fungi metabolites are the most
diverse, with a scaffold diversity comparable to approved
drugs; both databases contain the highest proportion of
scaffolds relative to the number of compounds (N/M) and the
highest proportion of singletons (unique scaffolds) relative to
the number of cyclic systems (Nsing/N). In contrast, NuBBEDB,
the semisynthetic compounds (NATx), and UNPD present a
high redundancy of structures (low number of singletons in
relation to the number of different cyclic systems (Nsing/N)).
Based on the results of the scaffolds count, the fraction of

cyclic systems was plotted against the cumulative fraction of
the database (Cyclic System Retrieval (CSR) graphs). In this
manner, a direct comparison was made with the content and
scaffold diversity of the entire databases. Figure 4 shows the

CSR curves of all the databases analyzed in this study. The
graph indicates that the fungi metabolite database being the
closest to a diagonal is the most diverse. The curves for UNPD
and NuBBEDB have a rapid increase in its slope, indicating that
these data sets have the lowest scaffold diversity. Quantita-
tively, the CSR curves can be compared using the metrics: area
under the curve (AUC) and the fraction of chemotypes that
recover 50% of the molecules in the data set (F50). Based on
these metrics, the diversity order decreases in the following
order: fungal metabolites > approved drugs > metabolites of

cyanobacteria > marine products > MEGx > TCM > NATx >
NuBBEDB > UNPD (see Table 3).
For a more comprehensive analysis of the scaffold diversity,

a commonly used metric is Shannon entropy (SE).33 Unlike
the CSR curves that quantify the diversity of the entire data
sets, SE has been employed to measure the scaffold diversity of
the most populated scaffolds.51 The SSE value oscillates
between 0, when all the compounds have the same chemotype
(minimum diversity), and 1.0, when all the compounds are
evenly distributed among the n acyclic and/or cyclic systems
(maximum diversity).
Table S2 in the Supporting Information reports the number

and fraction of compounds in the five, ten, and 20 most
populated scaffolds in each database. Focusing the diversity
analysis on the ten most frequent scaffolds Fungi NP and
NATx show a high relative diversity as captured by the SSE10
metric (Table 2). Figure 5 shows the ten most frequent
scaffolds in NuBBEDB. The most frequent scaffolds for the
reference databases are in Figure S3 in the Supporting
Information.

Unique Scaffolds. In order to identify potential unique
scaffolds in each data set, we searched for scaffolds that were
not included in the entire ChEMBL database, version 2434

(1,727,112 compounds) (see procedure in the Methods
section). Marine products and MEGx were the NP databases
with the relative larger number of unique scaffolds (20−26%,
Table 2). 272 scaffolds in NuBBEDB (12.28%) were not found
in ChEMBL.
The unique scaffolds in NuBBEDB were further searched in

the database of the Dictionary of Natural Products35 (274,478
compounds) to identify the ones that have not been reported
within natural products. Out of the 272 scaffolds not found in
ChEMBL, 36 scaffolds are not included in the current version
of the Dictionary of Natural Products. The list of the 36 unique
scaffolds is in Figure S4 of the Supporting Information. These
scaffolds can be used as a starting point for the identification of
new agents with therapeutic activity.

Structural Fingerprints. The structural diversity of
NuBBEDB was assessed using two structural fingerprints,
namely Extended Connectivity fingerprints (ECFP4) and
MACCS keys (166-bits), which are of different design. The
diversity based on molecular fingerprints was useful to quantify
the diversity of the compounds considering the entire
structures (including not only the core scaffold but also side
chains).
Figure 6 shows the cumulative distribution function of the

pairwise intraset similarity values calculated with ECFP4/
Tanimoto. The table beneath the figure summarizes the
statistics of the distribution.
According to the median of the MACCS keys/Tanimoto the

NPs with the greatest diversity were NuBBEDB and the
compounds were of marine origin. However, the largest
diversity was of the approved drugs. Interestingly, these natural
product libraries were the least diverse when studied based
solely on the scaffolds, which means that acyclic systems and
side chains are the contributing factors to the diversity of these
data sets. The least test diverse collections considering
molecular fingerprints were cyanobacteria and fungi metabo-
lites. This can be explained by the fact that these databases
have a high fraction of molecules contained in the most
populated scaffolds; for both databases more than 30% of all
compounds are contained in only 10 scaffolds (Table S2 in the
Supporting Information).

Figure 4. Cyclic system retrieval (CSR) curves for the data sets
studied in this work.
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Consensus Diversity Plot. In order to compare the
diversity of NuBBEDB with other compound collections
considering multiple criteria simultaneously, we used con-
sensus diversity plots (CDPs).22 A CDP comparing the overall
(e.g., global) structural diversity of all data sets considering
four criteria is presented in Figure 7. In this plot each point
represents one data set. The median MACCS keys/Tanimoto
of the data set is plotted on the X axis, and the AUC of the
scaffold recovery curves is plotted on the Y axis. The size of the
data points represents the relative size of each data set, and the
color of each data point represents the diversity of molecular
properties. The CDPlot indicates that the set of approved
drugs is, overall, the most diverse, while the set of
semisynthesis compounds (NATx) is the least diverse under
all these four metrics.
Regarding the natural product databases, these are, in

general, very diverse in terms of molecular properties but have
different scaffold and fingerprint diversities. Marine NP as well

as approved drugs is diverse in terms of scaffolds and
fingerprints. NuBBEDB has low scaffold diversity but large
fingerprint diversity. Among these two, NuBBEDB stands out
for having a greater diversity of molecular properties. Fungi (in
the lower right quadrant) have a large scaffold diversity but low
structural diversity based on fingerprints. MEGx, TCM, and
UNPD have low scaffold diversity and low structural diversity
but, unlike NATx, have a high diversity by molecular
properties.

■ CONCLUSIONS
The herein reported chemoinformatic study of the most recent
version of NuBBEDB reveals that this database is characterized
by having a focused chemical space, within the space of
traditional and drug-like physicochemical properties. The
results support quantitatively that NuBBEDB is a promising
source of molecules for drug discovery and medicinal
chemistry. In NuBBEDB the larger source of diversity of the

Table 3. Summary of the Diversity Studya

data set code CDP size ECFP4 MACCS N/M AUC F50 SSE10 molecular properties

approved drugs 1 1806 0.066 0.320 0.546 0.712 0.1389 0.961 2.22
cyanobacteria metabolites 2 473 0.096 0.500 0.376 0.750 0.123 0.753 2.96
fungi NP 3 206 0.087 0.440 0.563 0.672 0.233 0.964 2.18
marine NP 4 6253 0.079 0.426 0.399 0.754 0.117 0.898 2.49
MEGx 5 4103 0.085 0.470 0.398 0.765 0.095 0.894 2.73
NATx 6 26318 0.104 0.519 0.314 0.778 0.106 0.992 1.07
NuBBEDB 7 2214 0.081 0.420 0.291 0.792 0.087 0.930 2.98
TCM 8 17986 0.078 0.462 0.957 0.778 0.079 0.878 2.18
UNPD 9 209574 0.076 0.446 0.939 0.857 0.025 0.812 2.25

aM: number of molecules, N: number of scaffolds, AUC: area under the curve, F50: fraction of chemotypes that contains 50% of the data set,
SEE10: Scaled Shannon Entropy at the 10 most frequent scaffolds.

Figure 5. Distribution and Shannon entropy for the 10 most frequent chemotypes in NuBBEDB.
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compounds is driven by the side chains. Interestingly, a
significant number of scaffolds in NuBBEDB (12.28%, 272
compounds) are not present in ChEMBL. Furthermore, 36 of
these scaffolds are not reported in the Dictionary of Natural

Products, which can serve as a starting point for the design of
chemical libraries with novel scaffolds. When comparing
NuBBEDB with other collections of natural products, it was
concluded that the diversity and complexity of the natural

Figure 6. Cumulative distribution functions of all pairwise similarity comparisons using the ECFP4/Tanimoto coefficient and MACCS keys/
Tanimoto. The table summarizes the statistics of the cumulative distribution functions.
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products varies according to the origin of the compounds. The
metabolites from fungi and cyanobacterias have the largest
scaffold diversity, while NuBBEDB and Marine NP are the most
diverse considering structural fingerprints. During the course of
this work it was also concluded that cyanobacteria metabolites
are remarkable for their high structural complexity and distinct
profile based on molecular properties and substructural alerts
that are different from other natural products.
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(38) Gonzaĺez-Medina, M.; Prieto-Martínez, F. D.; Naveja, J. J.;
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Abstract: Compound databases of natural products have a major impact on drug discovery projects
and other areas of research. The number of databases in the public domain with compounds with
natural origins is increasing. Several countries, Brazil, France, Panama and, recently, Vietnam,
have initiatives in place to construct and maintain compound databases that are representative of
their diversity. In this proof-of-concept study, we discuss the first version of BIOFACQUIM, a novel
compound database with natural products isolated and characterized in Mexico. We discuss its
construction, curation, and a complete chemoinformatic characterization of the content and coverage
in chemical space. The profile of physicochemical properties, scaffold content, and diversity, as well
as structural diversity based on molecular fingerprints is reported. BIOFACQUIM is available for free.

Keywords: chemical space; chemical data set; chemoinformatics; consensus diversity plot; drug
discovery; molecular diversity; visualization

1. Introduction

The significance of compound databases in drug discovery projects is continuously increasing.
In fact, compound databases and chemical data sets are a centerpiece in pharmaceutical companies and
other academic and government research centers [1]. In addition to their role in compound databases,
natural products have been a major resource in drug discovery [2,3]. As reviewed elsewhere, there are
several drugs recently approved for clinical use that are natural products or synthetic analogues of
hit compounds initially identified from natural sources. A notable example is the fungi metabolite
migalastat (Galafold®), approved in 2018 for the treatment of the Fabry disease [4]. Not unsurprisingly,
natural product-based drug discovery is being coupled with other major drug discovery strategies
such as high-throughput screening and virtual screening. Natural products are again gaining attention
in the scientific community to address novel and/or difficult molecular endpoints, for instance,
epigenetic targets [5,6].

Several compound databases of natural products have been constructed, curated and often
maintained by academic and other not-for-profit research groups. Notable examples are the
Universal Natural Product Database (UNPD) [7] and the Traditional Chinese Medicine (TCM)
Database@Taiwan [8]. Of note, UNPD is no longer available online but represents the efforts of
an academic group to assemble a large natural product database. Reference [4] confirms that there are
other compound databases that collect natural products from specific geographical areas and countries,
such as NuBBEDB for natural products from Brazil [9] VIETHERB: A Database for Vietnamese Herbal
Species was recently released to the public [10]. Other databases of natural products are discussed
elsewhere [11–13]. Despite the fact that Mexico also has high levels of biodiversity, there are limited
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efforts to assemble a compound database of natural products. One example is UNIQUIM, recently
reviewed by Medina-Franco [11].

The objective of this work is to introduce BIOFACQUIM as one of the first compound databases of
natural products isolated and characterized in Mexico. In this proof-of-concept study, we discuss the
assembly of the first version of this chemical data set along with a chemoinformatic characterization
of molecular diversity, scaffold content and coverage in chemical space. The compound database is
freely available via the web-interface BIOFACQUIM Explorer (https://biofacquim.herokuapp.com/),
and is part of an initial effort towards building, updating and maintaining a compound database
representative of the biodiversity of Mexico. Compounds in BIOFACQUIM are also available from
ZINC15 at http://zinc15.docking.org/catalogs/biofacquimnp/

2. Materials and Methods

2.1. BIOFACQUIM Database

The database of natural products was assembled from a literature search. For the construction of
the first version of BIOFACQUIM, the Scopus database (www.scopus.com) was searched using the
keywords “natural products” and “School of Chemistry of the National Autonomous University of
Mexico (FQ, UNAM)”. This search led to a list of scientific papers and researchers that work with
natural products. The eight journals that had contributed the most thus far were selected: Journal
of Ethnopharmacology, Natural Products Research, Journal of Agricultural and Food Chemistry, Journal of
Natural Products, Planta Medica, Phytochemistry, Natural Product Letters, and Molecules. As part of the
search, three filters were used for the selection of the articles in each journal. The first filter was the
search by institution (FQ, UNAM), the second was the search by publication year (2000–2018), and the
last was the detailed analysis of the articles to identify if the procedure for the isolation, purification
and characterization of the compounds from natural products was present. We want to emphasize
that this is the first version of BIOFACQUIM; future versions will have natural products from more
years, more peer-reviewed journals and more institutions, to achieve a database representative of the
biodiversity of Mexico.

With the module ’Wash’, from the molecular operating environment (MOE) program version
2018 [14], the database was curated. This was done to normalize and collect the most relevant
information from the molecules. The data curation involved the elimination of salts, the adjustment of
the protonation states, the optimization of the geometry by energy minimization and the elimination
of the duplicated molecules. The default settings of the ‘Wash’ module were used.

2.2. Reference Data Sets

In order to characterize the diversity of BIOFACQUIM and to explore its coverage in chemical
space, seven compound databases of broad interest in drug discovery were used as references.
The structure files used in this work were taken from previous comparisons and chemoinformatic
analyses of natural products [15]. The structures of the reference compounds were curated using the
same procedure described to prepare BIOFACQUIM. Table 1 summarizes the reference databases
and the number of compounds. Of note, the reference collections include seven data sets of
natural products.

Table 1. Reference databases [15] compared for BIOFACQUIM.

Database Size a

Approved drugs 1806
Cyanobacteria metabolites 473

Fungi metabolites 206
Marine 6253
MEGx 4103

https://biofacquim.herokuapp.com/
http://zinc15.docking.org/catalogs/biofacquimnp/
www.scopus.com
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Table 1. Cont.

Database Size a

Semi-synthetics (NATx) 26,318
NuBBEDB 2214

a Number unique compounds after data curation.

2.3. Molecular Properties of Pharmaceutical Relevance

The curated BIOFACQUIM database was characterized by calculating six physicochemical
properties of therapeutic interest, namely: molecular weight (MW), octanol/water partition coefficient
(SlogP), topological surface area (TPSA), number of rotatable bonds (RB), number of H-bond donor
atoms (HBD) and number of H-bond acceptor atoms (HBA). The statistical analysis was done, with the
program DataWarrior [16], by calculating the mean, median and standard deviation of the calculated
properties. Based on these statistics BIOFACQUIM was further compared with other natural products
databases (NuBBEDB, cyanobacteria, fungi, marine, and MEGx), approved drugs, and semisynthetic
compounds (NATx) (Table 1).

2.4. Scaffold Content

Scaffold content analysis enabled us to identify the most frequent scaffolds in compound data sets
and, in this work, to compare the scaffolds containing approved drugs with those containing natural
products. The scaffold content analyses also enabled us to identify potential novel scaffolds. The most
frequent core molecular scaffolds of BIOFACQUIM were computed using the definition described by
Bemis and Murcko [17], in which the core scaffold is obtained by systematically removing the side
chains of the compounds. The most frequent scaffolds in BIOFACQUIM were compared with data
from the literature (vide infra).

2.5. Visual Representation of Chemical Space

In order to generate a visual representation of the chemical space of BIOFACQUIM,
two visualization methods were used: principal component analysis (PCA) and t-distributed stochastic
neighbor embedding (t-SNE). PCA reduces data dimensions by geometrically projecting them onto
lower dimensions called principal components (PCs). The first PC is chosen to minimize the
total distance between the data and its projection on the PC and to maximize the variance of the
projected points.

t-SNE is a nonlinear dimension reduction in which Gaussian probability distributions
over high-dimensional space are constructed and used to optimize a Student t-distribution in
low-dimensional space. The low-dimensional space maintains the pairwise similarity to the
high-dimensional space, leading to a clustering on the embedding space without any significant
loss of structural information. Further details of each visualization method of the chemical space
are discussed elsewhere [18,19]. In this work, for t-SNE, subsets of compounds were retrieved from
large reference data sets (Table 1), namely: 40 % of the Marine, MEGx, and NuBBEDB data sets
(2501, 1641, and 886 compounds, respectively). For NATx and approved drugs, 1000 molecules were
used. For cyanobacteria metabolites and fungi data sets the entire databases were employed (473 and
206 compounds, respectively).

2.6. Global Diversity: Consensus Diversity Analysis

Since the chemical diversity strongly depends on the structure representation, it is practical to
consider multiple representations for a complete, global assessment. To this end, consensus diversity
(CD) plots have been proposed as simple two-dimensional graphs that enable the comparison of the
diversity of compound data sets using four sets of structural representations [20]; these are typically
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the molecular fingerprints, scaffolds, molecular properties, and number of compounds. CD plots
have been used to compare the diversity of natural products and other compound data sets [21].
Briefly, in a typical CD plot the scaffold and fingerprint diversity are represented along the y- and
x-axes, respectively. The diversity based on whole molecular properties of pharmaceutical interest is
represented by a continuous color scale and the number of compounds is mapped into the plot using
different size data points. Further details are provided elsewhere [20]. To generate the CD plot of
this work, for the y-axis we used the area under the cyclic system recovery curve [22]. For the x-axis,
we employed the median of the fingerprint-based diversity computed with MACCS keys (166-bits)
and the Tanimoto coefficient. Both are established and are representative metrics of the scaffold and
fingerprint-based diversity. Subsets of the compounds were retrieved from large reference data sets
(Table 1), considering the size of the databases. For NATx, Marine, MEGx, NuBBEDB and approved
drugs, 2000, 1500, 1000, 800 and 700 molecules, respectively, were used. For cyanobacteria metabolites
and fungi data sets, the entire databases were employed (473 and 206 compounds, respectively).

3. Results and Discussion

First, we present the results of the construction of the first proof-of-concept version of
the BIOFACQUIM database followed by a first chemoinformatic characterization in terms of
physicochemical properties, scaffold content, diversity and coverage in chemical space.

3.1. BIOFACQUIM Database

As described in the Materials and Methods section, after the first survey in Scopus with the
researchers of the FQ, UNAM, three filters were applied to the eight selected journals. Each of
the 92 scientific papers selected was analyzed individually to extract information about the
natural products. Of note, in this manuscript we disclose the first version of BIOFACQUIM as
a proof-of-concept collection in which current content may be biased by the type of compounds
published by a research group (e.g., based on their expertise and/or the analytical techniques available
to their groups) and the type of compounds and characteristics accepted for publication by a given
journal (e.g., compounds with the biological activity of compounds with drug-like features). It is
anticipated that these biases will be reduced as the content of BIOFACQUIM is updated in future
releases, by increasing the number of research groups, number of journals and number of years covered
(cf. the Conclusions section).

The current version of BIOFACQUIM contains the following information: identification number
(ID), compound name, simplified molecular input line entry system (SMILES), reference (with the
name of the journal, digital object identifier (DOI) number and publication year), kingdom (Plantae or
Fungi), genus, species, and geographical location of the collection of the natural product. In addition,
the biological activity, if it was reported in the publication, has been included. The current and first
version of BIOFACQUIM has 423 compounds. It should be noted that 316 compounds were isolated
from 49 different plant genera, 98 were isolated from 19 genera of fungi, and nine compounds were
isolated from Mexican propolis (a sticky dark-colored hive product collected by bees from living
plant sources). Figure 1 shows the distribution of compounds per year reported since the year 2000,
as contained in the first version of the chemical data set. The compounds in the database that were
published in 2018 are not included in Figure 1.

Figure 2 shows the chemical structures of representative compounds from the first version of
BIOFACQUIM (discussed further below).
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Figure 2. Select compounds contained in BIOFACQUIM.

3.2. Molecular Properties

Figure 3 shows box plots of the distribution of the six calculated physicochemical properties
(vide supra) calculated for BIOFACQUIM. For comparative purposes, the box plots also include
the distribution of the same properties of the seven reference data sets that were retrieved from the
literature [15]. The corresponding violin plots are shown in the Supplementary Figure S3. The three
main molecular properties, size, flexibility, and molecular polarity, are described by MW, RB, and SlogP,
TPSA, HBA, and HBD, respectively. In these plots, the boxes enclose the data points with values
within the first and third quartile; the line that divides the box denotes the median of the distributions.
The lines above and below indicate the upper and lower adjacent values. The red asterisks indicate the
data points with values beyond the upper and lower adjacent values. Summary statistics are presented
at the bottom of the box plots. The figure also includes a table below each box plot with the maximum,
median, mean, standard deviation and minimum values for each property and each data set.

According to Figure 3 (and the violin plots in the Supplementary Material), based on the mean of
RB, BIOFACQUIM compounds have comparable flexibility to approved drugs. The figure also shows
that, except for cyanobacteria metabolites, all databases have a median of up to five rotatable bonds
(including approved drugs). The median and mean MW of BIOFACQUIM are 340.5 and 412 g/mol,
respectively. Notably, BIOFACQUIM and NuBBEDB have the most similar MW profile compared to
drugs. BIOFACQUIM has a median of 4 HBA, the same as that of the NuBBEDB and Marine data sets.
Furthermore, BIOFACQUIM has a very similar profile of HBA compared to MEGx. Comparing
HBD, BIOFACQUIM, NuBBEDB, NATx, and cyanobacteria have the same median values, with similar
profiles to approved drugs and higher standard deviations than approved drugs. Regarding TPSA,
the compounds in BIOFACQUIM are those that share the closest values to the approved drugs.
It should be noted that the cyanobacteria metabolite set has the largest distribution and the highest
mean values of TPSA, being the double of the mean of the approved drugs. The distribution of the SlogP
values indicates that, overall, natural products are slightly more hydrophobic than approved drugs.
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donor atoms; TPSA: topological surface area; SlogP: octanol/water partition coefficient.
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Taking together the results of the general profile of the properties, it can be concluded that the
current version of BIOFACQUIM is, in general, most similar to the NuBBEDB and Fungi data sets.
This outcome is in agreement with the findings that, while assembling BIOFACQUIM and analyzing
the source papers in detail, the compounds were mostly isolated from plants and fungi.

3.3. Scaffold Content

Figure 4 shows the 27 most populated molecular scaffolds in BIOFACQUIM that included half
(50.6 %) of the 423 compounds making up the database. Aside from benzene which is also frequent
in several other compound databases [21], the second most frequent scaffold was a flavan-related
scaffold (5 %), followed by 1,3-benzodioxole and dibenzyl core scaffolds (2.4 %). Interestingly,
the last three frequent scaffolds in BIOFACQUIM are not the most frequent in other databases of
natural products [15].
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3.4. Chemical Space

As explained in the Materials and Methods section, a visual analysis of the chemical space of
BIOFACQUIM was done with two visualization methods, PCA and t-SNE. The visual representation



Biomolecules 2019, 9, 31 8 of 12

with PCA was based on the physicochemical properties while the visualization with t-SNE was based
on the molecular topological fingerprints.

3.4.1. Visual Representation Based on Properties

Using the program KNIME [23], we did a visual comparison of the chemical space of
BIOFACQUIM and the reference databases. We used the “Normalizer” node in KNIME which gives a
linear transformation of all values, the minimum and maximum of each database. Then, PCA was
applied to reduce the dimensionality of the six calculated physicochemical properties and to compare
BIOFACQUIM with the reference collections (vide supra, Table 1).

Figure 5 shows a visual representation of the property-based chemical space. Table S1 in the
Supplementary Material summarizes the corresponding loadings and eigenvalues for the first three PCs.
The first two PCs capture 84% of the variance while the first three recover 92% of the variance. Table S1
shows that for the first PC, the larger loadings corresponded to SlogP, followed by RB, whereas for the
second PC the largest loading corresponded to HBD.
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compares BIOFACQUIM with all other reference data sets. Figure 6b shows a comparison of 
BIOFACQUIM with approved drugs. Figure 6a shows three main groups or clusters in which all the 
databases have compounds. The clusters indicate that the visualization method and the fingerprints 
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Figure 5. Visual representation of the chemical space based on the physicochemical properties of
eight data sets. BIOFACQUIM (423 compounds, yellow); fungi metabolites (206 compounds, green);
cyanobacteria metabolites (473 compounds, red); NuBBEDB (2214 compounds, light green); NATx
(26318 compounds, orange); MEGx (4103 compounds, blue); marine metabolites (6253 compounds,
lilac); US Food and Drug Administration (FDA)-approved drugs (1806 compounds, dark blue).

The visual representation of the chemical space in Figure 5 indicates that some of the natural
product compounds occupy the same space as the already approved drugs. It also shows that there are
molecules in BIOFACQUIM and the Marine set that cover neglected regions of the currently drug-like
chemical space. Finally, Figure 5 suggests that BIOFACQUIM shares the chemical space of almost all
Fungi and NuBBEDB.

3.4.2. Visual Representation Based on Molecular Fingerprints

Figure 6 shows a visual representation of the chemical space of the current version of
BIOFACQUIM based on topological fingerprints using t-SNE (see Materials and Methods). Figure 6a
compares BIOFACQUIM with all other reference data sets. Figure 6b shows a comparison of
BIOFACQUIM with approved drugs. Figure 6a shows three main groups or clusters in which all the
databases have compounds. The clusters indicate that the visualization method and the fingerprints
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can distinguish three major core structures that would have detailed variations in the structure.
Figure 6b indicates that there are compounds in BIOFACQUIM with high structural similarity to
approved drugs. Notable examples are the compounds FQNP329 (chemical structure in Figure 2),
similar to ethinylestradiol (App_75), and FQNP130, similar to choline (App_878). Other comparisons
with t-SNE are shown in Figure S3 in the Supplementary Material.
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Figure 6. Visual representation of the chemical space of BIOFACQUIM compared with: (a) all reference
data sets; and (b) approved drugs. The visualization was generated using t-distributed stochastic
neighbor embedding (t-SNE) based on topological fingerprints. The red dots indicate the position of
two representative compounds of BIOFACQUIM that are very similar to approved drugs.

Based on the assessment of the chemical space, in particular the position of BIOFACQUIM relative
to other reference libraries in chemical space, it can be concluded that the compounds in BIOFACQUIM
are very similar to drugs, based on their physicochemical properties (PCA) and structural fingerprints
(t-SNE). Therefore, the chemical space analysis further supports the use of BIOFACQUIM in drug
discovery projects.

3.5. Global Diversity: Consensus Diversity Analysis

As elaborated in the Materials and Methods section, a CD plot was used to compare the diversity
of BIOFACQUIM with the diversity of the reference data sets, based on molecular fingerprints,
scaffolds, and whole (physicochemical) properties. Figure 7 shows the CD plot, representing the
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MACCS keys/Tanimoto similarity on the x-axis. Here, lower values indicate larger fingerprint-based
diversity (further details of the fingerprint-based diversity assessment are presented in Figure S1
in the Supplementary Material). The y-axis of the CD plot represents the scaffold diversity where
lower values (the area under the scaffold recovery curve—see Table S2 in the Supplementary Material)
indicate higher scaffold diversity. The property-based diversity of BIOFACQUIM and each database
was calculated as the Euclidean distance of the scaled properties. The values are represented on
the color CD plot with data points on a continuous color scale. The darker color represents lower
diversity while lighter colors represent higher diversity. Finally, the relative size of the databases is
represented with different point sizes, where smaller data points indicate data sets with less number
of molecules. The CD plot in Figure 7 shows that BIOFACQUIM and Cyanobacteria are found in
the area representing low diversity of both scaffold and fingerprints. This may be attributed to the
fact that this is the first version of the database. Regarding the diversity, based on physicochemical
properties, the cyanobacteria metabolites were observed to have more diversity (e.g., lighter blue data
point in Figure 7) than BIOFACQUIM. This is consistent with the analysis of the box plots discussed in
Section 3.2. Figure 7 also indicates that approved drugs have high scaffold and fingerprint diversity
that is consistent with previous reports [20,21].
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Figure 7. Consensus Diversity Plot comparing the global diversity of BIOFACQUIM with other natural
product databases. The structural diversity (fingerprint diversity), calculated with the median Tanimoto
coefficient of MACCS keys fingerprints, is plotted on the x-axis. The scaffold diversity of each database
was defined as the area under the curve (AUC) of the respective scaffold recovery curves and is
represented on the y-axis. The diversity, based on physicochemical properties (PCP), was calculated
with the Euclidean distance of six scaled properties (SlogP, TPSA, MW, RB, HBD and HBA) and is
shown on a color scale. The distance is represented with a continuous color scale from light blue
(more diverse) to dark blue (less diverse). The relative size of the data set is represented with the size
of the data point, smaller data points indicate compound data sets with fewer molecules.
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4. Conclusions

BIOFACQUIM is a compound database of natural products from Mexico being constructed,
curated and maintained by an academic group. The first and current version of BIOFACQUIM includes
423 compounds reported over the past 10 years at the School of Chemistry of the National Autonomous
University of Mexico (UNAM). The compound database contains the chemical name, SMILES notation,
reference (with name of the journal, year of publication and DOI number), kingdom (Plantae or Fungi),
genus and species of the natural product, and geographical location of the collection. In addition,
the biological activity, if it was reported in the publication, was included. The chemoinformatic
characterization and analysis of the coverage and diversity of BIOFACQUIM in chemical space suggest
broad coverage, overlapping with regions in the drug-like chemical space. The analysis also indicated
that there are compounds in BIOFACQUIM with chemical structures very similar to drugs approved
for clinical use that could, based on the similarity principle, be of pharmaceutical interest. Similar to
other natural product databases, BIOFACQUIM can be used, via virtual screening, to identify potential
lead compounds or starting points for additional optimization. The database is freely accessible
through the website BIOFACQUIM Explorer, version 1.0 (https://biofacquim.herokuapp.com) and is
part of the initiative D-TOOLS, described in detail elsewhere [24]. Compounds in BIOFACQUIM are
also available from ZINC15 at http://zinc15.docking.org/catalogs/biofacquimnp/

One of the major objectives of this work, currently in progress, is to augment the size of
BIOFACQUIM by expanding the search to other universities and research centers in Mexico, increasing
the number of years and the number of scientific international peer-reviewed journals covered
(with DOI number available). A second major objective of this work is to continue improving and
maintaining the web-based interface BIOFACQUIM Explorer following general guidelines for the
development and maintenance of public biological databases [25].

Supplementary Materials: The following are available online at http://www.mdpi.com/2218-273X/9/1/31/s1.
Table S1. Loadings for the first three principal components of the property space of eight databases. Table S2.
Statistics of the cyclic system recovery curves for BIOFACQUIM and the reference data sets. Figure S1. Distribution
of the pairwise similarity values calculated for BIOFACQUIM and the reference data sets computed with
MACCS keys (166-bits) and the Tanimoto coefficient. Figure S2. Visual representation of the chemical space of
BIOFACQUIM generated with t-SNE. Figure S3. Violin plots for the physicochemical properties of BIOFACQUIM
and reference data sets.
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Bicyclic acetals: biological relevance, scaffold
analysis, and applications in diversity-oriented
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Natural products (NPs) have been shown to be an extraordinary source of bioactive compounds and

three-dimensional complex frameworks that can be useful to produce high-value molecular collections

that are able to address “undruggable” and difficult therapeutic targets. Bicyclic acetals are particularly

relevant for these purposes, given their key role in several biological interactions and the structural and

stereochemical diversity that comes from the many possible ring combinations. To investigate this topo-

logical diversity, we have systematically characterized in a systematic and detailed manner fused, spiro

and bridged bicyclic acetals in a large set of NPs, highlighting the great potential of bicyclic acetals in

Diversity-Oriented Synthesis (DOS). Accordingly, a summary of some recent efforts on the development

of acetal-containing small molecule collections through DOS approaches is herein reported.

1. Introduction

Natural products are an extraordinary source of inspiration for
the development of high-quality chemical libraries.1 Many of
these compounds possess complex, sp3-rich molecular frame-
works, which have been identified as ‘privileged’,2 as regularly
occurring motifs in many bioactive protein ligands, and have
been comprehensively mapped to facilitate the navigation of
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the chemical space.3 Exploiting unconventional molecular
scaffolds to develop chemical libraries can increase the chance
of finding compounds that are able to address the so-called
“undruggable” targets, such as protein–protein interactions.4

Natural products are characterized by a notable structural and
stereochemical complexity that increases the binding selecti-
vity and frequency towards biological targets.5 In this context,
Diversity-Oriented Synthesis (DOS)6 and Biology-Oriented
Synthesis (BIOS)7 represent two leading approaches for the
synthesis of natural product-inspired compound collections.
Specifically, DOS operates in a way to generate the maximum
diversity and complexity from simple starting materials using
divergent synthetic strategies, such as the use of complexity-
generating reactions and the build/couple/pair approach.6

Among all the different molecular frameworks present in
Nature, bicyclic acetals are particularly relevant for medicinal
chemistry purposes, given their key role in several biological
interactions and the chemical diversity that comes from the
many possible ring combinations.8–10 Structurally, a bicyclic
acetal moiety consists of at least two rings where two oxygen
atoms belonging to different rings are linked through a
common carbon atom. These moieties are widespread in a
variety of natural products from different sources, spanning
from the insect world, marine organisms, fungi, plants and
microbes.8–10 In several natural products, such chemotypes are
found as spiroacetals (Fig. 1a),8 fused bicyclic acetals
(Fig. 1b),9 or bridged bicyclic acetals (Fig. 1c);10 also in some
natural products, a combination of them is found (Fig. 1d).

This review provides a perspective of the utility of bicyclic
acetal chemotypes for the development of small molecule
chemical libraries. Specifically, we herein present (a) insights
into the biological potency of compounds containing bicyclic
acetal chemotypes, (b) a systematic and quantitative evaluation
of the diversity and complexity of bicyclic acetals in Nature,
also concerning their distribution regarding products of

different origins and (c) selected case studies on the diversity-
oriented synthesis of acetal-containing compound collections
and their biological output.

2. Biological relevance of bicyclic
acetals

Bicyclic acetals, both when they are a substructure in a highly
functionalized system or when they are relatively unsubsti-
tuted, play a key role in the biological outcome of natural pro-
ducts, by directly interacting with the biological target as a
pharmacophore, or acting as a rigid scaffold to direct side
chains into specific directions. For example, the spiroacetal
moiety in ivermectin B1a is the key element responsible for the
binding with glutamate-gated chloride channels (GluCl)
through a hydrogen bonding interaction with Thr285, which
results in anthelmintic and insecticidal properties of the
entire molecule (Fig. 2, left).11 The spiroacetal moiety of bistr-
amide A (Fig. 2, center) has a scaffolding function acting as a
saddle-like turn element, which directs the long hydrophobic
chains into a deep cleft between subdomains 1 and 3 of
G-actin, resulting in its depolymerization and subsequent anti-
proliferative action.12

Recently, Milroy and coworkers have reported the first
example of a complex formed by a novel bis-benzannulated
spiroacetal and the retinoid X receptor (RXR), a potential
therapeutic target for Alzheimer’s disease (Fig. 2, right).13

The conformation of bicyclic acetals plays an important
role in assisting the interaction with the biomacromolecule.
Detailed analytical studies have been conducted in complex
polyketide natural products, such as bryostatins and monen-
sin,14 concluding that steric, electronic and electrostatic inter-
actions,15 as well as internal hydrogen bonds between ring-
acetal oxygen and hydroxyl groups,16 play an important role in
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adopting the three-dimensional conformation of the mole-
cules necessary for the binding, while retaining the backbone
flexibility beneficial for transport and solubility. These remark-
able features of bicyclic acetals can also explain why natural
products possessing these moieties have a broad variety of bio-
logical outcomes.8e For example, nine different avermectins
coming from the same biosynthetic intermediate show
different biological activities depending on their different sub-
stituents and stereochemical features.17

Even though the use of bicyclic acetals in medicinal chem-
istry and drug discovery is still underexplored, acetal contain-
ing-drugs and synthetic inhibitors have appeared in the litera-
ture (Fig. 3).18–21 For example, a novel Neurokinin 1 receptor
(NK1) antagonist (compound 1) containing a rigid 1,6-dioxa-9-
azaspiro[4.5]decane framework was developed by Williams and
coworkers.18 The structure of the antibiotic spectinomycin (2),
used for the treatment of gonorrhoea, is characterized by the
presence of a [6,6]-fused bicyclic acetal.19

Tofogliflozin (3), designed using a 3D-pharmacophore mod-
elling20 and based on the O-spiroacetal C-arylglucoside
scaffold, is an active Sodium Glucose Cotransporter 2 (SGLT2)
inhibitor and a potential therapeutic agent for the treatment
of type 2 diabetes. Another example is the novel potent cyto-
toxic compound 4 active in primary B-cell chronic lymphocytic
leukaemia cells that contains the 6,8-dioxabicyclo[3.2.1]octane
scaffold.21

3. Scaffold analysis and classification
3.1 Scaffold content

Scaffold content analysis is gaining broad attention both in
chemical biology and drug design, because it helps to quantify
the structural diversity of compound collections and have a
better understanding of the coverage of such a collection in
the chemical space.22 Likewise, it is broadly used to identify

novel scaffolds in a compound library, and to analyse the struc-
ture–activity relationships of sets of molecules with the
measured activity.23 Different methods have been developed
for a systematic and consistent scaffold analysis,24 such as the
graph framework methodology,25 the atomic frameworks of
Bemis and Murcko,26 and Scaffold Hunter.27

To investigate the topological diversity of bicyclic acetal
frameworks present in NPs, a large set of 466 238 NPs was ana-
lysed, combining different databases available in the public
domain including the Universal Natural Product Database
(UNPD) (Table 1).28–33 The datasets used in this work differ in
size, origin and compound features and allow us to survey in a
quantitative manner the presence of different bicyclic acetal-
containing molecular frameworks on NPs from different
sources, spanning from fungi metabolites to marine
compounds.

All the possible frameworks of bicyclic acetals, containing
both rings composed of 3–8 atoms, were defined and classified
into three main categories: fused (Fig. 4a), spiro (Fig. 4b), and
bridged bicyclic acetals (Fig. 4c). The full list of SMARTS codes
can be found in the ESI.† An example of the extrapolation of
the [5,6]-spiroacetal ring combination from the structure of
allamandicin is reported in Fig. 4d.

In total, of the 466 328 NPs analysed, 4699 (1%) containing
at least one bicyclic acetal in their structure were identified.
These compounds were found to contain 45 different mole-
cular frameworks, distributed among the three categories of
fused, spiro and bridged bicyclic acetals, with a significant
prevalence of spiroacetals.

1578 fused bicyclic acetals were identified in the data set of
NPs surveyed in this work, with a different frequency distri-
bution for the 21 possible ring combinations (Fig. 4a). As
expected, given the dominance of five- and six-membered
heterocycles in Nature, the three most frequent ring combi-
nations were found to be the [5,5]-fused bicyclic acetal, which
is present for example in the cytotoxic macrocalyxoformin A34

and mycotoxin aflatoxins,35 the [6,5]-fused bicyclic acetal, con-
tained in the alkaloid core of the insecticidal compounds of
the stemofoline family,36 and the [6,6]-fused bicyclic acetal, as
this framework is embedded in the structure of colubrin37 and
erinacine B, a xylose-conjugated terpenoid, is able to stimulate
the synthesis of the nerve growth factor (NGF).38

Spiroacetals are by far the most frequent O,O-containing
scaffolds, as 2633 spiroacetal moieties were counted in the NP
database (Fig. 4b). The ring combinations with a consistently
higher frequency were [6,5]-, [6,6]- and [5,5]-spiroacetals. These
moieties are in fact widespread in natural products, including
compounds of the families of marine macrolide spongista-
tins,39 antitumoral steroidal cephalostatins40 and insecticidal
avermectins.41 On the other hand, bridged bicyclic acetals
with three to eight atoms in the ring can exist in 26 topologi-
cally different combinations that differ in terms of bridge
length, ring size, and distribution of oxygen atoms (Fig. 4c).
The analysis of the NPs uncovered 2159 bridged bicyclic
acetals, which can be clustered in 17 different bridged bicyclic
acetal molecular frameworks. The most frequent molecular
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Fig. 1 Representative example of natural products containing a spiroacetal (a), a fused bicyclic acetal (b), a bridged bicyclic acetal (c), or a combi-
nation of them (d).

Fig. 2 Left: View from the extracellular site of ivermectin B1a (fucsia) into the binding site of the GluCl subunit (PDB ID: 3RHW).11 Center: Selected
amino acid side chains of actin subdomains 1 and 3 interacting with bistramide A (cyan, PDB ID: 2FXU).12 Right: Selected amino acids of the RXR
protein interacting with the bis-benzannulated spiroacetal (blue) synthesized by Milroy et al. (PDB ID: 5LYQ).13
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framework was found to be the 6,8-dioxabicyclo[3.2.1]octane,42

contained for example in the structure of rubrobramide43 and
didemniserinolipid B,44 as well as in the neurotoxic com-
pounds of the families of pinnatoxins45 and pterioxins.46 The
analogues 2,8-dioxabicyclo[3.2.1]octane and 2,7-dioxabicyclo
[3.2.1]-octane are less represented, but they can be found in
the structure of zaragozic acid,47 pectenotoxins,48 sindurol,49

and antimicrobial colomitides.50

To further investigate the distribution of bicyclic acetals in
NPs of different origins, for the seven data sets analysed in
this work, we recorded the number of natural products con-
taining each molecular scaffold. The percentage of these
counts versus the total number of natural products identified
(6369) is reported in Fig. 5, where each dataset is shown in a
different colour.

This analysis revealed that datasets of Universal Natural
Products Database (UNPD), Traditional Chinese Medicine
(TCM) and the compounds from marine sources had the
largest proportion of bicyclic acetal frameworks, with a preva-
lence of [6,5]-spiroacetals in the UNPD and TCM databases
and [6,6]-spiroacetals in the marine database. Also, in the cat-
egory of bridged bicyclic acetals, the presence of the 6,8-dioxa-
bicyclo[3.2.1]octane framework stands out in the ZINC NP

database, whereas the MEGx database, which is a collection of
natural products derived from plants and microorganisms,
was found to be abundant of fused bicyclic acetal scaffolds.

3.2 Scaffold diversity

The scaffold diversity of the 4699 acetal-containing natural pro-
ducts was then quantified following Bemis and Murcko’s defi-
nition of scaffolds (see an example in Fig. 4d)26 and using
different established metrics. The scaffold count analysis
reveals that among the bicyclic acetals, fused bicyclic acetals
are the most diverse. These compounds contain the highest
proportion of singletons (unique scaffolds) relative to the
number of cyclic systems (Nsing/N). In contrast, bridged bicyclic
acetals present a high redundancy of structures (a low number
of singletons in relation to the number of different cyclic
systems (Nsing/N)).

The fraction of compounds was plotted against the cumu-
lative fraction of scaffolds for the three main categories of
bicyclic acetals to obtain a direct comparison between the
scaffold content and the diversity of acetal-containing natural
products.

The Cyclic System Retrieval (CSR) graph51 thus obtained
(Fig. 6) shows that fused bicyclic acetals (orange line), being
the closest to a diagonal, have the largest diversity of the three
data sets, while bridged bicyclic acetals (blue line) and spiroa-
cetals compounds (green line) are less diverse. A similar con-
clusion can be obtained quantitatively by comparing the area
under the curve (AUC) and the fraction of chemotypes that
recover 50% of the molecules in the data set (F50), which
shows a diversity decrease by moving from fused bicyclic
acetals, to spiroacetals and bridged bicyclic acetals (Table 2).

To measure the scaffold diversity of the three groups of
compounds focusing only on the most populated scaffolds,52

we used the concept of Shannon Entropy (SE). When applied
to quantify the scaffold diversity,53 SE is defined as:

SE ¼ �
Xn

i¼1

pi log2 pi where pi ¼ ci
P
:

where pi is the estimated probability of the occurrence of a
specific chemotype i in a population of P compounds contain-
ing a total of n acyclic and cyclic systems, and ci is the number
of molecules that contain a particular chemotype. SE was nor-
malized for the number of cyclic systems of each class (n):

SSE ¼ SE
log2 n

The scaled SE (SSE) value range between 0 (minimum diver-
sity, i.e., all the compounds have the same chemotype) and 1
(maximum diversity, i.e., compounds are evenly distributed
among the n chemotypes). The SSE was used to measure the
scaffold diversity of the 10 most populated scaffolds (SSE10) of
each category of bicyclic acetals. The results, summarized in
Table 2, show that considering the 10 most populated
scaffolds, fused bicyclic acetal compounds are the most
diverse and the bridged bicyclic acetals are the least diverse.

Fig. 3 Representative examples of acetal containing inhibitors and
drugs.

Table 1 Databases of natural products considered in this work

Database Size Ref.

Fungi NP 206 29
Marine NP 6253 30
Purified Natural Product Screening
Compounds (MEGx)

4103 http://ac-discovery.
com

Brazilian NP (NuBBEDB) 2214 31
Traditional Chinese medicine (TCM) 18281 http://tcm.cmu.

edu.tw 32
ZINC natural products (NP) 225667 http://tcm.cmu.

edu.tw 32
Universal Natural Product Database
(UNPD)

209514 33
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These results mirror the relative diversity of the data sets con-
sidering all the scaffolds (Table 2).

3.3 Structural complexity

To quantify the three-dimensional complexity of the acetal-
containing scaffolds, we calculated the Saturation Index (Fsp3)
as the ratio between the number of sp3 hybridized carbons
versus the total carbon count.54 As shown in Fig. 7, spiroacetals
proved to be the class of compounds with the highest Fsp3

ratio. This distinct feature, together with the typical “twisted”
architecture of spirocycles, makes these molecular frameworks
particularly relevant for the development of compound collec-
tions for drug discovery programs. Sp3-rich structures possess

several out-of-plane substituents, which at least in principle,
would favour ligand–target complimentarity,55 providing
greater selectivity56 and higher success in the progress towards
clinical development.54

Putting together the results of the chemoinformatic ana-
lysis of 466 238 NPs, 4699 acetal-containing compounds were
identified, which were clustered in 14 fused, 17 bridged and
14 spiroacetal topologically different molecular frameworks.
For the large set of natural products considered in this work,
compounds from marine sources and TCM were found to
possess a higher number of bicyclic acetals, with a prevalence
of [6,5]- and [6,6]-spiroacetals, respectively. Among the family
of bridged bicyclic acetals, 6,8-dioxabicyclo[3.2.1]octane

Fig. 4 Classification and percent frequency of fused bicyclic acetals (a), spiroacetals (b) and bridged bicyclic acetals (c) in a dataset of 466 238 NPs
available in the public domain. The three most frequent ring combinations for each class of bicyclic acetals are shown in zoomed boxes. The percen-
tage shown is relative to the total number of bicyclic acetal frameworks identified in the database (6369) and not to the total number of acetal-con-
taining natural products (4699), as some NPs contain more than one framework in their structure. (d) Example of the identification of the [5,6]-spiro-
acetal ring combination in the structure of allamandicin.
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proved to be the most abundant framework and its presence
stands out in the ZINC NP data set. The quantification of the
scaffold diversity of the 4699 acetal-containing natural pro-
ducts, based both on CSR and on the SSE values, showed that
fused bicyclic acetals have the largest diversity, while the
quantification of their three-dimensional complexity revealed
that spiroacetals possess the highest Fsp3 index and a high
structural complexity.

All in all, the results of this analysis provide a tool for corre-
lating the bicyclic acetal chemotypes with the natural product
domain, and for selecting which scaffolds may be optimal for
tuning both the chemical diversity and complexity of novel
small molecules containing bicyclic acetals.

5. Acetal chemistry in diversity-
oriented synthesis

Taking into account the considerations about biological rele-
vance and the structural features assessed by the chemoinfor-
matics analysis of bicyclic acetals in NPs, the conformational

and configurational flexibility of these moieties provides a
wide stereochemical and skeletal diversity that can be
exploited in the divergent synthesis of chemical libraries. For
example, a spiroacetalisation reaction can potentially give
access to four different stereoisomers (Fig. 8a), depending on
the contribution of hydrogen bonding networks, steric hin-
drance, anomeric effect and chelation interactions, which can
preferentially stabilize one configuration more than others.
Moreover, the acid-catalysed interconversion between different
spiroacetal systems can lead to skeletally different arrange-
ments of molecular architecture, providing topologically
different frameworks (Fig. 8b).

Bicyclic acetal skeletons are also attractive for their high
density of polar functional groups, which offer many possibili-
ties in the scaffold decoration and further chemical manipula-
tions. In particular, they are oxygen-rich moieties, and consid-
ering that oxygen atoms play an important role in hydrogen-
bonding interactions, their introduction into small molecules
can increase the binding capabilities with biomacro-
molecules.57 Indeed, several review papers are present in the
literature, describing strategies to construct bicyclic acetal moi-

Fig. 5 Abundance of bridged, fused and spiro bicyclic acetals in seven different databases of natural products available in the public domain
(466 238 compounds in total). For each molecular framework, the relative percentage of natural products containing this scaffold versus the total
number of acetal-containing compound (4699). Each data set from different origin is identified with a different color: MEGx in light blue, marine
compounds in red, Traditional Chinese Medicine (TCM) in green, ZINC Natural Product (ZINC NP) in purple, Fungi metabolites in cyan, NuBBE com-
pounds in orange and Universal Natural Products Database (UNPD) in dark blue.
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eties, especially in the context of the total synthesis of natural
products.8a,h,9,42,58

Despite the fact there is progress in the field, there is still
much room left for the exploitation of this chemistry in the
DOS of novel chemical libraries, although some recent appli-
cations of acetal-containing derivatives in drug discovery pro-
grammes have appeared in the literature.59 In this section, we
highlight selected synthetic efforts to access the three different
classes of O,O-acetal molecular frameworks on a diversity-
oriented synthesis6 perspective, particularly referring to how
these studies have led to the discovery of novel biologically
active compounds against different targets.

5.1 Diversity-oriented synthesis of bicyclic spiroacetals

In the context of solid phase synthesis,60 the preparation of
spiroacetal collections has received great improvement by
Waldmann’s research group.61 Although they require several
synthetic steps, more than 250 [6,6]-spiroacetals were prepared
starting from commercial polystyrene resin 5, exploiting the
double intramolecular hetero-Michael addition of alkynone 7
(Scheme 1, path a),62 or taking advantage of the acid-catalyzed
spiroacetalization of immobilized aldol intermediate 8
(Scheme 1, path b).63 Further chemical diversification was
then obtained from ketone containing spiroacetals 9 by using
Grignard additions, reductive aminations and oxime for-
mations in the solution phase. Some selected components of
this [6,6]-spiroacetal collection were tested for their biological
activity as phosphatase inhibitors and as tubulin cytoskeleton
formation modulators (Fig. 9). The biological results showed
that spiroacetal 14 is an active inhibitor of the vaccinia virus
VH1-related phosphatase (VHR), whereas spiroacetal 15 is able

Fig. 6 Cyclic system retrieval (CSR) curves for the data sets studied in
this work. The curves can be characterized quantitatively by the area
under the curve (AUC) and the fraction of chemotypes required to
retrieve 50% of the compounds in the data sets F50 (see Table 2).

Table 2 Summary scaffold diversity measures of three major classes of
bicyclic acetalsa

Class N Nsing Nsing/N AUC F50 SSE10

Fused 1578 733 0.465 0.7195 0.1655 0.927
Bridged 2159 544 0.252 0.7927 0.101 0.882
Spiroacetals 2633 1049 0.398 0.749 0.126 0.913

a N: number of scaffolds, Nsing: number of singletons, AUC: area under
the curve, F50: Fraction of chemotypes that contain 50% of the dataset,
SSE10 Scaled Shannon Entropy of the 10 most frequent scaffolds.

Fig. 8 (a) Stereochemical diversity coming from different configura-
tional stereoisomers of a [6,6]spiroacetal and (b) skeletal diversity result-
ing from the interconversion between four different acetal-containing
ring systems.

Fig. 7 Box plots of the distribution of the Saturation Index (Fsp3) for
bridged (blue), fused (orange) and spiro (green) bicylic acetal com-
pounds. For each box, summary statistics (Minimum, Lower Whisker,
Lower Quartile, Median, Upper Quartile, Upper Whisker) are indicated.
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to affect the tubulin and actin networks in MDA-MB-231 cells,
by targeting a molecular process that is different from the
usual microtubule polymerization one.64

Also, Milroy and Ley reported the synthesis of a small mole-
cule collection based on [6,6]- and [6,5]-spiroacetal frameworks
starting from ynal 16 (Scheme 2).65 Briefly, different stereo-
isomers of spiroacetal derivatives 19 were obtained from the
β-keto-1,3-dithiane precursor 18 in specific isomeric ratios,
influenced by the presence of the lone pair orbitals of the
sulfur atoms of the dithiane group.66 Then, the dithiane group
was removed by a chemoselective oxidation with NaClO4 to
achieve ketone derivatives 20 in quantitative yields. Finally, the
free hydroxyl group of spiroacetals 20 was coupled with a
variety of N-Fmoc-protected α-amino acids, obtaining a small
library of bicyclic spiroacetals 21 (Scheme 2).

To assess the biological activity of these novel compounds,
a small collection of 15 spiroacetals was subjected to a cyto-
toxicity assay against B-cell chronic lymphocytic leukaemia
cells (CLL), a type of leukaemia that has currently no
treatments.67

Compound 22 was selected for its submicromolar activity
and used to develop a second generation library around this
structure (Fig. 10).21 The screening of this second generation
library showed an increase in activity, thanks to structure–
activity relationship indications. In particular, the most potent
spiroacetal compound was found to be 23, the enantiomer of
22, with the ketone functionality replaced by the bulkier
dithiane group. Preliminary biological investigation indicated
that these spiroacetals are able to induce cell death by an
apoptotic pathway, which was found to be selective for CLL
cell lines, as these compounds were inactive in MCF7 and
A549 cells.21

Scheme 1 Solid phase synthesis of a [6,6]-spiroacetal collection
reported by Waldmann and coworkers.

Fig. 9 Phosphatase inhibition and tubulin modulation activity of [6,6]-
spiroacetals 14 and 15.

Scheme 2 Synthesis of a library of [6,6]- and [6,5]-spiroacetals 20 and
21.

Fig. 10 First generation and second generation library of spiroacetals
and biological activity towards CLL cells.
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Finally, in the context of diversity-oriented synthesis of
spiroacetals, Tan and coworkers68 applied a reagent-based
approach69 for the synthesis of stereochemically different
spiroacetals. This approach consists of applying different reac-
tion conditions on the same substrates and differs from the
substrate-based strategy70 in which different compounds are
obtained by using the same reaction conditions on various
starting materials. In particular, these authors exploit kineti-
cally controlled spirocyclization that is independent of the
thermodynamic stability of the resulting products.68 For
example, anomeric spiroacetal 25 was obtained starting
from glycal epoxide 24 with inversion of configuration, when
the spirocyclization was performed under methanol mediated
conditions, whereas spiroacetal 26, with retention of con-
figuration, was obtained by using the Ti(OiPr)4 control
(Scheme 3).71

Similarly, the same approach was applied by the authors in
the preparation of pyrrolomorpholine natural products acotar-
tarins (28–29), pollenopyrroside (31) and shensongine A (32),
starting from pyrrole-functionalized D-furanose glycal sub-
strates 27 (Scheme 4a)72 and D-piranose glycal substrates 30
(Scheme 4b).73

Thermodynamically less favoured acotartarin A (29) and
shensongine A (32) were obtained by using other methods
employing Hg(OAc)2 and Ti(OiPr)4, respectively. These natural
products exhibit antioxidant activity and may have therapeutic
potential in the treatment of oxidative-stress related diseases,
such as diabetes. Thus, to investigate the potential of these
compounds and to improve their biological activity, the
authors assayed some naturally occurring pyrrolomorpholine
spiroacetals, as well as some corresponding C2-hydroxy ana-
logues, in a glucose-induced oxidative stress test, revealing
that compounds 33 and 34 were more active than their parent
natural products, pollenopyrroside A (31) and shensongine A
(32) (Fig. 11).73

5.2 Diversity-oriented synthesis of bridged bicyclic acetals

In addition to the synthesis of spiroacetals, Milroy and Ley
took advantage of their expertise in acetal chemistry,74 and
extended their studies towards the synthesis of bridged bicyclic

acetal scaffolds.75 In particular, a small collection of 2,8- and
6,8-dioxabicyclo[3.2.1]octanes 41–43 was obtained starting
from butane-2,3-diacetal-protected tartrate derivatives 35 (and
its diastereoisomer 36), as shown in Scheme 5. Swern oxi-
dation of 35/36 gave aldehydes 37/38, which, after reaction
with the phosphonate diesters and the subsequent reduction
of the resulting enones, allowed the acid-catalyzed acetalisa-
tion of 39/40 into 6,8-dioxabicyclo[3.2.1]octanes 42 and 43.

Compound 40 cyclized preferentially into 2,8-dioxabicyclo
[3.2.1]octane 41; however, after chromatographic purification,
the more thermodynamically stable 6,8-dioxabicyclo[3.2.1]
octane 43 was isolated as the major product. Starting from
bicyclic acetal 42, a second generation library was obtained
with further synthetic elaborations (Scheme 6). The alcohol
functionality of 42 gave access to the ketone derivative 44 by
oxidation with DMP, which was then transformed into lactone
45, oxime 46, amine 47 and epoxide 48. The alcohol function-

Scheme 4 Diversity Oriented Synthesis of the pyrrolomorpholine
spiroacetal family of natural products starting from pyrrole functiona-
lized glycal substrates 27 and 30.

Fig. 11 Inhibition of high glucose-induced ROS production by pyrrolo-
morpholine spiroketal natural products 31 and 32 and analogues 33 and
34.

Scheme 3 Reagent-based approach for the synthesis of stereochemi-
cally different spiroacetals starting from glycal epoxide 24.
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ality of 42 was also exploited to obtain the olefin-containing
compound 49, by base-mediated elimination, and the carba-
mate derivatives 50 by reaction with disuccinimidyl carbonate
(DSC) and different amines. Finally, acetylene reactivity was
involved for introducing appendages, by a Sonogashira coup-
ling (compound 51) and different copper(I)-catalyzed azide
alkyne cycloaddition (CuAAC) reactions (compound 52).

As previously mentioned for spiroacetals, also in this case,
a small collection of 11 bicyclic acetals was evaluated for bio-
logical activity against B-cell chronic lymphocytic leukaemia
cells (CLL).21 However, in this case, no interesting results were
found in the second generation library developed around com-
pound 42, as its diastereomer epi-42 showed comparable
activity (Fig. 12), proving that the appendages, such as the
acetylene functionality, were more important than the three-
dimensional structure of the scaffold.

Our contribution in this field involved the development of
aza-bicyclic acetals, particularly consisting of the 6,8-dioxa-3-
azabicyclo[3.2.1]octane molecular framework, through two-
step strategies based on a coupling reaction between an amino
carbonyl derivative and a diol species, followed by acid-cata-
lyzed acetalization of the resulting coupling intermediate
(Fig. 13).

All the compounds synthesized by our group in these years
were achieved in no more than 4 steps,76 including the bicyclic
acetals obtained from tartaric acid and more complex sugar
derivatives, such as mannose.76c A representative synthesis, fol-

Scheme 5 Synthesis of 2,8-dioxabicyclo[3.2.1]octane 41 and 6,8-
dioxabicyclo[3.2.1]octane 42–43.

Scheme 6 Skeletal diversity from 6,8-dioxabicyclo[3.2.1]octane 42.
aDSC: disuccinimidyl carbonate.

Fig. 12 First generation and second generation library of bicyclic
acetals and biological activity towards CLL cells.

Fig. 13 (a) Strategic approach for the synthesis of peptidomimetic
scaffolds starting from sugar and amino acids derivatives. (b)
Representative examples of bicyclic rigid scaffolds obtained with this
strategy.
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lowing the principle of the build/couple/pair DOS strategy,77 is
reported in Scheme 7. Amino alcohol 53, derived from an
amino acid, was coupled to the tartaric acid derivative 54 to
give 55, which was subjected to oxidation to the corresponding
aldehyde 56. The acetalization process consisted of a diol de-
protection and concomitant trans-acetalization to give the
corresponding 2-oxo-6,8-dioxa-3-azabicyclo[3.2.1]octane 57.76

This bicyclic scaffold proved to act as a dipeptide isostere
and revealed peculiar biological features against different
targets, such as aspartyl proteases (HIV protease, C. albicans
SAP2, BACE-1).78 Also, a focused library of 140 bicyclic dipep-
tide isosteres was obtained by the slow addition of the amine
to the reactive carbomethoxy group of 57,76d and assayed in a
phenotypic screening for the ability to inhibit cell growth in
S. cerevisiae as a model system,79 thus identifying compound
58 as a cell growth inhibitor that interferes with a molecular
target localized at the cell wall level (Fig. 14).80

5.3 Diversity-oriented synthesis of fused bicyclic acetals

Although there is still much room left for the development of
small molecule collections containing fused bicyclic acetals,
some substrate-based divergent strategies to assess these mole-
cular frameworks have been reported both by Jørgensen and
Ramasastry groups. Specifically, Jorgensen and coworkers81

obtained 5,5-fused bicyclic acetals 61 and 5,6-bridged bicyclic
acetals 62 taking advantage of an iminium ion organocata-
lyzed cascade approach on hydroxyarenes 60 and γ-keto-enals
59 (Scheme 8), depending on the nature of the R1 substituent
in the γ-keto-α,β-unsaturated aldehyde 59. Hence, the process
applied to alkyl substituted 59 afforded the tetrahydrofuro-
benzofurans 61, while aryl substituents favoured the formation
of methanobenzodioxepines 62. Although no biological activity
data are reported for compounds 61 and 62, these benzofused
acetal scaffolds are found in many members of the aflatoxin
and bullaketals families of natural products, as well as
in butyrylcholinesterase inhibitors for the treatment of
Alzheimer’s disease,82 highlighting the potential of this strat-
egy for the development of small molecule collections around
these frameworks.

Similarly, the substrate-based divergent synthesis of [5,6]-
fused bicyclic acetals 65 and 2,7-dioxabicyclo[3.3.1]nonenones
66 has been performed by Ramasastry and coworkers, starting
from 1,3-dicarbonyls 63 and different pyranones 64
(Scheme 9).83 In particular, the cascade process involving
Michael addition and cycloacetalization led to [6,5]-fused
bicyclic acetals 65 when acetoxy and benzoyloxy pyranones 64
have been used, whereas the same process applied to alkyloxy
and aryloxy substituted 64 afforded the bisacetals 66.

Pyranosides have been also exploited by Schreiber and co-
workers to generate appendage diversity around a tricyclic
scaffold containing a [6,5]-fused bicyclic acetal (structure 72,
Scheme 10).84 More than 2400 tricyclic compounds have been
achieved following a solid-phase split-and-pool technique, start-
ing from 3,4,6-tri-O-acetyl-D-glucal 67 and exploiting, sub-
sequently, a Ferrier reaction with 2 different propargyl alco-
hols, the 4-hydroxy functionalization with 10 different isocya-
nates, the installation and further functionalization of a sec-

Scheme 7 Synthesis of the 2-oxo-6,8-dioxa-3-azabicyclo[3.2.1]octane
library.

Fig. 14 Identification of bicyclic acetal 58 as an active antifungal agent
against S. cerevisiae.

Scheme 8 Substrate-based diversity-oriented synthesis of 5,5-fused
bicyclic acetals 61 and 5,6-bridged bicyclic acetals 62 starting from
hydroxyarenes 60 and different γ-keto-enals 59.
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ondary amine group, and the derivatization of the enone func-
tionality of compounds 71 with 8 different thiols. This huge
library of 2400 compounds can represent a powerful platform
for high-throughput screening, phenotypic assays and chemi-
cal genetics studies.

6. Conclusions and perspectives

Bicyclic acetals are attractive molecular frameworks for the devel-
opment of high quality compound collections for drug discovery
projects. Firstly, these moieties play a key role in the biological
outcome of natural products, whether directly interacting with
the biological target or acting as a scaffold to direct side chains
into specific directions. Secondly, the distinct conformational

flexibility of these frameworks assists the molecule in assuming
the three-dimensional profile required for optimal binding to a
biomacromolecule, resulting in a variety of different structural
arrangements and subsequent biological outcomes. Bicyclic
acetals can have a broad variety of topologically different ring
combinations, spanning from fused, bridged and spiro ring archi-
tectures. To study this structural diversity, the presence of bicyclic
acetals has been systematically surveyed in a pool of 466 238 NPs,
obtained by combining the database of different sources and
accessible in the public domain. This analysis resulted in the
identification of a large variety of molecular scaffolds, with a par-
ticular abundance of spiroacetals, and allowed assessment of the
occurrence of bicyclic acetals in natural products, depending on
their origins. Marine compounds were found to be characterized
by a high presence of [6,6]-spiroacetals, whereas in natural pro-
ducts from UNPD and TCM, a higher frequency of [6,5]-spiro-
acetals was observed. Also, among the family of bridged bicyclic
acetals, 6,8-dioxabicyclo[3.2.1]octane proved to be the most abun-
dant framework, especially in the ZINC NP database. The scaffold
diversity and complexity of bicyclic acetal-containing compounds
were also assessed by using different chemoinformatic
approaches, such as the CSR graph, the SSE value and the satur-
ation index, revealing that fused bicyclic acetals present a higher
diversity, while spiroacetals are characterized by the highest three-
dimensional complexity. With this notable scaffold diversity and
complexity, bicyclic acetals represent a particularly relevant class
of molecular scaffolds for the development of high quality small
molecule collections.

The feasibility and versatility of the chemistry of bicyclic
acetals allow us to easily generate large collections of such
compounds, following DOS approaches. Although there is still
much room left in this field, some efforts on the development
of bicyclic acetal collections and their application in high-
throughput screening and chemical genetics studies allowed
for the discovery of novel biologically active compounds. We
expect that in the future bicyclic acetals will be taken into
account more often for the generation of high value small-
molecules useful for drug discovery.
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B. Angélica Pilón-Jiménez and José L. Medina-Franco*
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Naturally occurring small molecules include a large variety of natural products from
different sources that have confirmed activity against epigenetic targets. In this work we
review chemoinformatic, molecular modeling, and other computational approaches that
have been used to uncover natural products as inhibitors of DNA methyltransferases, a
major family of epigenetic targets with therapeutic interest. Examples of computational
approaches surveyed in this work are docking, similarity-based virtual screening, and
pharmacophore modeling. It is also discussed the chemoinformatic-guided exploration
of the chemical space of naturally occurring compounds as epigenetic modulators which
may have significant implications in epigenetic drug discovery and nutriepigenetics.

Keywords: chemical space, chemoinformatics, databases, DNMT inhibitors, drug discovery, molecular modeling,
similarity searching, virtual screening

SECTION 1: INTRODUCTION

Epigenetics has been defined as a change in phenotype without an underlying change in genotype
(Berger et al., 2009). In the 1940s Waddington suggested the term “epigenetics” trying to describe
“the interactions of genes with their environment, which brings the phenotype into being”
(Waddington, 2012). Alterations in epigenetic modifications have been related to several diseases
including cancer, diabetes, neurodegenerative disorders, and immune-mediated diseases (Dueñas-
González et al., 2016; Tough et al., 2016; Hwang et al., 2017; Lu et al., 2018). Moreover, epigenetic
targets are also attractive for the treatment of antiparasitic infections (Sacconnay et al., 2014).

In epigenetic drug discovery, epigenetic targets have been classified into three main groups
(Ganesan, 2018). “Writers” are enzymes that catalyze the addition of a functional group to a protein
or nucleic acid; “readers” are macromolecules that function as recognition units that can distinguish
a native macromolecule vs. the modified one; and “erasers” that are enzymes that aid in the removal
of chemical modifications introduced by the writers. Thus far, several targets from these three major
families have reached different stages of drug discovery, ranging from lead discovery, preclinical
development, clinical trials and approval. Currently, there are seven compounds approved for
clinical use (Ganesan, 2018).

DNA methyltransferases (DNMTs) are a family of “writer” enzymes responsible for DNA
methylation that is the addition of a methyl group to the carbon atom number five (C5) of cytosine.
As surveyed in this work, since DNA methylation has an essential role for cell differentiation and
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development, alterations in the function of DNMTs have been
associated with cancer (Castillo-Aguilera et al., 2017) and other
diseases (Lyko, 2017).

Several natural products have been identified as inhibitors of
epigenetic targets including DNMTs. Most of these compounds
have been uncovered fortuitously. However, there are recent
efforts to screen systematically natural products as DNMT
inhibitors. The vastness of the chemical space of natural products
led to the hypothesis that many more active compounds could
potentially been identified. Indeed, it has been estimated that
more than 95% of the biodiversity in nature remains to be
explored to identify potential bioactive molecules (Ho et al.,
2018).

The aim of this work is to discuss a broad range of
computational methods to identify novel inhibitors of DNMTs
from natural products. The manuscript also discusses the
chemical space of natural products as inhibitors of DNMTs.
The manuscript is organized into nine sections. After this
introduction, Section 2 reviews briefly the structure of
DNMTs including different isoforms. The next section
covers major aspects of the function of DNMTs including
the mechanism of methylation. Section 4 reviews currently
known inhibitors of DNMTs from natural sources including
food chemicals. Section 5 discusses the epigenetic relevant
chemical space of natural products comparing the chemical
space of DNMT inhibitors from natural sources vs. other
compounds. The next section reviews computational
strategies that are used to identify natural compounds as
potential epi-hits or epi-leads targeting DNMTs. Sections
7 and 8 presents Summary conclusions and Perspectives,
respectively.

SECTION 2: STRUCTURE OF DNMTs

The human genome encodes DNMT1, DNMT2, DNMT3A,
DNMT3B, and DNMT3L. While DNMT1, DNMT3A, and
DNMT3B have catalytic activity, DNMT2 and DNMT3L do
not (Lyko, 2017). DNMT1 is a maintenance methyltransferase,
responsible for duplicating the pattern of DNA methylation
during replication. DNMT1 is essential for proper mammalian
development and it has been proposed as the most interesting
target for experimental cancer therapies (Dueñas-González et al.,
2016). DNMT3A and DNMT3B are de novo methyltransferases.
Human DNMT1 has 1616 amino acids whose structure can
be divided into an N-terminal regulatory domain and a
C-terminal catalytic domain (Jeltsch, 2002; Jurkowska et al.,
2011). The N-terminal domain contains a replication foci-
targeting domain, a DNA-binding CXXC domain, and a
pair of bromo-adjacent homology domains. The C-terminal
catalytic domain has 10 amino acid motifs. The cofactor and
substrate binding sites in the C-terminal catalytic domain
are comprised of motif I and X and motif IV, VI, and
VIII, respectively (Lan et al., 2010). The target recognition
domain which is maintained by motif IX and involved
in DNA recognition, is not conserved between the DNMT
family. Figure 1A shows a three-dimensional (3D) model of

a DNMT1 (PDB ID: 4WXX) (Zhang et al., 2015). Figure 1B
shows a schematic diagram of human of DNMT1, 2, 3A, 3B,
and L.

Section 2.1: Isoforms
Two isoforms of DNMT3A have been identified, DNMT3A1
and DNMT3A2. At the N-terminal domain both isoforms have
a PWWP (Pro-Trp-Trp-Pro) and an ADD (ATRX-DNMT3-
DNMT3L) domains (Jurkowska et al., 2011). The C-terminal
domain is identical in the two isoforms (Choi et al., 2011).

There are more than 30 isoforms of DNMT3B, however, only
DNMT3B1 and DNMT3B2 are catalytically active (Ostler et al.,
2007). Similar to DNMT3A, DNMT3B1, and DNMT3B2 have
a PWWP and ADD domains at the N-terminal region (Lyko,
2017). The rest of the isoforms are not catalytically active. Some
of these such as DNMT3B3, DNMT3B4, and DNMT3B7 are
overexpressed in many tumor cell lines (Gordon et al., 2013).
1DNMT3B has seven isoforms and lacks 200 amino acids
from the N-terminal region of DNMT3B (Wang et al., 2006).
1DNMT3B1–4 possess catalytic activity whereas 1DNMT3B5–7
lacks the catalytic domain (Wang et al., 2006). 1DNMT3B is
mainly expressed in non-small cell lung cancer (Wang et al.,
2006; Ostler et al., 2007). Figure 1C shows the identity matrix
of 14 DNMTs isoforms. The identity matrix indicates that the
amino acid sequence at the catalytic site of DNMT3A1 and
DNMT3A2 isoforms is identical. In the same manner, the amino
acid sequence at the C-terminal domain of the catalytically
active isoforms DNMT3B1, DNMT3B2, and 1DNMT3B1–4 are
identical. DNMT1, DNMT2, and DNMT3L show a significant
difference in the sequence of the catalytic site with respect to
the rest of the isoforms. Therefore, it can be anticipated that
is possible to identify or design selective inhibitors for these
isoforms.

SECTION 3: FUNCTION AND
MECHANISM OF DNMTs

As outlined in Section 2, cytosine-5 DNMTs catalyze the addition
of methylation marks to genomic DNA. All DNMTs have a
related catalytic mechanism that is featured by the formation
of a covalent adduct intermediate between the enzyme and the
substrate base. All DNMTs use S-adenosyl-L-methionine (SAM)
as the methyl group donor (Vilkaitis et al., 2001; Du et al., 2016).
DNMT forms a complex with DNA and the cytosine which will
be methylated flips out from the DNA (Klimasauskas et al., 1994).
A conserved cysteine performs a nucleophilic attack to the six-
position of the target cytosine yielding a covalent intermediate.
The five-position of the cytosine is activated and conducts a
nucleophilic attack on the cofactor SAM to form the 5-methyl
covalent adduct and S-adenosyl-L-homocysteine (SAH). The
attack on the six-position is aided by a transient protonation of
the cytosine ring at the endocyclic nitrogen atom N3, which can
be stabilized by a glutamate and arginine residues. The covalent
complex between the methylated base and the DNA is resolved
by deprotonation at the five-position to generate the methylated
cytosine and the free enzyme.
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FIGURE 1 | (A) Three-dimensional model of DNMT1, amino acid residues 351–1600. Figure rendered from the Protein Data Bank PDB ID: 4WXX. (B) Schematic
diagram of the structure of human DNMT1, DNMT2, DNMT3A, DNMT3B, and DNMT3L. (C) Identity matrix of the catalytic site of 14 DNMTs isoforms. Note that
there is a significant difference in the sequence of DNMT1, DNMT2, and DNMT3L.
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SECTION 4: KNOWN INHIBITORS OF
DNMTs FROM NATURAL SOURCES

Thus far more than 500 compounds have been tested as
inhibitors of DNMTs. The structural diversity and coverage
in chemical space has been analyzed using chemoinformatic
methods (Fernandez-de Gortari and Medina-Franco, 2015). The
chemical space of DNMT inhibitors has been compared with
inhibitors of other epigenetic targets (Naveja and Medina-Franco,
2018). Furthermore, the structure-activity relationships (SAR) of
DNMT inhibitors using the concept of activity landscape has
been documented (Naveja and Medina-Franco, 2015).

DNA methyltransferase inhibitors have been obtained from a
broad number of different strategies including organic synthesis,
virtual, and high-throughput screening (Medina-Franco et al.,
2015). Organic synthesis has been employed in several instances
for lead optimization (Castellano et al., 2008; Kabro et al.,
2013; Davide et al., 2016). Natural products and food chemicals
have also been a major source of active compounds. Natural
products that are known to act as DNMT inhibitors or
demethylating agents have been extensively reviewed by Zwergel
et al. (2016). These natural products are of the type polyphenols,
flavonoids, anthraquinones, and other classes. Some of the first
natural products described were curcumin, (-)-epigallocatechin-
3-gallate (EGCG), mahanine, genistein, and quercetin. Other
natural products that have described as inhibitors of DNMT or
demethylating agents are silibinin, luteolin, kazinol Q, laccaic
acid, hypericin, boswellic acid, and lycopene. Figure 2 shows
the chemical structure of representative DNMT inhibitors with
emphasis on compounds from natural origin.

The bioactivity profile and potency in enzymatic and/or cell-
based assays of these natural products have been discussed in
detail by Zwergel et al. (2016). Of note, it will be valuable if
all natural products could have been screened under the same
conditions. For few natural products the selectivity has been
characterized being nanaomycin A an exception (vide infra).
Indeed, for about eight natural products the IC50 has been
measured in enzymatic based assays. Despite the fact that the
potency of the natural products with DNMTs is not very high in
enzymatic-based assays, e.g., IC50 between 0.5 and 10 µM, several
natural products have shown promising activity in cell-based
assays. Notably, natural products have distinct chemical scaffolds
that could be used as a starting point in lead optimization efforts.
Moreover, quercetin in combination with green tea extract has
advanced into phase I clinical trials for the treatment of prostate
cancer.

Most of the natural products with demethylating activity or
ability to inhibit DNA methyltransferases in enzymatic assays
have been identified fortuitously. However, as discussed in this
work, there are efforts toward the identification of bioactive
demethylating agents using systematic approaches such a virtual
screening. Indeed, the natural product nanaomycin A (Figure 2)
was identified from a virtual screening campaign initially focused
on the identification of inhibitors of DNMT1. The quinone-based
antibiotic isolated from Streptomyces showed antiproliferative
effects in three human tumor cell lines, HCT116, A549, and
HL60 after 72 h of treatment. Moreover, nanaomycin A showed

reduced global methylation levels in all three cell lines when
tested at concentrations ranging from 0.5 to 5 µM. Nanaomycin
A reactivated the transcription of the RASSF1A tumor suppressor
gene inducing its expression up to 18-fold at 5 µM, higher
than the reference drug 5-azacytidine (sixfold at 25 µM). In an
enzymatic inhibitory assay, nanaomycin A was selective toward
DNMT3B with an IC50 = 0.50 µM.

Section 4.1: Natural Products and Food
Chemicals
It is remarkable that several natural products are used as dietary
sources such as curcumin, caffeic acid and chlorogenic acid
found in Coffea arabica, genistein found in soybean, quercetin
found in fruits, vegetables, and beverages. Of course, there is
a large overlap between the chemical space of food chemicals
and natural products (Naveja et al., 2018). This has given rise
to systematically screen food chemical databases for potential
regulators of epigenetic targets.

SECTION 5: EPIGENETIC RELEVANT
CHEMICAL SPACE OF NATURAL
PRODUCTS: FOCUS ON DNMT
INHIBITORS

In drug discovery it is generally accepted that a major benefit
of natural products vs. purely synthetic organic molecules is,
overall, the feasibility of the former to exert a biological activity
and increased chemical diversity (Ho et al., 2018). The chemical
space of natural products is vast and its molecular diversity
has been quantified over the past few years (López-Vallejo
et al., 2012; Olmedo et al., 2017; Shang et al., 2018). A major
contribution to these studies has been the increasing availability
of natural products collections in the public domain (Medina-
Franco, 2015). Examples of major compound collections are the
Traditional Chinese Medicine (Chen, 2011), natural products
from Brazil – NuBBE (Pilon et al., 2017), AfroDb (Ntie-Kang
et al., 2013) or collections available for screening in a medium
to high-throughput screening mode. The large importance of
natural products in drug discovery has boosted the development
of open access applications to mine these rich repositories. Few
examples are ChemGPS-NP, TCMAnalyzer, and other resources
described elsewhere (Rosen et al., 2009; Chen et al., 2017;
Gonzalez-Medina et al., 2017; Liu et al., 2018).

The chemical space of natural products from different sources
has been compared to several other collections including the
chemical space of drugs approved for clinical use and synthetic
compounds (Olmedo et al., 2017; Shang et al., 2018). These
studies demonstrate that the chemical space of natural products
is vast, that there is a notable overlap with the chemical space
of drugs, and that natural products cover novel regions of the
chemical space. The overlap with the chemical space of approved
drugs is not that surprising since there are a large percentage of
drugs from natural origin. Figure 3 shows a visual representation
of the chemical space of 15 representative DNMT inhibitors
from natural sources vs. 4103 compounds from a commercial

Frontiers in Pharmacology | www.frontiersin.org 4 October 2018 | Volume 9 | Article 1144

https://www.frontiersin.org/journals/pharmacology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/pharmacology#articles


fphar-09-01144 October 8, 2018 Time: 15:40 # 5

Saldívar-González et al. Inhibitors of DNA Methyltransferases From Natural Sources

FIGURE 2 | Chemical structures of representative inhibitors of DNMTs from natural sources. These natural products are extensively reviewed by Zwergel et al. (2016).

vendor library of natural products, 206 fungi metabolites, and
6253 marine natural products (Krishna et al., 2017). The visual
representation was generated with principal component analysis
of six physicochemical properties of pharmaceutical relevance,
namely molecular weight (MW), topological surface area (TPSA),
number of hydrogen bond donors and acceptors (HBD/HBA),
number of rotatable bonds (RB), and octanol/water partition
coefficient (logP). The first two principal components capture
about 90% of the total variance. The visual representation of
the chemical space in this figure indicates that marine natural
products (data points in blue) cover a broader area of the
chemical space followed by natural products in the vendor
collection (orange) and by fungi metabolites (green). DNMT
inhibitors from natural origin (purple) are, in general, inside the
subspace of the DNMT1 inhibitors (red). This visualization of the
chemical space indicates that there would be expected to identify
more DNMT1 inhibitors in the marine and vendor collections, as
well as in the data set of fungi metabolites.

SECTION 6: OPPORTUNITIES FOR
SEARCHING FOR NATURAL PRODUCTS
AS DNMT INHIBITORS

Most of the DNMT inhibitors from natural sources have been
identified by serendipity. As discussed in Section 5, the chemical

space of natural products and food chemicals can be explored in
a systematic manner using computational approaches. A classical
and general approach is using virtual screening. The main aim
of virtual screening is filtering compound data sets to select
a reduced number of compounds with increased probability
to show biological activity. Virtual screening has proven to be
useful to identify hit compounds (Clark, 2008; Lavecchia and
Di Giovanni, 2013). Table 1 summarizes representative case
studies where virtual screening has led to the identification
of active compounds with novel scaffolds. In other studies,
virtual screening has uncovered potential active compounds but
experimental validation still needs to be conducted. Examples of
these studies are further discussed in the following sections.

There are several published studies of virtual screening
of natural products to identify DNMT inhibitors and/or
demethylating agents. In an early work, Medina-Franco et al.
(2011) reported the screening of a lead-like subset of natural
products available in ZINC. Authors of that work implemented
a multistep virtual screening approach selecting consensus
hits identified from three different docking programs. One
computational hit showed DNMT1 activity in a previous
study. Other candidate compounds were identified for later
experimental validation (Medina-Franco et al., 2011).

In a separate work, Maldonado-Rojas et al. (2015) developed
a QSAR model based on linear discriminant analysis to
screen 800 natural products. Hits selected were further
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FIGURE 3 | Visualization and comparison of the chemical space of DNMT inhibitors from natural sources (DNMT NP) vs. DNMT1 inhibitors and different natural
products data sets. The visual representation of the chemical space was based on principal component analysis of six physicochemical properties of pharmaceutical
interest. The percentage of variance is shown on each axis of the plot.

TABLE 1 | Summary of virtual screening hits as inhibitors of DNMTs.

Study In silico approach Major outcome Reference

Structure-based screening of a
lead-like subset of NP from ZINC

Cascade docking followed by a
consensus approach

One computational had reported
activity. Additional natural products
were identified for screening.

Medina-Franco et al., 2011

Ligand- and structure-based
screening of 800 NP

QSAR model based on linear
discriminant analysis and
consensus docking.

Six consensus hits were identified
as potential inhibitors.

Maldonado-Rojas et al.,
2015

Structure-based screening of
111,121 molecules.

Docking-based screening of
synthetic screening compounds.

Identification of a low micromolar hit
with a novel scaffold. Further
similarity searching led to the
identification of two more potent
hits.

Chen et al., 2014

Ligand-based screening of 500
compounds.

Pharmacophore-based virtual
screening.

Identification of one inhibitor of
DNMT1 with activity in the low
micromolar range. The hit showed
some selectivity vs. DNMT3B.

Hassanzadeh et al., 2017

Structure- and ligand-based
screening of 53,000 synthetic
compounds.

Pharmacophore model, a Naïve
Bayesian classification model, and
ensemble docking.

Two compounds showed DNMT1
inhibitory activity at single but low
concentration of 1 µM.

Krishna et al., 2017

NP: natural products.
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docked with two crystallographic structures of human DNMT
employing two docking programs. Six consensus hits were
identified as potential inhibitors (Maldonado-Rojas et al.,
2015).

Virtual screening of synthetic libraries has also been reported
to identify active compounds with novel scaffolds and suitable
for lead optimization. For instance, Chen et al. (2014)
reported a docking-based virtual screening of the commercial
screening compound library SPECS with 111,121 molecules
(after filtering compounds with undesirable physicochemical
properties). Results of that work led to the identification of
a compound with a novel scaffold with low micromolar IC50
(10.3 µM). Starting from the computational hit, similarity
searching led to the identification of two more potent
compounds.

Hassanzadeh et al. (2017) recently reported a pharmacophore-
based virtual screening of a compound database with 500
compounds. The pharmacophore was generated using a ligand-
based approach by superimposing a group of active nucleoside
analogs. Selected hits, which are structurally related to the
barbituric acid, were docked into the substrate binding site
of DNMT1. One compound was identified with a novel
chemical scaffold that inhibits DNMT1 in the low micromolar
range (IC50 = 4.1 µM). The compound also showed some
selectivity on DNMT1 over DNMT3 enzymes (Hassanzadeh
et al., 2017).

Krishna et al. (2017) implemented a virtual screening protocol
using several structure- and ligand-based approaches. Methods
included a pharmacophore model, a Naïve Bayesian classification
model, and ensemble docking. Three out of ten selected
compounds from a commercial library of synthetic molecules
(e.g., Maybridge with 53,000 small drug-like compounds),
showed DNMT1 inhibitory activity at compound concentration
of 20 µM. Two of these molecules showed activity at 1 µM
(Krishna et al., 2017).

In addition to the studies discussed above and summarized in
Table 1, the next subsections discuss other approaches that can
be explored. Case studies for each strategy are outlined briefly.

Section 6.1: Similarity-Based Virtual
Screening of Natural Products
Similarity searching is a commonly used approach for identifying
new hit compounds. Major goals are identifying starting points
for later optimization or expand the SAR of analog series.
Since similarity searching is fast it can be used to filter large
chemical databases and it can be used in combination with other
computational approaches such as molecular docking.

Similarity searching involves two major components: a
molecular representation and a similarity coefficient. In practice,
one of the most common molecular representations are two-
dimensional (2D) fingerprints. A fingerprint is generally a
string of zeros and ones that indicate the presence or absence
of molecular features, respectively. In turn, one of the most
common similarity coefficients is Tanimoto’s (Bajusz et al.,
2015). Full discussion of molecular representations and similarity
coefficients are published elsewhere (Willett et al., 1998; Maggiora
et al., 2014).

A novel approach to encode the chemical structures of data
sets is the database fingerprint (DBFP) (Fernández-de Gortari
et al., 2017). The rationale of DBFP is account for the most
structural features encoded in bit positions of an entire data
set. In principle, virtually any data set can be represented. For
instance, it can be a small or large chemical database of screening
compounds or a group of active compounds. DBFP can be used in
visual representation of the chemical space (Naveja and Medina-
Franco, 2018) and similarity searching (Fernández-de Gortari
et al., 2017). More recently, this approach was further refined
into the so-called statistical based database fingerprint (SB-DFP).
This approach has the same underlying idea and application
of DBFP. A key improvement is the approach to account for
the most relevant structural features that are derived from a
statistical comparison between the structural features of a data
set of interest vs. a database of reference.

Section 6.2: Pharmacophore-Based
Thus far, several pharmacophore modeling studies have been
conducted for inhibitors of DNMT1. Different approaches and
input molecules have been used to develop these models.
Most of the pharmacophore models have been employed to
virtually screen chemical databases and identify novel hit
compounds.

Yoo and Medina-Franco (2011) reported one of the first
pharmacophore models for inhibitors of DNMT1. The model was
generated based on the docking poses of 14 known inhibitors
available at that time. The docking was conducted with a
homology model of the catalytic domain of DNMT1. Of note,
at the time of that study the crystallographic structure of
human DNMT1 was not available. Known DNMT inhibitors
used to develop the pharmacophore model included the natural
products curcumin, parthenolide, EGCG and mahanine (Yoo
and Medina-Franco, 2011). A year later was reported that
trimethylaurintricarboxylic acid (Figure 2) showed a good
agreement with this structure-based pharmacophore model. This
compound is structurally related to 5,5′-methylenedisalicylic acid
that has an inhibition of DNMT1 in a low micromolar range
(IC50 = 4.79 µM) (Yoo and Medina-Franco, 2012; Yoo et al.,
2012).

More recently, as described in the first part of Section 6,
Hassanzadeh et al. (2017) developed a pharmacophore model
based on a ligand-based approach by 3D superimposition of
active nucleoside analogs. That model was used to do virtual
screening (vide supra). In the same year, with the aid of
the Hypogen module of the software DS4.1, Krishna et al.
(2017) developed a ligand-based pharmacophore model using
the structures of 20 compounds obtained from the literature.
The model was validated with the classification of an external
set with known active and inactive compounds. The validated
pharmacophore models were employed as part of a combined
strategy to identify novel active molecules (Krishna et al., 2017).

Section 6.3: De novo Design
De novo design is a technique currently explored for DNMT
inhibitors on a limited basis. Here we briefly outline two
promising perspectives related to natural product research.
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The first one is a strategy that provides a structural diversity
classification of natural products scaffolds through generative
topographic map algorithm implementation often so-called
chemographies. Chemographies allow the visualization of the
landscape distribution of the chemical space of natural products
and their synthetic mimetic compounds (Miyao et al., 2015).
Since chemographies could be generated from pharmacophoric
features and molecular descriptors, it would be feasible to do
scaffold hopping based on the structures of natural products
(Rodrigues et al., 2016). The second approach is based on
scaffold simplification that could be adapted to generate
fragment-like natural products focused on DNMT inhibitors.
This strategy reduces the molecular framework of natural
products through the implementation of a scaffold tree algorithm
based on rule-based decomposition of ring systems (Bajorath,
2018).

SECTION 7: CONCLUSION

Epigenetic targets are attractive to develop therapeutic
strategies. DNA methyltransferases are the major enzyme
family being one of the first epigenetic targets studied,
in particular for the treatment of cancer. However, over
the past few years, more therapeutic opportunities related
to the modulation of DNMTs are emerging. Therefore,
there is a growing interest in the scientific community to
identify and develop small molecules that can be used as
epi-drugs or epi-probes targeting DNMTs. Virtual screening
has become more used in recent years to uncover natural
products as inhibitors of DNMTs and/or demethylating
agents. To this end, well stablished structure- and ligand-
based virtual screening approaches are being used such as
automated docking, QSAR and similarity searching. Also, novel
chemoinformatic approaches are being developed. Of course,
the computational methods should be validated with rigorous
experiments in vitro and in vivo experiments to support their
application.

Natural products have a well stablished history as inhibitors
of DNMTs and demethylating molecules. However, most of
the active natural products have been identified by serendipity.
The knowledge of the three-dimensional structures of DNMTs
in combination with increased in silico approaches and better
computational resources are boosting the systematic search
of bioactive molecules from natural origin. In addition,
the increasing availability of natural product databases
facilitates the discovery of epi-drugs and epi-probes targeting
DNMTs.

SECTION 8: PERSPECTIVES

Natural products inside or outside of the traditional drug-
like chemical space represent a large promise to develop
novel compounds with DNMT inhibitory activity or
demethylating properties. This is because the traditional
chemical space is highly represented by small molecules

that over the past few years have not been very successful.
A notable example in this direction is the reemergence
of peptide-based drug discovery. Indeed, linear, cyclic
peptides and peptidomimetics are regaining interest in drug
discovery (Fosgerau and Hoffmann, 2015; Henninot et al.,
2018).

Other promising an emerging avenue are the modulators
of protein–protein interactions (PPIs) (Díaz-Eufracio et al.,
2018). DNMTs are known to be involved in several PPIs
(Díaz-Eufracio et al., 2018). Modulation of such interactions
can be conveniently achieved with natural products. This is
because PPIs are “difficult targets” not easily addressed by
small molecules from the traditional chemical space (Villoutreix
et al., 2014). In other words, since PPIs have unique features
these can be approached with novel chemical libraries. Natural
products collections represent excellent candidates for this
purpose.

We foresee an augmented hit and led identification
efforts based on natural products combining approaches
such as high-throughput screening, structure-, ligand-based
in silico screening, structure-based optimization, similarity
searching, and scaffold hopping (Schneider et al., 1999). As
part of the search for novel and more potent compounds
is crucial to consider potential toxicity since toxicity issues
play a major part in the lack of success of drug discovery
projects.
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