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Resumen

La metilacién en el ADN es un mecanismo epigenético mediado por una familia de enzimas llamadas
ADN metiltransferasas. Existen tres ADN metiltransferasas con actividad catalitica: DNMT1, DNMT3A
y DNMT3B, con blancos moleculares, localizaciones celulares y niveles de expresién bien diferenciados,
lo que las convierte a cada una en un blanco particular. Se conoce que la inhibicién de estos blancos
moleculares estd correlacionada con una reduccién en la tasa de tumorigénesis y con una expresién au-
mentada de genes supresores de tumores. De esta manera, estas proteinas emergen como dianas biolégicas
modulables para el tratamiento del cancer y de otas enfermedades.

Con linea en lo anterior, se han realizado varios esfuerzos con respecto al desarrollo de moduladores
selectivos para las diferentes ADN metiltransferasas; sin embargo, existen pocos estudios comparativos
entre las diferentes enzimas de esta familia. Por lo tanto, como un primer paso hacia el diseno de molécu-
las selectivas hacia DNMT3B, en este informe se reporta una caracterizacién quimioinformética completa
de diferentes bibliotecas moleculares con inhibidores de DNMT1, DNMT3A y DNMT3B. Estos conjun-
tos de moléculas fueron analizadas en términos de propiedades fisicoquimicas, quimiotipos moleculares,
relaciones estructura-actividad y espacio quimico. La disponibilidad de informaciéon permitié analizar el
enriquecimiento en actividad de diversos quimiotipos y en consecuencia sugerir motivos estructurales
privilegiados. Los resultados de este trabajo indican diferencias significativas en los compuestos con ac-
tividad hacia las diferentes dianas moleculares. Ademas, los resultados dan origen a estudios posteriores
para el diseno racional de inhibidores selectivos a las diferentes ADN metiltransferasas, y en particular

hacia la ADN metiltransferasa 3B.




Capitulo 1

Antecedentes

Metilacion en el ADN

La metilacién del ADN ha sido identificada como una modificacién epigenética clave de diversos pro-
cesos bioldgicos, los cuales abarcan desde la diferenciacion y el desarrollo celular, hasta la inestabilidad
del ADN vy el desarrollo del cdncer 2. Se ha observado que patrones de metilacién anormales estdn invo-
lucrados en la transformacién del tumor y su consecuente progresiéon, asi indicando que estas disrupciones
epigenéticas estdn asociadas con la tumorigénesis®. Estos patrones de metilacién no son de naturaleza
estocastica, puesto que se ha observado que tienden a silenciar a los genes supresores de tumores. Asi, la
inhibicién de estos niveles de metilaciéon anormales ha sido activamente empleada como quimioterapia en

un intento para reactivar estos genes supresores de tumores?.

ADN metiltransferasas

La metilacién en el ADN se lleva a cabo por una serie de ADN metiltransferasas (DNMTSs, por sus
siglas en inglés), las cuales donan un grupo metilo de la S-adenosilmetionina a la quinta posicién de la

citosina (Figura 1.1)°°.

CH3

Figura 1.1: Reaccién de metilacién en el ADN




1.2 Moduladores de ADN metiltransferasas

Tres ADN metiltransferasas, DNMT11, DNMT3A y DNMT3B, poseen esta habilidad catalitica en
mamiferos”. En particular, DNMT1 es responsable de la metilacién de hebras de ADN hemimetilado,
por lo que esta enzima es responsable del mantenimiento de la metilacién, mientras que la DNMT3A
y DNMT3B participan tanto en el mantenimiento de la metilacién, como en la metilacién de novo®”°.
Con respecto al contexto celular, existen diferentes roles para la DNMT3A y la DNMT3B, dado que la

primera tiene una preferencia por la metilacién de regiones pericentroméricas del ADN, mientras que la

segunda promueve la metilacién de regiones centroméricas del ADN'°.

Moduladores de ADN metiltransferasas

El tratamiento terapéutico mas directo para tratar el cancer que presenta patrones de hipermetilacién
es la reduccién de la tasa de metilacién del ADN, i.e., la inhibicién de la actividad de las ADN metil-
transferasas'!. A la fecha, (noviembre 2017), la FDA ha aprobado dos formacos que tienen como blancos
moleculares a las DNMTs: azacitidina and decitabina, ambas para sindromes mielodispldsticos '''3. Sin
embargo, estos farmacos actian como inhibidores covalentes que se acompanan con multiples efectos
secundarios. Por ende, el diseno y desarrollo de inhibidores no covalentes de DNA metiltransferasa sigue

.
en aumento 1,




Capitulo 2

Justificacion y objetivo

Existen estudios previos con respecto al andlisis de bases de datos de compuestos epigenéticos '%!7; sin
embargo, estos estudios no examinan a fondo las diferencias moleculares existentes entre los inhibidores
para las tres ADN metiltransferasas, tales como propiedades fisicoquimicas y quimiotipos privilegiados.
Mas atn, una gran cantidad de compuestos han sido publicados en los ultimos afios como inhibidores de
DNMTs, sin existir un estudio comparativo que considere la actividad y la selectividad hacia las diferentes
enzimas.

Por tanto, el objetivo de este proyecto de investigacion es la caracterizacion quimioinformatica de
un conjunto representativo de inhibidores de DNMT1, DNMT3A y DNMT3B, con el fin de describir
las caracteristicas quimicas presentes para todos los inhibidores, organizarlos por actividad biolégica, y

comparar elementos estructurales para un mejor diseno racional.




Capitulo 3

Metodologia

Creaciéon y curacion de la base de datos

La base de datos de compuestos con actividad hacia las tres DNMTs fue construida recabando infor-
macién tanto de las bases de datos ptiblicas més empleadas como ChEMBL '®, BindingDB'? y HEMD?°,
como de otros buscadores tales como “Web of Science”?! y “SciFinder” ?2. La busqueda se enfocé en
articulos publicados desde 2010 hasta noviembre 2017.

El curado de este conjunto de moléculas se llevé a cabo siguiendo un protocolo previamente repor-
tado??: una estructura canénica en notacién lineal (InChl y SMILES) se obtuvo para cada molécula.
Posteriormente, las moléculas fueron preparadas empleando el software Molecular Operating Environ-
ment (MOE)?*, el cual conserva el fragmento molecular més largo, remueve metales, neutraliza estados de
protonacién, y analiza si en la base de datos existen duplicados. Para compuestos idénticos con valores de
actividad cercanos se empleé el promedio de los valores de actividad inhibitoria. Tras este procedimiento,
se encontraron 351 moléculas tinicas para DNMT1, 192 para DNMT3A y 86 para DNMT3B.

Al realizar el curado de las bases de datos para DNMT3A y DNMT3B, se encontré que una gran
cantidad de compuestos no posefan valores de ICsq! pero tenfan valores de porcentajes de inhibicién a
diferentes concentraciones de ligando. Con el fin de comparar entre diferentes medidas de actividad se
clasificaron los valores continuos de actividad basada en un criterio heuristico: indice 4 si el pICsg era
mayor a 5.5, o el valor de inhibicién era mayor al 75 %; indice 3 si el pICso era mayor a 5, o el valor de
inhibicién era mayor al 50 %; indice 2 si el pICsg era mayor a 4, o el valor de inhibicién era mayor al

25 %; e indice 1 si el pICsg era menor a 4, o el valor de inhibicién era menor al 25 %.

1Se define IC5¢ como la concentracién necesaria de un compuesto para generar la inhibicién de al 50 % de una o varias
funciones biolégicas. Con el fin de remover unidades y facilitar la comparacién entre entidades quimicas, se define pICsg =
-log ICsg.




3.2 Propiedades fisicoquimicas

Propiedades fisicoquimicas

Distribucién de propiedades quimicas

Como un primer paso en el andlisis quimioinformaético, fueron calculados descriptores quimicos re-
levantes con ayuda de MOE y de utilidades de R Core Team?® implementadas en RStudio?®. Los des-
criptores quimicos seleccionados fueron coeficiente de particién octanol/agua (logP), ntimero de enlaces
rotables (RB), nimero de donadores de puente de hidrégeno (HBD), nimero de aceptores de puente de
hidrégeno (HBA), drea total polar superficial (TPSA), y peso molecular (MW). Estos seis descriptores
son comunmente empleados para describir las propiedades farmacocinéticas de moléculas tipo farmaco
(drug-like), tal como se describe por Lipinski®” y Veber?®, y son igualmente empleados por diversos gru-
pos, como el nuestro, para comparar entre diversas bases de datos moleculares. En adicién a lo anterior,
con el fin de analizar diferencias de indole estructural para estos grupos de moléculas, se calcularon seis
descriptores topoldgicos: plano de mejor encaje (PBF, plane of best fit)??, globularidad, fraccién de
carbonos sp?, densidad de masa, radio de giro e indice de Wiener. Para estos descriptores se empleé una

conformacién de baja energia.

Analisis de correlacion

La correlacion entre dos descriptores X1 y Xo fue obtenida con el coeficiente de correlacién de Pearson

(r) con la siguiente ecuacién

cov(X1, X2) _ Yo (1 — T1) (w2i — T2)
TX10X; Vi@ — )2 Y (w2 — T2)?

donde 77 es el valor promedio del descriptor X1, x1; se refiere al dato i-ésimo presente para el descriptor

TX1. Xy = (3.1)

X1,y ox, se refiere a la desviacién estandar del descriptor X;. Esta notaciéon puede ser extrapolada para
el descriptor Xs.

Para este andlisis, se obtuvieron dos subconjuntos de compuestos activos (indice de actividad igual o
mayor a 3) e inactivos (indice de actividad menor que 3), y para cada subconjunto se obtuvo una matriz
de correlacién de los predictores. Con lo anterior, un producto de Hadamard entre cada par de matrices
se obtuvo, generando diversas matrices con valores r2. Esta matriz puede tener valores en el rango de
[-1,1], v la informacién que puede obtenerse se basa tanto en el signo (un signo positivo indica que la
correlacion del par de variables se mantiene, mientras que un signo negativo indica que la correlacién del

par de variables cambia), y en el valor (a mayor valor, la correlacién es més fuerte y viceversa).




3.4 Anélisis de diversidad estructural

Analisis de diversidad estructural

Similitud intra e intergrupal

Para analizar la similitud intragrupal (esto es, de todos los inhibidores que actian sobre una de las
protefnas), la similitud para cada par de compuestos de la misma base de datos se calculd, expresdndose
como la funcién de distribucién acumulada (cumulative distribution function, CDF), para diferentes
huellas digitales (fingerprints) tales como Molecular Access System (MACCS) Keys, Extended Connec-
tivity Fingerprints (ECFP, radio 4), y PubChem FP. De esta manera, los valores estadisticos obtenidos
para el CDF fueron empleados para la comparacién de las bases de datos.

El criterio de similitud seleccionado para la comparacién fue el coeficiente de Tanimoto/Jaccard
Index3" donde en el numerador se evaliian los elementos presentes tanto en los compuestos A y B,
mientras que en el denominador se evalia la diferencia de los elementos presentes en A y B menos los

elementos presentes en ambos elementos. Lo anterior se define como:

__lanp
- |AUB|-|ANDB]

San (3.2)

Para analizar la similitud intergrupal, la similitud de un compuesto en uno de los conjuntos se calculé
contra todos los compuestos de un segundo conjunto de moléculas. Dos técnicas de fusién de datos se
emplearon para cada compuesto (promedio y mdzimo), lo que permitié la construccién de mapas de

similitud multifusién?®!.

Contenido de quimiotipos y evaluacion de diversidad

Bajo la aproximacién de Bemis y Murcko??, las cadenas laterales de cada molécula fueron removidas,
y el quimiotipo se obtuvo para cada compuesto. Empleando RStudio, se asigné un identificador tnico
para cada quimiotipo. De esta forma, estos sistemas ciclicos representan clases quimicas equivalentes, y
cada molécula puede asignarse a sélo un quimiotipo. Para este andlisis se calculé la similitud para cada

par de quimiotipos, y se seleccionaron los quimiotipos més frecuentes.

Analisis de enriquecimiento de quimiotipos

Tomando en cuenta los valores de indice de actividad, para un cierto quimiotipo A presente en uno

de los conjuntos moleculares C, la actividad intrinseca del quimiotipo se obtuvo como

DN

Act[Cy] = ni,\ Z[Indice de Actividad); (3.3)
i=1




3.6 Panoramas de actividad

donde n) es el numero de compuestos incluidos en el quimiotipo A. Este valor muestra la actividad pon-
derada para cada quimiotipo, lo que permitio separar los quimiotipos en activos, intermedios e inactivos.

La actividad basal o promedio de un conjunto molecular se calculé como:

Act[C] =

3=

Z [Indice de Actividad]; (3.4)
i=1

donde n es el ntumero total de compuestos para el conjunto molecular C.

El factor de enriquecimiento (E.F.) para el quimiotipo A se obtuvo como:

ACt[C)\]
EF|C\]| = —== 3.5
el cual indica cudntas veces un quimiotipo es mas (o menos) activo al compararlo con la actividad promedio

de un conjunto de moléculas. Valores altos de E.F. para algin quimiotipo indican motivos estructurales

muy atractivos en diseno de farmacos, dado que son estructuras con actividad mayor al promedio.

Panoramas de actividad

Se obtuvieron sendos panoramas de actividad?®3* para las dianas epigenéticas estudiadas, descri-
biendo en particular las dreas pertenecientes a las zonas de SAR continuo y acantilados de actividad.
Este andlisis se basa en realizar comparaciones tanto de similitud como de actividad entre pares de com-
puestos pertenecientes al mismo grupo molecular, permitiendo observar su distribucién en un mapa de
panorama de actividad: pares de compuestos similares en estructura pero no en actividad pertenecen
a la zona de acantilados de actividad, mientras que pares de compuestos similares tanto en estructura
como en actividad pertenecen a la zona de SAR continuo, y compuestos similares en actividad pero no
en estructura pertenecen a la zona de acantilados de similitud. Los pares de estructuras que no caen en

las zonas anteriores, se clasifican en la zona no descriptiva.

Espacio quimico

Una reducciéon de la dimensionalidad del espacio de propiedades se realizé con andlisis de componentes
principales (PCA) y con mapas de autoorganizacién (SOM). El preprocesamiento se realizé empleando
la. paqueteria de caret®® en RStudio, mientras que la visualizacién se hizo con la paqueteria ggplot23°.

Los descriptores empleados para esta seccién fueron los calculados en la secciéon de propiedades quimicas.




Capitulo 4

Resultados

Creacién y curado de la base de datos
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Figura 4.1: Distribucién relativa de actividad de los compuestos seleccionados para las tres proteinas
estudiadas.

Tabla 4.1: Resumen de la base de datos con la que se realizé el presente trabajo.

DNMT | Tamafo(n) | n(IC50) n(IC50) | n(INDEX=4) n(INDEX=3) n(INDEX=2) n(INDEX=1)
DNMT1 350 350 0 40 (11.5%) 157 (45.0%) 106 (30.0%) 47 (13.5%)
DNMT3A 190 35 155 28 (15.0%) 24 (125%) 42 (220%) 96 (50.5%)
DNMT3B 86 61 25 17 (20.0 %) 8 (9.0%) 23 (27.0%) 38 (44.0%)

Se indican los inhibidores que existen para las tres proteinas en los cuatro niveles de actividad definidos. Igual-
mente, se muestran los porcentajes relativos a la base de datos de cada enzima.
En la Figura 4.1 se muestra la distribucién de los compuestos en las diferentes categorias de la
actividad, mientras que en la Tabla 4.1 se muestran la numeralia correspondiente. Se puede observar
que se han publicado inhibidores con mejor actividad para DNMT1, lo cual puede deberse a que hay un

mayor nimero de compuestos que se han desarrollado para dicha diana.




4.2 Distribucién de las propiedades fisicoquimicas

Distribucién de las propiedades fisicoquimicas
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Figura 4.2: Distribucién de las propiedades fisicoquimicas calculadas para las tres bases de datos.

Con la combinacién de diagramas de caja y diagramas de violin se realiz6 la visualizacion de la
distribucién de propiedades fisicoquimicas para los tres conjuntos estudiados (Figura 4.2).

Para conteo de HBD (ntimero de dtomos donadores de puente de hidrégeno), DNMT1 y DNMT3A
son similares en sus rangos y distribuciones, mientras que DNMT3B tiene valores superiores, lo que indica
que este grupo molecular tiene mas atomos electronegativos con hidrégenos polares al compararse con los
otros grupos moleculares. Para conteo de HBA (iumero de dtomos aceptores de puente de hidrégeno), la
tendencia se repite, mostrando que DNMT3B posee mas dtomos con pares de electrones libres. El conteo
de RB (enlaces rotables) nos indica que los tres conjuntos poseen valores similares, lo que indicarfa que,
en general, las moléculas suelen ser igual de flexibles para las tres isoformas.

Los valores de logP muestras una clara separacién para los inhibidores de DNMT3B, mostrandolos
mucho mas hidrofilicos que sus contrapartes para DNMT1 y DNMT3A. Con respecto a TPSA, DNMT1
y DNMT3B cubren un amplio rango, mientras que DNMT3A estd mas centrado en un valor cercano a
80 A2. Finalmente, para el peso molecular, se observa que para DNMT1 y DNMT3A los valores estén
repartidos sobre un amplio rango, mientras que para DNMT3B tienden a estar centrados alrededor de

400 Da.
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4.3 Anélisis de correlacion
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Figura 4.3: Distribucién de las propiedades topoldgicas calculadas para las tres bases de datos.

Para los descriptores topolégicos se observa que hay poca diferencia entre las diferentes distribuciones
calculadas, tal como se muestra en la Figura 4.3. En particular se observa que DNMT3A tiene valores més
altos de radio de giro, indice de Wiener, y menores valores de densidad de masa y fraccién de carbonos
sp?; mientras que DNMT3B tiene mayores valores de fraccién de carbonos sp>. Estas diferencias pueden

ser significativas para disefiar posteriormente moléculas selectivas a alguna de las ADN metiltransferasas.

Analisis de correlacion

El analisis de correlacién (obtencién de la matriz de descriptores r?) se realizé para los subconjuntos
de DNMT1 (activos vs. inactivos)s DNMT3A (activos vs. inactivos) ¥ DNMT3B (activos vs. inactivos), con el fin de
observar si la tendencia entre los descriptores para un cierto grupo molecular se conservaba entre las
moléculas activas e inactivas. De igual manera, tomando solamente los subconjuntos activos, se evaluaron
las matrices 72 entre DNMT1-DNMT3A, DNMT1- DNMT3B y DNMT3A-DNMT3B. Las matrices se
muestran en la Figura 4.4. Para los inhibidores de DNMT1 se observan correlaciones positivas para la
mayoria de los descriptores, lo que indica que el comportamiento de los descriptores no varia al comparar

subconjuntos activos o inactivos. Se observa que tomando en cuenta todas las correlaciones, algunos
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4.3 Anélisis de correlacion

descriptores siguen un comportamiento muy similar, tales como HBA y TPSA, o MW y Wiener, lo que
puede implicar que para este grupo molecular, esos descriptores considerarse redundantes. Los inhibidores
de DNMT3A muestran valores negativos importantes, como en el caso de HBD-RB o Wiener-TPSA| los
cuales indican que la correlacién cambia entre los subconjuntos activos e inactivos, haciendo estos pares de
descriptores ttiles en la separacién del espacio activo correspondiente a DNMT3A. Se observa que HBD
y TPSA tienen comportamiento global similar para este conjunto molecular. Para los compuestos con
actividad hacia DNMT3B se encontraron valores negativos de correlacién para R.Gyr-HBD y MW-Dens
y tendencias globales similares para HBA y TPSA.

El andlisis de subconjuntos activos mostré que para diferenciar entre DNMT1 y DNMT3A exis-
ten miltiples pares de descriptores, como HBD-Wiener, entre otros; para diferenciar entre DNMT1 y
DNMT3B existen menos pares, tales como Dens- fsp3; y para diferenciar entre DNMT3A y DNMT3B
existen varios descriptores como RB-HBD entre otros. De esta forma, para separar el espacio quimico de
compuestos activos e inactivos entre tres dianas epigenéticas se pueden emplear descriptores como Dens,

fsp3, HBD y RB, los cuales maximizan la separacién entre compuestos activos e inactivos.

N 5 N 5 . 5
o (aa2a 163225 24 15 o w0’ Dens 8101719 2 125143 4 o' HBD 8 242339153 174"
Glob 3 0 10-10-13 -2-10 o MO8 logp 8 18 193 -3 2 2 3 10 5 1 MO8 HBA 14 37088 8 15 32 10 20 0 O
RB 24 0 60 0 o 2 5 12 12 |06 HBA 10 18 (38088l 4 —2 7 5 9 -1 0 [§06  TPSA 24‘ 4 6 18 3 16 -1 |06
RGyr 16 10 4 0 0 7 14 17 | }oa HBD 17 1038 12-5-10-12 1 0 7 [lo4 Dens 8 14 24 (36 28 3 13 -8 14 -2 04
MW (32 -1/46 3 1 11126 24|, TPSA 1936 -9-3-8-11-1 0 5 ||, logP 24 37 J88) 36 12 65 -1 02
Wiener 25 0 6 0 1 9 17 16 RB 2 -3 4 -12-9 |46 27 16 0 FSP3 23 zsi 01 -4-63 1
P 2-10 4 36 (298 1722 || RGy 12 -2 -2 5 348 o5 1s|[° RB -3 8 4 3 -10 20 1 |[°
FSP3 4 3 9 0 1 020 1 3 14 5 |[92 MW -5 2 7 -10 -8 728 0 |[%2 Reyr 915 6 13 2 1 14 4 |[02
Dens -1 2 2 0 1 1 8 1 11 17 27 |04 Wiener 14 3 5 -12-11 4 23 0 |04 MW 1532 18 -8 -6 -4 36 o |04
HBD 5 -1 5 7 11 9 17 3 11 06 FSP3 3 10 9 1 -127 0 7 4 3 0 los Wener 3 10 3 14 5 6 24 0 |los
HBA 9 0 12 14 26 17 26 14 17 og PBF 4 5 -10 016528233 |a2/l o PBF 17 20 16 -2 -1 3 20 1436 24 40/l o
TPSA 10 0 12 17 24 16 25 5 27 . Gob 0 1 0 7 5 015 0 0 0|42 . Glob -4 0 -1 3 0 1 -14 0 040 .
N 5 . 5 N 5
Dens 111221214 4136 08 o ff° HBD 2123 wvaniee 1 PoF a6 5 24313828 310122 2 | "
HeA 11 |4af88l 3 -2 7 4 -2 o0 20 15 MO8 HBA 18 23 8 20 23 28 14 15 1 (MO8 Glob 38 o0 4 0 0 00 3 1 1 0 M08
HBD 12 [44 8 -3 -8-10-5 2 16 -3 |06  TPSA 27 14 15 19 22 18 6 12 1 |06  Dens 5 o |32 37 35080 7 6 16 24 -25 |06
TPSA 21 8 -3-7-9-6 228 1 |}oa logP 12 18 27 88 12 -1 5 13 19 1 1 |lo4 RGyr 24 4 32 3 -7-47 1 |loa
RB 21 3 -8 -8 % 0 6 16|, FSP3 02 RB 31 0 37 7 -25-15-1 4 ||,
RGyr 4 -2 -3 -3 16 9 13 0 Dens MW (39 0 35 8 -16 -6 14 -3
MW -4 7 -8 -7 3% 015 3|° RE % Wiener 128 o oo [°
Wiener 13 4 -10 -9 27 0 17 3 | [%2  Royr 02 HBA -3 0 7 -3 7 8 4 24 33 | [02
PBF 6 -2 -5 -6 26 16 36 27 38 8 3 0.4 MW 0.4 HBD -19 3 6 -7 -25-16-12 21 -11 | (04
Glob 0 0 2 2 0 9 0 03 0 1 |hos Wiener 06 TPSA -12 1 16 -4 -15 -6 -4 47 s |los
P 8 201628 6 131617 8 o 18 M . PBF 9 1512 1 3 1 32284431 a6 W . looP 2 1 24 7 -1 14 24 24 2140 27 W o
FSP3 9 15 -3 1 16 0 3 3 3 1 18 N Glb 1 1 1 1 -6-30 2 0 036 ., FSP8 2 0251 4 3-133-115 27 N

Figura 4.4: Andlisis de correlacién entre subconjuntos. Arriba: Correlaciones entre descriptores obtenidas
al comparar subconjuntos activos e inactivos de DNMT1 (izquierda), DNMT3A (centro) y DNMT3B (de-
recha). Abajo: Correlaciones entre descriptores obtenidas al comparar subconjuntos activos entre DNMT1-
DNMTS3A (izquierda), DNMT1-DNMT3B (centro) y DNMT3A-DNMT3B (derecha).
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4.4 Anilisis de diversidad estructural

Analisis de diversidad estructural
Similitud intragrupal
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Figura 4.5: Funciones de distribucién acumulada (CDF) sobre la similitud pareada para los tres conjuntos
de inhibidores estudiados, representadas con MACCS keys (izquierda), ECFP4 (centro) and PubChem FP
(derecha).

En la Figura 4.5 se observan las tres bases de datos con las diferentes representaciones de similitud,
mientras que en la Tabla 4.2 se tienen valores estadisticos relevantes. Se observa que los valores de
desviacién estdndar (SD.) son muy similares para DNMT1 y DNMT3A, pero mayores para DNMT3B;
indicando que esta ultima distribucién no estd tan localizada en un punto. De igual manera, se observa
que para algunos cuantiles DNMT1 es la méas diversa, mientras que en otros cuantiles es DNMT3B.
De esta manera, para realizar apropiadamente las comparaciones entre grupos moleculares, se decidié
cuantificar el drea bajo la curva (ABC.) para las distintas distribuciones. Se observé que, en general, los
valores de ABC son mayores para DNMT1, posteriormente para DNMT3A y finalmente para DNMT3B,
en la mayoria de los fingerprints empleados, lo que sugiere que el grupo de moléculas més diverso
- estructuralmente hablando - es DNMT1, posteriormente DNMT3A y finalmente DNMT3B. De esta
analisis, se observé que el fingerprint que mostraba un mejor comportamiento era ECFP4, por lo que

se selecciono para estudios posteriores.

Tabla 4.2: Valores estadisticos de las CDF para la similitud pareada.

DNMTs DNMT1 DNMT3A DNMT3B
Fingerprint | MACCS  PubChem ECFP4 | MACCS PubChem ECFP4 | MACCS PubChem ECFP4

Min. 0.00 0.04 0.00 0.12 0.12 0.03 0.10 0.10 0.00
ler Qu. 0.34 0.35 0.09 0.35 0.42 0.11 0.29 0.26 0.09
Mediana 0.43 0.44 0.11 0.44 0.49 0.15 0.54 0.42 0.14
Media 0.43 0.44 0.13 0.46 0.52 0.19 0.57 0.50 0.25
3er Qu. 0.52 0.54 0.14 0.51 0.61 0.19 0.86 0.74 0.42
Max. 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
SD. 0.14 0.15 0.08 0.16 0.16 0.15 0.27 0.28 0.22
ABC. 0.57 0.55 0.87 0.54 0.47 0.81 0.43 0.50 0.75
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4.5 Contenido de quimiotipos y evaluacion de diversidad

Similitud intergrupal

Se realizaron mapas de multifusién de similitud, los cuales se muestran en la Figura 4.6. Para el primer
caso, al comparar tanto DNMT3A y como DNMT3B con DNMT1, se observa que DNMT3B tiende a
formar agregados en la parte inferior izquierda del diagrama, mientras que DNMT3A cubre una amplia
parte del diagrama. Esto implica que estructuralmente, hay un traslape estructural relativamente continuo
de DNMT1 con DNMT3A, mientras que para DNMT3B tiende a ser menos similar. Para el segundo
caso, al comparar DNMT1 y DNMT3B con respecto a DNMT3A, se observa que estan distribuidas
en forma similar, lo que indica que este grupo molecular estd cercano - estructuralmente hablando -
tanto de DNMT1 como de DNMT3B, con valores de similitud promedio cercanos a 0.12. Finalmente, al
comparar DNMT1 y DNMT3A con respecto a DNMT3B, se observan dos aglomerados, uno con valores
de similitud méaxima mayores perteneciente a DNMT3A, y otro con valores de similitud méxima menores,
perteneciente a DNMT31, lo que indica que DNMT3A es estructuralmente mas similar a DNMTB que
DNMT1.

DNMT1 DNMT3A DNMT3B
1.00 - 1.00 1.00 --
© © :jE ©
8075 go7s % £0.75
] ; 7 3
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S o050 K] N ]
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+ DNMT1-DNMT3A - DNMT1-DNMT3B » DNMT3A-DNMT1 - DNMT3A-DNMT3B + DNMT3B-DNMT1 - DNMT3B-DNMT3A

Figura 4.6: Mapas de multifusién de similitud basados en DNMT1 (izquierda), DNMT3A (centro) y
DNMT3B (derecha).

Contenido de quimiotipos y evaluacion de diversidad

Para los tres grupos de moléculas se obtuvieron los quimiotipos correspondientes, y se calcul6 la
similitud intragrupal, indicando que la mediana de las funciones de distribucién acumulada eran 0.125,
0.158 y 0.125 para DNMT1, DNMT3A y DNMT3B, respectivamente. Al comparar estos valores con los
obtenidos anteriormente en la seccion de Similitud intragrupal, se observa que el valor de la mediana
de la similitud aumenté para DNMT1 y DNMT3A, mientras que disminuyé para DNMT3B. Esto indica
que, en general, los conjuntos de los quimiotipos de DNMT1 y DNMT3A son ligeramente més diversos,

mientras que el conjunto de quimiotipos de DNMT3B es ligeramente més similar entre si.
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4.5 Contenido de quimiotipos y evaluacion de diversidad

Para los tres grupos moleculares se obtuvieron los quimiotipos més frecuentes (Figura 4.7). Estruc-
turalmente se puede observar que los quimiotipos maés frecuentes en DNMT1 estan relacionados con el
cofactor S-adenosilmetionina (SCAFF78 y SCAFF75), mientras que los quimiotipos con mayor frecuencia
en DNMT3A tienden a ser dos fragmentos arométicos unidos por un segmento carbonado de longitud
variable. Los quimiotipos més frecuentes para DNMT3B igualmente estan relacionados estructuralmente
con el cofactor.
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DNMT3A: 4 (2.01%) DNMT3A: 24 (12.06%) DNMT3A: 12 (6.03%)  DNMT3A: 3 (1.50%) DNMT3B: 11 (11.83%)

DNMT3B: 12 (12.90%) DNMT3B: 1 (1.08%) DNMT3B: 12 (12.90%) DNMT3B: 3 (3.23%)

Figura 4.7: Quimiotipos més frecuentes para los grupos analizadas. Se muestra el niimero de compuestos
con determinado quimiotipo para cada grupo, asi como su frecuencia relativa en porcentaje

Diversidad de quimiotipos segun su actividad

Como se especifico en el capitulo de Metodologia, se obtuvo la actividad intrinseca de cada quimio-
tipo. Este célculo permitié agruparlos en quimiotipos inactivos (con actividad intrinseca menor o igual a
2), intermedios (con actividad intrinseca mayor a dos pero menor o igual a 3), y activos (con actividad
intrinseca mayor a 3). Tras el procedimiento anterior, se obutvieron las curvas de recobro de quimiotipos,
las cuales se muestran en la Figura 4.8, mientras que en la Tabla 4.3 se muestran valores para caracterizar

la diversidad. Para una discusién acerca de las métricas de diversidad, se refiere al lector a otro articulo®”.

Tabla 4.3: Métricas para la diversidad de scaffold para cada DNMT.

DNMTs Actividad M N Nsing | N/M  Nsing/M  Nsing/N f50 ABC | Mediana (ECFP4)
Inactiva 127 107 93 0.84 0.73 0.87 0.411  0.570 0.1014
DNMT1 Intermedia 179 123 99 0.69 0.55 0.80 0.276 0.640 0.1053
Activa 44 28 22 0.64 0.50 0.79 0.214  0.656 0.0978
Inactiva 138 68 51 0.49 0.37 0.75 0.117  0.728 0.1465
DNMT3A | Intermedia 22 15 10 0.68 0.45 0.67 0.333  0.618 0.2115
Activa 30 18 16 0.60 0.53 0.89 0.167  0.681 0.2187
Inactiva 39 21 16 0.54 0.41 0.76 0.190  0.703 0.0750
DNMT3B | Intermedia 37 10 6 0.27 0.16 0.60 0.200 0.701 0.1379
Activa 10 7 5 0.70 0.50 0.71 0.286 0.614 0.3793

N: nimero de quimiotipos; M: nimero de moléculas; Nsing: nimero de singuletes; f50: fraccién de quimiotipos que
contienen el 50 % del grupo de moléculas; ABC: area bajo la curva.
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4.5 Contenido de quimiotipos y evaluacion de diversidad

Para DNMT1, el valor de la mediana de la similitud entre pares de quimiotipos para los tres sub-
conjuntos es muy similar al obtenido en la seccién anterior (0.125), lo que indica que los quimiotipos en
cada subconjunto son estructuralmente diversos. Las medidas de diversidad global f5q y ABC indican
que el subconjunto de quimiotipos inactivos es el mas diverso. Un andlisis mas detallado indica que el
subconjunto de quimiotipos inactivos tiene los valores mds altos de N/M (quimiotipos por molécula),
Nsing/M (quimiotipos singuletes por molécula) y Nsing/N (quimiotipos singuletes por quimiotipo). Para
los otros dos subconjuntos, los valores de ABC y f5g indican que el subconjunto intermedio es mas diverso
que el subconjunto activo, siendo que esta diversidad proviene de los altos valores de N/M, Nsing/M y
Nsing/N que tiene el subconjunto de quimiotipos con actividad intermedia. Para DNMT3A, el valor de
la mediana de la similitud es menor para el subconjunto inactivo, pero aumenta para los subconjuntos
intermedio y activo, lo . Esto sugiere que la diversidad estructural de DNMT3A estd muy influenciada por
el subconjunto de quimiotipos inactivos, y que los quimiotipos intermedios y activos son mucho menos
diversos. Los valores de ABC y f50 indican que el subconjunto intermedio es el més diverso (por su alto
valor de N/M), seguido del subconjunto activo (por su valor de Nsing/M y Nsing/N), y finalmente el
subconjunto inactivo. Para DNMT3B, el valor de la mediana para el subconjunto inactivo es menor que
el obtenido en la seccién anterior (0.125), indicando que este subconjunto es el méds diverso estructural-
mente. En cambio, el subjunto activo tiene un valor mucho mayor, lo que lo convierte en el subconjunto
con menor diversidad estructural. Las medidas de diversidad globales indican que el subconjunto activo
es el mds diverso en conteo de scaffolds (por su alto valor de N/M), seguido del subconjunto intermedio
(por su valor de Nsing/M y Nsing/N), y finalmente el subconjunto inactivo.

En resumen, se observa que los inhibidores de DNMT1 tienden a cubrir amplias areas del espacio
quimico, mientras que los inhibidores de DNMT3A y DNMT3B cubren areas menores, y tienden a estar

enfocados (DNMT3A y DNMT3B tienen quimiotipos activos poco diversos estructuralmente).
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Figura 4.8: Curvas de recobro de quimiotipos para DNMT1 (izquierda), DNMT3A (centro) y DNMT3B
(derecha).
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4.6 Analisis de enriquecimiento de quimiotipos

Analisis de enriquecimiento de quimiotipos

Las actividades intrinsecas de cada quimiotipo fueron divididas entre la actividad de fondo de cada
grupo, lo que permitié obtener el factor de enriquecimiento (E.F. por sus siglas en inglés) de cada
quimiotipo. De esta manera, para cada grupo de moléculas se obtuvieron sus gréaficos de enriquecimiento

de quimiotipos®®, mostrados en la figura 4.9.

DNMT1 DNMT3A DNMT3B
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Figura 4.9: Gréficos de enriquecimiento de quimiotipos para DNMT1 (izquierda), DNMT3A (centro) y
DNMT3B (derecha).

Para DNMT1 se observa que los quimiotipos estan distribuidos de manera simétrica alrededor del
valor de factor de enriquecimiento de 1 (i.e., los quimiotipos en este valor tienen la misma actividad que
el promedio del grupo molecular), con cerca del 55 % de los quimiotipos con valores de EF mayores que
la unidad. Los quimiotipos de mayor frecuencia corresponden a SCAFF75, SCAFF78 y SCAFF7 (vide
supra).

Para DNMT3A, la distribucién de los quimiotipos se observa menos simétrica, con cerca de 61 % de los
quimiotipos con valores de EF mayores a 1. Los quimiotipos maés frecuentes corresponden a SCAFF101,
SCAFF320 y SCAFF315. Se observa que para esta distribuciéon existen varios quimiotipos con EF menor
a 1, pero una frecuencia alta, lo que desplaza el valor del punto de corte hacia la izquierda.

Para DNMT3B, solamente 44 % de los quimiotipos tienen valores de EF mayores que 1. Los quimioti-
pos més frecuentes corresponden a SCAFF78, SCAFF315 y SCAFF75. De igual manera, se observa que
hay varios quimiotipos con EF bajos y frecuencias altas, lo que puede desplazar el valor del punto de
corte de actividad hacia la izquierda.

En general, estos resultados indican que DNMT1 ha sido explorada de manera uniforme con respecto a
la actividad basal del grupo de moléculas, mientras que DNMT3A posee varios quimiotipos ampliamente
explorados con EF diversos. Este resultado permite el estudio de regiones estructura-actividad continua

con indole predictiva.
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4.6 Analisis de enriquecimiento de quimiotipos
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Figura 4.10: Otros quimiotipos encontrados en la base de datos. Se muestra el factor de enriquecimiento,
y la frecuencia de cada quimiotipo en paréntesis para cada grupo (Ph = Fenilo, Qu = Quinolina, Pyr =
Pirimidina).

Como se concluyé en la secciéon anterior, los quimiotipos mas frecuentes mostrados en la Figura
4.7 muestran valores bajos de factor de enriquecimiento: SCAFF101 tiene un valor de EF de 0.52 (24
compuestos) para DNMT3A; SCAFF320 tiene un valor de EF de 0.70 (14 compuestos) para DNMT3A;
y SCAFF315 tiene un EF de 0.78 (1 compuesto) para DNMT1 y de 0.60 (12 compuestos en cada grupo
molecular) para DNMT3A y DNMT3B.

Otros quimiotipos interesantes encontrados se muestran en la Figura 4.10. En particular, SCAFF254 y
SCAFF109 muestran selectividad para DNMT1; SCAFF266 muestra un alto valor de EF para DNMT3A,
y SCAFF237 tiene valores altos de EF para las tres DNMTs.

Enriquecimiento sobre el quimiotipo del cofactor

Al analizar los quimiotipos obtenidos, se encontré que muchos de ellos tenian una estructura méxima
comn, la cual pertenecia al quimiotipo SCAFF78. Por tanto, tomando este quimiotipo como linea base, se
analiz6 cémo los cambios sobre esta estructura influenciaban el factor de enriquecimiento. En la Figura
4.11 se muestra el quimiotipo base, y las modificaciones estructurales que se encontraron: en el lado
izquierdo se muestran las modificaciones en R1, y en el lado derecho se muestran las modificaciones en

R2. Para este andlisis, se emplearon quimiotipos con un valor de frecuencia mayor o igual a 3.

A sﬁNH A
N Ra
H — ) NH
2 Bi/\/N\f R{ N

SCAFF78
A ¢
S
N
H

Figura 4.11: Quimiotipos encontrados en la base de datos con la mdxima estructura de SCAFF78 (Ph =
Fenilo, Bi = Bifenilo).

H
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4.7 Panoramas de actividad

Tomando el EF del quimiotipo SCAFF78 como referencia (0.89 para DNMT1, 1.56 para DNMT3A
y 1.2 para DNMT3B), y dejando fija la posicién de R2 como hidrégeno, se observé que cuando R1
= 1, el EF incrementaba sustancialmente para DNMT3B (1.18 para DNMT1 y 1.6 for DNMT3B), y
cuando R1 = 2, el EF disminufa para DNMT1, pero aumentaba para DNMT3B (0.78 para DNMT1 y
1.9 para DNMT3B). Esto sugiere que elongar la cadena del quimiotipo sobre el punto R1 puede mejorar
la selectividad para andlogos del cofactor para DNMT3B con respecto a DNMT1I.

Al contrario, cuando R1 es hidrogeno, se observa que la sustitucion de R1 = A no mejora el EF para
las dianas (0.96 para DNMT1 y 1.05 para DNMT3B), mientras que la sustitucién de R2 = B disminuye
el EF para DNMT1 mientras se conserva para DNMT3B (0.65 para DNMT1 y 1.09 for DNMT3B), y
la sustitucién con R2 = C disminuye el EF para las dianas (0.78 para DNMT1 y 0.73 para DNMT3B).
Esto implica que un sustituyente con una cadena mas larga en R2 tiende a disminuir la actividad, y que
conservar un ciclo hexamembrado favorece la selectividad para DNMT3B respecto a DNMT1.

Los resultados anteriores se ven combinados en el quimiotipo SCAFF77, el cual tiene R1 = 2 y R2
= A, y tiene un EF para DNMT1 de 1.18 y por DNMT3B de 1.45. Dado que el valor de EF no aumenté
tan drasticamente, se sugiere que los efectos entre R1 y R2 no interactiian de manera sinérgica positiva.
Finalmente, se observa que sustituir el 4tomo de nitrégeno marcado con el par electrénico (Figura 4.11)

por un atomo de carbono incrementa el EF para DNMT1 y DNMT3B a 1.57 y 1.94, respectivamente.

Panoramas de actividad

Para este analisis, el limite para determinar si los compuestos eran estructuralmente similares se
escogié como el tercer cuartil de la distribuciéon de similitud. El limite para determinar si los valores de
actividad eran similares se escogié como 3 unidades de diferencia, con el fin de seleccionar los pares de
compuestos que eran acantilados de actividad més prometedores. Los resultados acerca de estos limites
se muestran en la tabla 4.4.

Tabla 4.4: Porcentaje de comparaciones entre pares para las tres DNMTs.

DNMTs DNMT1 DNMT3A DNMT3B
Fingerprint MACCS PubChem ECFP4 | MACCS PubChem ECFP4 | MACCS PubChem ECFP4
Acant. de act. 0.79% 0.76 % 0.72% 2.77% 2.71% 2.41% 3.28% 2.38% 2.71%
SAR continuo 24.33 % 24.24 % 24.17% 22.30 % 22.27% 22.42 % 22.46 % 22.68 % 22.35%
Acant. de sim. 72.59 % 72.68 % 72.75% | 62.73% 62.76 % 62.61% | 59.86 % 59.64 % 59.97 %
No descriptivos 2.29% 2.32% 2.36 % 12.20 % 12.26 % 12.56 % | 14.39% 15.29% 14.97%

Este andlisis mostré que, independientemente del fingerprint empleado, los porcentajes de pares
de compuestos (puntos en la gréfica) en las diferentes dreas tienden a ser relativamente similares para
la misma proteina, en los tres casos. En particular, DNMT1 muestra un bajo porcentaje de pares de
compuestos en la regién de acantilados de actividad al compararse con DNMT3A y DNMT3B, lo que

sugiere que el principio de similitud (compuestos con estructura similar presentardn actividad similar)
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4.8 Espacio quimico

se cumple en menor medida para los grupos de moléculas de DNMT3A y DNMT3B que para DNMT1.
Se observa que para la zona perteneciente al SAR continuo, DNMT1 tiene una mayor cantidad de pares
de compuestos que DNMT3A y DNMT3B, lo que indica que DNMT1 es més adecuada para estudios
predictivos de estructura-activdad que los otros dos grupos moleculares. Para la zona de acantilados de
similitud se observa un porcentaje de puntos mayores para DNMT1 que para DNMT3A y DNMT3B, lo
que indica que existen mas compuestos estructuralmente diversos y con la misma actividad para DNMT1.

El andlisis de acantilados de actividad permitio la identificaciéon de compuestos generadores de acanti-
lados de actividad - compuestos que consistentemente aparecen en la regién de acantilados de actividad®®.
Entre los compuestos encontrados (Figura 4.12), se tiene que la mayoria de generadores de acantilados
de actividad para DNMT1 se relacionaban con compuestos altamente activos semejantes al cofactor o al
mostrado en la figura. Con respecto a DNMTS3A los compuestos generadores eran moléculas con actividad
alta, estructuralmente similares a la molécula mostrada. Sin embargo, para DNMT3B, se observé que los

compuestos generadores, a pesar de estar relacionados al cofactor, mostraban bajos niveles de actividad.

CO,H "
< Py NOYH N)\r\v
N S/\ ) )\H\NHZ
—N
g O B
o

\=N
N(iPr),
-
H.N CO,H
Indice de actividad = 4 Indice de actividad = 4 indice de actividad = 1
DNMT1 DNMT3A DNMT3B

Figura 4.12: Estructuras de compuestos generadores de acantilados de actividad (iPr = Isopropilo, Qu =
Quinolina, Pyr = Pirimidina).

Espacio quimico

El espacio quimico de la base de datos fue estudiado por métodos de reduccién de dimensionalidad
tales como PCA y SOM, con el fin de generar una visualizaciéon de la distribucién de los datos para los
compuestos de las tres proteinas estudiadas.

Con respecto al anélisis basado en PCA, el cual se muestra en la Figura 4.13, se realizaron diferentes
visualizaciones basadas tanto en los descriptores del espacio quimico oral, como en un subconjunto de
descriptores obtenidos por el andlisis de correlacién. El primer componente principal muestra influencias
de TPSA, HBA y HBD, mientras que el segundo muestra influencias de RB, MW y log P.

La visualizacién muestra que los compuestos presentes en DNMT1 cubren una mayor area que con

respecto a DNMT3A y DNMT3B, lo que convierte al primero en el conjunto mas diverso en términos
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4.8 Espacio quimico

de propiedades. Al observar sélo los compuestos més activos - compuestos con indice de actividad igual
o mayor a 3 - se aprecia que aparecen agregados separados para DNMT3A y DNMT3B. Este resultado
indica que es posible diferenciar entre compuestos activos para los tres grupos en el espacio quimico oral,
y que modificaciones en sus propiedades pueden favorecer la selectividad hacia las diferentes dianas.

Del analisis de correlacién se seleccionaron dos pares de descriptores que permitieron la separacién
de compuestos activos de los diferentes grupos moleculares, siendo éstos HBD, fsp?, RB y Dens. Con
lo anterior se realizé un andlisis de componentes principales, el cual se muestra en la Figura 4.13. La
visualizacién mostré que los compuestos de la base de datos se encontraban menor dispersos, con DNMT'1
siendo el grupo molecular que posefa la mayor diversidad en términos de propiedades. Al visualizar sélo
los compuestos activos, se muestra que los aglomerados para DNMT3A y DNMT3B se vuelven mucho
mas definidos, lo que sugiere que este segundo grupo de descriptores es mejor para la clasificacion de las
zonas activas para las DNMT3A y DNMT3B. De esta forma, el uso de estos descriptores se recomienda

para el andlisis de nuevos compuestos con potencial uso para estas dianas biolégicas.
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Figura 4.13: Visualizaciéon del espacio quimico por componentes principales para todos los compuestos
(izquierda), compuestos activos (centro) y compuestos inactivos (derecha). Arriba: Espacio basado en los
descriptores de biodisponibilidad oral (MW, logP, RB, TPSA, HBD and HBA). Abajo: Espacio basado en
los descriptores obtenidos en el andlisis de correlacién (TPSA, HBD, RB and Dens).
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Con respecto al mapa de autoorganizaciéon (Figura 4.14), empleando los descriptores del espacio
quimico oral, se observa que los compuestos inactivos de DNMT1 y DNMT3A tienden a cubrir una
amplia parte del espacio quimico basado en celdas. DNMT3B, en cambio, tiende a estar en localizado en
una seccién de este espacio quimico. En particular, al observar los compuestos activos, se puede observar
que las moléculas pertenecientes a DNMT1 cubren igualmente una amplia region del espacio quimico,
mientras que DNMT3A y DNMT3B tienden a agruparse en zonas opuestas del espacio quimico, en
consenso con la representacién anterior. Se observa igualmente que muchos de los compuestos activos de
DNMT3A y DNMT3B suelen tener un perfil de propiedades altamente similar, dado que en el espacio de

celdas tienden a estar muy cercanos.

DNMT1 DNMT3A DNMT3B

Compuestos inactivos Compuestos inactivos Compuestos inactivos

DNMT1 DNMT3A DNMT3B

Compuestos activos Compuestos activos Compuestos activos

Figura 4.14: Visualizacién del espacio quimico por mapas de autoorganizacién para las moléculas con acti-
vidad hacia DNMT1 (izquierda), DNMT3A (centro) y DNMT3B (derecha).Arriba: Compuestos inactivos.
Abajo: Compuestos activos.

Para analizar con més profundidad los resultados del mapa de autoorganizacién, en la Figura 4.15 se
ilustra la organizacién de la distribucién de propiedades fisicoquimicas sobre la base de datos. En general,
se observa que hay una correlacién entre TPSA, HBA y HBD, ya que se observa que hay una distribucién
similar entre valores altos y bajos para cada uno de los descriptores. El mismo fenémeno se observa para

MW y RB, sugiriendo una correlacién entre estos descriptores.
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4.8 Espacio quimico

Al realizar la proyeccién de los datos, no se aprecia una tendencia para los compuestos inactivos de
DNMT1 y DNMT3A, mientras que se observa que la mayoria de los compuestos inactivos de DNMT3B
tienden a tener valores bajos de MW y de RB, y valores intermedios de TPSA, HBA y HBD. Con
respecto a los compuestos activos de DNMT1, no se aprecia igualmente una tendencia. Los compuestos
activos hacia DNMT3A tienden a tener altos valores de MW, RB y logP, mientras que para DNMT3B
los compuestos activos suelen tener valores altos de TPSA, HBA y HBD.

De esta manera, el andlisis del espacio quimico nos permitié detectar patrones y puntos clave para el

desarrollo de inhibidores activos y selectivos hacia las diferentes DNMT.
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Figura 4.15: Visualizacién de la distribucién de las propiedades fisicoquimicas en el espacio quimico basado
en celdas del mapa de autoorganizacién.
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Capitulo 5

Conclusiones

Se realizd una comparacion quimioinformatica global de tres grupos de inhibidores reportados en bases
de datos publicas de DNMT1, DNMT3A y DNMT3B. El objetivo fue encontrar compuestos ya sean de
indole fisicoquimico o estructurales para un diseno racional de moléculas con una mejor selectividad.

Se concluyé que los descriptores de propiedades fisicoquimicas permitieron una diferenciacion entre
moléculas activas e inactivas para DNMT3A y DNMT3B. El andlisis de correlacién permitié encontrar
otros pares de descriptores empleables en la separacién entre moléculas activas de DNMT3A y DNMT3B.

Con respecto al andlisis de panoramas de actividad, se concluyé que los inhibidores de DNMT1
permiten estudios de indole predictivo con mayor certeza que los conjuntos de moléculas para DNMT3A
y DNMT4B.

Con respecto a la estructura, el andlisis de diversidad mostré que DNMT1 es el conjunto méas diverso
estructuralmente, mientras DNMT3B es el menos diverso estructuralmente. El andlisis de quimiotipos
permitié el andlisis de motivos estructurales que permitieran la separaciéon entre compuestos activos de
DNMT1 y DNMT3B.

Los resultados de este proyecto de investigacién respaldan la posibilidad de obtener moduladores
selectivos para las diferentes proteinas de esta familia, y proveen varios puntos clave con el fin de ge-
nerar un mejor disenio racional de nuevas entidades quimicas capaces de inhibir a las diferentes ADN

metiltransferasas.
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Capitulo 6

Perspectivas

Los resultados obtenidos en este proyecto permiten generar propuestas a largo plazo, las cuales inclu-

yen, pero no se limitan a las siguientes:

= Generar filtros con las diferentes propiedades para realizar cribado virtual. Esto con el objetivo de

encontrar nuevas entidades quimicas con actividad hacia las diferentes DNMT.

= Analizar las posibilidades de reemplazos isostéricos sobre las diferentes moléculas con actividad,

con el fin de generar nuevas estructuras con posible actividad moduladora.

= Realizar modelos de farmacéforo para las diferentes ADN metiltransferasa. El objetivo sera entender
puntos clave en el reconocimiento molecular, y poder realizar un diseno selectivo hacia cada diana

molecular.
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In light of the high relevance of polypharmacology, multi-target screening is a major trend in drug
discovery. As such, the increasing amount of available structure—activity data requires the application of
chemoinformatic approaches to mine structure—multiple activity relationships. To this end, activity
landscape methods, initially developed to explore the structure—activity relationships for compounds
screened against one target, have been adapted to mine Structure—Multiple Activity Relationships
(SMARt). Herein, we survey advances in the chemoinformatic approaches to retrieve SMARt from
screening data sets. Case studies relevant to modern drug discovery are discussed. The methods
covered in this survey are general and can be implemented to explore the SMARt of other data sets
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Introduction

Analysis of structure-activity relationships (SAR) is a common
practice in many areas of chemistry. Most medicinal and
computational chemists working on drug discovery obtain SAR
of compound data sets on a routine basis. This is true not only
in academic settings but also in the pharmaceutical industry
and research institutes. In several current drug discovery
projects, compound data sets are screened across more than
one biological endpoint. Depending on the project, it is desir-
able to identify selective compounds or identify molecules with
activity across multiple endpoints. Moreover, in light of the
increasing awareness of polypharmacology' and multi-target
drug discovery,” screening small compound data sets or large
chemical libraries across more than one biological endpoint is
a fundamental task. Therefore, getting Structure-Multiple
Activity Relationships (SMARt) is a common need in drug
discovery.

Methods to get SMARt can be broadly classified into quali-
tative and quantitative. Qualitative approaches can be applied
without the need of computational tools and depend on the
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screened across multiple biologically endpoints.

experience of the chemist analyzing the data. Thus, qualitative
methods are suitable to handle small-to-medium size data sets.
In contrast, large screening data sets, in particular those tested
across several endpoints, usually require the application of
computational procedures in addition to the experience of the
chemist.? In these cases, in silico methods can be performed for
either predictive or descriptive purposes. As discussed previ-
ously, understanding the SAR of compound data sets should be
performed before developing predictive models* such as QSAR
and QSPR in order to predict novel, potent, and selective
compounds.>® In this regard, new computational models that
combine multi-target QSAR with machine learning such as
artificial neural network algorithms have been developed with
the aim of predict the interactions of multiple molecules to
targets involved in many diseases and processes of
neuroprotection.>’

Activity landscape modeling (ALM) is a chemoinformatic
strategy to mine the SAR of compound data sets and it is actively
used in academia, industry and other research settings. ALM
can be regarded as part of computer-aided drug design and it is
an important component in medicinal chemistry.®* For more
than ten years several groups have worked on the development
of ALM. These approaches relay on the quantitative comparison
of structure similarity with activity similarity (or potency
difference) for all pairs of compounds in a screening data set.
Over the years a large number of quantitative and visual
methods have been developed. Most of these methods started
with the main goal of identifying ‘activity cliffs’: pairs of
compounds with very similar structure but unexpected high
activity difference.” Activity cliffs have a ‘dual face’ with a large
impact in medicinal and computational chemistry.* It has been

This journal is © The Royal Society of Chemistry 2017
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largely advised that after identifying activity cliffs, molecular
modeling studies should be conducted that help to explain, at
the molecular level, the reason associated with the large change
in activity due to a small modification the chemical structure.
Such studies are highly valuable because add three-dimensional
information to the system. To this end, mechanistic studies
towards the structural interpretation of activity cliffs in three
dimensions have been published.*>** Overall, the specific
reasons that are associated with the formation of the activity
cliffs depend on the system. An alternative approach to add
three-dimensional information to the system and consider
additional effects of functional groups, conformations and
configurations, molecular descriptors that take into account the
coordinates space of the compounds or even using several
different conformations of the molecules in the data set have
been reported.****

ALM seeks not only to identify activity cliffs but other
significant areas of the activity landscape such as ‘similarity
cliffs’ (which are related to scaffold hops)** and other contin-
uous regions of the activity landscape. The broad applicability
of ALM in medicinal chemistry has been reviewed.'® Initially
developed to describe SARs, ALM has been tested for predictive
purposes.””*® Similarly, ALM was originally applied to describe
the SAR of compound data sets screened for one biological
endpoint, for instance, for a single target. However, several
methods used in ALM have been adapted to mine SMARts.

The goal of this work is to survey the progress of ALM to get
SMARt in drug discovery. We put special emphasis on the
development and application of Structure-Activity Similarity
(SAS) maps which were one of the first approaches used in
ALM." Four years ago the authors reviewed the development of
SAS maps to explore SARs.” In contrast, this review covers the
most recent developments and applications aimed to explore
SMARts. As part of the recent developments the concept of ‘pro-
activity cliffs’ is introduced. The manuscript is organized in five
main sections: after this introduction a brief overview of the SAS
maps is presented with special emphasis on the development of
density SAS maps and activity landscape sweeping strategies.
The section after that describes the adaptation of ALM from
single to multi-target activity analysis. This section is followed
by a discussion of future trends in SAR and SMARt analysis
using ALM. Concluding remarks are presented at the end.

Structure—activity similarity (SAS) maps

SAS maps were proposed in 2001.* The basic idea of a SAS map
is to plot in two-dimensions (2D) the pairwise structure simi-
larity (usually plotted on the X-axis) and activity difference
(plotted on the Y-axis) for all pairs of compounds in a data set. A
general form of a SAS map is shown in Fig. 1A. To aid in the
interpretation, a SAS map can be roughly divided in four major
quadrants each one distinguishing pairs of compounds with
high/low activity difference and high/low structure similarity.
Activity cliffs are located in the quadrant that identifies pairs of
molecules with high structure similarity and high activity
difference (region IV). Compound pairs with a smooth SAR have
high structure similarity and low activity difference (region II).

This journal is © The Royal Society of Chemistry 2017
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Scaffold hops (or similarity cliffs) are located in the opposite
quadrant of the activity cliffs (region I). Noteworthy, even in the
absence of the thresholds with formally defined quadrants, SAS
maps are helpful to differentiate major regions in the
landscape.

One of the known limitations of the SAS maps is the quan-
titative criteria to define the thresholds along the X- and Y-axis.
A number of approaches to address this issue are discussed
elsewhere.” Briefly, the thresholds that define high/low activity
difference depend on the goal of the project. Usual cutoffs are
one, two or more potency units. The thresholds to define high/
low structure similarity can be set up based on the distribution
of the similarity values of the data set. In some instances,
heuristic values of similarity are considered based on author's
experience.

Another limitation of the SAS maps is the large amount of
data points that could be generated. Therefore, for large data
sets it is challenging the visual interpretation of the SAS maps.
To address this issue several strategies have been proposed
which are discussed below.

Density SAS maps

To aid in the visualization of the SAS and related maps three
major strategies have been developed: (1) categorical SAS
maps;*® (2) filtered SAS maps showing only the most relevant
data points (for instance, the ‘active pairs’ of compounds
defined as pair of molecules containing at least one active
compound in the pair) and, more recently (3) density SAS maps
that display the amount of data points using a continuous color
scale.”* Fig. 1 shows examples of ‘simplified’ SAS maps: cate-
gorical, filtered and density SAS map for a data set of 140
pyrimidine hydroxyl amide compounds tested with histone
deacetylase 1 (HDAC1). These compounds were synthesized and
tested as part of a program of optimization to find potent and
selective inhibitors of HDAC6, enzyme required for the forma-
tion of the aggresome and survival of cancer cells.” HDAC is
a major epigenetic target and the computational analysis of the
SAR can be regarded as part of the emerging research field of
Epi-Informatics.>® SAR analysis of HDAC inhibitors is particu-
larly useful for the treatment of proliferative diseases and
disorders by protein deposition, likewise, it is useful for probing
biological pathways. A full discussion of the SAR of HDAC
inhibitors is out of the scope of this Short Review that is focused
on ALM. Fig. S1 in the ESI} shows additional examples of
simplified SAS maps for a data set of 91 compounds tested
against the parasite Giardia intestinalis. Note that density SAS
maps provide better information regarding the general distri-
bution of the data points, though sacrificing the chance of
including information regarding the individual activity of any of
the compounds in the pair.

Several analyses have shown that the similarity cliff region is
one of the most populated for several data sets.’ Results of
Maggiora et al. further confirmed these observations analyzing
many data sets.”® This is also the case in the activity landscape
depicted in Fig. 1 and S1.f Density SAS maps have been
employed to analyze the ALM of 5a-alpha reductase inhibitors>*

RSC Adv., 2017, 7, 632-641 | 633
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Fig. 1 (A) General form of the structure—activity similarity (SAS) maps showing four major regions. Regions | and Il are associated with scaffold
hopping and smooth SAR, respectively. Region Ill does not provide relevant information and region IV indicates discontinuous SAR and activity
cliffs. Actual (B) and simplified SAS maps for a data set of 140 compounds tested with HDACL. (C) Categorical map showing the distribution of the
data point in each of the four quadrants of the SAS map; (D) filtered map displaying the ‘active regions’ of the landscape i.e., pairs of compounds
that contain at least one active molecular in the pair; and (E) density map that shows the amount of data points in each region using a continuous
color scale from purple color (more data points) to grey color (less data points). The simplified SAS maps are designed to aid in the visual

representation and interpretation of the SAS maps.
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and inhibitors of DNA metiltransferases (DNMTs), other major
epigenetic target.”*

Activity landscape sweeping

Activity landscape sweeping is a strategy recently developed to
‘clean’ the SAR/SMARt of a data set by filtering first the
compounds that are considered to analyze the landscape. An
approach is to classify the compounds by the types of molecular
scaffold* or the relative position in chemical space, to name
two criteria. Then, the ALM would be centered on the local SAR
of the filtered molecules. In a broad sense, activity landscape
sweeping is an approach to analyze local models of SAR/
SMARts. Despite the fact that such models are not general,
activity landscape sweeping gives rise to focused analysis of the
most interpretable areas of the activity landscape.

In order to illustrate the filtering of compounds before ALM,
i.e., activity landscape sweeping, Fig. 2 shows a visual repre-
sentation of the chemical space of a series of 140 pyrimidine
hydroxyl amide compounds synthesized and evaluated as
HDACS6 inhibitors. Two main clusters (A: circles, B: triangles)
are readily distinguished: compounds of cluster A correspond to
formulas IV-VIII described by Van Duzer et al while
compounds of cluster B correspond to formulas I-1II described
in the same work.” The main difference between these two
groups is the carbon attached to the nitrogen of 2-amino-N-
hydroxypyrimidine-5-carboxamide. In group A, this carbon is
tertiary, while in group B is primary or secondary. Representa-
tive chemical structures are shown in Fig. S2 of the ESI.}
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Fig. 2 Example of an activity landscape sweeping. Visual representa-
tion of the chemical space of the 140 inhibitors of histone deacetylase
6 (HDACS). The visualization was obtained by principal component
(PC) analysis of the similarity matrix computed with extended
connectivity fingerprint 4 (ECFP4). The percentage of variance
explained by each PC is indicated in the corresponding axis. Data
points are colored by the plCsg values of HDACG6 in a continuous scale.
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Activity landscape sweeping has been recently applied to
DNMT inhibitors®* and 5a-reductase inhibitors.> In both
instances activity landscape sweeping was used in conjunction
with SAS maps. This approach helped to ‘clean’ the landscape
and facilitated the visual analysis of the SAS maps. Activity
landscape sweeping has been used in conjunction with SAS
maps but could be implemented in combination with any other
ALM strategy such as Structure-Activity Landscape Index
(SALI)* or other methods.

SAS maps and PLIFS

Protein-ligand interaction fingerprints (PLIFS) are convenient
representations to capture protein-ligands contacts in
a systematic manner. PLIFS are at the interface of chemo-
informatics and molecular modeling® and have been designed
to ‘capture a 1D representation of the interactions between
ligand and protein either in complexes of known structure or in
docked poses’.”® Recently SAS maps have been adapted to
analyze structure-protein ligand interactions giving rise to the
protein-ligand interaction cliffs.”” These are defined as pairs of
compounds with high structure similarity, high protein-ligand
contact similarity but very different activity profile. That study
was conducted for a series of kinase inhibitors. In that work,
Méndez-Lucio et al. integrated PLIFS to a multi-target kinase
activity landscape analysis. Three data sets, containing the
crystallographic structure of the ligand bound to a kinase were
used. The authors employed three data sets, containing the
crystallographic structure of the ligand bound to a kinase.
Pairwise interaction similarity was assessed using PLIFs and the
Tanimoto coefficient, whereas twelve 2D and 3D molecular
descriptors were used to compute pairwise molecular similarity.
Pairwise structure-similarity analysis revealed no correlation
with interaction similarity in none of the data sets despite the
fact that the kinase ATP binding site is highly conserved. On
average, only 33% of the molecular pairs categorized as highly
similar showed similar interactions. This approach not only
provided structural information of activity cliffs but it also was
useful to identify hot spots in the target protein associated with
selectivity.””*®

Tuning ALM to get SMARt

In addition to SAS maps several other methods have been
developed for ALM analysis.'***?%3%3! For instance SALI, the first
index developed to rapidly identify activity cliffs, is calculated
with the expression:*®

|4i — 4]
SALI; = L
1 — sim(i, /)

where A; and 4; are the activities of the ith and jth molecules,
and sim(i) is the similarity coefficient between the two mole-
cules. Also, the research group of Bajorath has developed a large
number of approaches for ALM.'

Several of ALM methods have been adapted to handle
SMARt. For instance, a straightforward extension of SALI to
measure SMARt is replacing the numerator of the SALI with the
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Table 1 Examples of case studies of SMARt studies conducted with SAS-like maps
Study Major outcome (method) Major outcome (interpretation) Ref.
SMART of >50 benzimidazoles Dual activity difference maps with ‘Activity switches’ are introduced: 34 and 35
tested with T. vaginalis and G. fingerprint and sub-structure pairs of compounds where one
intestinalis representation small change in the structure is

associated with a different and

opposite change in the activity of

two biological endpoints
SMART of a series of purine analogs Triple activity difference maps The concept of structure-property- 14
screened against the cysteine activity (SPA) similarity in SAR
protease cathepsins studies are introduced. SPA maps

are analyzed to determine the extent

to which property similarities could

be applied to characterize SARs
SMART of compounds in PubChem Structure multiple Activity Bioassay activity landscape is 37

Similarity (SmAS) maps introduced to study the relationship

between the structure and

bioactivity profiles
ADMET analysis of 166 compounds ADMET property-activity pairwise Study of the range of ADMET 41
screened for kappa-opioid receptor similarity maps with ADMET property violations that arise from
activity descriptors and dimensional structural changes, subtle and

‘violation bit vector’ representing significant

SMART of 15 252 compounds SPID measure (Structure- Structure promiscuity index is 39

screened across 100 diverse

Promiscuity Index Difference)

introduced to identify the pairs of

proteins reported by Clemons
et al.*®

biological profile similarity of the compound pair computed
with the Tanimoto coefficient (giving rise to a Structure-
Multiple Activity Landscape Index).*> Representative case
studies of the adaptation of ALM to get SMARt are summarized
in Table 1 and discussed in the next sections.

SMARt with few biological endpoints

One of the first applications of SAS maps applied to analyze data
sets across more than one biological endpoint was the SMARt
exploration of more than 50 benzimidazole analogues tested for
their ability to inhibit the growth of the protozoa Trichomonas
vaginalis and Giardia intestinalis.*® A tool to analyze simulta-
neously the difference in activity data for both parasites was the
Dual Activity Difference (DAD) maps. DAD maps represent in 2D
changes in potency difference for two targets.** One of the major
outcomes of the DAD maps are ‘activity switches’ defined as
pairs of compounds where one small change in the structure is
associated with a very different but opposite change in the
activity for both biological endpoints. Activity switches have
been reviewed in detail.*® Triple-Activity Difference (TAD) maps
where developed later as a natural extension of the DAD maps to
analyze SMARts."

More recently, DAD maps were used to analyze systematically
the activity landscape of a series of 91 benzimidazoles tested
with the parasites T. vaginalis and G. intestinalis.>® In that work
the chemical structure of the 91 benzimidazoles was encoded
using a fragment-based approach that indicated the presence or
absence of six substituents around a common benzimidazole
nucleus. Using DAD maps, single and dual substitutions
around the benzimidazole scaffold were identified that were

636 | RSC Adv., 2017, 7, 632-641

compounds with high structure-
similarity but large activity
difference

associated with large changes in potency for each of the two
parasites. Furthermore, single and dual substitutions associ-
ated with large and opposite changes in activity for the two
parasites were found.**

To illustrate a DAD map, Fig. 3 shows a plot of a data set of
140 molecules tested as HDAC1 and HDAC6 inhibitors.”> As
reference, Fig. 3 also shows the corresponding SAS maps for
HDAC1 and HDACS. In general, the DAD map in Fig. 3 shows
that the larger amount of pairs of compounds are located in the
region Z5 of the plot (close to 68%), indicating that most of the
compounds show activity values very similar for both enzymes.
The pairs identified in the Z3 and Z4 regions (simple activity
cliffs) suggest that changes in the scaffold are more susceptible
to present changes in activity against HDAC1 compared with
HDACS6. The increased presence of pairs of compounds in the
Z1 region compared to Z2 region indicates that there is a greater
likelihood that the modifications affect the activity of both
enzymes in the same magnitude and direction.

SMARt with many biological endpoints

ALM have also been applied to analyze the SMARt of screening
collections tested across a large number of biological
endpoints. Different ALM methods have been used including
SAS maps. For instance, SAS maps were employed to analyze the
SMARt obtained from Pubchem.** In a proof-of-concept study,
Medina-Franco and Wadell analyzed the bioassay activity
landscape of 618 molecules tested across 244 confirmatory
bioassays. One of the particular challenges in that work was that
each bioassay in PubChem has its own specific definition of
active, inactive, or inconclusive. A second major challenge was

This journal is © The Royal Society of Chemistry 2017
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Fig. 3 Example of SAS and DAD maps of a data set of 140 compounds tested across two biological endpoints (HDAC1 and HDAC6). Each data
point represents a pairwise comparison. The table shows the interpretation and number and percentage of data points in each region of the map
for compound pairs.
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that not all 618 compounds were tested in all 244 bioassays. A
distinctive feature of the SAS-like maps proposed to address
those two challenges was the calculation of a pairwise bioassay
activity profile similarity (bAPS): for each of the 618 compounds
tested in any of the 244 confirmatory assays the bioassay activity
profile was represented as a multiset fingerprint encoding of the
activity data as follows: ‘active’ was set to ‘2’; ‘inactive’ as ‘1’;
inconclusive or not tested as ‘0’; the pairwise bAPS was calcu-
lated using the Tanimoto coefficient:**

Zn:min[mk(i%mk(j)]
k=1

bAPS(i,j) = =
Zmax[mk(i),mk(j)}
k=1

where bAPS(i,) is the bioassay activity profile similarity of the
ith and jth molecules, m(i) and my(j) are the activity encodings
of the ith and jth molecules, respectively, and 7 is the total
number of assays that the molecules were screened across. This
encoding of the activity data enabled the systematic structure-
and bioprofile activity similarity and identified bioassay activity
profile cliffs i.e., pairs of compounds with high structure simi-
larity but very different bioassay activity profiles.”

In a separate work Yongye et al. analyzed the ALM of a che-
mogenomics data set released by Clemons et al. The data set
contained more than 15 000 compounds from different sources
(commercial compounds, natural products and synthetic mole-
cules) that where screened across 100 sequence-unrelated
proteins.®® SMARt analysis using SAS maps led to the identifica-
tion of structural changes that differentiated highly specific from
promiscuous compounds. It was also concluded that, in general,
similar synthetic structures from academic groups showed
greater promiscuity differences than do commercial compounds
and natural products.* A characteristic metric employed in that
work was the Structure-Promiscuity Index Difference (SPID); for
each pair of compounds, the relationship between structure
similarity and the different number of proteins to which each
compound in the pair binds was computed using the expression:

|PXA - PXb}

SPID(X., %) = T % 3

where Py and Py are the number of proteins to which
compounds X, and X;, are bound and T,(X,,X;,) is the pairwise
Tanimoto structure similarities of both compounds. The SPID
metric is reminiscent of SALI (see above). Noteworthy, SPID
focuses on the change in the number of proteins bound asso-
ciated with a change in the molecular structure but does not
account for the specific proteins involved, such as the metric
‘binding profile similarity’.** In order to address the identity of
the proteins Yongye et al. also computed the pairwise binding
profile similarities employing the binary profile of each
compound as a 100-dimensional vector e.g., a pairwise Tani-
moto similarity. As such it was also analyzed the multiple-assay
profile SAR of the data set using the modified version of SALI:
Structure-Multiple Activity Landscape Index (vide supra).
Similar to activity landscape analysis with one biological
endpoint, the structural interpretation of SMARt with many
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biological endpoints would require further molecular modeling
studies with the three dimensional structures of the targets, if
available. An alternative is to incorporate three dimensional
molecular descriptors to describe the chemical structures. It is
particularly interesting to provide a further rationale of the
source of selectivity or promiscuity of the compounds.

Future directions

In principle, methods employed in ALM can be implemented to
explore the SAR or SMART of any screening data evaluated
across multiple biological endpoints. Moreover, several
methods can be extended to mine biological fingerprints.
SMART studies can be further extended to analyze properties
such as toxicity. In this regard, Austin et al. introduced ADMET
property-activity pairwise similarity maps to analyze the rela-
tionships between activity, structure and ADMET violations/
compliance with particular emphasis on determining struc-
tural changes that have a large impact on the ADMET
compliance.”

In drug discovery, big data is typically obtained from high-
throughput screening (HTS). HTS usually is conducted in two
general steps: assays at a single dose followed by confirmatory
assays at multiple doses. Despite the fact that biological assays
at single-dose concentrations have not been considered for
activity landscape analysis,” such assays do provide valuable
information that could be considered in preliminary activity
landscape studies. We propose that this is a relevant future
direction not only in ALM but in SMARt studies in general.

Pro-activity cliffs

Relevant regions in the activity landscape are analyzed using
high quality biological activity data that are obtained after
multiple-dose inhibition assays. Due to its rigorous determi-
nation, it has been proposed that only those values can be used
within the realm of ALM methods in order to minimize
errors.””** While the latter remains as the ideal case, there are
several cases where only single-dose biological activity data for
a given target is available. Herein is proposed that this data can
be used for a preliminary activity landscape analysis in order to
identify potential areas of interest and guide the next steps
towards the acquisition of high quality information. Thus,
identification of potential activity cliffs i.e., pro-activity cliffs is
valuable, as they can be prioritized for additional experimental
evaluation.

To temporarily address both the lack of multiple-dose/high
quality data and the error involved in the biological activity
measurement, the percentage of inhibition frequently obtained
at single dose evaluations can be distributed in different cate-
gories; for instance, potentially very active, active, inactive and
potentially very inactive. Integer indices can be assigned to the
different classes: e.g., an integer index of 1 for the least active
compounds and 4 for the most active ones. The limits of the
inhibitory activity can be fitted to the distribution of the data
set; e.g., those compounds with less than 25% of inhibition can
be regarded as potentially inactive (e.g., activity index of 1),

This journal is © The Royal Society of Chemistry 2017
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Fig. 4 Examples of pro-activity cliffs for a set of 106 compounds tested as inhibitors of DNMT3A.

while those with more than 75% inhibition can be considered
as potentially active compounds (e.g., activity index of 4). After
classifying activity data and generating a categorical structure—
activity similarity map, four horizontal zones can be defined as
the result of comparing the activity index: 0 (as the result of
comparing members of the same group), 1 (by comparing
members of one unit of difference in the activity index), and so
on. Thus, pro-activity cliffs can be defined as pairs of
compounds with high structure similarity where one is highly
probable to be active and the other is highly probable to be
inactive. To illustrate this point, an actual set of single-dose
activity data is exemplified for a group of inhibitors of DNA
methyltransferase 3A (DNMT3A); for a large number of
compounds, only percentages of inhibition obtained at single
dose are available (10 pM). Fig. 4 shows a categorical SAS map
for 106 compounds tested as potential modulators of DNMT3A.
The SAS map in this figure has 5565 data points; the x-axis
represents the pair-wise structure similarity computed as the
mean of the Tanimoto similarity values computed with

This journal is © The Royal Society of Chemistry 2017

Extended Connectivity Fingerprints (radius 2) and MACCS keys
(166 bits). The y-axis represents the four regions defined by the
difference of the activity indices. The vertical dashed line is
marked in the 3™ quartile of the pair-wise mean similarity
values of the data set (mean similarity of 0.41). In Fig. 4 upper
right quadrant identifies the pro-activity cliffs. The same figure
illustrates three specific examples of pro-activity cliffs. As shown
in Fig. 4, the three pairs of compounds show a remarkable
resemblance, and a high difference in their inhibition activities.
For instance, the only structural difference in pro-activity cliff
“III” is a hydroxyl group. Further multiple-dose testing would
confirm or not the status of the potential activity cliffs.

Concluding remarks

ALM is a quantitative approach to analyze systematically SAR of
compound data sets. In many drug discovery programs
compound data sets are screened against two, three or many
more biological endpoints. To rapidly mine the usually large
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data generated, ALM have been adapted to analyze the associ-
ated SMARt. Among ALM approaches, SAS maps have evolved
rapidly to address the increasing need of analyzing SMARt. To
date, several successful applications have been reported
including the analysis of SAR, SMARt and protein-ligand
interaction cliffs. As part of the development of the SAS maps,
a number of metrics and visualization approaches have been
developed. Since SMARt analysis usually involves analysis of
large amount of data, getting smart in drug discovery may
require using information available in large screening
campaigns that include incomplete chemogenomics data sets
or activity data obtained at single concentrations. Bioactivity-
profile similarity, activity landscape sweeping and pro-activity
cliffs are examples of recently proposed concepts to advance
the SMARt analysis in drug discovery. One of the major
perspectives in the field is to incorporate the principles of
quantum mechanics to refine the SMARt models and further
improve their applicability in drug discovery projects.
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Abstract. Inhibitors of DNA methyltransferases 3A and 3B (DN-
MT3A/3B) are promising candidates for the treatment of cancer and
other diseases. Selective inhibitors of DNMT3A/3B are also attractive
as small-molecule probes. During the past few years has increased sig-
nificantly the research towards the development of DNMT1 inhibitors.
However, there are no reviews of the recent progress in the develop-
ment of small-molecule inhibitors of DNMT3A/B. Herein we review
the status of inhibitors of DNMT3A/3B with emphasis on computa-
tional guided approaches. We discuss in a critical manner compound
databases containing structure-activity information, crystallographic
structures of DNMT3s, structure-guided studies, and virtual (in silico)
screening coupled with experimental validation that have led to the
identification or development of selective inhibitors. Perspectives in
the field are also discussed.

Keywords: Drug discovery; Epi-informatics; epigenetics; DNA meth-
yltransferase; structure-activity relationships.

Resumen. Inhibidores de metiltransferasas de ADN 3Ay 3B (DNM-
T3A/3B) son candidatos prometedores para el tratamiento de cancer y
otras enfermedades. Inhibidores selectivos de DNMT3A/3B también
son atractivos como moléculas sonda. En los Gltimos afios se ha incre-
mentado el desarrollo de inhibidores de DNMT1. Sin embargo, no hay
trabajos de revision que abarquen el desarrollo de inhibidores de DN-
MT3A/3B. En este trabajo se revisa el estado actual de la investigacion
de inhibidores de DNMT3A/3B con énfasis en las estrategias guiadas
por métodos computacionales. Se discuten en forma critica bases de
datos moleculares que contienen informacion de relaciones estructu-
ra-actividad, estructuras cristalograficas de DNMT3s, estudios guia-
dos por la estructura y estudios de evaluacion virtual unidos a
caracterizacion experimental para la identificacion de inhibidores se-
lectivos. También se discuten perspectivas en este campo.

Palabras clave: Descubrimiento de farmacos; Epi-informatica; epige-
nética; ADN metiltransferasa; relaciones estructura-actividad.

1. Introduction

DNA methylation is one of the many epigenetic modifications
associated with genetic expression in higher eukaryotes, regu-
lating the processes of DNA transcription and peptide synthesis
due to chromatin remodelling. The covalent modification is
attributed to the catalytic action of DNA methyltransferases
(DNMTs) [1], enzymes which can either promote de novo
methylation (DNMT3A and DNMT3B) or maintenance methy-
lation (DNMT1), following DNA replication. To date, only
these three types of DNMTs with catalytic activity have been
identified in the human genome [2], whereas the fourth type,
namely DNMTS3L, is a highly homologous nuclear protein that
lacks the amino acid residues required for catalytic activity.
Regular function of DNMTs enzymes are crucial for DNA
methylation in both cellular development and mitosis. Howev-
er, overexpression of DNMTSs can lead to aberrant methylation
patterns [3], which have been associated with many cancer
types including lung, colorectal, prostate, breast, cervical and
pancreatic cancer, among others [4-6]. Experimentally, it has
been observed that DNMT inhibition reactivates silenced

(hypermethylated) genes, particularly tumor-suppressor genes
[7]. Hence, DNMTs are promising biological targets for the de-
sign of anti-cancer agents. Also, DNMTSs are becoming relevant
targets in the pathology of other diseases such as diabetes, obe-
sity [8], Alzheimer’s disease [9], and other central nervous sys-
tem disorders [10].

De novo methylation is the main activity of the DNMT3A
and DNMT3B enzymes [11], enabling key epigenetic modifica-
tions essential for processes such as cellular differentiation and
embryonic development, transcriptional regulation, heteroch-
romatin formation, X-chromosome inactivation, imprinting,
and genome stability. Albeit very similar in structure, these two
enzymes appear to have different roles in mammals [12].

In 2015 Medina-Franco et al., reviewed inhibitors of DN-
MTs with emphasis on inhibitors of DNMTL1. In that work,
the authors discussed different in-silico studies used in the
development of DNMTs. Examples of techniques discussed
were molecular docking, virtual screening, pharmacophore
model, molecular dynamics, and similarity searching [13]. In
2016 Prieto-Martinez, et al. discussed advances in computa-
tional approaches applied mostly to DNMT1 [14]. However,
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there are no reviews focused on the computational develop-
ment on DNMT3A and 3B inhibitors. This is because the de-
velopment of inhibitors of DNMT3A and DNMT3B has been
slower. In this work, we summarize recent developments of
small molecule inhibitors of DNMT3A and 3B as potential
therapeutic agents or molecular probes. The review focuses
on the role of computational methods that have contributed to
such developments.

2. DNMTs: structure and mechanism

Mammalian DNMTs have a high level of homology, possess-
ing a large N-terminal region of variable size and a C-terminal
catalytic portion. Whereas the N-terminal region encodes reg-
ulatory functions, the C-terminal region is involved in both
cofactor binding and substrate catalysis. These enzymes rely
on S-adenosyl-L-methionine (AdoMet or SAM) as a methyl
group donor and contain several highly conserved structural
features such as the SAM binding pocket, the DNA-cytosine
binding pocket, and a vicinal proline-cysteine pair important
for the reaction mechanism. However, there are structural dif-
ferences between DNMTs: while DNMT1 relies on its N-ter-
minal domain [15] to recognize hemimethylated strands (hence
its function in maintaining the methylation status), DNMT3A
and DNMT3B do not show any preference about the methyla-
tion status of the DNA, rendering them as de novo transferases.
The 3D coordinates of DNMTs with different domains have
already been deposited in the Protein Data Bank (PDB) [16].
Based on the structural information, mostly obtained from
X-ray crystallography, it is plausible to consider at least three
types of inhibitors, namely; (a) molecules binding in the
co-factor binding pocket (allosteric inhibition), (b) molecules
binding in the DNA binding pocket (competitive inhibition),
and (c) molecules interacting directly with the catalytic cyste-
ine (irreversible inhibition). Fig. 1 shows the catalytic domains
of DNMT3A and DNMT3B. For illustration purposes, this

figure shows the DNA-binding domain of human and bacteria
DNMT3A and 3B, respectively.

3. Modulators of DNMT3A and DNMT3B

In order to explore the chemical space of the current inhibitors
a molecular database of inhibitors of DNMT3A and DNMT3B
was assembled following a previously published protocol [17].
Six public databases and two sources of scientific literature
were explored. The public databases explored were (1) ChEM-
BL [18], (2) Therapeutic Target Database (TTD) [19], and (3)
ChEpiMod [20] using the query text’DNMT3A’ or ’'DNMT3B’;
(4) HEMD [21] with the information located in the enzyme
browser, option DNA and submenu DNA (cytosine-5)-methyl-
transferase 3A or 3B; (5) Binding Database [22] searching in
the 1C5, menu, submenu DNA methyltransferase A or B; and (6)
ChromoHub [23] clicking on DNMT, option ‘browse inhibi-
tors’. To retrieve additional compounds not reported in those
public databases, we also reviewed the scientific literature using
Web of Science (webofscience.com) and Chemical Abstracts
(scifinder.cas.org). After data curation, 269 unique structures
with reported activity were identified. It was found that ChEM-
BL, HEMD and Chemical Abstracts contained the information
provided by the other chemical databases, therefore only these
three sources are shown in Table 1. The analysis of the database
allowed the identification of two classifications of inhibitors:
(a) nucleosidic or (b) non-nucleosidic. Fig. 2 shows representa-
tive chemical structures of molecules that have been proposed
as nucleoside and non-nucleoside inhibitors.

Chemoinformatic tools enable the management and min-
ing of the chemical information in compound databases [24].
Computer-assisted molecular design methods have been used
to calculate the distribution of molecular properties of inhibi-
tors of DNMT1 [17,25]. Therefore, it is warranted the chemo-
informatic analysis of modulators of DNMT3A/3B. These
analyses contribute to the ongoing effort of charting the epigen-
etic-relevant chemical space (ERCS) [25].

Fig. 1. Catalytic domains of DNMT3A (yellow, PDB ID: 2QRV) and DNMT3B (blue, PDB ID: 5CIY). The electrostatic molecular surface shows
the DNA-binding domain. The reduced cofactor SAH is shown in both structures.
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Table 1. Sources to build the database of inhibitors of DNMT3.

Source type Database Compounds
Public database ChEMBL 83
Public database HEMD 25
Literature search Chemical Abstracts 161
Total number of unique compounds 269

Fig. 2. Chemical structures of selected DNMT3 inhibitors (DNMTi) and other compounds associated with hypomethylating properties. Represen-
tative compounds in this figure are roughly classified as A) nucleosidic and B) non-nucleosidic inhibitors.
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4. Role of computational methods towards
the development of DNMTs

Computational methods have become a corner stone in the de-
velopment of bioactive compounds [26]. The in silico develop-
ment of inhibitors of DNMT is not exception as demonstrated
by the emerging ‘Epi-informatics’ field [27]. Computer-aided
approaches can be divided in two major groups depending on
the experimental information used. Structure-based approaches
rely on the availability of three-dimensional information of the
molecular target, whereas the ligand-based approaches depend
mostly on the structure-activity information of small molecule
modulators. In this section, we discuss the progress on compu-
tational studies towards the development of DNMT3A/3B in-
hibitors. Several methods can be classified as structure-based
methods but representative ligand-based approaches have been
developed as well.

4.1 Structure-based analysis of modulators
of DNMT3A/3B

As of December 2016, the PDB contained 15 structures associ-
ated with DNMTs enzymes of Homo sapiens: 12 for DNMT3A
and three for DNMT3B (Table 2).

A number of studies have employed the structure of DN-
MT3A (PDB ID: 2QRYV, 4U7P, 4U7T) as a starting point for the
construction of a complex between DNMT3A and SAH [13,28-
31]. Furthermore, several authors have reported homologous
structures of DNMT3B obtained from genetic modifications of
the structure of DNMT3A. This is because there is no report

of a crystallographic structure that includes the catalytic do-
main of human DNMT3B [31-35]. These studies highlight the
relevance of a set of amino acids such as Ser, Gly, Glu, Cys,
Pro, Lys and Arg, showing the affinity of inhibitors against DN-
MT3B [30,33,36].

Erez-Rechavi et al. recently reported a clinical study cou-
pled with a bioinformatics analysis in which expressed a muta-
tion in the protein structure of DNMT3B. It was found that the
structural constraints of Ala585 prevent the structure from un-
dergoing mutations or changes in amino acids largely because
this alanine residue has a small size. The small number of mu-
tations in this region retains its high degree of structural simi-
larity, which optimizes the binding site of the cofactor and the
catalytic efficiency [37].

In 2014 Sheng-Chao et al., reported that antroquinonol D,
a ubiquinone derivative, may act as a selective DNMT1 inhibi-
tor. In the study, a docking model of antroquinonol D with
DNMT1 was superimposed with a crystallographic structure of
DNMT3A and with a model structure of DNMT3B. It was ob-
served that antroquinol D could not fit in the cavity of binding
site of DNMT3B. These results provided a rationale of the ob-
served low inhibition of antroquinol D in DNMT3B [35].

In a different study, Kuck et al. also overlapped the struc-
tures of DNMT1 and DNMT3B and found that the GIn89 resi-
due in DNMT1 is located towards the interior of the binding
site, while the corresponding residue in DNMT3B (Asn652) is
located about 4 A outside the binding pocket. Authors of that
work concluded that GIn89 acts as a hydrogen bond donor
available to bind to inhibitors. In contrast, in the DNMT3B ac-
tive site this hydrogen bonding interaction is absent [32]. Com-
binations of structural domains of DNMTs have been reported

Table 2. Crystallographic structures of human DNMT3A and 3B available in Protein Data Bank.

Resolution

Structure Domain PDB ID Co-crystal ligand A

DNMT3A-DNMT3L C-terminal 2QRV SAH. 2.89
DNMT3A ADD 3A1A EDO, Zn. 2.30
DNMT3A ADD with histone H3 3A1B EDO, Zn. 2.29
DNMT3A PWWP 3LLR BTB, SO4. 2.30
DNMT3AK47me2 MPP8 3SVM MLY. 2.31
DNMT3AK44me2 GLP-SET 3swcC MLY, SAH, Zn. 2.33
DNMT3AK44me0 GLP-SET 3SW9 SFG, Zn. 3.05
DNMT3A-DNMT3L ADD 4U7P SAH, Zn. 3.82
DNMT3A-DNMT3L ADD with histone H3 4U7T SAH, Zn. 2.90
DNMT3A ADD bound to H3 40BQ Zn. 2.41
DNMT3A ADD G550D bound H3 40QBR Zn. 1.90
DNMT3A ADD E54SR bound H3 4QBS S04, TPO, Zn. 1.80
DNMT3B PWWP 3FLG 1.80
DNMT3B PWWP 3QKL BTB, SO4. 2.04
H3K36me3-DNMT3B PWWP 5CIU GOL, M3L. 2.24

SAH (S-Adenosyl-L-Homocysteine), EDO (Ethylene glycol), Zn (Zinc ion), BTB (Bis-Tris Buffer), SO4 (Sulfate ion), MLY (N-Dimethyl-
lysine), SFG (Sinefungin), TPO (Phosphothreonine), UNX (Unknown Atom or ion), GOL (Glycerol), M3L (N-Trimethyllysine).
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that emphasize the importance of arginine residues in the inter-
action of DNA with DNMT3A [38].

4.2 Molecular docking and dynamics

The study of active DNMT3A and DNMT3B inhibitors using
molecular docking has helped to explore, at the molecular lev-
el, the protein-ligand interactions associated with compound
affinity and, in some cases, selectivity.

Induced-fit docking (IFD) has been conducted with DN-
MT3A focusing the analysis on the binding site of the cofactor
SAH. The results have shown that inhibitors could occupy the
binding site of the cofactor SAH [13,29,31,39]. In particular,
hydrogen bonds are formed in the catalytic site between ligands
and Val754, Phe636, Thr641, Glu660, Val661, Val683, Arg684,
Ser704, Cys706, Asn711, Leu726, Glu752, Arg883, Leu884,
and Arg887 [29,39]. Some of these interactions are like those
observed with SAH and Arg684, Thr641 y Glu660.

Fahad-Aldawsari et al. performed a docking study of res-
veratrol analogues with DNMT3B. Authors concluded that the
synthetic analogues of the natural product exhibited n-n type of
interactions with Trp889 and Trp834 in DNMT3A and DN-
MT3B, respectively [30] and hydrogen bonds interactions with
the amino acids of the pocket: Ser111, Gly112, Arg157, Arg193,
Pro650, Gly697, Arg731, Arg733, Lys828, Gly831, Arg832 and
Cys651. In particular, the hydrogen bond with the catalytic
Cys651 could prevent nucleophilic attack of cysteine to the tar-
get cytosine. The authors discussed that these hydrogen bonds
play a key role in the stabilization of the protein-ligand com-
plex, which could suppress the function of DNMT3B [30,32,33].
Fahad-Aldawsari et al. showed that, in the presence of the co-
factor, resveratrol analogues make interactions with the catalyt-
ic cysteine Cys706, Glu752, and Arg788 in DNMT3A; and
with Cys651, Glu697 and Arg733 in DNMT3B. The binding
energy calculated with docking for resveratrol analogues were
favored for DNMT3A and DNMT3B but not for DNMTL. This
result was in agreement with the observed experimental selec-
tivity [30].

The presence of water molecules in the binding site of the
cofactor seems to play an important role. To further investigate
the role of water molecules, molecular dynamics have been re-
ported allowing optimizing the selectivity and binding affinity
of the hit to lead molecules against DNMTs. Evans et al., point-
ed out that the conformational entropy of proteins increases the
binding affinity of DNMT with its cofactor which is assisted by
SAM. When the structure of the protein becomes rigid, the en-
tropic contribution of the cofactor decreases [34].

Caulfield et al. reported a molecular dynamics study of the
inhibitor nanaomycin A (Fig. 2) with DNMT3B. The study of
nanaomycin A was performed in the presentence and absence
of the cofactor SAM. The energy profiles showed less stability
for the complexes without SAM (not interactions with water
molecules) in contrast to those simulations performed in the
presence of SAM. Authors also concluded that in the SAM-DN-
MT3B complex the presence of water molecules favor binding
of nanaomycin A with the thiol group of Cys651. Nanaomycin

Oscar Palomino-Hernandez et al.

A also exhibited interactions with the amino acids Arg731,
Arg733, Arg832, and Cys651 [36].

4.3 Virtual screening

Virtual screening of chemical libraries, followed by experi-
mental validation of hit compounds is a technique commonly
used in drug discovery. Virtual screening has been used to
identify hit molecules that directly or indirectly have led to the
identification of inhibitors of DNMT3A/3B. For instance,
Kuck, et al., reported a virtual screening of a collection of
more than 65,000 compounds from the National Cancer Insti-
tute [32]. For that study, authors used lead-like filters and mo-
lecular docking. One of the hit compounds was later used as a
starting point of a hit optimization program reported few years
later by Kabro et al., These authors developed two new com-
pounds 49 and 50 (using the labeling in the original papers),
analogous of the virtual screening hit NSC319745 (Fig. 2) as
inhibitors of DNMT3A [40].

Maldonado-Rojas et al. performed a virtual screening of
natural products in three main steps: (1) QSAR based on Linear
Discriminant Analysis (LDA), (2) molecular docking, and (3)
cluster analysis. Six natural products with new scaffolds were
selected as virtual DNMTi hits: 9, 10-dihydro-12-hydroxygam-
bogic acid, phloridzin, 2, 4-dihydroxychalcone 4-glucoside,
daunorubicin, pyrromycin, and centaurein (Fig. 3). Experimen-
tal testing of the hit compounds is warranted [39].

The increasing amount of structural data available for the
catalytic domain of human DNMT3A/3B encourage the contin-
ued identification of novel inhibitors using structure-based vir-
tual screening of compound databases followed by experimental
testing.

4.3.1 Ligand-based virtual screening
Ligand-based virtual screening can be used to select series of
molecules or compounds that have shown activity against a re-
ceptor target. In order to identify new inhibitors of DNMT3A,
Shao et al., performed an analogous search using ligand-based
virtual screening of the SPECS database. Compound 40 (using
the labeling in the original papers, Fig. 2) was used as refer-
ence. Pharmacophore-based mapping and molecular docking
were combined to conduct the search. Two compounds 40_3
and 40_8 (Fig. 2) were identified as effective inhibitors [31].
In an independent study, Méndez-Lucio et al., conducted
three-dimensional similarity searching using NSC14778 (Fig.
2) as reference. Authors identified olsalazine (Fig. 3) as an ex-
perimentally validated hypomethylating agent with potential to
be an inhibitor of DNMT. The later because of its high structur-
al similarity compared to NSC14778 [33]. It remains to conduct
the enzymatic inhibition assays to test if this approved anti-in-
flammatory drug is selective towards DNMT3A and/or 3B [33].

4.4 Structure-activity relationships (SAR)

Quantitative approaches have been used to identify descriptors
associated with the activity or specificity of compounds. For
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Fig. 3. Computational hits with potential inhibitory activity of DNMTs.

instance, as commented above, Maldonado-Rojas et al. per-
formed a QSAR study based on LDA to select natural products
with putative activity against DNMTs. For that study, authors
selected a total of 47 compounds dividing them into a training
and test sets. Six different types of molecular descriptors, calcu-
lated with the software Dragon 5.5, were included in the model:
information index (S1C2), 3DmoRSE descriptor (Mor13m), 2D
autocorrelation (GATS5m), Randi”c molecular profile (SHP2),
topological descriptor (ZM2V), and atomic centered-fragment
(H-047). The QSAR model had a R= 0.94, Q= 9.9, F(6,25)=
16.262 and p < 0.00001 [39]. The model was later used to pre-
dict the activity of new compounds with potential active mole-
cules (vide supra). Overall, it is anticipated that the increasing
amount of structure-activity data published for DNMT3A/3B
(Table 1) can be used to continue developing quantitative mod-
els to explore SAR.

5. Conclusions and future directions

In the past few years, there has been a significant upsurge in
information correlating the structure and function(s) of DNMT3
enzymes, with the structure-activity relationships defining the
potency and selectivity for DNMT3A and DNMT3B inhibitors.

Some of this information is publicly available in several data-
bases, including the Protein Data Bank and small-molecule da-
tabases such as ChEMBL, Binding Database, and other
epigenetic-specific databases such as ChromoHub and Human
Epigenetic Enzyme and Modulator Database. Consequently,
the complexity associated with the analysis of large sets of data
on the wide variety of DNMT3A/3B inhibitors requires the
chemoinformatic characterization of the chemical space, in-
cluding the quantification of its structural diversity. This effort
will continue to expand the characterization of the ERCS that
has been already started [25]. Structural data of DNMT3 is a
key component in the computational-assisted design of inhibi-
tors of DNMT3A/B. The combination of computational screen-
ing, with medicinal chemistry-guided optimization and
experimental validation, has led to the identification of novel
and specific inhibitors of DNMT3. These inhibitors may be
promising candidates for the therapeutic treatment of a number
of diseases, including cancer, or as molecular probes. It is antic-
ipated that the increasing amount of SAR data will speed up the
development of new and more specific inhibitors. It is also ex-
pected that the increasing amount of SAR will favor the devel-
opment of qualitative and quantitative models such as activity
landscape models and QSAR predictive models.
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Abstract

DNA methylation is an epigenetic mechanism mediated by a family of the enzymes
DNA methyltransferases (DNMTs): DNMT1, DNMT3A and DNMT3B. These enzymes
are emerging targets for the treatment of cancer and other diseases. Over the
past few years several inhibitors of the three enzymes have been reported.
Herein, we present a comprehensive chemoinformatic characterization of data
sets of inhibitors of DNMT1, DNMT3A and DNMT3B assembled in this work.
The compound data sets were analyzed in terms of physicochemical properties,
structural fingerprints, and molecular scaffolds. As part of the characterization,
a scaffold enrichment analysis was performed as well as visual representation of
the chemical space. It was found that inhibitors of DNMT1 are the most diverse
covering a broad area of the chemical space. Scaffold diversity analysis showed
that inhibitors of DNMT1 and DNMT3A have a larger number of molecular scaffolds
as compared to DNMT3B. It was also concluded that for all inhibitors there are
molecular scaffolds enriched with active molecules and thus represent promising
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Introduction

DNA methylation has been identified as a key epigenetic
modification responsible for several biological processes including
cell differentiation and development, DNA instability, and cancer
development [1]. Aberrant methylation patterns are involved in
tumor transformation and progression, thus indicating that these
epigenetic disruptions are associated with tumorigenesis [2]. This
methylation patterns are not stochastic, as they tend to silence
tumor suppressor genes. Thus, inhibition of these abnormal
methylation levels has been sought as a strategy to reactivate
tumor suppressor genes [3,4].

DNA methylation is carried out by DNA-methyltransferases
(DNMTs), whichdonateamethylgroupfromS-adenosylmethionine
(SAM) to the fifth position of cytosine [5]. The enzymes DNMT]1,
DNMT3A and DNMT3B possess this catalytic ability in mammals
[6]. In particular, DNMT1 is responsible for methylating partially
methylated DNA strands and thus this it is responsible for
DNA-methylation maintenance, whereas DNMT3A and DNMT3B
participate in both maintenance and de novo DNA methylation [7].

Avenida Universidad 3000, Mexico City 04510,
Mexico.

Citation: Franco JLM, Hernandez OP (2017)
Comparative Cheminformatic Analysis of
Inhibitors of DNA Methyltransferases. Chem
Inform Vol. 3 No. 2:4.

As of now, the most attractive approach for treating
hypermethylation-based cancer is the inhibition of DNA methyl
transferases [4,8]. To date, the Food and Drug Administration of
the United States has approved two drugs that target DNMTs:
azacitidine and decitabine, both for myelodysplastic syndromes
[9]. However, these drugs act as covalent inhibitors and are
associated with several unwanted effects. Therefore, the design
and development of non-covalent DNMT inhibitors is still on the
rise [4,10].

Previous studies of the chemical space of epigenetic compounds have
been performed[11,12]. However, these studies do not delve further
into the molecular differences between the three DNMTs. Moreover,
several inhibitors of DNMTs have been recently published and there
are not comparative studies regarding their chemical structures
and properties. Herein, we report a comprehensive cheminformatic
characterization of compound data sets with inhibitors of DNMT1,
DNMT3A, and DNMT3B. The characterization was based on
physicochemical properties of pharmaceutical relevance, molecular
fingerprints, and molecular scaffolds.

© Under License of Creative Commons Attribution 3.0 License | This article is available in: http://cheminformatics.imedpub.com/



Methods

Data sets

A compound database of inhibitors for all three DNMTs was
assembled by collecting information from ChEMBL [13],
BindingDB [14] and HEMD [15]. Additional searching was done in
Web of Science and SciFinder focusing on papers published from
2010 to the time of writing (November 2017). The curation of
the datasets was performed in Molecular Operating Environment
(MOE) using a published protocol [16,17]. Briefly, a linear notation
canonical structure (InChl and SMILES) was obtained for each
molecule. Then, molecules were prepared by keeping the largest
molecular fragment, removing metals, neutralizing protonation
states, and removing duplicates. For identical compounds with
close but different activity values, the mean activity value was
kept. After data curation, the data sets had 351 unique molecules
for DNMT1, 192 for DNMT3A and 86 for DNMT3B.

Several compounds reported for DNMT3A and DNMT3B only
had annotated percentages of inhibition. To be able to compare
different activity measures, a manual binning of continuous data
was performed based on a heuristic criterion: compounds were
distributed into four classes (numbered 1-4) as follows: potentially
very active, active, inactive, and potentially very inactive. For this
analysis, the boundaries were: class 4 if the pIC, was larger than
5.5, or inhibition value was larger than 75%; class 3 if the pIC,
was larger than 5, or inhibition value was larger than 50%; class 2
if the pIC,, was larger than 4, or inhibition value was larger than
25%; and class 1 if the pIC,, was lower than 4, or inhibition value
was lower than 25%.

Distribution of relevant chemical properties

Relevant chemical descriptors were computed using MOE and R
Core Team utilities [18] in RStudio [19]. Six molecular properties
of pharmaceutical interest were computed [20,21]: partition
coefficient octanol/water (logP), rotatable bonds (RB), hydrogen-
bond donors (HBD), hydrogen-bond acceptors (HBA), topological
polar surface area (TPSA), and molecular weight (MW). Six
additional topological descriptors were calculated: Plane of Best
Fit, globularity, fraction of sp® carbons, mass density, radius of
Gyration and Wiener Index. For most of these descriptors, a low-
energy conformation was used. Data visualization was done using
RStudio.

Statistical analysis: The statistical comparison of the descriptors
was carried in RStudio with R Core Team and the lawstat,
PMCMR, and dunn.test packages. The statistical analysis were
a Shapiro test to determine normality of distributions, a Levene
test for the evaluation of heteroskedacity of the descriptors, a
Kruskal-Wallis test as a non-parametric ANOVA, and Dunn test
for post-hoc testing. To assess the impact of heteroskedacity
of the distribution of chemical properties, the variance of the
distributions for the three libraries was obtained.

Correlation analysis: In order to analyze if the tendency among
descriptors is constant within the library, a correlation analysis for
detecting subtle differences was used. The correlation between
two descriptors X, and X, was computed using the Pearson
product-moment correlation coefficient. For this analysis, the
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three compound data sets were divided into active and inactive
subsets. A correlation analysis was performed generating a
correlation matrix for each subset. A Hadamard product was
performed for the two matrices, obtaining a matrix with r? value
for each correlation.

Fingerprint-based diversity

The similarity for all pair of compound in a database was computed
using three distinct molecular fingerprints: Molecular Access
System (MACCS) keys, Extended Connectivity Fingerprints (ECFP,
radius 4), and PubChem fingerprints. The similarity coefficient for
fingerprint comparison was the Tanimoto/Jaccard index [22]. The
distribution of the similarity values was analyzed with cumulative
distribution functions (CDF).

To analyze inter-set similarity, the similarity of a compound in a
given set was computed against all the compounds in the other
set. The mean and maximum similarity values were recorded and
multi-fusion similarity maps [23] were generated.

Scaffold content and diversity

Using the Bemis and Murcko's approach [24] the side chains from
the molecules were removed and the molecular scaffold for each
molecule was obtained. A unique identifier for each scaffold was
assigned with RStudio.

Scaffold enrichment

The molecular scaffolds present in each of the three data sets
were classified in terms of their intrinsic activity. Considering a
given data set C with n elements and with A different scaffolds
(chemotypes), the intrinsic activity for the A-th specific chemotype
C,was calculated as [25]:

™

Act[C,]= iZ:[Activity Index]_

A =1 i

where n, is the number of molecules included in the chemotype
A

The background activity of the data set C was calculated as:

Act[C]= %X[Activity Index|

i=1 i
where n is the total number of compounds in the set.
The enrichment factor (EF) for the A-th specific chemotype was
then calculated as:

EF[CA]:%[%]]

EF indicates how many times a scaffold A is more active than the
mean activity of the compound data set. Thus, scaffolds high EF
values are attractive for drug discovery.

Visual representation of chemical space

Visual representations of the chemical space were performed
using principal components analysis (PCA) and self-organizing

This article is available in: http://cheminformatics.imedpub.com/



maps (SOMs). Preprocessing of the data was performed using
the caret package in RStudio. The visualization of the first PCs
and the respective loadings was performed in RStudio with the
ggplot2 package. The features used for these methods were the
computed chemical descriptors and molecular fingerprints.

Results

Data set creation and curation

Table 1showsthedistribution of the activityvalues of thethreedata
sets e.g., inhibitors of DNMT1, DNMT3A, and DNMT3B. Results in
Table 1 indicate that, in general, more active compounds have
been identified for DNMT1 as compared to DNMT3A and 3B (e.g.,
larger number of compound in activity class 4). This result may
be related to the larger number of compounds developed for
DNMTL1.

Distribution of relevant chemical properties

Figure 1 shows the distribution of the six properties of
pharmaceutical relevance (log P, RB, HBD, HBA, TPSA, and
MW). The distributions are shown as a combination of boxplots
and violin plots. The figure suggests that the sets of inhibitors
of DNMT1 and DNMT3A have similar distributions of HBD and
HBA, while DNMT3B has slightly higher values. All sets have
comparable distributions of RB. Compounds in the DNMT3B set
are slightly less lipophilic (lower logP values) than the other two
sets. Regarding TPSA, inhibitors of DNMT1 cover a large range of
values, while inhibitors of DNMT3A are centered near the mean of
the distribution. The median TPSA values for DNMT3B inhibitors
is higher than for the other two sets. Figure 1 also indicates that
all three data sets have comparable distribution of MW.

Figure 2 shows the distribution of selected topological descriptors.
Some of the topological descriptors showed small differences
between the data sets, as illustrated by the distributions of
Plane of Best Fit Index and Globularity. It appears that inhibitors
of DNMT3A tend to have a larger volume, as evidenced by the
higher values of radius of gyration, Wiener index, and lower
mass density. Inhibitors of DNMT3B tend to have higher values of
fraction of sp* atoms than the other sets.

The distribution of the molecular properties was also analyzed
considering the four activity classes of each set. For DNMT1, active
compounds tend to have higher values of HBD. For DNMT3A,
the inactive compounds tend to have lower values of HBD while
the actives have larger values of HBA, RB, log P, and MW. For
DNMT3B, the most active compounds tend to have higher values
of HBA, HBD, RB, MW and TPSA. Also, the most active compounds
are less lipophilic with lower values of log P.

For most topological descriptors there was no relevant difference.
Overall, inactive compounds tend to have higher values of
globularity and fraction of sp® atoms that the other data sets.
Some topological descriptors also show that active compounds
for DNMT3B have a high Wiener Index, high mass density, a high
fraction of sp® carbons, and a high radius of gyration.

Statistical analysis: Only the distribution of MW for DNMT1, RG for
DNMT3B, and PBF for DNMT3A and DNMT3B had p-values larger
than 0.05, indicating that most of the distributions of chemical

© Under License of Creative Commons Attribution 3.0 License
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descriptors for the three enzymes deviate from normality. The
Levene test indicated that only RB, MW, PBF and Glob could
be considered as having similar variances, rendering the other
distributions of descriptors as heteroskedastic, but without
high heteroskedastic effects (see Methods). The Kruskal-Wallis
analysis indicated that only MW and Glob had similar ranks for the
three proteins. The post-hoc Dunn test indicated that between
DNMT1 and DNMT3A only HBA and HBD were comparable,
while for DNMT1 and DNMT3B Wiener Index and RG had larger
p- values than 0.05. Comparing DNMT3A and DNMT3B, only PBF
had similar ranks. These results suggested that, in general, the
distributions of chemical properties of the three data sets show
significant differences.

Correlation analysis: For the three data sets of inhibitors of
DNMT1, 3A and 3B compounds were considered active if they
had an activity index of 3 or 4, and inactive otherwise. The results
of the correlation analysis indicate that the DNMTs show different
tendencies between active and inactive subsets in several
chemical descriptor. In particular, HBD and radius of gyration
showed negative correlation between active and inactive subsets
of DNMT3A and DNMT3B, which indicates that this descriptor
pair is able to discriminate between active and inactive molecules.
For the cross-correlation, HBD and Wiener index were able to
distinguish active subsets of DNMT1 and DNMT3A.

Fingerprint-based diversity

Intra-set comparisons: Figure 3 shows the CDF of the pairwise
similarity for all the compounds in the DNMT1, 3A, and 3B sets
computed with the Tanimoto coefficient and three different
fingerprints (see the Methods section). Table 2 summarizes
representative statistics of the distributions.

According to MACCS keys, both DNMT1 and DNMT3A have similar
diversity. DNMT3B shows, in general, higher quantile values and
higher standard deviation, indicating that compounds in the
DNMT3B set are less diverse. According to PubChem and ECFP4
fingerprints, DNMT1 is the most diverse set and DNMT3A is the
least diverse. The larger diversity of DNMT1 can be associated
with the larger amount of compounds in this set. Interestingly,
Pubchem and ECFP4 fingerprints were able to differentiate the
data sets. This is associated with the better resolution of these
fingerprints as compared to MACCS keys.

Inter-set comparisons: Multi-fusion similarity maps (Figure
4) were used to compare the data sets to each other based on
fingerprints. When comparing the similarity values of DNMT3A
and DNMT3B with DNMT1 as the reference set, DNMT3B tends to
cluster in the left bottom area of the plot, with the largest values
of mean fusion similarity and the lowest values of max fusion
similarity. In contrast, DNMT3A covers a broader area regarding
the maximum fusion value. This result indicates that there is a
smooth structural overlap between compounds of DNMT3A with
DNMT1, while DNMT3B is overall less similar to DNMT1. Taking
DNMT3A as reference (Figure 4, middle), DNMT1 and DNMT3B
have comparable distribution in the multi-fusion similarity map,
with some compounds in the DNMT3B set with higher values
of mean fusion similarity. The map indicated that most of the
molecules in DNMT1 and DNMT3B have, on average, a value
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NS

Figure 3 Empirical cumulative distribution functions for the pairwise similarity of compounds in the three data sets calculated with the
Tanimoto coefficient and MACCS keys, ECFP4, and PubChem FP.
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J
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Figure 4 Multi-fusion similarity maps with DNMT1, DNMT3A, and DNMT3B as reference data sets.

~

~

indicated. 'Ph’ = phenyl ring.

Figure5 Most frequent scaffolds found in the three sets. The frequency and percentage relative to all scaffolds in the data set are

AN

J

of c.a. 0.13 of similarity when compared to DNMT3A, but some
compounds in the DNMT3B set are more similar. Considering
DNMT3B as reference (Figure 4), the DNMT1 set has lower values
of maximum fusion similarity. This result indicates proximity
between the compoubds of DNMT3A with respect to DNMT3B,
and the higher distance between compounds of DNMT1 and
DNMT3B.

© Under License of Creative Commons Attribution 3.0 License

Scaffold content, diversity and enrichment

Scaffold content: Figure 5 shows the three most frequent scaffolds
retrieved for each data set. In agreement with previous scaffold
content analysis [16], most of the scaffolds identified in this work
were previously found such as SCAFF78, SCAFF75 and SCAFF7.
However, additional interesting scaffolds were identified (vide infra).
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Scaffold diversity: For each set of inhibitors of DNMT1, 3A, and
3B, the scaffold diversity analysis was done for three sub-sets.
The sub-sets were organized based on the reported activity as
inactive (intrinsic activity lower than 2), intermediate (intrinsic
activity equal or higher than 2, but lower than 3), and active
(intrinsic activity equal or higher than 3). Scaffold recovery curves
were obtained for each of the nine sub-groups (Figure 6). Table 3
summarizes the results of scaffold diversity for each sub group as
determined by different metrics [26].

The scaffold analysis revealed that inhibitors of DNMT1 have a
high scaffold diversity, in particular the inactive subset (Table
3). In contrast, the active sub-set of DNMT1 is the least diverse.
For DNMT3A, the active set and compounds with intermediate
activity showed, in general, larger scaffold diversity than the
inactive compounds. For DNMT3B, the active set had the largest
scaffold diversity. When comparing the active-scaffold subsets
from the three enzymes, diversity measures indicated that
DNMT3B is the most diverse, followed by DNMT1 and DNMT3A.

Scaffold enrichment: Chemotype-enrichment plots [25] were
generated for each set by plotting the scaffold frequency vs. the
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EF (see the Methods section). The chemotype-enrichment plots
are shown in Figure 7.

For DNMT1, nearly 55% of the chemotypes have EF values larger
than one. The three most frequent scaffolds are SCAFF75, SCAFF78
and SCAFF7 (Figure 5). For DNMT3A, 61% of the chemotypes have
EF values higher than one. In contrast, for DNMT3B, only 44%
of the chemotypes have values larger than one. These results
indicated that DNMT3A has been explored more in terms of
scaffolds given that it has chemotypes with high frequency and
high EF. This figure also shows the existence of some chemotypes
with high values of EF and low values of frequency, which could
indicate areas of opportunity regarding the development of new
SAR studies for the three DNMTs.

Figure 8 shows additional attractive scaffolds: SCAFF254 and
SCAFF109 has selectivity for DNMT1; SCAFF266 has high EF for
DNMT3A; SCAFF237 has high EF for all three DNMTs.

SAR analysis based on selected scaffolds: Analysis of cofactor-
related scaffolds revealed that a substructure of SCAFF78 was
present in several chemotypes. Thus, considering SCAFF78 as

~

Figure 6 Scaffold recovery curves for DNMT1 (left), DNMT3A (center), and DNMT3B (right), analyzed in terms of highly active scaffolds
K (3-4), moderately active scaffolds (2-3), and inactive scaffolds (1-2). J

~

~

Figure 7 Chemotype-enrichment plots for DNMT1, DNMT3A, and DNMT3B.

~

/
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reference, the EF values were used as a guide to explore selectivity
among the three DNMTs. Figure 9 shows the core nucleosidic
scaffold with two side chains, R, and R,. For this analysis, we used
scaffolds with a chemotype frequency equal or larger than three.

Taking the EF of SCAFF78 as a baseline (0.89 for DNMT1, 1.56 for
DNMT3A and 1.2 for DNMT3B), and leaving R, fixed as a hydrogen,
it was found that when R =2, the EF improved substantially for
DNMT3B (1.18 for DNMT1 and 1.6 for DNMT3B). When R =3, the
EF decreased for DNMT1 while improving for DNMT3B (0.78 for
DNMT1and 1.9for DNMT3B). Thissuggeststhatelongatingtheside
chain of the scaffold can improve selectivity for DNMT3B against
DNMT1. Keeping fixed R =1, it was found that the substitution
R,=A (Figure 9) did not improve the EF (0.96 for DNMT1 and 1.05
for DNMT3B). The substitution R,=B decreased the EF for DNMT1
while being similar for DNMT3B (0.65 for DNMT1 and 1.09 for
DNMT3B). The substitution R,=C diminished overall the EF (0.78
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for DNMT1 and 0.73 for DNMT3B). These results suggest that a
longer linker in R, tends to decrease the overall activity, and that
keeping a constrained cycle of six can also favor selectivity for
DNMT3B against DNMT1. These results can be found combined
in SCAFF77, which has R =3 and R,=A, and has an EF for DNMT1 of
1.18 and for DNMT3B of 1.45, implying that the previous effects
cannot interact in synergy. Finally, it was also noted that removing
the nitrogen atom marked with the electron pair can increase
both EF of DNMT1 and DNMT3B to 1.57 and 1.94, respectively.

Visual representation of the chemical space

Figure 10 shows a visual representation of the chemical space
based on PCA of six properties of pharmaceutical relevance i.e.,
HBA, HBD, TPSA, RB, logP and MW. The first principal component
is largely associated with TPSA, HBA and HBD, while the second
principal component is associated with RB, MW, and LOGP. Figure
10 shows that the three data sets share a common space, with
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Figure 10 Visualization of the chemical space based on oral availability descriptors (MW, logP, RB, TPSA, HBD and HBA) and a principal
component analysis. Left: All compounds. Center: Only active compounds (activity index equal or greater than 3). Right:
K Only inactive compounds (activity index lower than 3). j
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Figure 11 Visualization of the chemical space based on oral availability descriptors (MW, logP, RB, TPSA, HBD and HBA) projected on
\ a self-organizing map. Top: only inactive compounds. Bottom: only active compounds.
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Table 1 Distribution of the activity values of the inhibitors of DNMT1, 3A and 3B considered in this work. The percentage is relative to the total elements
in each data set.

Library Size (n)? n(IC ) n (%)? n (class 4)° n (class 3) n (class 2) n (class 1)

vy | mesy | omm | s

*Size, total number of compounds; n(IC, ), number of compounds with IC_; values; n (%), number of compounds with activity data as percentage.

PActivity classes: Class 4 if pIC_  was larger than 5.5, or inhibition value was larger than 75%; Class 3 if pIC, was larger than 5, or inhibition value was
larger than 50%; Class 2 if pIC, was larger than 4, or inhibition value was larger than 25%, and Class 1 if pIC, was lower than 4, or inhibition value was
lower than 25%.

Table 2 Statistics of pairwise similarity distributions computed with three fingerprints and the Tanimoto coefficient.”

DNMT1 DNMT3A DNMT3B

_ Min. 000 004 000 012 012 003 010 010

SD. 0.14 0.15 0.08 0.16 0.16 0.15 0.27 0.28 0.22 ‘

2Qu, quartile; SD, standard deviation.

8 This article is available in: http://cheminformatics.imedpub.com/
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Library Nsing/M Nsing/N f50 Median(ECFP4)
Inactive 127 107 93 0.84 0.73 0.87 0.411 0.570 0.1014
DNMT1 Intermediate 179 123 99 0.69 0.55 0.80 0.276 0.640 0.1053
Active 44 28 22 0.64 0.50 0.79 0.214 0.656 0.0978
Inactive 138 68 51 0.49 0.37 0.75 0.117 0.728 0.1465
DNMT3A Intermediate 22 15 10 0.68 0.45 0.67 0.333 0.618 0.2115
Active 30 18 16 0.60 0.53 0.89 0.167 0.681 0.2187
Inactive 39 21 16 0.54 0.41 0.76 0.190 0.703 0.0750
DNMT3B Intermediate 37 10 6 0.27 0.16 0.60 0.200 0.701 0.1379
Active 10 7 5 0.70 0.50 0.71 0.286 0.614 0.3793

N: number of cyclic systems; M: number of molecules; Nsing: number of singletons; f50: fraction of cyclic systems that contains 50% of the data set;

AUC: area under the curve

DNMT1 inhibitors being the most diverse. When analyzing only
the most active compounds (Figure 10) - compounds with activity
index equal or greater than 3 —the three active subsets appear to
cluster in different regions of the chemical space.

Figure 11 shows a visualization of the chemical space based on
SOM. In this plot, inactive compounds in the three sets tend
to span over the map. However, when showing only the active
compounds (active index equal or greater than 3), it shows that
active compounds of DNMT3A and DNMT3B are not covering the
same chemical space.

Conclusions

A global cheminformatic comparison of three data sets of
inhibitors of DNMT1, DNMT3A and DNMT3B is reported in this
work. Analysis of physicochemical properties and molecular
diversity based on fingerprints showed that inhibitors of DNMT1
cover broader areas of the chemical space. In contrast, DNMT3A
and DNMT3B cover smaller areas. Analysis with topological
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