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Resumen

La célula eucarionte posee mecanismos de regulacion epigenética que le permiten modular
los genes que se expresan en un momento dado. Con ayuda de estos mecanismos, esta es
capaz de responder a los estimulos y generar un perfil de expresion que se adapte al ambiente
y preserve su identidad celular. Dentro de los niveles de regulacion pre-transcripcional, las
variantes de histonas juegan un papel muy importante al formar nucleosomas especializados.
Estas estructuras desempefian funciones especificas en el nucleo celular, tales como
mantenimiento de la heterocromatina, apertura transcripcional, formacioén del cromosoma

mitotico, entre otras.

Uno de los elementos mas importantes para que las variantes de histonas cumplan su funcién
de manera correcta son las proteinas chaperonas, las cuales se encargan de depositar al
nucleosoma variante en las regiones correctas del genoma. A su vez, estas pueden asociarse
con factores epigenéticos que modifican el epigenoma circundante y desencadenan la funcién

celular asociada con la presencia de dicho nucleosoma especializado.

En este contexto, la chaperona DAXX se encarga de depositar a la variante de histona H3.3
en el genoma en regiones ricas en elementos repetitivos y genes codificantes. La presencia
de la variante de histona H3.3 se asocia principalmente con la represion transcripcional de
los loci donde es depositada, asi como en el mantenimiento de los dominios de
heterocromatina en el nucleo celular. Ademas, la alteracion en la expresion de DAXX esta
relacionada con inestabilidad cromosdmica y fenotipos agresivos in vivo € in vitro en
distintos tipos de cancer. A pesar de esto, pocos estudios han descrito los genes codificantes
regulados por esta chaperona, y ninguno ha explorado los elementos repetitivos involucrados

en este fendmeno.

En esta tesis, se analiz6 el transcriptoma de las lineas celulares humanas HCT116, PC3 y
GSC23 con el objetivo de describir los principales elementos alterados tras la represion de
esta proteina. Al analizar los procesos bioldgicos desregulados, se encontré que DAXX
modula principalmente genes tejido-especifico en cada linea celular. Aun asi, se encontraron

genes sobreexpresados en comin que componen una firma basal en todos los tejidos



estudiados. Todos ellos son importantes en el desarrollo del cancer, como ALDOA, PLAU,
MGAT4B y S100A11. Este patron de poca similitud se repiti6 en los elementos repetitivos,
donde la interseccidon entre cada experimento fue pequeiia o nula. En cuestion de repetidos,
cada linea celular present6 repetidos desregulados como ACRO1 en HCT116, TAR1 en PC3
0 MSTB2 en GSC23. Sorprendentemente, se encontrdé que DAXX podria estar involucrada
en la activacion transcripcional. Los resultados sugieren un mecanismo en el cual DAXX se
asocia a factores transcripcionales tejido especifico para modular la expresion de genes en la
célula; no obstante, algunos pocos son regulados independientemente del tipo celular. Estos
resultados son particularmente relevantes para identificar elementos importantes en el

fenotipo agresivo ocasionado por la desregulacion de DAXX en cancer.



1. Introduccion

El genoma es el conjunto total de DNA que contiene un organismo en sus células;
contiene la informacién necesaria para el desarrollo de la mayoria de las caracteristicas de
un individuo(1). Este conjunto de moléculas posee diversos segmentos que, al ser transcritos,
ejercen funciones biologicas en la célula (i.e. genes). A pesar de que aproximadamente el
80% del genoma humano es capaz de ser transcrito (2), solamente una pequefia proporcion
de €l se encuentra transcripcionalmente activa simultdneamente en las células. La distinta
combinacion de genes expresados en un momento dado, lo cual es conocido como
transcriptoma, genera una gran variedad de perfiles que originan la diversidad de tipos
celulares que alberga el cuerpo humano. Dado que esta combinacion determina la identidad
y el estado de una célula, la regulacion estricta de los genes activos y reprimidos es un asunto
crucial para la correcta funcion de las células y por ende de los tejidos en un organismo sano,
especialmente en seres multicelulares (1). Es debido a esto que existen mecanismos
moleculares que determinan la permisividad de una region del DNA a ser transcrita, lo cual

es estudiado por la epigenética.

1.1 La cromatina puede regular la expresion de los genes a nivel pre-transcripcional

A nivel pre-transcripcional, los genes suelen ser regulados mediante la asociacion del
DNA con distintas proteinas, formando un complejo conocido como cromatina. La estructura
local y regional de este complejo regula la expresion de los genes, pues su nivel de
compactacion determina la accesibilidad de proteinas involucradas en la transcripcion (1).
De esta manera, la estructura de la cromatina es uno de los niveles basales de regulacion de

la expresion génica en una célula.

La cromatina posee distintos niveles de compactacion (Figura 1.1.1A), los cuales varian a
lo largo del ciclo celular y dependiendo de las regiones gendmicas. La estructura basica de
la cromatina es el nucleosoma, generalmente compuesto por un octdmero de cuatro histonas
canonicas diferentes en igual proporcion: H2A, H2B, H3 y H4 (Figura 1.1.1B). El
nucleosoma sirve principalmente para compactar la cromatina, puesto que en ¢l enredan

aproximadamente 146 pares de bases de una cadena de DNA mediante interacciones ionicas



(3). Los genes de las histonas se encuentran agrupados en el genoma y son transcritos
unicamente en la fase de duplicacion del DNA, pues su insercion en el material genético
ocurre en la horquilla de replicacion inmediatamente después de la sintesis de la cadena

complementaria y en sitios de reparacion (3).
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Figura 1.1.1. Niveles de compactacion de la cromatina. A) Diferentes estructuras formadas durante
la compactacion; figura modificada de Felsenfeld & Groudine, 2003 (4). B) Estructura del
nucleosoma. Los colores indican las diferentes histonas que componen al complejo canonico; figura

tomada de McGinty & Tan, 2015 (5)

Aunque Unicamente 4 tipos de histonas componen al nucleosoma candnico, los genes que
codifican a estas proteinas presentan multiples duplicaciones. Particularmente en humanos,
se alberga un clister mayor y menor de histonas, dos arreglos largos en el cromosoma 1y 6
que contienen 55 y 13 genes de histonas cada uno (6). Estas proteinas estructurales son
esenciales para la estabilidad y funcionalidad de la cromatina y componen aproximadamente
el 50% de la masa del cromosoma eucarionte; su importancia se ve reflejada en el hecho de

son las proteinas mas conservadas a lo largo de la evolucion de este clado (7).



Las histonas candnicas desempefian funciones estructurales, de proteccion y de regulacion.
Al enrollarse el DNA en las histonas, reduce su volumen ocupado en aproximadamente un
500%, lo cual es esencial para mantener el pequefio tamafio del nucleo y, por ende, de la
célula. Ademdas de esta funcion de compactacion, estas proteinas protegen al material
genético de la degradacion mediada por nucleasas (8) y de la oxidacion (9), ademas de
participar en la homeostasis celular de algunos iones gracias a su actividad reductora, como

la del Cu™! (10).

Finalmente, las histonas tienen un rol regulatorio en la expresion génica, lo cual sucede por
dos mecanismos principalmente. El mas sencillo de ellos sucede al reprimir la activacion de
los genes mediante el impedimento de la interaccion del DNA con los activadores
transcripcionales. El segundo, y mas complejo, es mediante la adicion covalente de pequenas
moléculas a los aminoacidos de las histonas que sobresalen del nucleosoma, en las regiones
conocidas como colas de histonas (extremos amino terminales). Estas modificaciones
postraduccionales son conocidas como “marcas epigenéticas de histonas”, y fungen como
etiquetas que son reconocidas por proteinas que efectiian alguna accion sobre la cromatina.
El efecto puede ser silenciar un gen, activarlo, modular su nivel de expresion, reclutar
proteinas especificas a sitios particulares, entre otras cosas. La adicidon de marcas
epigenéticas es un proceso dindmico, y los grupos afiadidos varian dependiendo del
aminoacido a ser modificado; la identidad del grupo quimico, junto a su posicion, genera una
gran variedad de combinaciones. En su conjunto, estas marcas establecen un cédigo de
histonas que interacciona positiva o negativamente con la maquinaria transcripcional y

sefalizan distintos fendmenos en la cromatina (4).

Ascendiendo en la escala de compactacion de la cromatina, entre cada nucleosoma existe un
pequefio segmento de DNA de unién de alrededor de 60 pares de bases que interconecta al
uno con el otro, formando la estructura conocida como “collar de perlas”; este segmento de
DNA de unién se asocia con la histona H1, la cual acumula multiples segmentos para
compactar aiun mas la cromatina y formar las fibras de 30 nanometros. Estas fibras pueden

generar diversas estructuras de alto orden, como asas y segmentos condensados que generan



una arquitectura nuclear que le dan estabilidad a la cromatina durante la interfase; los
mecanismos moleculares precisos involucrados en al formacion de estas estructuras aun no

se conocen a detalle y son sujetos a investigacion activa (4) .

1.2 Las variantes de histonas amplian la diversidad de funciones del nucleosoma

Ademas de las funciones anteriormente descritas, el nucleosoma se ve involucrado en
una mayor gama de procesos biologicos, como es la reparacion del DNA, recombinacioén
meiotica, segregacion cromosomica, desarrollo, iniciacion y terminacion de la transcripcion,
represion o activacion de regiones genomicas, entre otros (11). Estas funciones se realizan a
través de la presencia de proteinas histonas que difieren en la estructura primaria de las
canbnicas. Estas proteinas, mejor conocidas como variantes de histonas, poseen

caracteristicas distintas, lo cual diversifica la funcion de la cromatina en la célula.

Las variantes de histonas pueden estar asociadas a fendmenos biologicos especializados. Los
cambios en su secuencia de aminoacidos les permite interactuar con un conjunto distinto de
proteinas, presentar interacciones DNA-histonas que desemboquen en nucleosomas mas
labiles, o ser modificadas postraduccionalmente en aminoécidos unicos de las variantes. Los
genes que codifican a estas proteinas son distintos a los de las histonas candnicas y se
encuentran en distintas posiciones a lo largo del genoma; estos también pueden estar
presentes en multiples copias, aunque no se concentran en arreglos cromosoémicos. Si bien el
cambio en la secuencia de aminoacidos con respecto a la version canonica de cada variante
es distinto, incluso las que poseen diferencias mas sutiles son capaces de generar distintos
perfiles nucleosémicos queal estar enriquecidas en regiones gendmicas especificas, generan

distintas conformaciones en la cromatina, lo cual les otorga nuevas propiedades a dichos /oci

(12).

A diferencia de las histonas canonicas, las variantes de histonas pueden ser sintetizadas y
posicionadas en el genoma a lo largo de todo el ciclo celular de forma independiente a la
replicacion (3). De esta manera, la sustitucion de histonas candnicas por variantes modifica
la composicion de la cromatina y es capaz de agregar flexibilidad y dinamismo a la expresion

génica. Esto es esencial para que una célula responda y se adapte a su entorno. Asi, la
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existencia de estas proteinas afiade mayor complejidad al papel que desempefia el

nucleosoma en la regulacion de los procesos nucleares.

1.3 H3.3: la variante de histona mejor descrita de H3

Una de las variantes de histonas mejor descritas es H3.3, cuya version canonica es la
H3.1 o H3.2 (H3). En mamiferos, esta proteina estd codificada por los genes H3F3A y
H3F3B, ubicados en los cromosomas 1 y 17, respectivamente. La proteina H3.3 difiere de la
H3 en 5 aminoacidos localizados en la superficie accesible de la histona. De esta manera, los
cambios no afectan la estructura del nucleosoma, sino mas bien su interaccion con distintas
proteinas (13). Las modificaciones mas relevantes se encuentran en el inicio de la alfa-hélice
2, donde el motivo SAVM cambia por AAIG, y en la posicion 31, donde el residuo de
aminoacido A cambia por una S (Figura 1.3.1). El primer cambio mencionado es importante
porque este motivo le permite a las proteinas que interaccionan especificamente con H3.3
diferenciarla de la H3, mientras que el segundo cambio es relevante porque la serina es
susceptible a ser fosforilada (12). Las implicaciones de esta ultima diferencia en la secuencia
se encuentran en fases tempranas de estudio. No obstante, los hallazgos encontrados sugieren
que este pequefio cambio tiene grandes implicaciones en la expresion global de los genes
durante el desarrollo debido a que esta marca epigenética es necesaria para la acetilacion de
histonas posicionadas en regiones de emnhancers y promotores en células troncales

embrionarias (14).

En la célula, el correcto funcionamiento de muchas proteinas dependen de su chaperona, la
cual es una proteina que se une a ellas para asegurar su plegamiento, ensamblaje y transporte
celular (1). Un fendmeno interesante en H3.3 es que su comportamiento puede cambiar en
gran medida dependiendo de la chaperona que la deposita en la cromatina y de las proteinas
presentes en el nicleo con las que interacciona. A diferencia de la histona H3 candnica, cuya
chaperona principal es CAF-1, H3.3 posee dos complejos encargados de proteger a esta
variante de interacciones no deseadas, asegurar su correcto plegamiento y posicionarla en las
regiones correctas: Histone Cell Cycle Regulator — Ubiniclein 1 (HIRA-UBNI) y alpha-
thalassemia/mental retardation X-linked - Death domain-associated protein 6 ATRX-DAXX

(16).
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l
87 89 90 96
\ S S
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Dominio de plegamiento de histona

Figura 1.3.1 Comparacion de la estructura primaria canénica de H3 y de H3.3. Se resalta la
posicion de los 5 aminoacidos de la histona H3 (genes H3.1 y H3.2) que difieren de su variante H3.3.
El cambio de A por S en la posicion 31 es particularmente importante porque le permite a H3.3

adquirir una modificacion postraduccional tnica. Figura modificada de Szenker, et al., 2011 (15).

Los complejos previamente mencionados se asocian a fendémenos bioldgicos muy distintos.
HIRA-UBNI se asocia al deposito de H3.3 en eucromatina (cromatina poco compacta que
usualmente se asocia con actividad transcripcional), especialmente en elementos activos
regulatorios y en el cuerpo de genes activos (12). Las histonas depositadas por este complejo
se encuentran enriquecidas en marcas epigenéticas de activacion como acetilacion o
H3K36me3 (12). Por otro lado, de manera sorprendente, el deposito de H3.3 mediante el
complejo ATRX-DAXX se encuentra asociado a heterocromatina, predominantemente en
elementos enddgenos retrovirales, telomeros, regiones pericentroméricas, repetidos cortos en
tandem y alelos silenciados de genes improntados (17). Esto ayuda a mantener un entorno
heterocromatico en dichas regiones mediante la asociacion del nucleosoma modificado con
proteinas represoras como Heterochromatic Protein 1 (HP1), SET Domain Bifurcated
Histone Lysine Methyltransferase 1 (SETDB1), KRAB-associated protein 1 (KAP1) y
Suppressor Of Variegation 3-9 Homolog 1 (SUV39H1)(3). Las chaperonas de histonas
juegan asi un papel muy importante en el deposito correcto de H3.3, pues determinan las
regiones en las cuales es incorporada esta variante, e influye fuertemente en la funcion que

esta le otorgara al nucleosoma.
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El modelo més aceptado del depdsito de la histona H3.3 con el complejo ATRX-DAXX en
regiones heterocromaticas establece que DAXX reconoce especificamente a la histona H3.3
al interaccionar con la glicina 90 (Gly90), que es nica de esta variante, siendo metionina en
su version canonica. Posteriormente, DAXX guia al complejo a los cuerpos nucleares, donde
se asocia con ATRX y con otras proteinas represoras, como KAP1 y SETDBI, para formar
un complejo. Cabe mencionar que SETDB1 puede colocar la marca epigenética H3.3K9mel
en el dimero H3.3-H4 previo a su incorporacion a la cromatina. Después, ATRX reconoce la
marca H3K9me3 en la heterocromatina y direcciona al complejo para depositar a H3.3 en
regiones adyacentes. Finalmente, SUV39H1/2 y HP1 se encargan de establecer y propagar
la marca H3K9me3, manteniendo de esta forma la estructura represiva de la region (3). Como
podemos observar en este modelo (Figura 1.3.2), DAXX juega un papel central en la correcta
funcionalidad de la histona H3.3 en heterocromatina, al ser la proteina que se une
directamente a ella y a los demas miembros del complejo. Esto permite que esta variante se

deposite en regiones especificas y ejerza un rol represivo.

ol |

@ H3.1-H4
Voo o @ H3.3-H4

4 non-rzp

b HP1 SUV39H1
— SUV39H2

Figura 1.3.2. Represion de regiones genomicas mediadas por el deposito de H3.3 por el complejo
DAXX/ATRX. a) Zonas libres de nucleosomas aparecen en regiones adyacentes a la
heterocromatina como resultado de distintos procesos, como puede ser la transcripcion.
Posteriormente, ATRX en complejo con DAXX, el tetramero con H3.3 y proteinas represoras,
reconocen la marca adyacente de H3K9me3 y guia el depdsito del nucleosoma no canoénico. b)
Generacion de nuevas marcas epigenéticas represoras y su extension, mediante SUV39H1 y HP1,
promoviendo el mantenimiento del ambiente heterocromatico en la region. Figura tomada de Talbert

& Henikoff, 2017 (3).
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1.4 DAXX y su desregulacion en cancer.

La alteracion en la regulacion de las variantes de histonas en distintos niveles se ha visto
asociada a diversas enfermedades; esta alteracion puede presentarse en forma de mutaciones
o cambios de expresion en los genes de las variantes o en sus chaperonas. En el caso particular
de H3.3, debido a su papel central en el mantenimiento de la heterocromatina y en la
regulacion de genes durante el desarrollo, tanto la delecion de ambos de sus genes (H3F34
y H3F3B) como la de sus chaperonas (4TRX, DAXX o HIRA) es letal, lo cual ha sido atribuido
principalmente a la inestabilidad gendémica (12). Es debido a esto que sus efectos son
primariamente visibles en enfermedades donde dichas mutaciones son somaticas, 1.e. una vez

que el individuo se ha desarrollado.

Una de las formas por las cuales este mecanismo regulatorio puede verse alterado es mediante
el incorrecto funcionamiento de las chaperonas, pues de estas depende el deposito efectivo
de las variantes de histonas. Por lo tanto, dependiendo de la chaperona afectada, se puede
generar una desregulacion en diversos mecanismos epigenéticos, los cuales pueden ocasionar
alteraciones graves en la célula como lo es el desarrollo de inestabilidad genoémica (3). En
este sentido, diversos estudios han demostrado la importancia de DAXX en el mantenimiento
de la estabilidad del genoma, asi como los efectos de su alteracién, como se menciona a

continuacion.

Previamente, algunos estudios han demostrado que DAXX desempefia un papel crucial en el
mantenimiento de la estructura cromatinica. En fibroblastos embrionarios de raton, la
ausencia de esta proteina ocasiona una alteracion estructural en los dominios enriquecidos
con la marca epigenética represiva H3K9me3. Esta marca, propia de heterocromatina
constitutiva, deja de asociarse en dichas regiones y se presenta una pérdida de los limites
espaciales entre la heterocromatina perinucleolar y el nucleolo. Ademas, la integridad de los
nucleolos y la organizacion del DNA ribosomal se ve amenazada, lo cual se ve reflejado en

un aumento de estructuras anormales llamadas mini-nucleolos (18).
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Adicionalmente, la subexpresion de DAXX ha demostrado ser suficiente para generar
inestabilidad cromosémica y micronucleos en células humanas (19). La generacion de
inestabilidad cromosomica es particularmente importante, pues es muy frecuente en tumores
solidos (70-80%) y se considera esencial en el proceso de transformacion de células
cancerosas (20). Ademas, esta pérdida parcial de DAXX promueve una disminucion de la
metilacion de DNA en repetidos pericentroméricos y teloméricos (19), lo cual ha sido
asociado con la acumulacion de alteraciones cromosomicas (21,22) y la presencia de
fenotipos agresivos en cancer de mama (21). De manera similar, en lineas celulares de cancer
de prostata, la subexpresion de DAXX ocasiona una pérdida en sitios de union de la DNA
metiltransferasa 1 (DNMTT1) al genoma (23). Esta enzima se encarga de la metilacion de
mantenimiento, que es esencial para asegurar la represion de elementos transponibles en las
células y conservar la identidad celular (24). Finalmente, la sobreexpresion de DAXX en
lineas celulares no neoplésicas de prostata ocasiona niimeros cromosdmicos anormales (25),

lo cual es una consecuencia clara de inestabilidad genomica.

Por otra parte, en el contexto del cancer, la expresion anormal de DAXX en tejidos
neoplasicos es una caracteristica usual de distintos tumores, y se ha visto asociada a la
aparicion de caracteristicas clinicas desfavorables tanto cuando aumenta como cuando
disminuye su expresion. Por un lado, la sobreexpresion de DAXX correlaciona con un
aumento en tumorigenicidad, progresion de la enfermedad y resistencia a tratamientos para
el cancer (26). Adicionalmente, este aumento de expresion es constante en diversos canceres,
como el de prostata (25,27), ovario (28), gastrico (29), glioblastoma (26) y carcinoma oral
de células escamosas (30), entre otros. Finalmente, los niveles de expresion de DAXX son
significativamente mayores en metastasis que en tumores primarios en canceres de colon,

mama y prostata (26).

Por otro lado, a pesar de tener una incidencia baja en canceres comunmente diagnosticados,
hay mutaciones recurrentes en algunos tipos, como es en el carcinoma de células de Hiirthle
en la tiroides (31) y en los tumores pancreaticos neuroendocrinos (32). Las alteraciones se
encuentran tipicamente en las regiones que interactian con ATRX y el dimero H3.3/H4 (17),

lo cual se ha asociado a inestabilidad cromosomica y la presencia de telémeros de longitud
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anormal (33). Ademas, la presencia de mutaciones en DAXX o ATRX correlacionan con la
etapa del tumor, metastasis y una reduccion de tasa de supervivencia en tumores pancreaticos
neuroendocrinos (34-36). Lo anterior ha dado pie a que se considere a DAXX como un gen

supresor de tumores (26).

En conjunto, estos resultados muestran la asociacion de DAXX con la progresion del cancer
y su mal prondstico. Esto ocurre principalmente por alteraciones en la expresion de esta
proteina, lo cual promueve fenotipos patoldgicos in vitro y el crecimiento del tumor y la
progresion de esta enfermedad in vivo. Se ha sugerido previamente que esto podria deberse
a alguno de los procesos en los cuales participa DAXX, como la apoptosis, remodelacion de

la cromatina, o la regulacion y reparacion del DNA(26).

A pesar de la importancia de DAXX en el mantenimiento de la cromatina y la asociacion de
su alteracion con la progresion del cancer, la mayoria de los estudios realizados han sido
descriptivos o de asociacidon con caracteristicas clinicas relevantes. Centrandose en la
observacion de fenotipos que poseen las células humanas y murinas en ausencia de DAXX,
poco se sabe de los genes particulares que son, directa o indirectamente, regulados por esta
chaperona. Identificarlos podria significar un gran paso para conocer el o los mecanismos
por los cuales los cambios en la concentracion de esta proteina desatan la inestabilidad

gendmica en células humanas y un fenotipo mas agresivo en el cancer.

Dentro de los elementos que se encuentran en el genoma cuya expresion se asocia a la
induccion de eventos de inestabilidad gendmica y desregulacion génica, se encuentran las
secuencias repetidas (37-39), las cuales se encuentran mucho menos estudiadas que los genes
codificantes (40). El mantenimiento de la represion de estos elementos es un blanco
importante de DAXX, y la pérdida de la heterocromatina en estas regiones ha sido asociada

con cancer y la aparicion de enfermedades humanas (38,39,41-44).

1.5 Los elementos repetidos y su expresion en cancer

Los elementos repetidos son secuencias de DNA que componen alrededor de dos

tercios del genoma humano (45). De manera general, se agrupan a grandes rasgos en dos
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clases principales: repetidos en tiandem, que comprenden satélites, microsatélites y
minisatélites, y elementos transponibles (ETs, 46). Los ETs conforman alrededor del 45%
del genoma humano y se clasifican en retrotransposones, o ET clase I, y transposones de
DNA, o ET clase II. Los ET de clase I comprenden los elementos LTR (Long Terminal
Repeat), HERVs (Human Endogenous RetroViruses), y no LTR, como lo son los LINEs
(Long Interspersed Nuclear Elements) (46).

El estudio de estos elementos es importante porque se ha reportado que influencian la
expresion de genes en cis y en frans modulando incluso redes regulatorias completas (39,41).
Un ejemplo de esto ocurre en plantas y animales, donde los ETs pueden originar RNAs
pequefios que regulan la expresion de un gran nimero de genes, modulando procesos
esenciales como lo es el desarrollo (41). Esto sucede mediante diversos mecanismos; por
ejemplo, elementos repetidos pueden estar embebidos en RNAs largos no codificantes o
mensajeros, transcribirse y modular directamente la estabilidad del RNA, su procesamiento
o su localizacion (42). Por otro lado, algunos ET pueden insertarse en diversas regiones del
genoma, generando perturbaciones genéticas que desencadenan enfermedades humanas,

como lo es el cancer, desordenes autoinmunes o neurofibromatosis tipo 1 (38,43,44).

En el contexto del cancer, la expresion andmala de elementos repetitivos se ha asociado a
varios tipos de tumores. Se ha reportado una sobreexpresion en elementos repetitivos
centroméricos y pericentroméricos en cancer testicular, de higado, ovarico y de pulmoén (47).
También existe una sobreexpresion del satélite HSATII en cancer de pulmon, higado, ovario,
prostata, osteosarcoma y en carcinoma pancreatico ductal, siendo este tltimo tipo bastante
interesante al presentar un aumento en todos los transcritos satelitales (48—50). Por otra parte,
distintos HERVs se encuentran asociados a melanoma (51), leucemia y linfoma (52), asi
como a tumores cancerosos de mama (53,54), testiculo (53), ovario (54), prostata (55), rindén
(54), ttero (54) y a la carcinogénesis colorrectal (56). Finalmente, se ha encontrado una
sobreexpresion de los elementos transponibles LINE-1 y algunos SINEs en tumores
cancerosos pancreaticos y de prostata (37). Ademas, se han reportado inserciones de novo de

esta familia de repetidos en cancer colorrectal (57); adicionalmente, la sobreexpresion de
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estos elementos ha sido propuesta como un evento crucial para que ocurran mutaciones

oncogénicas en el carcinoma hepatocelular (58).

En resumen, la expresion de los elementos repetidos puede afectar seriamente la transcripcion
de genes codificantes y no codificantes y comprometer la estabilidad cromosémica de una
célula (39,41,44). Consecuentemente, este fenomeno parece jugar un papel importante en el
desarrollo del cancer. Dado que DAXX se asocia principalmente con la represion de estos
elementos, su desregulacion podria ocasionar la expresion de los repetidos y desencadenar el
fenotipo que se observa en células donde esta chaperona esté alterada; este podria ser uno de
los mecanismos por los cuales DAXX promueve el desarrollo del cancer y la adquisicion de

caracteristicas de mal pronostico.

Una de las técnicas mas potentes para estudiar el patron de expresion de los elementos
repetitivos en el genoma, asi como la de los genes codificantes, es la generacion de perfiles
de expresion de RNA, mediante secuenciacion masiva de cDNA. Este abordaje global
permite la deteccion y cuantificacion de la expresion de todos los transcritos presentes en una
célula (59). Al acoplar esto con un disefio experimental adecuado, es posible comparar
distintas condiciones y encontrar los elementos cuya expresion es diferencial. De esta
manera, dicha metodologia es capaz de contribuir de manera significativa al entendimiento

del papel de DAXX en la regulacion de la expresion génica en las células humanas.

1.6 Estudios transcriptomicos como herramienta para conocer los genes modulados por
DAXX

El abordaje que generalmente se utiliza para conocer de manera global los genes y
vias que son regulados por alguna proteina es al analizar datos de secuenciacién del RNA
(RNA-seq) en ausencia o disminuyendo la expresion del gen de interés. Esta técnica
identifica la expresion de cada elemento del transcriptoma en un grupo de c€lulas en un
momento dado. De manera general, el conjunto de RNA de una muestra es convertido en una
libreria de fragmentos de DNA con adaptadores de secuenciacion en los extremos. Después
de una amplificacidn, la libreria se secuencia y se obtienen secuencias pequetias de 30 a 400

pares de bases. De esta manera, se obtienen medidas precisas de la expresion génica de cada
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transcrito. Con esta metodologia, se pueden comparar distintas condiciones y encontrar
elementos que cambian en cada una con el fin de entender los mecanismos que subyacen un

fenotipo (59).

A pesar de la importancia de DAXX en la estabilidad genomica y su implicacion en el
aumento de la agresividad en céncer, Unicamente dos estudios se han llevado a cabo para
conocer de manera global los genes y vias que son regulados por DAXX en células humanas.
El primer trabajo fue en 2015, en un modelo celular de prostata (23), en el que se identificaron
genes con cambio en su expresion tras la represion de DAXX. Los autores se centraron en la
via de la autofagia al encontrar que dicho tratamiento aumenta la expresion de reguladores
positivos de este proceso, como DAPK 1, DAPK3 y ATGS, ademas de disminuir la expresion
de los reguladores negativos como mTOR y Raptor. Asi mismo, se observo que esta
chaperona se necesita para la union de la DNMT]1 con el genoma en una gran cantidad de
casos. Esto sugiere que DAXX reprime la expresion de genes involucrados en la autofagia,

entre otros, al reclutar a la DNMT1 a los promotores de estos genes (23).

El segundo estudio fue realizado en 2017, empleando una linea celular proveniente de
glioblastoma (60). En ¢él, se reporta que la represion de DAXX afecta la incorporacion de
H3.3 en la cromatina y la expresion de diversos genes. Entre ellos, se reprimen oncogenes
involucrados en el crecimiento de tumores intracraneales como CCND1, MYC, FOS, SOX2
y OLIG2; ademas, diversos genes supresores de tumores como MAP2K4, KMT2C, EP300 y
MLHI1 se sobreexpresan. Finalmente, reportan a procesos bioldgicos involucrados en el
desarrollo del sistema nervioso como los mas afectados ante esta perturbacion. Como
resultado, la inhibicion de DAXX mejora la supervivencia de ratones con glioblastoma y

disminuye la progresion de esta enfermedad en un mecanismo independiente de ATRX (60).

Es interesante observar que, a pesar de que DAXX ha sido asociado exclusivamente con la
represion de genes y elementos genodmicos (61,62), ambos trabajos observaron una gran
cantidad de genes que disminuyeron su expresion al reprimir a DAXX. Esto sugiere que esta
chaperona podria también estar involucrada en la activacion transcripcional, papel que se le

habia atribuido a HIRA tnicamente (12).
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Es sorprendente que aunque DAXX esta sobreexpresado en muchos tipos de neoplasias, lo
cual les confiere resistencia a tratamientos y agresividad, no existan mas trabajos que
indaguen en el mecanismo detras de esto. Es importante recalcar que, a la fecha, no se sabe
cuales son los genes regulados por esta chaperona en otras lineas cancerosas en las cuales
DAXX juega un papel relevante en el desarrollo de la enfermedad. Adicionalmente, no
existen estudios comparativos que analicen si las vias involucradas en el desarrollo del

fenotipo agresivo reportado son las mismas en distintos tejidos cancerosos.

Algo atin mas inesperado es que no solo no existen multiples estudios masivos en los que se
analice el impacto de la alteracion de DAXX en la expresion global de los genes codificantes
en células humanas, sino que no existe ningun trabajo que aborde su impacto en elementos
repetidos, siendo la represion de estos la principal funcion descrita de esta chaperona (3).
Esto es consecuencia de que los estudios estdndar de RNA-seq ignoran estas secuencias
debido a su dificultad de analisis (40). No obstante, es muy importante conocer los elementos
cuya expresion es modulada por DAXX , pues el estudio de secuencias repetitivas y genes
codificantes modulados por DAXX podria revelar biomarcadores ttiles para la deteccion,
prondstico y seguimiento de los canceres mencionados en los que se presenta un fenotipo

particular asociado a su sobreexpresion.

1.7 Herramientas para analizar datos de RNA-seq

Con los datos de RNA-seq, se puede obtener una gran informacion sobre el
transcriptoma de origen. Las lecturas pueden ser analizadas para descubrir nuevos genes,
cuantificar transcritos, hacer analisis de expresion diferencial, pruebas funcionales,
identificar isoformas, entre otras cosas (63). Esta metodologia es muy popular porque ofrece
muchas ventajas con respecto a métodos con objetivos similares, como los microarreglos; el
RNA-seq posee una mayor sensibilidad, por lo que es capaz de detectar transcritos poco
abundantes con tasas bajas de falsos positivos. Ademads, dado que este método cuantifica la
abundancia absoluta de cada transcrito, los datos producidos pueden re-analizarse de distintas

formas y compararse con nuevas muestras. Finalmente, el costo de la secuenciacion ha
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disminuido considerablemente en los ultimos afios, haciendo esta tecnologia mucho mas

accesible y usual en experimentos bioldgicos (64) .

Actualmente existe una gran gama de herramientas bioinformaticas para analizar datos de
RNA-seq. Esto se debe a que no hay un pipeline (i.e. flujo de trabajo bioinformadtico) que
funcione bien en todas las condiciones; el uso de cada programa dependera de las preguntas
a resolver en cada proyecto. Uno de los analisis mas utilizados y estandarizados es el de la
cuantificacion y expresion diferencial de genes codificantes (63) (Figura 1.7.1). Dado que
las lecturas de sus transcritos mapean a regiones Unicas del genoma, identificar el gen del
cual provienen no presenta muchas complicaciones. Esto se vuelve menos complejo en
especies tipicamente estudiadas, donde se cuenta con un genoma y un transcriptoma de

referencia, como lo es el humano (63).

Datos de (.C trol d N\ N [ N[ ) ‘ Andlisis d (" Anilisisrio |
Ontrolde —  fijtrado |—> Alineamiento —* Cuantificacion |— nalisis de nalst

secuenciacion —| . o . 3
. calidad [* ) ( ) L ) expresion diferencial abajo
masiva L ) . g - - L ~

Figura 1.7.1. Etapas estandar del analisis de RNA-seq. De manera general, el analisis en este
contexto involucra pruebas de control de calidad de las secuencias, filtrado de bases de mala calidad
y adaptadores, alineamiento de las lecturas a un genoma o transcriptoma, cuantificacion de
transcritos, la prueba de expresion diferencial y finalmente analisis rio abajo, como es el analisis de
enriquecimiento de Gene Ontology (GO) o la busqueda de redes de interaccidon proteina proteina de

los genes diferencialmente expresados

Por otro lado, aunque los pasos del pipeline son los mismos, el andlisis de elementos
repetitivos presenta retos mucho mayores al de genes codificantes; debido a esto, la mayoria
de los estudios los ignoran, enfocandose en el 22-51% del genoma que corresponde a
regiones no repetitivas (40). La razon de esto se origina en las complicaciones que representa

el uso de datos transcriptdmicos de secuenciacion corta.
El principal problema se encuentra en el mapeo de las lecturas secuenciadas a su region de

origen en el genoma o transcriptoma. Las secuencias repetitivas suelen encontrarse en

distintos loci, por lo que la tinica forma certera de identificar la proveniencia de los transcritos
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es evaluando la estructura de los repetidos, que puede llegar a ser distinta en diferentes
regiones, o contar con fragmentos de las regiones adyacentes. Dado que los fragmentos de
secuenciacion son mas pequefios que la estructura repetitiva y dificilmente capturan las
secuencias adyacentes, las lecturas se alinean a multiples lugares en el genoma; de esta
manera, es muy dificil saber de donde se origind el transcrito al que pertenecen (65). A pesar
de esta limitacion, distintas herramientas computacionales y estadisticas se han desarrollado
para evaluar correctamente la expresion de estas regiones repetitivas en el genoma utilizando

lecturas cortas.

De manera general, existen tres abordajes utilizados para asociar lecturas de RNA-seq a
regiones del genoma o transcriptoma e identificar su proveniencia. El primero consiste en
quedarse solamente con las secuencias que se alineen a regiones Unicas en el genoma; este
enfoque estricto tiende a descartar una gran cantidad de lecturas y es el menos recomendado
para este tipo de analisis. En el segundo abordaje, se alinean las lecturas a secuencias
consenso de las familias de elementos repetitivos albergadas en bases de datos. Aunque este
enfoque no te indica las regiones fisicas de donde proviene un transcrito, es posible identificar
clados de elementos de jerarquia relativamente baja si existen secuencias consenso muy
definidas. Finalmente, en el tercero, se permite que las lecturas se alineen a multiples regiones
del genoma. Posteriormente, estas lecturas son distribuidas al azar entre las mejores regiones
candidatas, o mediante algiin algoritmo que, con base en métodos estadisticos, la asigne al
locus mas probable de origen (40). En resumen, con estos enfoques es posible identificar las

familias de elementos repetidos que se expresan en un transcriptoma.

Como ejemplo del segundo abordaje mencionado en el parrafo anterior, se encuentra
TETranscripts (66). Esta herramienta bioinformatica analiza genes codificantes y elementos
repetitivos al mismo tiempo. Después de utilizar un alineador que permite mapear lecturas a
multiples regiones como STAR (67), TETranscripts usa un algoritmo EM (expectation
maximization) para encontrar la distribucion mas probable de las lecturas mapeadas a sitios
multiples, mientras que procede de manera estandar con las que se alinean a sitios Unicos.
Otro ejemplo que mezcla el abordaje dos y tres es SalmonTE (68). La novedad de esta

herramienta es que utiliza el método de quasi-alineamiento implementado en Salmon (69);

22



este algoritmo cuantifica la abundancia relativa de cada transcrito a partir de datos de
secuenciacion y un archivo con las secuencias de los elementos repetitivos a cuantificar.
Finalmente, esta herramienta hace uso de distintos algoritmos como inferencia bayesiana y

EM para distribuir las lecturas y asignarlas a los repetidos de origen mas probables.

Estas herramientas bioinformaticas previamente descritas son capaces de identificar genes
regulados en comin por DAXX en distintas lineas celulares cancerosas en donde su
desregulacion ocasiona fenotipos agresivos, resistencia a tratamientos e inestabilidad
gendmica. Por consiguiente, en el presente trabajo, analizamos el transcriptoma de células
con una disminucion de DAXX mediante un knockdown por siRNAs en el modelo celular de
HCT116, una linea celular genomicamente estable proveniente de cancer de colon. Este
modelo nos permite conocer el efecto de DAXX en la induccion de inestabilidad gendomica
y la regulacion génica de una manera mas aproximada al comportamiento en tejidos no
neoplasicos. Cabe sefialar que en no existen trabajos sobre el impacto a nivel transcriptomico
de la alteracion de esta chaperona esta linea celular. Adicionalmente, re-analizamos los datos
de secuenciacion publicados en articulos previos de cancer de prostata (23) y glioblastoma
(60) con el objetivo de brindar un estudio comparativo e identificar los genes codificantes
cuya expresion se altera en cualquiera de estos linaje celulares. Finalmente, analizamos todos
los datos mencionados con herramientas desarrolladas para identificar la expresion de
elementos repetitivos en el genoma; conforme a nuestro conocimiento, no existen estudios
parecidos en el campo, por lo que conocer las secuencias repetidas que se desregulan
representara un trabajo innovador que podria revelar patrones no vistos previamente sobre el
impacto genomico que ocasiona la desregulacion de la proteina DAXX. Para realizar esto,
utilizamos herramientas bioinformaticas con diferentes algoritmos como lo son Salmon,
SalmonTE y TETranscripts para obtener los genes y elementos repetidos diferencialmente

expresados en cada una de las lineas celulares.

Los resultados de este proyecto podrian ser de ayuda para identificar firmas transcriptomicas
y mecanismos por los cuales potencialmente la alteracion de DAXX desencadena eventos
peligrosos para la integridad celular. De esta manera, podremos comprender mejor el alcance

de esta chaperona en la regulacion de la expresion génica y su importancia en el
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mantenimiento de la estructura gendmica. Asi mismo, esto puede ayudarnos a entender mejor
el panorama celular en tumores malignos de pacientes con una desregulacion de esta proteina.
A futuro, esta informacion serd de gran ayuda para realizar tratamientos personalizados para

estos tipos de canceres, mejorando la esperanza de vida de los pacientes.

24



2. Hipotesis

La proteina DAXX actuara principalmente como represor génico tanto a nivel de elementos

repetidos como de genes codificantes.

3. Objetivo general y particulares

El objetivo general de este trabajo es identificar los genes y elementos repetidos regulados
por DAXX en lineas celulares humanas mediante secuenciacion de alto rendimiento del RNA

(RNA-seq). Los objetivos particulares derivados de este son los siguientes:

1. Identificar los genes codificantes diferencialmente expresados de tres lineas celulares
bajo un modelo de DAXX knock-down (KD), asi como los principales procesos
biologicos asociados a ellos.

2. Determinar los genes codificantes diferencialmente expresados compartidos en las
tres lineas celulares DAXX KD.

3. Identificar cambios en la expresion de elementos repetidos en los tres modelos
celulares DAXX KD.

4. Determinar los elementos génicos repetitivos diferencialmente expresados en comun

en las tres lineas celulares cancerosas DAXX KD.

4. Metodologia

Modelos celulares

Las células HCT116 fueron crecidas en un medio McCoy’s 5a. Posteriormente, fueron
transfectadas con una mezcla de dos RNAs pequefios de interferencia (siRNAs; Dharmacon,
cat. LQ-004420-00-0010) para lograr la subexpresion de DAXX en un medio DharmaFECT
2 (Dharmacon, cat. T-2002-03) en un ensayo de 72 horas con siRNA, como se especifica en
Torres-Arciga 2019 (19). Después del tiempo de transfeccion, las células fueron tratadas con
tripsina y divididas para extraer las proteinas y el RNA. Como control, la fraccion proteica
se utilizé para probar la subexpresion de DAXX a través de un inmunoensayo tipo western
blot, demostrado en Torres-Arciga 2019 (19). Finalmente, la integridad del RNA fue
comprobada utilizando el TapeStation, mientras que su cuantificacion se realizéd utilizando

el fluorémetro Qubit.
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Los datos de las lineas celulares PC3 y GSC23 se obtuvieron de articulos previamente
publicados. La linea PC3 fue crecida en el medio RPMI-1640 e infectada con lentivirus
recombinantes que contenian RNAs de horquilla pequeiia (shRNAs) contra DAXX, como se
especifica en Puto ef al. 2015 (23). Finalmente, las células GSC23 fueron crecidas en un
medio DMEM e infectadas con lentivirus recombinantes que contenian shRNAs contra

DAXX, como se indica en Benitez et al. (60).

Secuenciacion de RNA

Las librerias de RNA de HCT116 se generaron con el kit de Illumina Truseq Stranded Total
RNA; después se realiz6 una secuenciacion tipo paired-end por triplicado técnico en las
muestras DAXX KD y en los controles, tras la eliminacion del RNA ribosomal; los datos

crudos tuvieron una profundidad de secuenciacion promedio de 36.7 millones de secuencias.

Las librerias de RNA de PC3 se realizaron con el kit [llumina TruSeq RNA v2; después se
realiz6 una secuenciacion single-end con una seleccion de RNAs con colas de poli A en las
muestras tratadas con el shRNA y en los controles por duplicado bioldgico, como se indica
en Puto et al. 2015 (23); los datos crudos tuvieron una profundidad de secuenciacioén

promedio de 41.7 millones de secuencias.

Finalmente, las librerias de RNA de GSC23 se generaron utilizando el kit de [llumina TruSeq
Stranded mRNA Sample Prep Kit; posteriormente, se realizd una secuenciacion single-end
con una seleccion de RNAs con colas de poli A en las muestras tratadas con el shRNA y en
los controles por triplicado biolégico, como se especifica en Benitez et al. (60); los datos
crudos tuvieron una profundidad de secuenciacion promedio de 32.3 millones de secuencias.
Las muestras de los tres estudios fueron secuenciadas en el secuenciador Illumina HiSeq

2500.
Analisis bioinformatico

A diferencia de PC3 y GSC23, HCT116 solamente posee réplicas técnicas y carece de

bioldgicas, razdn por la cual las conclusiones estadisticas obtenidas a partir de los datos de
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dicha muestra describen mas la variabilidad técnica que la bioldgica. Aun asi, se realizo el
analisis bioinformatico al igual que en las otras lineas celulares, tomando las réplicas técnicas
como si fueran bioldgicas, con el objetivo de comparar sus tendencias y explorar su

comportamiento ante la represion de DAXX.

La calidad de los datos de secuenciacion fue evaluada con la version 0.11.8 de FastQC (70).
Posteriormente, las secuencias fueron filtradas con la version 0.38 de Trimmomatic (71) con
el objetivo de remover los adaptadores de Illumina TruSeq 3 y las bases de baja calidad. Los
pardmetros utilizados fueron ILLUMINACLIP: 2:30:10 LEADING:3 TRAILING:3
SLIDINGWINDOW:4:15 MINLEN:36. Los archivos resultantes fueron utilizados para
obtener una matriz de conteos mediante tres herramientas: TETranscripts (66), Salmon (69)

y SalmonTE (68).

Para el pipeline de TETranscripts, los archivos de secuenciacion fueron alineados a la version
31 del ensamble primario del genoma humano obtenido de Gencode (GRCh38.p12)
utilizando la version 2.7.3 de STAR (67). Los pardmetros utilizados para esa etapa fueron los
sugeridos en el articulo original de TETranscripts (--outFilterMultimapNmax 100 --
winAnchorMultimapNmax 100). Después de esto, se utilizo la version 2.1.4 de
TETranscripts (66) en modo -multi . Independientemente, se corrid la version 0.13.1 de
Salmon (69) para estimar la abundancia de los transcritos, mapeando las secuencias a la
version 29 del transcriptoma humano obtenida de Gencode. A la par, se utilizo la version 0.4
de SalmonTE (68) para obtener la expresion de elementos transponibles; las secuencias
fueron mapeadas al archivo humano de referencia provisto por los desarrolladores, como se
indica en (68). Al final de cada uno de los tres pipelines mencionados, se obtuvo una matriz

de conteos.

La matriz se utilizé para hacer un analisis de expresion diferencial con la version 1.22.2 de
DESeq?2 (72). Finalmente, para los genes codificantes diferencialmente expresados (DE), se
hizo un andlisis de enriquecimiento de términos de Gene Ontology utilizando el paquete de
R ClusterProfiler (73). El flujo de trabajo general del andlisis bioinformatico puede

observarse en la figura 4.1.
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Figura 4.1. Flujo de trabajo en el analisis de RNA-seq. En el centro, en color beige, se pueden
observar los pasos del pipeline principal, que consiste en el uso de STAR y TETranscripts. En ambos
lados se encuentran los analisis realizados para validar los resultados obtenidos utilizando Salmon y

SalmonTE.

Disponibilidad de datos

Los datos de RNA-seq de PC3 y GSC23 se encuentran disponibles publicamente bajo el
codigo de acceso PRINA283304 y PRINA345372, respectivamente, en el Sequence Read
Archive de NCBI. Los datos de HCT116 se encuentran sin publicar.
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5. Resultados

Con el objetivo de identificar los genes codificantes y elementos repetidos regulados por
DAXX en células humanas, se utilizaron tres lineas inmortales procedentes de cancer colon
(HCT116), prostata (PC3) y glia (GSC23); cada una de ellas fue sometida a un tratamiento
para reprimir la expresion de DAXX utilizando RNAs de interferencia (IRNAs). Tras la
eliminacion de las secuencias de baja calidad y los adaptadores de los archivos de
secuenciacion y la obtencion de la matriz de conteos con TETranscripts (66), los datos de
expresion normalizados con el método Variance Stabilizing Transformation de DESeq2 de
cada célula se separaron de acuerdo a lo que esperabamos utilizando un analisis de
componentes principales (figura 5.0.1); es decir, a excepcion de una muestra tratada con
siRNA en HCT116, en el componente principal 1, el cual alberga la mayor cantidad de
varianza, las muestras control se separan de las tratadas. Esto indica que, dentro de cada
conjunto de datos, las condiciones experimentales son la principal fuente de variacion entre

las muestras y que las réplicas biologicas (o técnicas, en caso de HCT116) son reproducibles.
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Figura 5.0.1 Analisis de componentes principales. Los paneles corresponden a los conjuntos

experimentales de HCT116, PC3 y GSC23.
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Posteriormente, se realizd el andlisis de expresion diferencial, comparando cada modelo
tratado con sus respectivos controles, utilizando DESeq2 (72). Con el objetivo de observar
el cambio en los patrones de expresion de las células, se procedio a explorar los resultados

en los genes codificantes y en los elementos repetidos de manera separada.

5.1 Analisis de expresion diferencial en genes codificantes

Tras realizar el analisis de expresion diferencial, se encontraron 277, 4704 y 8422 genes
codificantes diferencialmente expresados (DEs) en las lineas celulares HCT116, PC3 y
GSC23, respectivamente (p adj. < 0.05). A diferencia de lo esperado por el papel
principalmente descrito de represor de DAXX, no se encontrd una tendencia clara de los
genes a sobreexpresarse en todos los conjuntos de datos (Figura 5.1.1A). La linea celular
que mas clara tiene esta tendencia es HCT116, con un 86% de genes diferencialmente
expresados al alza, seguido de PC3 con un 54% y finalmente GSC23 con un 52% (Figura
5.1.1B).
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Figura 5.1.1. Genes diferencialmente expresados en las tres lineas celulares. A) Heatmap de los
genes diferencialmente expresados (p adj. <0.05) en HCT116, PC3 y GSC23. B) Proporcion de genes

que estan sobre y subexpresados en cada linea celular.

Asi mismo, se observd que las consecuencias de la represion de DAXX fueron diferentes
para cada linea celular (Figura 5.1.2A), siendo HCT116 la que present6 una menor cantidad
de genes diferencialmente expresados (277), seguido de PC4 (4704) y GSC23 (8422). Dado
que la estrategia que se utilizd para reprimir este gen fue con iRNAs, el efecto del tratamiento
es gradual y depende de la eficacia de los oligonucledtidos para silenciar el RNA mensajero
de dicho gen. Lo anterior podria explicar la diferencia observada entre las réplicas técnicas,
asi como la de la cantidad de genes desregulados, pues diferentes niveles de represion podrian
generar un cambio de expresion en distintos genes dependiendo del nivel de sensibilidad de
los mismos a DAXX. Es decir, entre mas fuerte la represion, mas grande el efecto. Para
explorar lo anterior, en ausencia de datos cuantitativos del cambio de DAXX a nivel proteina
después de su represion en PC3 y GSC23, evaluamos su tasa de cambio de expresion en el
RNA-seq en los tres conjuntos de datos. Como era de esperarse, DAXX presenté un cambio
mas pequetio en HCT116 (LFC =-0.67), seguido de PC3 (L,FC =-1.265) y GSC23 (L.FC
=-1.613, Figura 5.1.2B). Independientemente de la magnitud, esta fue significativa en todos
los casos (p adj. < 0.05), lo cual confirma que el cambio de expresiéon que observamos se
debe a la subexpresion de la chaperona. En conclusion, los datos anteriores demuestran que
DAXX no juega un papel unicamente represor en la regulacion génica, que el efecto de su
subexpresion fue distinta en cada conjunto experimental, y que esto podria deberse a la

diferente eficiencia de los iIRNAs utilizados en cada linea celular.

Después de identificar los genes diferencialmente expresados en cada situacidon, nos
preguntamos cudles eran los principales procesos bioldgicos afectados en las distintas lineas
celulares. Para resolver esto, se procedio a hacer un analisis de enriquecimiento de términos
de Gene Ontology (GO). Este andlisis encuentra las categorias que se encuentran sobre-
representadas en un conjunto dado de genes diferencialmente expresados mediante una
prueba estadistica, por lo que es una prueba 1til para identificar las principales vias biologicas

alteradas en un experimento (73).
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Figura 5.1.2. Efecto del iRNA contra DAXX en las lineas celulares. A) Variacion entre el nimero
de genes diferencialmente expresados, y su tasa de cambio entre HCT116, PC3 y GSC23. Se observa
un volcano plot por experimento donde los genes diferencialmente expresados se marcan en azul y

los no significativos en gris. B) Niveles de disminuciéon de DAXX en cada una de las lineas celulares.

En el caso de HCT116, las categorias de GO enriquecidas correspondieron principalmente a
una alteracion en vias de regulacion génica mediante las modificaciones de la cromatina y de
los nucleosomas (Figura 5.1.3), procesos relacionados a las funciones que desempefian
enzimas involucradas en mecanismos epigenéticos. Por otro lado, en PC3 las categorias mas
significativas en procesos bioldgicos estuvieron relacionados a la sintesis de proteinas, asi
como a su direccionamiento y exportacion (Figura 5.1.3). Estos procesos estan relacionados
a las actividades glandulares que desempefia este tejido de manera normal, pues la principal
funcion de la prostata es producir sustancias esenciales para el semen, por lo que la
produccion de proteinas en el RE, su movilizacion y excrecion son fendmenos
especificamente activos en este tejido. Finalmente, las categorias enriquecidas en GSC23
corresponden principalmente a procesos cruciales en las células nerviosas como la
morfogénesis, el aprendizaje y la memoria (Figura 5.1.3). Estos procesos se encuentran
activos en células nerviosas de manera particular, por lo que corresponden a mecanismos

propios de tejido nervioso.
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Figura 5.1.3. Primeros 6 términos de procesos biologicos de GO enriquecidos en los genes
diferencialmente expresados por experimento. El gradiente de color indica el valor de la p ajustada
y el tamafio del circulo la cantidad de genes diferencialmente expresados que pertenecen a dicha
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respecto al total de genes DE encontrados en ese experimento.
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En conclusion, se observo que los genes desregulados en PC3 y GSC23 se encuentran
asociados principalmente a procesos biologicos tejido-especifico llevados a cabo de manera
normal en los tejidos a los que pertenecen estas células. Le atribuimos el hecho de que no
hayamos encontrado un proceso bioldgico especifico de colon en HCT116 al menor efecto
de represion que observamos en esta linea celular en comparacion de las otras dos (Figura
5.1.2), sugiriendo que los procesos observados ahi sean los primeros afectados tras la
alteracion de DAXX. Sin embargo, no se puede descartar la opcion de que las diferencias de
los genes desregulados en las lineas estudiadas se deban al efecto combinado de la
desregulacion promovida por el KD de DAXX y el contexto gendmico especifico en el que se
encontraban previamente dichas lineas celulares antes del KD. Si bien la linea celular
HCT116 es estable y casi diploide (74), PC3 es casi triploide (75), y desconocemos el

cariotipo de GSC23. Sin embargo, se requeririan mas estudios para confirmar esta hipdtesis.

Tras obtener estos resultados, nos preguntamos si existian genes regulados de forma ubicua
por DAXX en células humanas. Esto podria explicar su efecto negativo en distintos tipos de
cancer, proponiendo asi un mecanismo basal conservado. Para explorar esta hipotesis,
buscamos la interseccion de genes diferencialmente expresados en todas las lineas celulares
DAXX KD. Se encontraron 72 genes codificantes diferencialmente expresados en todos los
modelos estudiados (Figura 5.1.4A). No obstante, su direccion de cambio no era la misma
en todas las ocasiones; es decir, algunos genes presentaban tendencias de alteracion distintas
en los distintos modelos celulares, como, por ejemplo, WNT94 o SOX9, los cuales estan

subexpresados en PC3 y GSC23, pero sobreexpresados en HCT116 (Figura 5.1.4B).

Posteriormente, decidimos concentrarnos unicamente en los genes cuya alteracion de la
expresion ante el KD de DAXX tuviera la misma direccion de cambio con el objetivo de
identificar los que se asociaran mas fuertemente a la represion de esta chaperona; bajo este
criterio, encontramos 12 genes, de los cuales 11 estaban sobreexpresados (ACTGI, ALDOA,
AC093512.2, EIF3F, CD81, DAP, PLAU, MGAT4B, MT2A, IFITM3 y S100411). Como era
de esperarse, DAXX mantiene un patron de expresion a la baja en las tres lineas celulares, lo
cual valida el tratamiento experimental (Figura 5.1.4C). Con los datos anteriores, podemos

observar que, a excepcion de DAXX, todos los genes con una direccion de cambio constante
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en la interseccion de las tres lineas celulares aumentan su expresion, lo cual es interesante y

soporta nuestra hipétesis inicial en la que el papel principal que juega DAXX es de represor.
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Figura 5.1.4 Genes diferencialmente expresados en comin entre HCT116, PC3 y GSC23. A)
Diagrama de Venn indicando las intersecciones entre cada uno de los modelos celulares. B) Tasa de
cambio de los 62 genes ubicados en la interseccion de los tres modelos. C) Tasa de cambio de los

genes en la interseccion de los tres modelos con una direccion de cambio constante.
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Con el objetivo de validar los resultados obtenidos utilizando un pipeline bioinformatico
distinto, utilizamos el programa de cuantificacion y alineamiento rapido Salmon (69). Tras
realizar el andlisis de expresion diferencial, encontramos el mismo patrén que en
TETranscripts: no existe una tendencia clara en las tres lineas celulares a presentar
mayoritariamente genes sobreexpresados. La diferencia en genes diferencialmente
expresados se mantuvo: HCT fue el que menor cantidad tuvo (311), seguido de PC3 (3291)
y GSC23 (6779). De igual manera, el modelo celular con mayor porcentaje de genes

sobreexpresados fue HCT116 seguido de PC3 y GSC23 (Figura 5.1.5A).

Al comparar la tasa de cambio de los genes diferencialmente expresados en comun bajo
ambas metodologias, se encontr6 una correlacion fuerte y significativa en HCT (S = 5.9 x
104, p<0.01), PC3 (S=1.5x108,p<0.01) y GSC23 (S=9.6 x10%, p<0.01; Figura 5.1.5B),
con un coeficiente de correlacion mayor a 0.94 en todos los casos. Adicionalmente, los
términos enriquecidos de GO en los genes diferencialmente expresados (p ajustada < 0.05)
estuvieron involucrados en los mismos procesos biologicos que en TETranscripts
(fendomenos tejido-especifico en PC3 y GSC23, y de regulacién génica en HCT116). Los
datos anteriores muestran que los resultados en el andlisis de expresion diferencial de los
genes codificantes obtenidos mediante el pipeline de TETranscripts son robustos y
reproducibles utilizando un software que utiliza métodos de mapeo y cuantificacion

completamente distintos.

Posteriormente, nos preguntamos si los genes compartidos en las tres lineas celulares con la
misma direccion de cambio (Figura 5.1.4C) seguian siendo significativos con el pipeline de
Salmon. De los 12 genes previamente identificados con TETranscripts, 8 estuvieron
diferencialmente expresados también, cuya tasa de cambio bajo ambos métodos fue casi

idéntica (Figura 5.1.6A).
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Figura 5.1.5. Validacion de TETranscripts utilizando Salmon. A) Genes diferencialmente
expresados utilizando la matriz de conteos de Salmon en HCT116, PC3 y GSC23. B) Correlacion
entre la tasa de cambio de HCT116, PC3 y GSC23 obtenida con el pipeline de TETranscripts y

Salmon.

Descartando a DAXX, cuya subexpresion era de esperarse, los siete genes restantes (CDS1,
ALDOA, PLAU, MGAT4B, MT2A4, IFITM3 y S100411) podrian ser genes regulados por
DAXX en cualquier linea celular humana. Con el objetivo de explorar si alguna cascada
biologica se veia particularmente afectada de manera basal, evaluamos la interaccioén
proteina-proteina de los productos funcionales de dichos genes utilizando STRING, una base
de datos de contactos fisicos y asociaciones funcionales entre proteinas (76). No se encontrod
ninguna interaccion significativa, lo cual descarta su participacion en cascadas bioldgicas en

comun (Figura 5.1.6A).
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Figura 5.1.6. Genes diferencialmente expresados con una direccion de cambio comin en las tres
lineas celulares DAXX KD en ambos pipelines. A) Tasa de cambio de los 8 genes identificados. B)
Resultados de interaccion utilizando STRING.

Finalmente, analizamos el efecto de la desregulacion de los siete genes sobreexpresados en
las lineas celulares con el objetivo de explorar su papel en el fenotipo que se genera tras la
alteracion en la expresion de DAXX (Tabla 5.1). Observamos que todos ellos desempefian
papeles relevantes en cancer y, de manera particularmente interesante, estdn asociados con
caracteristicas tipicamente observadas en canceres donde DAXX esta desregulado a la alza

o0 a la baja, como lo es el aumento en proliferacion y supervivencia (26-38).

Tabla 5.1. Papel de los genes codificantes comunes regulados por DAXX en cancer. Las

descripciones fueron obtenidas de la base de datos GeneCards (77).

Gen / Descripcion de la proteina Asociacion con cancer

Proteina /

GeneCards ID
ALDOA / Proteina perteneciente a la Proteina clave en la reprogramacion
ALDOA / familia de fructosa-bifosfato metabolica del cancer y la

GC16P030064 | aldolasas de clase I. Catalizala | metastasis. Su sobreexpresion se

conversion reversible de la asocia con un incremento en la
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CD81/
CD81/
GC11P002377

IFITM3 /
IFM3/
GC11M000319

MGAT4B /
MGAT4B /
GCO5M179797

fructosa-1,6-bifosfato a
gliceraldehido-3-fosfato y
dihidroxiacetona-fostato. Muy
importante en la glicolisis y el
mantenimiento homeostatico de
la glucosa.

Glicoproteina de superficie de
membrana perteneciente a la
familia tetraspanina.
Involucrada en la transduccion

de sefiales.

Proteina membranal inducida
por interferon. Involucrada en
procesos de homeostasis
intracelular de colesterol,
adhesion celular, regulacion de
células inmunes, desarrollo de
células germinales,

mineralizacion, entre otros.

Glucosiltransferasa que participa

en la transferencia de N-
acetilglucosamina (GIcNAc) al
nucleo de residuos de manosa de
glicanos unidos a nitrogeno.

Ademas, regula la formacion de

migracion, invasion y supervivencia
de células de cancer colorrectal (78),
pulmonar (79), pancreatico (80),
entre otros (78). Su alteracion en
células cancerosas induce apoptosis
(81).

En cancer gastrico, su supresion
mediante metilacion se asocia con la
estimulacion de la proliferacion
celular, el crecimiento y
supervivencia (82). En cancer de
prostata y lineas celulares de mama
y osteosarcoma, su sobreexpresion
se ha relacionado con mayor
proliferacion, invasion y migracion
(83-85).

Sobreexpresado en muchos tipos de
canceres como

colon, gastrico,

astrocitoma, glioma, mama,
carcinoma escamoso esofagico. Su
silenciamiento inhibe el crecimiento,
proliferacion y la metastasis en
cancer de colon, prostata, gastrico,
carcinoma hepatocelular y glioma
(86,87).

La presencia elevada de ramificacion
Bf1-6 en

los N-glicanos de Ila

superficie celular de tumores
correlaciona con una regulacion
las enzimas

de

positiva de

ramificadoras N-glicano
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estructuras ramificadas
triantenarias 'y multiantenarias
en cadenas de azucares del
aparato de Golgi.
Miembro de

familia de

reguladores  transcripcionales
asociados con metastasis de
tumores. Componente central en
el complejo de remodelacion de
nucleosomas y desacetilacion de
histonas NuRD. Regula Ila
reorganizacion del citoesqueleto
mediante la modulacion global
de la expresion génica.

Serin-proteasa que convierte al

plasmindgeno en plasmina.

También conocida como
calgizzarina.
Proteina perteneciente a la

familia S100, la mas grande de
unién a calcio con dos motivos
EF, las cuales estan involucrados

€n una gran gama de Procesos

(MGATSs); esto se correlaciona

positivamente con el grado

histologico y la metastasis en
ganglios tumorales (88).

Regulador central de la expresion de
vias esenciales para la metéstasis.

Su sobreexpresion se ha asociado
con aumento en la agresividad y
crecimiento en una gran cantidad de
tumores, tales como gastrico (89),
renal (90), de mama (91), ovario

(92), pulmon (93), entre otros (91).

Sobreexpresado en tejidos de cancer
de prostata y sus lineas celulares
invasivas, donde se ha sugerido que
se regula mediante metilacion;
asociado con alta capacidad invasiva
in vitro y de tumorigénesis in vivo
(94). Propuesto como biomarcador
de prondstico y blanco terapéutico en
cancer gastrico (95).

Sobreexpresado en varios tumores
malignos, como adenocarcinoma y
carcinoma de células escamosas
(96), de tiroides papilar (97) y
hepatocelular (98), cancer de ovario
(99), gastrico (100), colorectal (101),
pancreatico (102) y en mesotelioma

pleural (103). Su silenciamiento
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como diferenciacion y | puede inhibir la proliferacion celular,
progresion del ciclo celular. el crecimiento y la invasion en varios
contextos cancerosos
(96,99,102,103).
Subexpresado en cancer pulmonar de

células pequefias (96).

En resumen, los genes diferencialmente expresados al reprimir a DAXX desarrollan
principalmente funciones tejido-especifico. Adicionalmente, se identificaron 7 genes
candidatos que podrian ser reprimidos por DAXX de manera constante en todas las células

humanas, los cuales presentan funciones relevantes en el desarrollo y/o progresion del cancer.

5.2 Analisis de expresion diferencial en elementos repetitivos

Después de la identificacion de los genes codificantes diferencialmente expresados,
procedimos a evaluar el cambio en la expresion de los elementos repetidos del genoma tras
el silenciamiento de DAXX. Los resultados del analisis de expresion diferencial con
DESeq2(72) utilizando la matriz de conteos de TETranscripts (66) identificaron un total de
2,405 y 111 elementos repetidos diferencialmente expresados en HCT116, PC3 y GSC23,
respectivamente (Figura 5.2.1A). Al igual que con los genes codificantes, no se encontré un
patron claro de cambio; el porcentaje de elementos repetidos sobreexpresados varid bastante

con 100% en HCT116, 1% en PC3 y 59% en GSC23 (Figura 5.2.1B).

Las familias de repetidos que se encontraron diferencialmente expresadas de manera
predominante fueron los elementos nucleares dispersos; ademas de esto, todas las lineas
presentaron al menos un satélite diferencialmente expresado (Figura 5.2.2A). A pesar de que
la tendencia de cambio de expresion de algunas familias fue evidente, no encontramos ningin
elemento repetido puntual diferencialmente expresado en las tres lineas celulares; las tinicas
intersecciones encontradas fueron la del elemento transponible LTR7Y entre HCT116 y PC3
y la de 63 elementos mas entre GSC23 y PC3 (Figura 5.2.2B). Como se mencion6 en la

seccion anterior, la inestabilidad cromosomica de las células no diploides podria ocasionar
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que el efecto de DAXX varie debido a la sinergia que se presenta ante una estructura

cromatinica anormal.

A HCT116 PC3

Tratamiento

[ I control
siRNA
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satélite os
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- Sub-expresados . Sobre-expresados

Figura 5.2.1 Elementos repetitivos diferencialmente expresados en DAXX KD. A) Expresion de
cada elemento repetido diferencialmente expresado en HCT116, PC3 y GSC23. B) Proporcion de

elementos repetitivos sobre y subexpresados en cada linea celular.

Al igual que con los genes codificantes, os resultados fueron validados utilizando un
algoritmo diferente; para esto, utilizamos SalmonTE (68), un programa que se limita al
mapeo y cuantificacion de elementos transponibles en el RNA-seq, que fue uno de los clados
que mayor cantidad de elementos diferencialmente expresados encontramos en las muestras
con TETranscripts. De forma interesante, LTR7Y, el elemento repetido DE encontrado en
comun entre HCT116 y PC3 con TETranscripts, también se encontré DE (p adj. < 0.1) con

SalmonTE en dichas lineas celulares. En resumen, al analizar la expresion de elementos
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repetidos ante la represion de DAXX, encontramos un patron menos claro que el de el analisis
de genes codificantes; la regulacion de DAXX en elementos repetidos parece ser
completamente tejido-especifico, ejerciendo su funcidon principalmente en elementos

nucleares dispersos.

>
@

Gsc23
HCT116
100 4 PC3

L‘O-H , - 5 c;p

LTR7Y

No. elementos

ITR DNA LINE SINE Satélite
Clado

Figura 5.2.2 Clados de elementos repetidos diferencialmente expresados en DAXX KD. A)
Cantidad de elementos DE por clado en HCT116, PC3 y GSC23. De izquierda a derecha se
encuentran los clados que mas elementos diferencialmente expresados presentaron de manera general

en los experimentos. B) Elementos repetidos DE en comun en los tres modelos celulares.

Debido a que DAXX ha sido descrito principalmente como represor de elementos repetidos
en las zonas teloméricas y pericentroméricas, y en grupos de elementos retrovirales
endogenos (104), nos preguntamos si la ubicacidn de estos elementos repetidos
diferencialmente expresados concordaba con estas regiones. Para esto, mapeamos la
secuencia consenso de los que presentaron una tasa de cambio mayor en cada modelo y la de
LTR7Y debido a su presencia en HCT116 y PC3 de forma consistente. A pesar de que se
encuentran presentes en muchas regiones cromosomicas, en especial los elementos nucleares
dispersos, se puede observar que todos ellos se encuentran en las zonas teloméricas y
pericentroméricas de algin cromosoma (Figura 5.2.3). Si bien es imposible saber en este
analisis con precision que los elementos diferencialmente expresados provienen de estas

regiones, se puede hipotetizar que sea asi.
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Figura 5.2.3. Ubicacion de elementos repetidos diferencialmente expresados. Posicion de los
elementos repetidos DEs con la tasa de cambio mas grande en A)HCT116, C) PC3 y D) GSC23, asi
como de B) LTR7Y. Las franjas corresponden a segmentos en donde se encuentra la secuencia de
dicho repetido de forma no redundante (i.e. segmentos donde no hay otra familia de repetidos que
posea una calificacion de acierto mayor en el alineamiento). El color indica el numero de veces que

se presenta el elemento por cada megabase.
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V1. Discusion

En este trabajo se estudio el transcriptoma de lineas celulares con y sin un tratamiento DAXX
KD con el objetivo de evaluar el impacto que tiene su subexrpesion en células humanas. A
pesar de la evidencia existente que asocia la alteracion de su expresion con la inestabilidad
genomica y la presencia de un fenotipo agresivo en cancer, hasta este estudio, no se habian
comparado los datos de distintos trabajos. Ademés de otorgar una descripcion de los
elementos del transcriptoma regulados por DAXX en HCT116, un linaje celular no explorado
con este abordaje en la literatura, en este trabajo, mediante un andlisis comparativo,
identificamos genes candidatos cuya expresion es regulada por esta chaperona

independientemente del contexto celular.

6.1 Regulacion de la expresion mediada por DAXX

De manera general, observamos que DAXX no solamente juega un papel represor en la
modulacion de genes. De manera consistente se encontraron genes subexpresados tras la
represion de esta chaperona que fueron principalmente especificos en cada linea celular, lo
cual indica que los niveles normales de esta proteina estimulan la expresion de estos
elementos. A pesar de que esto es sorprendente, dado que DAXX ha sido descrito
principalmente como represor (7), nuestros resultados concuerdan con hallazgos previos en
donde se observa este fendémeno (23,60,105); es interesante que a pesar de que se encuentran
genes subexpresados ante la represion de DAXX, ninglin autor en esos estudios aborda esto.
El mecanismo por el cual lo logra no puede inferirse con los datos provistos en esta tesis,
mas es posible hipotetizar mecanismos directos e indirectos por los cuales DAXX podria

desempetiar este papel activador, como se desarrolla en los siguientes parrafos.

Ademas del deposito de H3.3 mediante el modelo clasico explicado en la introduccion, en el
cual ATRX-DAXX se asocia con el nucleosoma modificado y proteinas represoras para
depositar la variante de histona y reprimir el entorno (Figura 1.3.1), esta chaperona es capaz
de actuar de manera independiente para reprimir ERVs (17). Aunque este fenomeno ha sido
pobremente estudiado, se ha reportado que H3.3 no necesita ser depositado en las regiones

para que se reprima el entorno; en estos casos, se ha sugerido que la variante de histona
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unicamente estabiliza a DAXX y le permite desempenar su funcion regulatoria sin necesidad

de ser incorporada en la cromatina (17).

Con base en lo anterior, podemos hipotetizar que DAXX altera la expresion de los genes de
dos maneras diferentes. De manera directa, en regiones donde funge como represor, la
chaperona puede realizar esa funcion ya sea mediante la incorporacion de H3.3 en la
cromatina o el reclutamiento por si sola de remodeladores epigenéticos como SETDBI,
KAP1 y HDAC (Figura 6.1A)(17). En el caso de los genes y regiones repetidas en los que
DAXX desempefia una funcion activadora, podria deberse a efectos indirectos en donde la
chaperona regule negativamente al represor de dicho elemento; de esta manera, al silenciar a
DAXX, la represion se elimina; esto es factible dado que hay casos reportados donde sucede,
como lo es la supresion mediada por DAXX de la represion transcripcional mediada por Slug
en células pulmonares (Figura 6.1A)(106). Otra alternativa podria ser mediante un
mecanismo descrito recientemente, en el cual se ha visto que la histona H3.3,
independientemente de la chaperona que la deposita, puede ser fosforilada en la serina
31(14). La fosforilacion de este residuo se asocia con una estimulacion de la actividad de la
acetiltransferasa p300 (14), con un aumento en la marca epigenética H3K27ac y con un
estado cromatinico abierto (107). De esta manera, podria ser que en contextos especificos,
DAXX pudiera depositar a la histona H3.3 sin establecer un ambiente heterocromatico y que,

posteriormente, esta histona sea modificada para ejercer un rol activador (Figura 6.1B).

Para corroborar el mecanismo por el cual DAXX puede modular la expresion, es necesario
realizar ensayos de ChIP-seq contra H3.3 en presencia y ausencia de DAXX, o contra DAXX
antes y después de la represion. Comparando los datos de dichas condiciones, podriamos
observar si el efecto de alteracion en la expresion génica que observamos se asocia con la
ausencia de la union de DAXX a la region circundante o del nucleosoma variante con H3.3.
Existen dos ensayos asi: uno contra DAXX en PC3, donde se observo que esta chaperona se
une a enhancers, insulators y promotores de varios genes, entre ellos los de autofagia (23); el
segundo es un ChIP-seq contra H3.3 antes y después del silenciamiento de DAXX, donde
observan que la sobre y subexpresion de genes se asocia tanto con un enriquecimiento como

una disminucion de H3.3 en los genes (60). Sin embargo, estos estudios no profundizan o
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exploran los datos més alld de sus intereses particulares, por lo que en el futuro podrian re-
analizarse para evaluar la distribucion de DAXX y H3.3 en el grupo de genes que
encontramos diferencialmente expresados en comun para saber si el efecto que observamos
se debe a cambios en H3.3, DAXX o ambos. Aun asi, no existen ensayos de ChIP-seq contra
la fosforilacion de la serina 31 de H3.3, por lo que esta hipdtesis se mantiene atn inexplorada

en la literatura.

A) Represion de genes codificantes
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Figura 6.1 Impacto de DAXX en el genes codificantes. Potenciales mecanismos mediante los

P2

codificante

cuales DAXX podria modular la activacion o represion de genes. A) El complejo ATRX-DAXX
puede asociarse con proteinas represoras como KAP1 y SETDBI, lo cual genera un ambiente
heterocromatico. Al depositar a H3.3 en regiones cercanas a un gen codificante, DAXX puede
reprimir su expresion. Adicionalmente, en caso de que dicho gen ocasione el silenciamiento de otros
genes, el apagarlo ocasiona la activacion transcripcional de estos ultimos. B) DAXX puede activar la
transcripcion de forma directa de genes mediante el depdsito de H3.3 en regiones cercanas del mismo.
La variante de histona puede ser posteriormente fosforilada en la serina 31 y estimular la

transcripcion.

En resumen, los cambios de expresion que observamos en genes codificantes y elementos
repetitivos podrian deberse a su regulacion directa por DAXX, o como efecto indirecto tras

la represion o activacion de un regulador transcripcional que fue alterado por la cascada de
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alteraciones en la expresion génica. Cuando actia de forma directa, DAXX podria reprimir
elementos en complejo con ATRX o con otras proteinas epigenéticas como SETDB1, KAPI
y HDAC:s (17). Por otro lado, DAXX podria mediar la activacion transcripcional al depositar
a H3.3 en una regioén gendmica, la cual puede ser posteriormente fosforilada y promover la

apertura de la cromatina (14,107).

6. 2 Impacto de DAXX en la regulacion génica

Independientemente del mecanismo de accidon, observamos que DAXX regula
principalmente genes asociados a procesos especificos de cada linea celular. Al ser el primer
estudio comparativo con este enfoque, nuestros resultados contribuyen al entendimiento de
los efectos de la alteracidin de DAXX en células humanas. Estos son consistentes con un
estudio realizado en un modelo murino de knock-out condicional de DAXX en pancreas; al
analizar el transcriptoma, se encontré que genes ,incluidos factores de transcripcion,
asociados con tipos celulares especificos de este 6rgano estaban desregulados en ausencia de
DAXX, concluyendo que en pacientes humanos con cancer pancreatico la alteracion
epigenética ocasionada por esta chaperona podria estar involucrada con la regulacién

transcripcional isleta-especifica (105).

Al observar este comportamiento, parece probable que DAXX forme complejos con factores
de transcripcion tejido especifico y que estos guien su accion a lo largo del genoma. Esto es
particularmente interesante si se toma en cuenta su gran capacidad para formar complejos
con una amplia variedad de proteinas involucradas en la transcripcion, como CBP, PTEN,
RELA o MENT tanto in vivo como in vitro (26). Este mecanismo podria explicar el fenomeno
observado en esta nuestros resultados. De ser asi, un ChIP-seq contra DAXX en el caso de
HCT116 y GSC23, y un reanalisis de los datos existentes en PC3 (23), podria ser util para
realizar un descubrimiento de motivos de DNA de novo; este método computacional es capaz
de identificar los sitios de union mds abundantes en un conjunto de secuencias (108). Asi,
tras comparar los motivos encontrados con este método con bases de datos de sitios de unién
de factores de transcripcion humanos, podrian identificarse potenciales compaiieros

moleculares en cada una de las lineas celulares, si es que son tejido-especifico.
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En concordancia con lo anterior, encontramos pocos genes codificantes diferencialmente
expresados en comun al comparar los resultados de los tres experimentos (DAXX KD de
HCT116, PC3 y GSC23). A pesar de esto, es muy interesante observar que todos los que
estan en la interseccion desempenan papeles relevantes en cancer; estos podrian pertenecer a
un conjunto de genes “basales” cuya expresion es afectada por DAXX independientemente
del tipo celular. Otra alternativa posible es que la expresion de este grupo se encuentre
alterada en muchos tipos de céancer, y que la disminucion DAXX potencie su desregulacion.
Como se puede observar en nuestros resultados, dichos genes no son parte de una misma
cascada molecular, dado que no poseen interacciones a nivel proteina-proteina entre ellos.
Esto indica que su mecanismo bioldgico es independiente, lo cual concuerda con la hipotesis

de que son regulados por DAXX de manera pre-transcripcional.

La busqueda de este grupo de genes es muy relevante para encontrar mecanismos
conservados en distintas células humanas que podrian explicar la adquisicion de
caracteristicas agresivas en varios tipos de cancer donde DAXX se encuentra desregulado.
En esta direccion, seria interesante ampliar el analisis a un mayor nimero de tipos celulares
en donde la alteracion de esta chaperona es relevante y el nimero de muestras. De esta
manera, podria definirse mejor este grupo de genes. Esto tendria grandes implicaciones para
entender el panorama del céncer en este contexto y resaltar su importancia como
biomarcador, asi como en la generacion de tratamientos enfocados en medicina de precision
que podrian ayudar a las personas cuyo cancer posea esta alteracion, como ha sido sugerido

en los ultimos afios (26).

Como se menciono en la introduccion, la desregulacion de DAXX tanto a la alza como a la
baja se asocia con fenotipos agresivos en varios tipos de cancer. Con base en esto, podemos
inferir que los niveles de expresion de esta chaperona son sumamente importantes; cualquier
aumento o disminucion, genera una desregulacion que puede inducir inestabilidad
cromosomica (19) o mal pronostico en cancer (23-35). En consecuencia, una perspectica de
este trabajo es realizar un analisis transcriptomico en el escenario opuesto (i.e. sobreexpresar

a DAXX) para identificar los genes cuya expresion es alterada y observar si este grupo de
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genes “basales” se mantiene y como es que se comporta. Este tipo de ensayos no se han
realizado a nuestro conocimiento, por lo que este modelo se encuentra abierto a la

exploracion.

En resumen, se encontré mayoritariamente una alteracion de genes involucrados en procesos
tejido-especifico en cada una de las lineas celulares. Aun asi, encontramos un conjunto de
genes que podrian pertenecer a un grupo de respuesta conservado independientemente del
linaje. Estos podrian explicar el efecto de mal pronodstico que se asocia con la alteracion de

DAXX en cancer.

6. 3. Impacto de DAXX en la regulacion de elementos repetidos

Actualmente, lo mas aceptado en la funcion regulatoria realizada por DAXX se enfoca en su
rol represor de las regiones heterocromaticas, constituidas principalmente por elementos
repetidos. En nuestro trabajo, observamos un comportamiento similar al de las regiones
génicas codificantes, en donde se presentd una respuesta principalmente tejido especifico.
Ademas, se mantuvo la tendencia a promover principalmente la sobreexpresion de elementos
repetidos en dos lineas celulares, reforzando asi la idea de DAXX como represor en estas
regiones. A pesar de ello, para nuestra sorpresa, en la linea celular PC3 se presentd una
predominancia de elementos subexpresados. Esto sugiere que esta chaperona podria
desempefiar un comportamiento diferente en esta linea celular a diferencia de las otras. Podria
ser algo especifico de tejido de prostata o algin fendmeno derivado de la inestabilidad
cromosomica presente en PC3. El hecho de que esta linea celular sea casi triploide (75) refleja
una gran cantidad de alteraciones presentes en la cromatina. En consecuencia, podria ser que
las regiones ya comprometidas por esta desregulacion se vean afectadas por la alteracion de
DAXX de forma diferente a HCT116, una linea celular cromosdémicamente estable (74). En
este sentido, se podria sugerir que la inestabilidad cromosomica de las células no diploides
podria ocasionar un efecto sinérgico con el KD DAXX y siendo asi resulten mas
representados como mayormente alteradas diferentes regiones repetidas y génicas en los

modelos celulares.
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En resumen, cada linea celular presentd cambios de expresion en elementos repetidos
diferentes, lo cual concuerda con nuestra hipotesis de DAXX regulando elementos
especificos en distintos linajes celulares. Seria interesante evaluar la expresion de elementos
repetidos en una mayor cantidad de muestras para saber si este fenémeno es tnico de PC3 o
es prevalente en otros tejidos. Asi mismo, se podrian realizar comparaciones entre diferentes
células del mismo linaje para evaluar la similitud entre los elementos repetidos
diferencialmente expresados. De esta manera, el rol de DAXX en estas regiones podria ser
esclarecido para saber si su desregulacion ocasiona efectos opuestos o si esto se debe a la

inestabilidad cromosomica particular de algunas lineas.

Independientemente de la tendencia global de cambio de expresion, los principales elementos
repetidos que fueron desregulados corresponden al clado LTR en todas las lineas celulares.
Dentro de este grupo, se encuentran los elementos retrovirales endégenos (ERVs). Esto
coincide con la literatura, ya que su represion por DAXX ha sido reportada previamente
(26,104,105). A pesar de eso, los elementos que mayor cambio presentaron pertenecen al
clado de satélites. Esto ultimo podria explicarse por la ubicacion de estos repetidos, los cuales
estan principalmente en zonas de heterocromatina constitutiva, como la de las regiones
centromérica, pericentromérica, o telomérica (109), que son regiones donde DAXX deposita
a H3.3 (3). De esta manera, podria ser que estas regiones cromosomicas sean particularmente
sensibles a la alteracion de esta chaperona, siendo las mas afectadas. Aun asi, comprobar la
hipotesis de que la expresion de los satélites sea especificamente de estas regiones
pericentroméricas y subteloméricas es muy dificil con métodos computacionales debido a la
alta cantidad de repetidos en tdindem que poseen los satélites, como se describe en la seccion
1.6 de la introduccion. Aun asi, el abordaje utilizado aqui nos permiti6 identificar elementos
diferencialmente expresados aun sin tener la seguridad de la region gendmica de la que
preceden los transcritos. Esto es sumamente importante, dado que los elementos repetidos
influencian la expresion de genes en cis y en trans, modulando incluso redes regulatorias
completas (39,41). Por ende, conocer las principales familias afectadas puede ser crucial para
entender el mecanismo de accion de DAXX en cancer y su contribucion a la inestabilidad
genomica (19). De esta manera, podemos obtener un panorama de los cambios aun con las

limitaciones actuales de la secuenciacidn corta.
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Con los resultados provistos en esta tesis, en el futuro sera interesante estudiar la relacién
que hay entre los patrones observados en genes codificantes y elementos repetitivos con el
fin de describir si la alteracion de uno ocasiona la del otro grupo, o si es que su desregulacion
sucede simultaneamente. Recientemente, en un modelo murino, se observé que la alteracion
que ocasiona DAXX en la expresion génica podria deberse principalmente a la activacion de
ERVs los cuales, al estar cerca de genes codificantes, generan un impacto global en la
regulacion del transcriptoma (105). Este modelo estd apoyado por una gran variedad de
trabajos que describen el efecto que tiene la alteracion de elementos repetidos en la expresion

génica de organismos eucariontes (38,39,41,42,44,110)

De manera general, la expresion de elementos repetitivos pueden alterar la de genes
codificantes al actuar en cis, trans, mediante sus proteinas, o al alterar el entorno epigenético
de sus regiones (110). Varios repetidos pueden servir como promotores y activar al expresion
de genes en cis, como es el caso de ERV1 (111), o como enhancers y actuar en trans, como
LTRI9B o MER41 en humanos (112). Por otro lado, las proteinas pueden alterar el
funcionamiento celular, como es el caso de HERV-K, cuyo producto funcional modula la
expresion de citoquinas (113). Finalmente, dado que estos elementos son altamente
controlados por la maquinaria epigenética, generalmente mediante el mantenimiento de
regiones heterocromaticas que se asocian con marcas represivas como la H3K9me?2/3 (114),
el entorno represivo generado (o activo, cuando existe una desregulacion) modifica la
expresion de genes circundantes (110). Asi, la expresion de elementos repetitivos impacta la
red transcripcional de una célula, la cual al ser alterada puede desembocar en inestabilidad,
por lo que seria relevante en estudios posteriores explorar qué tanto contribuyen estos

mecanismos al fenotipo observado en células humanas (Figura 6.2).

Aun asi, el modelo de alteracion de expresion de genes codificantes como producto de ERVs
propuesto en ratén un un contexto DAXX KO (105) explica potencialmente la expresion de
menos de la mitad de los genes diferencialmente expresados, lo cual abre puerta proponer
mecanismos complementarios que expliquen el fenotipo resultante. En este sentido, el hecho

de que la alteracion de elementos repetidos sea el principal detonador del efecto observado
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en genes codificantes (i.e. perturbacion de procesos biologicos tejido-especifico) parece poco
probable; de ser este mecanismo el prevalente en nuestros modelos, observariamos
alteraciones en vias azarosas. A pesar de esto, este mecanismo de alteracion de genes
codificantes por expresion de elementos repetidos muy probablemente sucede en nuestro
modelo, y podria participar en la activacién/represion de varios genes. En resumen,
observamos elementos repetidos diferencialmente expresados en todas nuestras lineas
celulares, los cuales podrian ocasionar potencialmente la desregulacion de varios genes
codificantes y contribuir asi a la promocion de inestabilidad genoémica y agresividad en

cancer.

H3.3K9me

{ DAXX ll ;

Elemento Gen IrEeler:ttiétril:z d('i’en t
repetitivo  codificante ' P codtieante

&g, sETDE ' KAP1 DAXX Nucleosoma con Nucle?s.oma
H3.3 canénico

Figura 6.2 Impacto de DAXX en los elementos repetitivos. DAXX, en complejo con proteinas

epigenéticas represoras como SETDB1 y KAPI, puede reprimir la transcripcion de elementos
repetitivos al depositar a H3.3 en las regiones cercanas y establecer un entorno heterocromatico. El
silenciamiento de DAXX puede ocasionar que este mecanismo falle, resultando en la activacion de
dichos elementos, los cuales son capaces de alterar la red transcripcional de la célula al activar genes

codificantes en cis (como se muestra en la figura) o en trans.

En conjunto, los resultados de este trabajo contribuyen al entendimiento del impacto que
tiene la desregulacion de DAXX y es un primer paso para comenzar a entender su mecanismo
de accion sobre la regulacion génica (Figura 6.3). Parece ser que esta chaperona, y su
variante de histona, actlian segun la teoria del reostato, la cual dice que forman parte de
mecanismos finos que le permiten a la célula mantener dominios gendmicos a largo plazo y
responder a estimulos (13). De esta manera, la perturbacion de estos mecanismos podria
cambiar este redstato molecular de estabilidad gendémica, contribuyendo a la enfermedad o

su progresion.
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Figura 6.3 Consecuencias de la subexpresion de DAXX en células humanas. La represion de la
chaperona de H3.3 ocasiona la desregulacion de eclementos repetidos y genes codificantes
involucrados en procesos tejido-especifico, asi como un grupo de ellos conservado en todas las lineas
celulares independientemente del linaje. Como consecuencia de estos tres fendmenos, se presenta
inestabilidad genémica y un mal pronodstico en diversos tipos de cancer.
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VII. Conclusiones

La disminucion de DAXX altera principalmente la expresion de genes involucrados en
procesos tejido-especifico en lineas celulares cancerosas de prostata, colon y glioblastoma.
Se identificaron siete genes que potencialmente podrian integrar un grupo de respuesta basal
a la alteracion de esta chaperona: ALDOA, CDS81, IFITM3, MGAT4B, MTA2, PLAU y
S100A411.

La disminucion de DAXX promueve alteraciones en la regulacion de los elementos
repetitivos, donde observamos varios clados diferencialmente expresados en todas lineas
celulares, siendo la mayoria de ellos integrantes del grupo LTR. Atn asi, los repetidos que
presentaron una mayor tasa de cambio son usualmente satélites. Por ulitmo, las tres lineas
celulares encontramos comportamientos muy diferentes en cuanto a proporcion de elementos

sub y sobreexpresados, siendo PC3 y HCT116 las mas disimiles entre ellas.

Finalmente, se observd una proporcion importante de genes codificantes y elementos
repetidos donde la represion de DAXX disminuye su expresion en las tres lineas celulares,
con una mayor predominancia en PC3. Esta funcion podria ser atribuida al depdsito de H3.3
en dichas regiones y a su posterior fosforilacion, siendo asi un fendémeno en el cual DAXX

no participa directamente.

Los resultados presentados en esta tesis conforman el primer estudio comparativo realizado
a la fecha de transcriptomas humanos en células con un DAXX KD, donde se analizan
cambios de expresion en genes codificantes y elementos repetitivos. Este trabajo destaca el
papel importante de esta chaperona en el mantenimiento de la estabilidad gendmica y sienta
bases para comprender el mecanismo de accion que subyace el fenotipo agresivo en cancer

y la inestabilidad gendmica que se asocia a su desregulacion.
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VIII. Perspectivas

Para de complementar los resultados de esta tesis, se planea:

Buscar elementos repetidos cerca de los genes codificantes diferencialmente
expresados y analizar si la expresion de su clado estd alterada en la misma linea
celular tras la represion de DAXX con el objetivo de identificar los genes cuyo
cambio de expresion se pueda deber a la desregulacion de repetidos.

Hacer una prueba de enriquecimiento de blancos de factores de transcripcion en el
conjunto de genes diferencialmente expresados de cada linea celular con el objetivo
de identificar proteinas tejido-especifico potenciales con las cuales DAXX forme
complejo.

Analizar los datos de ChIP-seq contra DAXX y H3.3 disponibles publicamente de la
linea PC3 (23) y GSC23 (60) con el objetivo de evaluar la presencia de estas proteinas
antes y después de la represion de DAXX alrededor de los siete genes de respuesta
basal y de los clados de elementos repetidos con el objetivo de evaluar si su

desregulacion se debe a un efecto directo o indirecto de DAXX y H3.3.
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ABSTRACT

COVID-19 is an infection caused by SARS-CoV-2 (Severe Acute Respiratory Syndrome coronavirus 2), which
has caused a global outbreak. Current research efforts are focused on the understanding of the molecular
mechanisms involved in SARS-CoV-2 infection in order to propose drug-based therapeutic options.
Transcriptional changes due to epigenetic regulation are key host cell responses to viral infection and have been
studied in SARS-CoV and MERS-CoV; however, such changes are not fully described for SARS-CoV-2. In
this study, we analyzed multiple transcriptomes obtained from cell lines infected with MERS-CoV, SARS-CoV
and SARS-CoV-2, and from COVID-19 patient-derived samples. Using integrative analyses of gene co-
expression networks and de-novo pathway enrichment, we characterize different gene modules and protein
pathways enriched with Transcription Factors or Epifactors relevant for SARS-CoV-2 infection. We identified
EP300, MOV10, RELA and TRIM25 as top candidates, and more than 60 additional proteins involved in the
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epigenetic response during viral infection that have therapeutic potential. Our results show that targeting the
epigenetic machinery could be a feasible alternative to treat COVID-19.

KEYWORDS
SARS-CoV-2, MERS-CoV, SARS-CoV, COVID-19, epigenetics, transcription factors, coronavirus infection,
network analysis, co-expression analysis, drug repurposing.

INTRODUCTION

The coronavirus family (CoV) are non-segmented, positive-sense and enveloped RNA viruses that have been
identified as the cause of multiple enteric and respiratory diseases in both animals and humans . Three major
CoV strains of this family have caused recent human pandemics: Middle East respiratory syndrome coronavirus
(MERS-CoV) in 2002-2003 2, severe acute respiratory syndrome coronavirus 1 (SARS-CoV) in 2012 and
SARS-CoV-2 in 2020 :. The most recent one was identified in Wuhan, China by the end of 2019 and is the
etiological origin of an atypical pneumonia known as Coronavirus Disease 2019 (COVID-19), which has caused
a global outbreak and is one of the top sixth public health emergencies of international concern ¢ with 98,089,877
confirmed cases and 2,100,404 deaths as of January, 2021, leading to the biggest CoV pandemic in modern
times =.

By being intracellular pathogens, viruses’ infection strategy requires the continuous subordination and
exploitation of cellular transcriptional machinery and metabolism in order to ensure its own expansion. To do
so, the host genome expression must be used and, to be successful, this will depend on chromatin dynamics and
transcription regulation, which are principally ruled by epigenetic mechanisms, such as DNA methylation,
histone post-translational modifications (HPTM), and transcription factors (TFs) «. During a viral infection, it
has been reported that epigenetic and transcriptional changes occur for both sides: the infected cell promotes an
antiviral environmental response, leading to the induction of pathways to survive, while the virus switches off
the expression of critical anti-viral host cell genes .

Several studies have reported the importance of epigenetic modifications in viral infections. In influenza virus,
specific gene promoter DNA methylation 2, decreased H3K4me3 (a hallmark of active chromatin) ©, histone
acetylation in H3 and H4 histones, and increased levels of H4K20me?2 and unmodified H3K36 and H4K79 have
been reported . Interestingly, these HPTMs do not always trigger the same mechanisms and lead to similar
phenotypes; for example, depletion of H3K79me2, an epigenetic mark that is usually increased upon viral
infections due to an upregulation of DOTIL, results in impaired viral growth in human cytomegalovirus
infection 2, while enhancing the replication in influenza virus .. However, these mechanisms usually lead to
host transcriptional inactivation, which contributes to the altered cellular transcription produced by viral
infections.

Regarding CoVs, few experimental studies have been conducted to unravel the epigenetic proteins and marks
involved in their infection and pathogenesis in MERS-CoV and SARS-CoV, being especially scarce in SARS-
CoV-2 due to its recent appearance. For MERS-CoV and SARS-CoV, different outcomes have been
reported, such as the mechanisms used to control the interferon-stimulated genes, which involves H3K27
methylation in MERS-CoV but not in SARS-CoV =, and the ones used to down-regulate antigen-presenting
molecules, which involves DNA methylation in MERS-CoV and not in SARS-CoV <. These studies show that
epigenetic mechanisms are highly important in the host gene expression control carried out by the virus and
that, despite the phylogenetic closeness, these mechanisms can be very different between strains, highlighting
the need to understand the epigenetic processes that play a role in SARS-CoV-2 infection.
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Integrative computational methods are promising approaches used to generate research hypotheses, generate
consensus regulatory networks and describe deregulated processes in SARS-CoV-2 infection . Nevertheless,
they have overlooked key epigenetic and TFs that underlie the infected phenotype. Since drugs that target the
epigenetic landscape of diseased cells have shown great potential and have proved to be game-changing as
complementary treatments of complex diseases, such as cancer &, the identification of these key epigenetic
proteins and TFs becomes highly important in our current context, where popular regimen candidates for
treating COVID-19, such as Remdesivir, Hydroxychloroquine, Lopinavir and Interferon have shown to have
little or no effect on reducing mortality of hospitalized COVID-19 individuals:.

In this work, we gathered publicly available RNA-seq data from SARS-CoV-2, SARS-CoV and MERS-CoV
infected cell lines and patient samples and performed differential expression analyses together with weighted
gene co-expression network analysis to identify unique and shared central epigenetic players in SARS-CoV-2,
SARS-CoV and MERS-CoV. Candidate genes were further prioritized by integrating differentially expressed
genes (DEGs), enrichment tests, gene-coexpression network and viral-host protein-protein interaction network
analysis to propose potential key epigenetic proteins involved in SARS-CoV-2 infection. Finally, we identified
currently approved drugs that target key epigenetic drivers of SARS-CoV-2 infection, and thus they are
potential new therapeutic approaches for COVID-19.

RESULTS

SARS-CoV-2, SARS-CoV and MERS-CoV induce different transcriptional and epigenetic responses
during infection in pulmonary cell lines

In order to identify the genes that change their expression in pulmonary cell lines (Calu-3, MRC-5, A549 and
NHBE) due to infection of Coronaviruses such as MERS-CoV, SARS-CoV or SARS-CoV-2, differential
expression analysis was performed in RNA-seq data (Supplementary Table 1).

As a first approach, we evaluated the overlapping DEGs identified for each virus regardless of the cell type and
in common among viruses (Supplementary Table 2). For MERS-CoV and SARS-CoV, the overlap among all
cell conditions was considered. For SARS-CoV-2, the overlap among 3 out of the 4 cell conditions was used,
since the NHBE cell line showed a small number of DEGs most likely because these cells are derived from
normal bronchial epithelial cells == (Supplementary Figure 1A). We observed that the majority of the virus-
associated genes are unique for each virus and a small proportion is shared among them. Specifically, only 3
genes were differentially expressed during infection in cell lines regardless of the virus evaluated (Figure 1A).
Furthermore, GO enrichment analysis (Figure 1B) shows that the top 10 enriched GO terms are different for
each virus, except “cellular response to lipopolysaccharide”, shared between SARS-CoV-2 and SARS-CoV;
however, the three viruses share terms related to immune response processes (Supplementary Figure 1B). The
latter shows that, despite their phylogenetic relationship, the main changes in gene expression driven by MERS-
CoV, SARS-CoV-2 and SARS-CoV infection are divergent at both levels: at the DEGs and the cellular
processes, suggesting that each virus uses specific molecular strategies during infection.

Subsequently, we inspected the DEGs with epigenetic or transcriptional regulatory function present among
viruses, hereinafter referred as epigenes. A comparative analysis of the DEGs among the three viruses revealed
that only /NO80OD, a regulatory component of the chromatin remodeling INO80 complex, is shared among
them. MERS-CoV and SARS-CoV only share the histone deacetylase HDAC9; while MERS-CoV and SARS-
CoV-2 share DUSPI, KDM6B, CHD2 and GADD45A4. Between SARS-CoV and SARS-CoV-2, we found PBK
MYSM1, ZNF711 and PCGF5 (Figure 1C, Supplementary Figure 1C). In addition, given that TFs are also key
elements in gene remodeling and regulation, we evaluated the ones differentially expressed across viruses and
none of them was affected in all conditions. However, MERS-CoV and SARS-CoV share ZNF484 and CEBPD,
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SARS-CoV and SARS-CoV-2 share ZEBI, ZEBTB20, NR441 and FOXN2, and between MERS-CoV and
SARS-CoV-2 15 shared TFs were found, including RELB, JUN, FOSB, E2F8, among others (Figure 1C,
Supplementary Figure 1D).

Furthermore, the analysis showed that the differentially expressed epifactors belong to a wide range of
functional categories, such as histone writers, histone readers, histone erases, Polycomb group proteins,
chromatin remodeling, DNA modifications, among others (Figure 1D). In addition,regarding differentially
expressed TFs, cell lines infected with SARS-CoV-2 show differential expression of TFs of the STAT
(mediators of the cellular response to cytokine) and IRF (interferon-regulatory factor) family, which are not
differentially expressed in MERS-CoV and SARS-CoV (Figure 1E). We noted that most of the TFs that are
differentially expressed and shared between two or more of the Coronaviruses infected cells are members of
the Znf TF family (ZNF436, 448, 543, 597, 773, XSCANI12, ZEB1, ZDTB20, KLF10 and HIVEP1) bHLH
family (MXD1 and MXD#4), involved in CCAAT/Enhancer Binding Protein (C/EBP) (DDIT3 and CEPPD),
NF-xB complex (RELB), AP-1 complex (FOSB, JUN), ETS family (SPDEF) and E2F TF, among others
(Supplementary Figure 1C).

Since the repeated elements contained in the genome and their expression can also be regulated by epigenetic
components, we evaluated the changes in genes expression of repeat elements after viral infection
(Supplementary Table 3). We found that 47, 22 and 319 repeat elements are differentially expressed in SARS-
CoV-2, SARS-CoV and MERS-CoV infected cell lines, respectively. In SARS-CoV-2, the repeat elements
belong predominantly to the Long Interspersed Nuclear Elements (LINE; 13 elements), Long Terminal Repeat
(LTR; 17 elements) and DNA repeat elements (17 elements) families. Similarly, for SARS-CoV and MERS-
CoV we found LINE (5 and 59 elements), LTR (10 and 179 elements) and DNA repeat (5 and 65 elements).
Interestingly, Short Interspersed Nuclear Elements (SINE) elements are not differentially expressed (only 3
elements found in MERS-CoV) and few Satellite elements were identified (3, 1, and 10 in SARS-CoV-2,
SARS-CoV and MERS-CoV, respectively) The elements L1MA4:L1:LINE, LI1PA8SA:LI1:LINE and
LTR54:ERV1:LTR are shared among all viruses. Notably, the L1 or LINE-1 elements are the only autonomous
transposons that remain active in the human genome and are mainly repressed by epigenetic mechanisms such
as HPTMs (H3K9me3) . The latter, along with the fact that SARS-CoV-2 infected cells overexpress the histone
demethylases KDM7A and KDM6B that target the heterochromatin histone marks such as H3K9me and
H3K27me 2 (Supplementary Figure 1C), suggest that SARS-CoV-2 infection could promote an open chromatin
conformation, thus affecting the transcriptional expression and the derepression of the repeated sequences.

SARS-CoV-2 transcriptional effect in COVID-19 patient-derived samples

Afterwards, we evaluated the transcriptional response in patient samples infected with SARS-CoV-2 to assess
their resemblance to the previously observed results in cell lines. For this purpose, we obtained datasets from
samples of bronchoalveolar lavage fluid (BALF) and lung. From the differential expression analysis, we found
389 DEGs shared among both samples (Figure 2A). In this geneset, we identified 28 epigenes whose fold
change direction was consistent in most of the cases (Figure 2B); GO enrichment analysis shows that most of
the DEGs were related to the immune response to viral infection such as leukocyte mediated immunity and
humoral immune response (Figure 2C). Furthermore, they were involved in a wide range of epigenetic
processes, such as histone modification, chromatin remodeling, DNA modification and TF (Figure 2D).
Following, we evaluated the similarity of these results with the data observed for SARS-CoV-2 in infected cell
lines by comparing the overlap between the virus-associated genes with the DEGs present the patients samples
(hereinafter referred as patient-DEGs, 389 genes). We found 46, 10 and 22 genes in common with SARS-CoV-
2, SARS-CoV and MERS-CoV respectively. In particular, for SARS-CoV-2 infected cell lines and patients, 5
TFs (STAT5A, MAFF, IRF9, MXDI and STAT4) and no epifactors were identified. The shared DEG between
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samples of SARS-CoV-2 infected patients and MERS-CoV and SARS-CoV infected cell lines, which were
found at a lesser extent, are likely to be non-specific viral-responding immune genes. Finally, we found that
804 and 20 repeat elements are differentially expressed in BALF and LUNG samples, respectively, being LTR
elements the most differentially expressed in both samples (Supplementary Table 3). Collectively, these results
show that the gene expression changes promoted by SARS-CoV-2 infection in patients are similar in respiratory
tract samples, where immune response processes are the main ones affected.

SARS-CoV-2 and MERS-CoV infection induce different transcriptional fold changes in shared gene co-
expression modules, which recapitulate the expression profiles in COVID-19 patient-derived samples

So far, our analyses showed that cell lines and patient samples infected with SARS-CoV-2 exhibited DEGs
related to immunological processes, which has been previously described by Blanco-Melo et al. 2 and is
congruent with our results. However, differential expression analysis often overlooks the subtle differences in
several genes that altogether can be responsible for major changes in global transcriptional regulation. Weighted
gene co-expression network analysis overcomes this limitation by studying the expression of thousands of genes
in the same analysis 2. Thus, we expanded our previous results by including a co-expression analysis to identify
gene modules associated with each viral infection and genes that play central roles within them.

We constructed the co-expression network with the log2 fold changes of each sample compared to its controls.
After identifying the modules, we calculated the correlation between each module and the different traits, where
we found that out of the 24 total modules identified, 13 were significantly correlated to the infection of any of
the three viruses (Supplementary Figure 2; Supplementary Table 4). Specific modules are associated with
MERS-CoV (module 1), SARS-CoV (module 7), and SARS-CoV-2 (module 9 and 10) (Figure 3); shared
modules were also identified. Notably, more than half of the modules (7 out of 13) are significantly associated
with both SARS-CoV-2 and MERS-CoV; contrary to SARS-CoV-2 and SARS-CoV, which have only one
module jointly associated. Remarkably, SARS-CoV-2 and MERS-CoV share a higher number of modules that
are significantly associated with each virus. Even though the transcriptional profile is not the same, as it can be
seen by the opposing response, the same genes from the shared modules are involved in both infections.
Therefore, those infections share more players relevant to the infection than SARS-CoV-2 and SARS-CoV, as
it would be expected.

Further analysis with GO enrichment analysis (Supplementary Figure 3), shows that genes in modules 11 and
12 are involved in the host cell response to viral infection, while modules 4, 5, 7, 8, 10 and 13 were associated
with intracellular processes used by the viruses during the infection, such as DNA replication, translation,
ribosome biogenesis and protein folding. Interestingly, module 6 was found related to epigenetic processes,
particularly, transcriptional activation of promoters. These results show that, in addition to the immunological
processes identified in our previous differential expression analysis, the transcriptional response to SARS-CoV-
2 and MERS-CoV infection contain genes that also participate in RNA translation, DNA replication and
epigenetic regulation.

Following, in order to determine the modules that might be more relevant to SARS-CoV, MERS-CoV, or
SARS-CoV-2 infection in terms of epigenetic regulation, we conducted enrichment analyses to identify an over-
representation of epigenes, virus-associated gene sets, DEGs found in patients (Figure 3).

When integrating these analyses, we found module 1 relevant for MERS-CoV and module 7 for SARS-CoV
infection since they are exclusive for these viruses according to the co-expression analysis (Figure 3). To
determine the most important epigenes for each of these modules, we evaluated the eigengene-based
connectivity (Module Membership, MM) to find hub genes, and the gene significance (GS) of each gene.
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Subsequently, we prioritized them by identifying drugs targeting them. After looking for candidate drugs that
targeted these central players, we found approved medication for CDK7 and PCNA for SARS-CoV and
NCOA1, NR1H2, PRKAB2, CLOCK, KDM1B and ATF2 (Supplementary Figure 4).

Regarding SARS-CoV-2, module 9 was uniquely associated with it, but also other modules standed out. First,
module 4 had a consistent behavior between cell lines and patients, since we found it negatively correlated to
SARS-CoV-2, while being enriched in downregulated genes in BALF and LUNG samples; in addition, it was
enriched in epifactors, suggesting an important role in viral-related epigenetic modifications carried out by these
genes. A similar phenomenon is observed for module 12, which was positively correlated with SARS-CoV-2
infection and enriched with upregulated genes in patients and with SARS-CoV-2 DEGs. Additionally, modules
10 and 11 were positively correlated to SARS-CoV-2 and enriched in SARS-CoV-2 DEGs, with module 11
being also enriched with patient’s DEGs. Module 6 was negatively associated with SARS-CoV-2 in the co-
expression network and enriched with epigenes, and module 8 was enriched with upregulated genes in PBMC
and negatively associated with SARS-CoV-2 in the co-expression network, while being enriched with epifactors
and SARS-CoV-2-DEGs (Figure 3). Finally, the enrichment of TFs targets in each module was evaluated to
identify the ones that could explain the co-expression patterns of the genes within the module. With this
analysis, it was found that Module 4 is enriched in the target genes of the transcriptional factors MTAI,
MORC2, and RBM34 that belong to the same module (Supplementary Table 5), being MTA1 and RBMC34
differentially expressed in BALF samples. It is worth to mention that in most of these modules epigenes showed
a higher MM than the rest of the genes (Module 1: W = 164249, p < 0.05, Module 2: W = 1497, p < 0.05,
Module 4: W = 51768, p < 0.05, Module 6: W = 1359, p < 0.05, Module 7: W = 3741, p < 0.05, Module 12:
W =113820, p < 0.05, Module 13: W =2182049, p < 0.05), evincing their central role within their modules.

Collectively, these results show that the transcriptional response to infection of SARS-CoV-2 and MERS-CoV
involve a higher similarity regarding gene modules but with a different extent of transcriptional change in host
cells during infection, which extends our previous observations in the differential expression analysis.
Therefore, the same genes in the shared modules play a potential role in both infections, despite presenting a
different transcriptional behaviour. Importantly, the virus-correlated co-expression modules either recapitulate
the changes in gene expression observed in different COVID-19 patient sample types or are enriched with
epifactors, and also contain genes involved in several biological processes related to viral infection, suggesting
that the data obtained in the cell lines could recapitulate what was found in infected patients

Protein-protein interaction network analysis provides additional therapeutic alternatives and new
targets for drug development for COVID-19

To prioritize epigenes that play a key function in each co-expression module relevant for SARS-CoV-2
(modules 4, 6, 8,9, 10, 11 and 12), we examined them at the protein-protein interaction (PPI) level in the context
of SARS-CoV-2 infection. We constructed a PPI network containing all experimentally validated human
protein interactions = and the reported virus-host protein interactions from Gordon et al. 2020 and Stukalov et
al 2020 =x, Using the virus-human PPI network, we performed de novo pathway enrichment analysis with
KeyPathwayMiner 2 to extract the largest network using a selection of epigenes as input, while also taking into
account the SARS-CoV-2-DEGs and patient-DEGs previously identified. The selection of epigenes for each
module was based on their shortest path length with viral proteins, their expression correlation with viral genes
and their MM.

All genes contained in the networks identified (Figure 4) provide insights about the molecular machinery
involved in SARS-CoV-2 infection, since the genes are either differentially expressed in infected cell lines or
patients, or they are hub-epigenes in the co-expression analysis.
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For module 4, the network obtained contains mainly epifactors. Notably, DNMT1 directly interacts with the
viral protein ORF8 and with TRIM28, to which it is also highly co-expressed. Other relevant epigenes in the
networks are SIRT6 (highly co-expressed and interactor of TRIM28), SENP3, MTA1 (a TF whose targets are
also enriched in module 4; Supplementary Table V) and BAPI1 (differentially expressed in patients).
Furthermore, MEPCE, a snRNA methyl phosphate capping enzyme, is differentially expressed in patients and
interacts with viral protein NSP8. Module 6 contains BRD4, which directly interacts with E viral protein and is
highly co-expressed with EP300, a histone acetyltransferase. Another relevant epigene is SETD1B (related the
trimethylation of H3K4, a unique epigenetic histone mark related to transcriptional activation), which interacts
with TRIM28, present in module 4 . For module 8, notable epigenes are CENPF, differentially expressed in
SARS-CoV and SARS-CoV-2 and directly interacting with NSP13; and TOP2A, differentially expressed in
SARS-CoV infected cell lines and patients. EP300, an exception node in module 9, interacts with several TFs
such as NR2F2, HOXB9, NR3C2 and SOX9. In module 10, RELA (also known as nuclear factor NF-kB p65
subunit) and MOV10 are exception nodes that interact with the TFs SMAD3, ZNF277 and UBE2D3. Also,
viral proteins ORF7B and ORF3 interact with FXYD2, STEAP1B and TMEM156, which are differentially
expressed in SARS-CoV-2 infected cell lines. For module 11, IRF7 (interferon regulatory factor 7) and
STATSA interact with EP300. Module 12, also contains epigenes of interest, such as MOV 10 (Putative helicase
MOV-10) that interacts with the N protein, TRIM25, RELA and TLE1, which has a direct interaction with viral
protein NSP13. Further genes which are classified as hub-epigenes and are also differentially expressed in cell
lines or patients are FOS, CEBPD, NR4A1, PRDM1, PCGF5, ZNF652, IRF2, and ZEB?2.

Briefly, we identified relevant TFs known to participate in Coronavirus infection and support the veracity of
our results, such as TFs from the STAT family (STAT1, STAT2, STATSA), interferon regulatory factors (IRF7,
IRF2), cytokines (CCL3, CCL4, IL1B), and FOS and JUND, members of the AP-1 complex ». However, we
also identify important genes that appear to be drivers of SARS-CoV-2 infection; such as the epifactors MOV 10
and EP300 and the TF RELA, since they are exception connectors (genes that do not belong to the specific
module, but are important in the protein pathway found) in more than one module (modules 6, 9, 10 and 11),
and belong to modules enriched in genes that participate in histone H3-K4 methylation and in the response to
interferon gamma. EP300 is a histone acetyltransferase that was also identified in SARS-CoV-2 infected cell
lines 4. Additionally, we found that MOV 10, a putative helicase, also participates in SARS-CoV-2 infection.
The TF RELA has been increasingly recognized as a crucial modulator of the response to SARS-CoV-2
infection 4 and is part of the NF-kB complex, along with RELB 2, which is differentially expressed in MERS-
CoV and SARS-CoV-2 infected cell lines (Supplementary Figure 1D). TRIM2S5 is a ubiquitin ligase required
for production of INF-1 and is inhibited by Nucleocapsid of SARS-CoV =, Finally TRIM28 (also known as
KAP1) has been shown to interfere with viral integration into host genome = and represses the expression of
repeat elements of the LINE family, in particular LINA4 2, which was previously identified as differentially
expressed in cell lines infected with the three Coronaviruses.

Afterwards, we evaluated whether the proteins in the networks had annotated drugs targeting them. We found
drugs for 69 out of the total 260 proteins, being PLAU, RELA, NEK6, NR1H4, PTGS2, PRKDC, ESRI,
NR3C2, TTK, TOP2A, ADRB2, HDAC4, TRIM25, STK10, RPS6KAS5 and EP300 the ones with the most
drugs identified (more than 20). A total of 799 drugs were found, where Erlotinib, Imatinib, Lapatinib,
Sunitinib, S-adenosyl-L-homocysteine, Quercetin, Tandutinib, RAF-265, Pictilisib, Neratinib and Fedratinib
are the drugs with more targets (more than 5; Supplementary Table 6). Relevant epigenes that have associated
medication are shown in Table 1.

Most notably, RELA is targeted by SC-236, Bortezomib, Indoprofen (an anti-inflammatory) and Betulinic Acid,
whose derivatives show anti-HIV activity s, EP300 is targeted by curcumin, a molecule with anti-inflammatory
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properties *. The latter proposes RELA and EP300 as new potential drug target candidates for SARS-CoV-2
infection, not only because they participate in immune-related processes, but also because they belong to the
cellular epigenetic machinery used by the virus during infection. Furthermore, self-evident immune-related
targets STATSA, STAT1 and FOXN2 are also good candidates for treatment. Finally, the proteins MOV10,
TRIM25 and TRIM28 do not have associated drugs, thus they are good candidates for drug development, as
well as other relevant epigenes shown in Table II.

Together, network analysis at the protein level allowed the identification of several epigenes that are part of the
molecular machinery used by the virus during infection (Figure 5). Epigenes that participate in immune
response through different mechanisms (response to interferon or NF-kB complex) are among the main genes
identified and are evident drug target candidates for COVID-19 because they already have associated drugs
targeting them (such as STATSA and STAT1). Furthermore, new candidate druggable epigenes were also
identified, notable examples are EP300 and RELA, which are targeted by drugs with anti-inflammatory or
antiviral properties; and TRIM25, TRIM28 and MOV 10, which are good candidates for drug development.

DISCUSSION

Cells are in constant adaptation with their environment, in fact they can sense and respond to different stimuli
by changing their transcriptional patterns. This cellular plasticity allows cells to adapt almost immediately to
insults, including virus infections . Epigenetic proteins and TFs are one of the main elements involved in the
transcriptional response of cells during viral infection. These elements can be used as protein targets for drug
identification and treatment. In this work we aimed to identify key TFs and proteins involved in the epigenetic
response to viral infection of SARS-CoV-2, SARS-CoV and MERS-CoV by integrating co-expression and de
novo pathway enrichment analyses. Therefore, our study focused on the infection part of COVID-19, which is
relevant mostly during the early stages of the disease, in contrast to the immune pathologies seen in the later
ones.

One of our main findings is that the transcriptional response (regarding DEGs and significantly co-expressed
modules) induced by SARS-CoV-2 and MERS-CoV involves a higher similarity regarding gene players and
biological processes than SARS-CoV-2 and SARS-CoV, despite presenting a different transcriptional
behaviour. However, it is interesting to notice that regarding the transcriptional trend of the modules (i.e.
correlation sign), SARS-CoV-2 and SARS-CoV behave more similarly despite many modules not being
significantly associated with SARS-CoV. Nevertheless, unique modules, patterns and DEG were found in each
CoV. Despite they belong to the coronavirus family, each one has unique characteristics that could influence
its pathogenicity and virulence. This finding agrees with a recent study that has found specific biological process
deregulations in SARS-CoV-2 infected cell lines, which are not found in other CoVs =. In addition, different
transcriptional change patterns have been observed between MERS-CoV and SARS-CoV during the infection;
these changes are not recapitulated by phylogenetic relationships since, in some groups of genes, MERS-CoV-
infected transcriptional behavior appears to be more similar to the more remotely related influenza HSN1 virus
infection =.

Furthermore, the contrasting transcriptional response induced by the infection of SARS-CoV-2 and MERS-
CoV in several modules suggests that genes in those modules participate in both viral infections but with a
different mechanism, which leads to distinct pathways of infection that could explain the dissimilar phenotypes
observed in both diseases. Divergent fold change trends, such as the ones described in this study, have been
previously described in MERS-CoV and SARS-CoV infections to limit the host type I interferon (IFN-I)
response, where predominant active and repressive epigenetic marks in involved genes are the opposite between
both CoVs =. In our study, we present a list of epigenes and biological processes whose fold change trend is the
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opposite between MERS-CoV and SARS-CoV-2; further investigation on them could shed light on the
mechanisms responsible for the differences in pathogenesis and outcome of both viral infections.

We further identify at the protein interaction level, that several TFs take part mainly in the immunological
response to viral infection. One example is NF-kB, whose p65 subunit (also known as RELA) is a central part
in the protein interaction network for SARS-CoV-2. NF-«kB induces the expression of several pro-inflammatory
cytokines, including IL-6, CCL2 and CCL3 #, which had been found in high levels in COVID19 patients ©. On
the other hand, TRIM25, an ubiquitinase, is essential for the activation of NF-kB and the production of IL-6 «.
TRIM?2S5 is over-expressed in cell lines infected with SARS-CoV-2 but not in those with MERS-CoV, which
furthermore suggest that NF-kB could be a medullary part of the host immune response against SARS-CoV-2.
The previous observation is reinforced by the fact that it was observed that RELA directly interacts with histone
acetyltransferase EP300, and both proteins interact with various components of the AP-1 complex such as FOS,
JUND, and FOSL1. AP-1. EP300 and NF-kB regulate chromatin accessibility in the proximal promoter region
of IL-6 and CCL2, both pro-inflammatory cytokines . The p300/CBP complex is one of the best characterized
cofactors of NF-«xB and specifically binds RELA and acetylates it along with the surrounding histones . It is
known that adults older than 65 years have higher NF-kB levels compared to younger adults # and some authors
had suggested that this may be one reason older adults are more susceptible to develop the severe form of
COVID-19 «.

According to our results, SARS-CoV-2 infection modifies the expression of several TFs of the interferon
regulatory factor (IRF) and STAT families, which are primarily involved in the immune response against
pathogens. STAT1 and STAT?2 are key elements of the signaling induced by type I interferons, these proteins
form a dimer upon interferon mediated phosphorylation and, together with IRF9, form the complex ISGF3 that
activates the transcription of interferon stimulated genes =. Our results also showed that IRF9 is upregulated in
cell lines infected with SARS-CoV-2; however, module 12’s interactome showed that STAT2 and STAT1
interact with IRF2. IRF2 is a negative regulator of IFNa and its inhibition causes an increase in the antiviral
response induced by IFNa «. This fact further suggests an impairment of interferon type I stimulated genes
activation, as previously described as a hallmark of SAR-CoV-2 infection <. On the other hand, IRF1 and IRF7
were also upregulated in SARS-CoV-2 infected cell lines. IRF7 is a key TF for IFNa expression, and it has
been previously identified as a hub gene for SARS-CoV-2 infection together with IFR9 and STAT1 «. It is also
interesting that IRF7 loss of function mutations were associated with severe COVID-19 patients # and with the
development of life-threatening influenza in children » which suggest that inhibition of IRF7 activity is crucial
for SARS-CoV-2 pathology.

Viruses have been reported to use epigenetic machinery to take advantage of the cell and hijack its regulatory
capacity for their own benefit =. The epigenetic machinery can be affected by coronaviruses in this same sense,
and this can happen either by promoting alterations in the epigenetic code, such as DNA methylation and post-
translational modifications of histones, or directly by promoting the dysregulation of enzymes and other
proteins associated with the epigenome.

We found that among the deregulated epifactors with histone acetylation function are HDAC9 and SIRT1
enzymes. In this sense, it has recently been reported that the SIRT1 protein (a class 3 HDAC) was positively
regulated in the lung of patients with severe COVID-19 comorbidities . Likewise, another work demonstrated
that under conditions of cellular energy stress, SIRT1 can epigenetically regulate the ACE2 receptor 2. Also, it
has been observed that treatment with non-steroidal anti-inflammatory drugs can inhibit SIRT1 activity, which
in turn could affect ACE2 expression =. Accordingly, it has been postulated that in some diseases where the
epigenetic dysregulation is implicit (such as lupus) the entrance of SARS-CoV-2 into the host cells may be
facilitated =.
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Interestingly, the enzymes HAT1, HDAC2 and KDMS5B have been reported to also potentially regulate ACE2
in human lungs. KDMS5B has gained interest, because it is associated with other viral infections such as the
hepatitis B virus =, and potentially with SARS-CoV-2 =, Remarkably, in breast cancer cells, it has been shown
that inhibition of this enzyme triggers a robust interferon response that results in resistance to infection by DNA
and RNA viruses = In this regard, we observed several deregulated KDMs in the different coronavirus
infections, in which KDM6B stands out by being deregulated in both MERS-CoV and SARS-CoV?2 infection.
KDMG6B is a specific demethylase of H3K27me3, which acts as a repressive histone mark. Although it remains
to be fully studied, it is associated with the regulation of a wide range of genes involved in inflammatory agents,
development, cancer, viral infection response, senescence and is an important host response against
environmental, cellular stress . Therefore, adding to the above, it is suggested that demethylases, such as
KDMB6B, are potential epigenes that are affected during SARS-CoV-2 infection and can be presented as
potential targets for the treatment of COVID-19. However, this should be further studied.

Several epigenes previously involved in response to viral infections stood out in our protein interaction analysis,
such as BRD4, TOP2A, and TRIM28. Bromodomain protein 4 (BRD4) is a histone acetylation reader and writer
that plays an important role in DNA replication, transcription, and DNA repair =. This epigene is critical for the
maintenance of the higher-order chromatin structure, since its inhibition leads to chromatin decondensation and
fragmentation, and it also can stimulate innate antiviral immunity . BRD4 complexes with RELA and CDK9
and is functionally required for effective activation of NF-kB-dependent immediate early cytokine genes in
response to viral patterns. In this sense, our results show a protein-protein interaction with EP300, which
involves the p300 / CBP complex, one of the best characterized cofactors of NF-kB and binds specifically to
RELA =, validating the possible importance of this system in infection with SARS-CoV2. Examples like this
suggest that the virus, through these epigenetic remodelers, promotes chromatin remodeling that could lead to
opening, both at the local and global level. Accordingly, an indicator of global changes is the increased
expression of transcripts from repeated sequences such as LINE]1. If this is so, then the virus is manipulating
the chromatin aperture to promote the expression of genes that support its invasion. In this regard, other work
has suggested the importance of LINE1 elements. Where these types of repetitive elements are very relevant in
gene regulation, especially when these elements are in proximity to neighboring genes, since they could alter
their expression. Therefore, the dysregulation of repeated elements such as LINE1 could indirectly change the
cellular transcriptome <,

Furthermore, we find epigenes that interact with the viral proteins directly or very closely. This connection
suggests a virus-promoted modulation to affect the epigenome of the host cell’s interactome. Which reinforces
the idea that the virus strategy is partly to take advantage of the epigenetic machinery. In general, our data
suggest that the SARS-CoV-2 infection deregulates the epigenetic master machinery of the host cell. One of
the points that should be taken into consideration in the future is that if this epigenetic machinery is not re-
established after disease courses it could generate other diseases such as cancer in the long term. This is based
on the fact that many of the genes that we found in our study have been proposed as epigenetic hallmarks in
various neoplasms.

Our last key finding is the identification of driver epigenetic proteins and TFs involved in SARS-CoV-2
infection that can be targeted by existing drugs. We identified S-adenosyl-L-homocysteine (SAH) targeting
several epigenetic components of the host response to SARS-CoV-2 infection. SAH is the product of the
chemical reaction performed by methyltransferases using nucleic acids or proteins as substrates, and has been
previously suggested as a potential treatment for viral infections such as ZIKA, MERS-CoV and SARS-CoV «-
« due to its inhibitory activity of the viral RNA cap 2'-O-methyltransferase, formed by the NSP16-NSP10
complex s« Furthermore, given the interaction between DNMT1 and ORF8 at the protein level, SAH could
potentially work against SARS-CoV-2 infection, not only by inhibiting the methyltransferase activity of
NSP16-NSP10, but also by directly modulating the activity of the key host proteins involved in the
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transcriptional response to infection or by interfering with the interactions observed between ORF8 and
DNMTI.

Furthermore, as anticipated, many proteins with epigenetic functions involved in SARS-CoV-2 infection have
kinase activity and can be targeted by kinase inhibitors. One important example is imatinib, which we identified
as a potential drug for SARS-CoV-2 and SARS-CoV, and is currently undergoing clinical trials to evaluate its
efficacy in COVID-19 patients (NCT04394416, NCT04422678, NCT04346147 and NCT04357613;
www.clinicaltrials.gov). Similarly, we found quercetin targeting several epifactors with kinase activity.
Quercetin is a plant-derived compound with anti-inflammatory and antiviral effects <« that has been evaluated
in clinical trials as a dietary supplement or prophylaxis for COVID-19 (NCT04578158, NCT04377789 and
NCT0446813). Even though some independent studies show no clear evidence of its effectiveness, preliminary
data shows that it could be effective to decrease the frequency and duration of respiratory tract infections . It
is worth mentioning that these drugs are being tested in clinical trials based on their described inhibitory activity
of enzymes related to the activation of immune response and inflammation, such as growth receptors 2. The
latter, together with our results, suggests that drugs targeting epigenetic mechanisms could be also effective to
treat SARS-CoV-2 by modulating their kinase activity.

Finally, we also identified Bortezomib and betulinic acid associated with RELA. Bortezomib is a proteasome
inhibitor that has been proposed as COVID-19 therapy given its capacity to inhibit (although only marginally)
the papain-like protease (NSP3) of SARS-CoV, which also has deubiquitinase activity ==. Likewise, betulinic
acid has been proposed as a target of NSP3 in SARS-CoV-2 =,

Together, we have supporting evidence that current drug-based therapies to treat COVID-19 also target the
transcriptional response to infection by the modulation of the epigenetic proteins identified in this study.
Furthermore, we provide additional new potential drug targets and drug candidates which could be effective
and whose potential use has not been exploited yet. These results provide comprehensive evidence that
epigenetic therapy could aid in restoring the transcriptional changes observed during infection. By using
epigenetic drugs, a therapeutic effect can be achieved due to their systemic effects, which can be advantageous
to treat a disease that targets different tissues and cellular mechanisms, as observed in COVID-19.

In this study, we used a blend of bioinformatic approaches to comparatively analyze transcriptomic data from
SARS-CoV-2, SARS-CoV and MERS-CoV infected pulmonary cell lines and COVID-19 patient-derived
samples. In particular, we focused on the epigenetic processes and transcriptional factors, since these have been
widely proposed as the master regulators of the expression of most genes. We found that the transcriptional
response to infection of SARS-CoV-2 and MERS-CoV is more similar to that observed for SARS-CoV
regarding shared significantly associated gene modules; however, the transcriptional change elicited by MERS-
CoV and SARS-CoV seems to be opposite. At the same time, we identified specific altered modules in the
response to infection with SARS-CoV?2 that could serve as a guide for the proposal of different therapeutic
strategies based on epigenetic therapy. Thus, our results add a piece to the puzzle of the strategies used by the
different coronaviruses to manipulate the gene regulation capacity of the cell. Although the pathways are
differential between them, the virus objective is to take advantage of the TFs and various chromatin remodelers
to avoid being detected and prevail in the invasion. This is a very fine strategy that the virus uses and it has
been poorly studied in both its biological importance and its future therapeutic application. This could open a
new window of opportunities for treatment and thus close the chapter on this pandemic disease.

METHODS
Data processing and differential expression analysis
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Raw sequencing data was trimmed with Trimmomatic version 0.39 2 using the parameters ILLUMINACLIP
2:30:10 LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15 MINLEN:36; and the quality of reads was
evaluated with FastQC version 0.11.9 = Technical replicates (when existing) were merged and each biological
replicate was aligned to the GRCh38 v33 human genome with STAR version 2.7.3 = using the mapping
parameters suggested in Jin et al. ©: (--outFilterMultimapNmax 100 --winAnchorMultimapNmax 100). To
estimate the abundance of the transcripts accounting for coding and non-coding genes as well as repetitive
elements, we used TETranscripts version 2.1.4 = with the multi-mode. Raw count tables were used for
differential expression analysis using DESeq2 . DEGs were identified with a p adj. < 0.05 and abs(log: fold
change) > log:(1.5).

Viral transcripts quantification

Viral transcriptome was constructed with the 11 gene sequences reported in SARS-CoV-2 genome (NCBI
Reference Sequence NC_045512.2). Viral transcript expression was quantified in each trimmed RNA-seq file
of SARS-CoV-2 infected samples with Salmon v 1.3.0 =,

Virus and patient DEGs

Virus-associated gene sets were obtained with the intersection of DEGs identified in all the cell lines infected
with the corresponding virus, except for SARS-CoV-2. For SARS-CoV, the intersection between the cell lines
infected consisted of 182 genes (SARS-CoV-DEGs); for MERS-CoV the intersection was 1139 genes (MERS-
CoV-DEGs); and for SARS-CoV-2, the intersection between at least 3 out of the 4 cell lines was used instead
and consisted in 909 genes (SARS-CoV-2-DEGs) (Supplementary Table2). Patient-associated gene set was
obtained with the shared DEGs in lung and bronchoalveolar lavage fluid (BALF) conditions (389 genes, patient-
DEGs) (Supplementary Table 2).

Epigenes catalogue

To build the Epigenes catalogue, 4 different databases were used: EpiFactors =, Histome %, dbEM = and the
manually curated TF list from Lambert et al. = TFs’ functional annotation was taken from Lambert et al. =. The
final list consisted of 2161 genes (776 epifactors, 1348 TFs and 41 categorized as both TF and epifactor).

Co-expression analysis

Count matrices of the analyzed cell lines were filtered to remove low-expressed genes using the function
filterByExpr from edgeR = while accounting for the treatment (i.e. virus infection) and cell type in the filtering
design. Following, normalization of gene counts was performed with vst function from DESeq2: (treatment
and cell type of each sample were included in the design matrix and accounted for these effects with the blind
argument). The gene co-expression network was built with the log. fold changes (log.FC) of each biological
sample compared with the controls of the same biological condition by applying the formula (1).

(1) log:FC. = log:(SC. / ACC)

Where SC and ACC correspond to the normalized counts of gene i in the infected and controls samples
respectively. The resulting matrix containing the log2FoldChanges per sample was used to construct the
weighted gene co-expression network with the WGCNA package 2. A soft threshold of 9 was used to construct
the network and modules were identified with a minimum size of 20. Modules whose expression was similar
were merged using a dissimilarity threshold of 0.25, resulting in a total of 24 modules. Finally, the module-
eigengene pearson correlation of each module with the viruses was tested.

Enrichment analysis
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Gene Ontology (GO) enrichment analyses were performed using clusterProfiler # in virus associated and patient
gene sets. For the differential expression analyses of infected cell lines, the enrichment of GO terms in DEGs
was tested using the expressed genes on each particular comparison as background. For the co-expression
network, the enrichment of GO terms was tested in each module using the genes of the full network as
background.

Epigenes, virus-associated DEGs and TF-target enrichment analyses were performed with gProfiler2 # using a
custom gmt file or the TRANSFAC database included in the package for TF-target enrichment. The correction
method used was g:SCS and an adjusted p-value significance threshold of 0.05. As background, all the genes
annotated in the co-expression network were used for epigenes and TF-target enrichment and the expressed
genes in each virus for virus-associated DEG enrichment.

Co-expression module selection

SARS-CoV-2 modules were selected from the co-expression analysis based on whether they were uniquely and
significantly associated with SARS-COV-2 in the co-expression analysis. If they were not uniquely associated
with SARS-CoV-2, the modules enriched with at least one dataset (DEG, patient-DEG or Epigenes) were
selected. Based on these criteria, modules 4, 6, 8, 9, 10, 11 and 12 were selected. MERS-CoV and SARS-CoV
modules were selected on whether they were uniquely associated with each specific virus in the co-expression
analysis. Module 1 was selected for MERS-CoV and module 7 for SARS-CoV. SARS-CoV-2 selected modules
were further analyzed, as described in the following sections.

Virus-host network construction

Virus-human interactions were obtained from Gordon et al. = and Stukalov et al. =, The human protein-protein
interaction network (PPI) was obtained from IID version 2018-11 2 using only the experimentally validated
interactions (“exp”, "exp;ortho", "exp;ortho;pred" or "exp;pred"). After homogenizing the viral protein
nomenclature, the three sources of interactions were merged to create the entire virus-human PPI, followed by
the removal of duplicated edges and self-loops. The final integrated network contained 30 viral nodes, 17524
human nodes and 329054 edges. The mapping of viral transcript counts to viral proteins in the PPI was based
on the reference sequence annotation (NCBI Reference Sequence NC 045512.2) and the data provided in
Supplementary Data from Gordon et al. 2020 .

Epigene selection
For co-expression modules 4, 6, 8, 10, 11 and 12, relevant epigenes were selected based on whether they
satisfied at least one of the following criteria: (1) its shortest path length with viral proteins, (2) the correlation
value between its expression and the expression of viral proteins and (3) its module membership (MM) value,
a measure of the correlation between a gene expression profile and the module eigengene, which is highly
related to the intramodular connectivity, and gene significance (GS) the correlation of a gene with an external
trait (viral infection) =.
1. The shortest path length was calculated between all pairs of viral proteins and human proteins in the
PPI network with the igraph package version 1.0.0 2. The retained epigenes were the ones whose
shortest path length with at least one viral protein was less than 3.
2. Pearson’s correlation coefficient was computed between the count values of viral transcripts and count
values of epigenes in infected cell lines. Epigenes with p value < 0.05 and abs(correlation_estimate) >
0.5 with at least one viral transcript were selected.
3. Epigenes with abs(MM) > 0.8 in the corresponding module of the co-expression network were
retained.
For modules 1 and 7, epigenes with abs(MM) > 0.8 and abs(GS) > 0.3 were selected.

De novo pathway enrichment
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De novo pathway enrichment analysis for co-expression modules 4, 6, 8, 10, 11 and 12 was performed with
KeyPathwayMiner 2, the built virus-human PPI network, the full list of viral proteins as positive nodes and a
customized input indicator matrix for each module containing as active genes those which belonged to any of
the following categories: (1) it was a SARS-CoV-2-DEG, (2) it was a patient-DEG or (3) it was an epigene
selected as described above. The parameters used for all the analyses were the Greedy search algorithm, INES
search strategy, remove border exception nodes, L=0, and K=0 for modules 4 and 12, K=2 for module 6, and
K=3 for modules 8,9, 10 and 11.

Drug identification

All approved and non-approved drugs targeting the genes/proteins contained in each network were obtained
with CoVex2 by mapping the gene names to uniprot IDs, using the closeness centrality algorithm and the
following parameters: result size= 50000, disabled hub penalty, disabled max degree, include indirect
drugs=FALSE and include non-approved drugs=TRUE. The latter parameters ensure the retrieval of all drugs
associated with the input genes. A total of 265 out of 277 genes mapped to the CoVex database.
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Figure 1. Differential expression analysis of coronavirus-infected cell lines. a Intersection size of the DEGs
common to each viral infection represented as single dots (virus-associated gene sets) and the size of their
intersections with the other sets (multiple vertical dots). b Top 10 simplified enriched Gene Ontology terms of
biological process in the virus-associated gene sets ordered by g-value. ¢ Shared differentially expressed
epigenes between virus-associated gene sets; text color corresponds to the gene classification as either TF (red)
or epifactor (blue) (upper panel). Log2 fold change of shared differentially expressed epifactors in each cell line
are also shown as a heatmap (lower panel); blank color represents non-significant differential expression, text
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highlight corresponds to the intersections shown in the Venn diagram. d Functional classification of the
identified epifactors; text color corresponds to the intersection color of subsection ¢. e Characterization of the
DNA-binding domain (DBDs) of human transcription factors (TFs) altered by the viral infection of
coronaviruses.
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Figure 2. Differential expression analysis of COVID-19 patient samples. a Number of shared differentially
expressed genes between the samples. b Log2 fold change of shared differentially expressed epigenes in
patients’ samples. ¢ Top 10 simplified Gene Ontology enriched terms belonging to the biological process sub-
ontology; ordered by g-value. d Epigenetic processes associated with the shared differentially expressed
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TABLE LEGENDS
Table 1. Drugs targeting candidate epigenes from selected relevant modules for SARS-CoV-2 infection.
Target
protein |Drug Name Module [Function
Genistein, Fluorouracil, Intoplicine, Enoxacin, Sparfloxacin, Amrubicin,
Etoposide, Epirubicin, Ciprofloxacin, Myricetin, Mitoxantrone, Trovafloxacin,
RTA 744, Daunorubicin, Norfloxacin, Finafloxacin, Dexrazoxane, 13-
deoxydoxorubicin, Idarubicin, Lomefloxacin, Lucanthone, Pefloxacin,
Valrubicin, Amsacrine, Levofloxacin, Doxorubicin, Declopramide, Annamycin,
Banoxantrone, ZEN-012, Podofilox, Aldoxorubicin, Teniposide, Moxifloxacin, Epifactor
SP1049C, Amonafide, Dactinomycin, Fleroxacin, Becatecarin, Ofloxacin, module [(Chromatin
TOP2A  [Elsamitrucin 8 remodeling)
[Fedratinib, Panobinostat, Romidepsin, Birabresib, Alprazolam, Vorinostat, module |Epifactor (Histone
BRD4  |Volasertib, Alobresib, Belinostat, Apabetalone 6 modification read)
module |Epifactor (Histone
EP300  |Curcumin 6 modification write)
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S-adenosyl-L-homocysteine, Procainamide, Palifosfamide, Cefalotin, module |Epifactor (DNA
DNMT1 |Decitabine, Azacitidine, Flucytosine, Epigallocatechin gallate, Hydralazine 4 methylation)
Epifactor (Histone
modification erase,
Histone
module |modification write
SENP3  [Methylphenidate 4 cofactor)
7-[4-(Dimethylamino)Phenyl]-N-Hydroxy-4,6-Dimethyl-7-Oxo0-2,4- module |Epifactor (Histone
SIRT6  [Heptadienamide 4 modification erase)
module
FOS Pseudoephedrine, Nadroparin 12 TF
SC-236, Betulinic Acid, Bortezomib, Dimethyl fumarate, PHENYL-5-(1H- module
RELA  |PYRAZOL-3-YL)-1,3-THIAZOLE, Indoprofen 12 TF
module
STAT1 |Epigallocatechin gallate 12 TF
module
STATSA [AZD-1480 11 TF
module
SMAD3 |[Ellagic Acid 10 TF

Table 2. Candidate epigenes for drug development in selected relevant modules for SARS-CoV-2
infection.

Module [Function
Target protein
MOV10 module 12[Epifactor (Chromatin remodeling)
MTALI module 4 [Epifactor (Chromatin remodeling cofactor)
TLEI1 module 12[Epifactor (Chromatin remodeling, Histone modification cofactor)
TAF4 module 12[Epifactor (Histone chaperone)
BAP1 module 4 [Epifactor (Histone modification erase, Polycomb group (PcG) protein)
TRIM28 module 4 [Epifactor (Histone modification read)
PRDM1 module 12[Epifactor (Histone modification write cofactor)
SETD1B module 6 [Epifactor (Histone modification write)
UBE2D3 module 10[Epifactor (Histone modification write)
PCGF5 module 12[Epifactor (Polycomb group (PcG) protein)
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STAT2 module 12[TF
GMEB2 module 6 [TF
ZNF277 module 10{TF
IRF7 module 11{TF
CEBPD module 12[TF
INR4A1 module 12[TF
ZNF652 module 12[TF
IRF2 module 12[TF
ZEB2 module 12[TF
SP110 module 12[TF
CUX1 module 12[TF
TRIM25 module 12[E3 ubiquitin ligase
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Introduction

Transcription factors (TFs) are proteins directly involved in interpreting the genome. These proteins are crucial
to the cell, performing the first step in decoding the DNA sequence, which leads to chromatin remodeling and
ultimately transcription. TFs belong to a wide number of proteins that are involved in different molecular
machineries that regulate the transcriptional control of the cell. The diverse functions of TFs regulate the
language of the cell, which directs the development, differentiation, specialization, and response to the
environment.

Historically, the term TF has been applied to describe any protein involved in transcription and/or capable of
altering gene-expression levels. However, nowadays the term is applied to proteins that directly perform
transcriptional control. The key components to understand such transcriptional control were established by
Jacob and Monod, more than half a century ago (1961), with their groundbreaking genetic and biochemical
experiments in bacterial systems. Their findings shed light to two major concepts in gene regulation: 1) protein-
binding regulatory sequences are present in the DNA and 2) proteins bind to such DNA sequences to activate
or repress transcription. Through their pioneering work and many subsequent studies, it was established that
TFs recognize and occupy those specific DNA sequences, regulating the transcriptional machinery and the
outcome of genes (1-3). Due to the importance that TFs exert to the control of gene expression; an intense study
has been carried out for decades to understand their functions. This led to the discovery of many general TFs
and cofactors in eukaryotic organisms, as well as various chromatin regulators and the mechanisms by which
they control gene expression (4,5).

Since TFs depend on DNA sequences and its specific location on chromosomes to carry out their function, it is
important to emphasize that these proteins cannot be functionally understood without a detailed knowledge of
the DNA sequences to which they bind. These specific TF DNA binding sites (TFBSs) are often referred to as
"motifs”, which are templates representing the set of related short DNA sequences which are recognized by a
given TF (6,7). These sequences can be used to scan longer sequences, such as genetic promoters and enhancers
in order to identify possible binding sites (BS). Identifying a DNA binding motif is often the first step towards
a detailed understanding of the function of a given TF; knowing the possible BS of a protein provides a gateway
for further analysis.

Due to recent advances in biotechnology and especially after the advent of DNA massive sequencing, our
knowledge of the mammal regulatory elements, as well as the transcription and chromatin regulators that
operate at these sites, has increased considerably in the last decade. Currently there are enormous amounts of
data of TFs and the sequences they are associated to. However, being able to predict the expression pattern of
a gene based only on its regulatory sequence, turns out to be more complicated when studying the cell; it is
generally highly context-specific, depending on the cell type and intracellular factors (2,8). Also, the regulatory
regions are not necessarily organized in discrete, easily identifiable regions of the genome and can exert their
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influence on genes at great genomic distances (9). Furthermore, even experimentally determined BSs are
relatively poor predictors of genes that the TF actually regulates (6).

To date, genomic studies are trying to elucidate regulatory elements, as well as to identify and/or predict the
regulatory sequences of the TFs in different species. They have taken two main paths: 1) those studies that
identify specific TF binding sites using experimental techniques such as ChIP-seq, SELEX-seq, ChIP-on-chip,
CUT&RUN or CUT&Tag; or 2) those studies focused on predicting the possible regulatory elements and their
sites in the genome through computational reconstructions and genetic regulatory networks (1,2,5,8,10-13).

Due to the biological importance and implications of understanding gene regulatory machinery, many groups
have dedicated themselves to develop various catalogs of TFs, their binding sites and their associated gene
elements, as well as various tools for their analysis, visualization, and prediction. Knowing these elements will
have important implications for understanding the cell, its development and differentiation, as well as their
implications in human medicine. In this chapter, the two different approaches to TF binding analysis will be
reviewed. We will also show an overview of the different tools used and their pros and cons in practice in order
to understand the general workflow of TFBS studies, as well as the experimental basis, which are necessary to
identify the limitations of the field.

1. High-throughput experimental approaches to detect TF-DNA interactions

The study of TFBS has been approached by multiple methodologies through time, each of them with particular
advantages and disadvantages. The experimental methodologies can be divided into low and high throughput
methods. In this chapter, we will focus on high throughput methodologies, which include Systematic Evolution
of Ligands by EXponential enrichment-sequencing (SELEX-seq), Chromatin Immunoprecipitation and DNA
microarrays (ChIP-on-chip), Chromatin Immunoprecipitation and sequencing (ChIP-seq and ChIP-exo), and
Cleavage Under Targets (CUT&RUN and CUT&Tag). Their basis is briefly explained in the following
paragraphs.

Systematic Evolution of Ligands by EXponential enrichment (SELEX, Figure 1A) consists of finding the TFBS
by creating a pool of random double-stranded DNA sequences (or aptamers) and incubating it with the TF of
interest. Following, an immunoprecipitation against this protein is performed, resulting in a selection of DNA
fragments containing potential TFBS. The aptamers usually have adapters in the 5* and 3’ ends to allow primer
hybridization (14), which makes them suitable for amplification and sequencing (SELEX-seq). The main
limitation of SELEX is the fact that it is performed completely in vitro; thus, several factors that can be
important for a TF binding in a living cell, such as transcriptional co-factors, epigenetic modifications or DNA
accessibility are absent. (15)

Chromatin Immunoprecipitation (ChIP) allows the identification of DNA fragments bound to a TF. The first
step in ChIP is the fixation of DNA-protein complexes with formaldehyde, followed by fragmentation of the
DNA. Next, only the DNA bound to the TF of interest is immunoprecipitated using specific antibodies and
isolated. The advantage of ChIP is that it captures the DNA-protein interaction in vivo; however, it depends on
the formaldehyde fixation and the efficiency of the antibody used to immunoprecipitate. The DNA obtained
from ChIP can be evaluated by multiple methods to identify the DNA fragments that contain a TFBS; for
instance, it can be evaluated by DNA microarrays (ChIP-on-chip) or by high throughput sequencing (ChIP-seq,
Figure 1B) (15,16). ChIP-exo is a variant of ChIP-seq which uses exonucleases to reduce the length of the
DNA fragments used for sequencing, which improves resolution and the identification of TFBSs (17). These
methods offer several advantages, such as the low number of cells needed, the high amount of information
generated, the reliability and the higher signal to noise ratio (18).

Cleavage Under Targets and Release Using Nuclease (CUT&RUN, Figure 1C) is a strategy that utilizes TF-
specific antibodies and a micrococcal nuclease (MNase) to produce and select the specific DNA fragments
bound to the TF in situ. Briefly, in this approach, TFs of interest are recognized by a specific antibody coupled
with the MNase, which then cleaves the DNA in the surrounding nucleotides of the TFBS, releasing the TF-
DNA complexes. Finally, DNA is extracted, amplified and used for high throughput sequencing (19). Cleavage
Under Targets and Tagmentation (CUT&Tag) is an in situ methodology derived from CUT&RUN. Instead of
MNase, it utilizes a transposase that cleaves the DNA and integrates sequencing adapters at the same time.
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DNA fragments bound to TFs are purified and sequenced (20). The advantages of these methodologies are the
absence of crosslinking, the reduction of background noise, cost and time compared to ChIP-seq, the low
number of required starting cells and the improved resolution of TFBSs identification. Due to all of their
advantages, CUT protocols are quickly establishing themselves over ChIP-seq as the standard methods for
obtaining genome-wide TFBS.

Finally, data obtained from all the methodologies described above require specific pre-processing to generate a
set of selected sequences that contain a potential TFBS that one aims to identify. These final sequences are used
as input in the de novo motif discovery tools (Section 3).
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Figure 1: High-throughput experimental approaches to identify TFBSs.

A) SELEX-seq: A random pool of DNA fragments are incubated with a TF of interest in vitro, the DNA-TF
complexes are immunoprecipitated and sequenced. B) ChIP: the DNA-TF interactions in a cell are fixated with
formaldehyde and sonicated to break the strands, then TF-DNA complexes are immunoprecipitated and the
DNA fragments are evaluated through DNA microarrays (ChIP-on-chip) or sequenced (ChIP-seq). C) CUT:
cells are permeabilized to allow the entrance of the reagents and immobilized on magnetic beads, then the
antibody binds to the TF and is recognized by an A-MNase (CUT&RUN) or by a transposase (CUT&Tag),
which break the surrounding DNA and allow the isolation of the DNA-TF complexes, finally isolated DNA is
sequenced.

2. TF binding motif representations

TFBS can be represented (or modeled) in different ways, which provide different levels of information about
the motif recognized by the TF. For instance, the consensus string is the most basic and simple representation,
since it depicts the most frequent nucleotide in a motif (i.e. CTCF binding motif 5’-
TGGCCACCAGGGGGCGCTA-3") (21-23). Other simple representations exist, such as mismatch strings
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(MM) and IUPAC strings, which are consensus representations that permit mismatches or include [IUPAC
degenerate base symbols, respectively (24).

However, TFs do not recognize fixed and invariable sequences; instead, the nucleotides in each position of a
binding site are variable to some extent and the consensus representation doesn’t capture the complexity of
TFBS recognition. To address these issues, other representations have been proposed, such as Position Weight
Matrix (PWM) (25), Dinucleotide Weight Matrix (DWM) (26) and Transcription Factor Flexible Models
(TFFM) (27). In this section, we will describe the different representation models for TFBSs, focusing on
PWMs since their use in the study of TFs is widespread.

2.1 Position Weight Matrix

A Position Weight Matrix (PWM), also referred by some authors as Position Specific Scoring Matrix (PSSM),
is the most common representation of TFBS. It is constructed from a group of aligned sequences recognized by
a TF (Figure 2A). It consists of a matrix where the probability of appearance of the bases at each position is
given, taking into account the background genome frequencies (28). A PWM is defined as a matrix of numbers
[M(b,i)] for each base (b = 4, C, G, T) in any position (i = / to ]) of a TFBS of length L . It provides an additive
score system that reflects the contribution of each position to the TF binding (Figure 2B). PWMs offer the
following advantages (25) :

1. It depicts the nucleotide frequencies in each position in the motif, which could reflect their importance
for the TF binding.

2. It includes position-specific penalties for a mismatch; thus, mismatches at different positions are not
treated equally.

3. It employs a logical, easy to understand mathematical model.

4. Itis flexible, since it can be modified to incorporate additional characteristics in order to improve the
representation accuracy.

The most common visualization of a PWM is via a logo representation, which shows the contribution of each
position to the binding of the TF, as well as the base frequency associated with each of them. In a typical logo
representation, the x-axis shows each position of the motif, and the y-axis the information content (IC) measured
in bits (Figure 2C). When the frequency of each nucleotide at a given position is random (taking into account
the specific composition of each base in the genome), the IC equals 0. In the opposite case, if a particular
nucleotide is found in that position in 100% of the sequences, the IC at that position would be 2. This measure
indicates the importance of that position to the specificity of the TF. Consequently, positions with the highest
IC are the most critical to the binding, while the ones with the lowest values can have variations without having
big effects on the binding (25). Further information on the computation of the IC, as well as the equations and
concepts, can be found in Stormo, 2013 (25).
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Figure 2. PWM and its representation.

A) Aligned sequences containing the 6 nucleotides where a hypothetical TF binds. B) PWM of the TFBS; each
element in the matrix represents the score of every base at any position of the motif. C) Logo representation of
the hypothetical TFBS.

Even though this model is the most used nowadays, it is important to remember that it is just a way to
approximate and represent the real specificity of a protein, and it has limitations as any model. First, this model
assumes that each position contributes independently and additively to the binding of the TF, which is not
always true (29). This simplification is preferred because a complete dependence model would require to
estimate a joint distribution that grows exponentially with the size of the motif and becomes computationally
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intractable (30). Also, when trying to scan PWM to the genome, in order to find new TFBS, the false-positive
rate is usually high. This could happen because some TFBS might be in a non-permissive locus, being
inaccessible to the TF (22). Finally, it is worth mentioning that the representation accuracy of the TFBS is
highly dependent on the algorithms that generate the PWM, as well as the parameters that they use. Therefore,
they can lead to poor models that result from the limitations of the tools, not from the PWM approach per se
(25). Nevertheless, due to their simplicity and interpretability PWMs remain a popular and standard
representation of TFBS.

2.2. Other representations

Given the limitations of PWMs, which assume independence among nucleotides in a TFBS, there have been
several efforts to develop alternative representations capable of incorporating additional information that allow
the improvement of TFBS predictions in new locations.

As an example, one way to improve the consensus and PWM representations is by incorporating the inter-
position dependence between the nucleotides in a motif. As an example, given a group of sequences known to
be recognized by a TF, Osada et al. 2004 also considered the number of shared bases and the pairwise nucleotide
dependencies within the sequence to construct their model (31). The work of Osada ef al., along with other
studies, show that the incorporation of the inter-position dependencies improves the prediction of new sites in
the genome (32-34).

Another approach was proposed by Hannenhalli and Wang, who used mixture models to search for subclasses
of a given TFBS. The rationale behind this approach is that one TF can have different binding preferences
depending on the biological context (i.e. cell type or high and low-affinity sites); thus, classifying one PWM
into subclasses of PWMs can provide better TFBS predictions (35).

Finally, an important representation model is the one introduced by Mathelier and Wasserman, named
Transcription Factor Flexible Model (TFFM,) which is based on Hidden Markov Models. The main advantage
of this model is its capacity to capture nucleotide inter-position dependencies and variable lengths in a motif,
which has led this model to outperform PWMs in several contexts. Furthermore, the TFBS database Jaspar
(Section 4) contains TFFM in addition to the PWMs (27,36).

3. De novo motif discovery: obtaining TFBSs from a set of sequences

A number of methods with different approaches have been developed to find the optimal model with accurate
weights to generate the best representation of the TFBS. The problem of de novo motif discovery can be stated
as following: given a group of sequences, one must infer both the binding motif and the position (which can be
different for each sequence) at the same time. Solving this problem involves applying some form of algorithm
to find the most likely TFBS motif and constructing its corresponding PWM or another representation model.
Finally, the resultant motifs can be evaluated with different tools (Section 4) to filter the best TFBS candidates
that could play a potential biological role.

The main challenges in de novo motif discovery are that, given a set of sequences with different lengths and
unknown motifs at unknown positions, we have to obtain an accurate motif representation. Furthermore, the
motifs are usually not identical to each other, since some nucleotide positions might not be critical for the
binding of the TF (37). With over a hundred publications to date and countless software tools, de novo motif
discovery has been one of the oldest core computational problems tackled in the field of bioinformatics. They
can be classified according to the approach of their algorithms in enumerative, probabilistic, nature-inspired,
deep learning-based and ensemble (Figure 3). For the purposes of this book, only the most representative and
widely used methods will be described (Table 1).
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Figure 3. De novo motif discovery.

Sequences with a potential TFBS are used to perform the de novo motif discovery analysis, which can be done
with enumerative (simple-word enumeration), probabilistic (EM), nature-inspired (GA), deep learning-based
(CNN) or ensembl approaches. After this step, a TFBS representation is obtained, such as a PWM, which can
be represented as a sequence logo.

3.1. Enumerative approaches

Enumerative approaches perform an exhaustive search for a consensus motif by the comparison and
computation of the similarity between oligonucleotides. Therefore, this method is more likely to find the global
optimum (i.e. the best solution in the whole search space). It works well for short motifs, as the ones found in
eukaryotes, and is suitable for finding totally constrained motifs (i.e. where all the instances are identical) (38).
Some of the programs that use this approach are DREME (38) and CisFinder (39).

Since this approach analyzes the frequencies of all the DNA strings in order to generate a PWM from the
overrepresented oligonucleotides identified (28), it has an exponential time complexity. Thus, it has problems
handling big data or finding long motifs. Also, it needs a high amount of parameters specified by the user, such
as motif length, mismatches allowed and a certain number of sequences where the motif appears. In addition,
because most of the TF in eukaryotes have weak constrained positions, the results of this approach can be
problematic, so they need to be post-processed with clustering systems (37). In order to adapt these methods to
high-throughput sequencing data, parallel processing and optimized data structures have been implemented to
accelerate the algorithms.

DREME is a simple word enumeration method developed to find multiple short, non-redundant and statistically
significant eukaryotic motifs in an optimized way using regular expression words. The speed is achieved in part
by limiting the search to short motifs (4-8 bp). Also, it is exhaustive for exact words and heuristic for words
with wildcards. The general algorithm workflow starts with generating a set of short oligonucleotides, which
are tested with Fisher’s exact test using a threshold to calculate the significance of each k-mer. This test looks
for an overrepresentation of the sequence identified as a motif in the data. To perform it, two datasets are used:
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the enriched regions obtained from an experimental technique (Section 2) and unrelated regions, which could
be shuffled sequences produced from the same dataset (38). The most significant motif is used in an inner loop,
where it becomes a seed regular expression to conduct a beam search that identifies the most significant
generalization (30). Then, a PWM is created by aligning the sequences that match with the suggested motif.
Finally, the best motif is erased in order to find multiple non-redundant motifs, and the previous steps are

repeated iteratively until there are no more motifs found with an E-value less than the specified significance
threshold (38).

An alternative approach is CisFinder, a word clustering-based method that detects short motifs as well, but with
amore efficient processing speed. This method is based on clustering short Position Frequency Matrices (PFMs)
that are overrepresented in the dataset using a hypergeometric probability distribution, similar to the method
described above. Briefly, PFMs are estimated from 8 base pairs sequences with and without gaps. Then, the
flanking regions of the overrepresented motifs are extended, generating PFM for the sequences in the gaps and
on the sides. If these regions are not informative, they are trimmed. Then, these matrices are clustered based on
their similarity using Pearson correlations. After single-linkage clustering, each group is evaluated for
homogeneity and separated if they are not similar enough. Separated motifs are used as seeds for adding more
motifs, which are later evaluated. These processes are repeated iteratively until all the motifs are separated in
homogeneous groups. Finally, the PWM of each entire cluster is estimated, giving as result several non-
redundant TF binding motifs. The advantage of this method is its capacity to discover multiple and weak motifs
in a single run, even with a low level of enrichment and the ability to process large sequences (39).

3.2. Probabilistic approaches

Probabilistic approaches are the most used currently. They test PWM parameters with probabilistic methods
while doing multiple local sequence alignment (40). These algorithms have some improvements in comparison
to the enumeration ones: they are faster, require fewer parameters, remain unaffected by motif length, can
handle big datasets and are able to find weak constrained motifs (i.e. motifs where not all the instances are
identical). Nevertheless, these algorithms scale poorly with dataset size and converge to a locally optimal
solution (37). These methods typically use Expectation Maximization (EM), like MEME, and Gibbs sampling,
like Align ACE (41).

EM is a deterministic approach that works under the assumption that each sequence of the data has at least one
common motif. It works in two phases: the expectation and the maximization. During the expectation phase,
the score for different motifs in all the sequences is estimated based on the entries in the PWM and the base
pair composition of the genome (which reflects the background probability of each nucleotide). In the second
step, those estimated values are used to refine the PWM through several iterations (37). This approach uses
oligonucleotides from the data as starting points to increase the probability of getting to a global optimum (22).
In other words, the goal in this method is to find an initial motif and then use the described phases to improve
it until it converges to a locally optimal solution. This approach has been widely used in various software tools,
being MEME (Multiple EM for Motif Elicitation) (42) the most popular. The main disadvantages are that this
algorithm is very sensitive to the initial conditions and it assumes only one TF binding motif per sequence (37).
Also, it is very time consuming, so a usual strategy when using this algorithm in large datasets is to run it on a
small subset of the data.

Another algorithm that is widely used is Gibbs sampling. This is a Markov Chain Monte Carlo (MCMC)
approach, where the results of every step depend only on the immediately previous state. This is rather a
stochastic model since each step is based on random sampling. In this approach, the mutual segments within
the sequences are analyzed. The goal is to find the best common pattern, which is obtained by localizing the
alignment with the highest ratio of pattern probability to background one (43). It is less dependent on the initial
conditions, but more dependent on the input sequences. Align ACE (41) is a program that uses Gibbs sampling.
This program evaluates the motifs with the MAP (maximum a priori log-likelihood) score, which judges the
motifs that are obtained through the course of the program. Briefly, this score takes into account the direct
relationship between the number of aligned sites and the degree of overrepresentation of the TF binding motif
in the input data (30). Some of Align ACE’s advantages are that the base frequencies are fixed according to the
source genome, both strands of the input sequence are considered without allowing overlaps and multiple motifs
can be found by masking iteratively single motifs (41).
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3.3. Nature-inspired approaches

This category includes algorithms that have been inspired by natural phenomena. They are typically based on
swarm intelligence, as well as biological, chemical and physical systems. Some of them have been created to
solve complex and dynamic problems, offering low-time and optimal-cost solutions. Even though not all of
them are very efficient or widely used, some have offered new approaches to the field with different advantages
over the other categories. However, approaches solely based on these algorithms are rare; they are more
frequently used in this field in combination with other methods. Popular algorithms used in de novo motif
discovery include Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO) (44) and Artificial Bee Colony (ABC) (37).

Genetic Algorithms are optimization procedures that iteratively improve a set of solutions (population). The
main goal of these types of algorithms is the production of “offspring” results by mutation and recombination.
The starting point is a set of random individuals, which are used to produce offspring. After each step, a set of
new solutions is generated and evaluated, keeping only the ones with the best fitness for further exploration
(i.e. the ones with the highest score). Throughout several generations, local optimum solutions are found (37).
Some methods, like rtGADEM (45), which will be explained in a following subsection, use this algorithm.

Alternative methods that have been explored in the field encompass PSO, which simulates the behavior of social
animals like birds to find resources. This algorithm consists in a population of candidate solutions that keep
moving in the search space. Each solution can communicate with the other ones to influence their movement
toward the best positions, so that the swarm can explore and find local optimal solutions. This algorithm has
been used to generate seeds that are used afterward by the EM method (37). In a similar way, both ACO and
ABC algorithms simulate the social behavior of ants and bees respectively when trying to find food. In the case
of ACO, artificial ants randomly search the solution space and leave “pheromone” over their search paths for
other ants to use as “memory” of good solutions and moving towards better ones. In the case of ABC, three
roles of artificial bees exist: employees, onlookers and scouts. The candidate solutions can communicate as well
and inform the other ones about the best positions to explore these search spaces. The evaluation of the new
possible solutions are done based on the similarity values of the consensus sequences (37).

3.4. Deep learning

Artificial Neural Networks (ANN) are mathematical models that attempt to mimic how the biological brain
learns to solve problems by training on a set of examples. In ANN:Ss, artificial neurons are interconnected in sets
of at least three layers: the input layer, one or more intermediate (hidden) layers that learn the features driving
the prediction, and an output layer providing the final predicted value or values. When presented with an input
example, each neuron can activate and “fire” a value to its output connections in the next layer if a certain
threshold is reached. The value compared to this threshold is the weighted sum function of the values of their
firing input connections in the previous layer. On each training phase, the weights for each connection are
updated by backpropagating the error from the final predicted value compared to the actual value; these
networks are iteratively trained until convergence to a minimum error.

Although the origin of ANNs can be traced back to the 1950s with the perceptron model (46), until recently,
several challenges made them difficult to apply to complex problems: large computational requirements, need
for very large datasets to train with and low performance due to numerical optimization problems in the
backpropagation step. However, the last two decades have seen major algorithmic breakthroughs and
technological advancements that have enabled to train “deep” ANNs with many layers and millions of neurons.
This new Deep Learning paradigm has enabled researchers to solve complex problems and greatly outperform
conventional algorithms in a wide range of fields.

One of the first models used to predict TFBS from sequence was DeepBind (46), which predicted in-vivo and
in-vitro binding affinities of various proteins. Other methods soon followed, such as DeepSea (49) and Basset
(47) which in addition to TFBS predict other features such as histone modifications and chromatin accessibility,
DeepSite (48) which uses protein structure in addition to sequence, DESSO (45) that incorporates DNA shape,
and many others. The success of the first Deep Learning methods have inspired a growing number of models
that try to improve them in different ways, such as using more complex architectures (e.g. combining other
types of networks with CNNs), solving other problems (e.g. enhancer prediction, Protein-RNA binding site
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prediction) or using other types of information as input in addition to the sequences (e.g. DNA methylation,
phylogenetic conservation).

Although Deep Learning is making substantial gains in the genomics fields and is quickly outperforming
traditional methods for TFBS, it is still considered to need some time until it reaches a mature state where non-
expert users are able to make use of them on a daily basis. A standardized protocol to develop, train, report,
validate and share the models has yet to be defined by the scientific community, making most models difficult
to use or adapt to other more specific problems. Some challenges also remain to be tackled, such as training
with a low number of examples, improving the interpretability of more complex architectures and defining good
sets of “negative” examples to train with. Nevertheless, given their superior performance and multi-tasking
capabilities it is just a matter of time until these drawbacks are surpassed and Deep Learning becomes the
standard method for TFBS prediction.

3.5. Ensemble approaches
The programs described here combine different approaches from the above-described algorithms. Therefore,
there is not an established algorithm or a set of characteristics for the methods here mentioned. Rather, their

strengths and limitations depend on the hybrid algorithm that results from the integration of other approaches.
Examples of this type of methods are MEME-ChIP (50), HOMER (51), tGADEM (45) and DeepFinder (52).

MEME-ChIP (50) is a web-based tool that mixes 4 algorithms for de novo motif discovery, comparison and
visualization. This tool mixes the advantages of two already explained approaches; the probabilistic algorithm
MEME (42) and the enumerative one DREME (38). After using both approaches, CentriMo (53) evaluates the
enrichment of the candidate motifs in the input data. The last component of this tool is Tomtom (54) which
helps to identify TFs that could mediate an indirect and cooperative binding in the source protein (50).

HOMER (Hypergeometric Optimization of Motif EnRichment) (51) is a tool that combines enumeration and
probabilistic approaches. The algorithm is composed of 2 stages: the first one is an exhaustive search for
overrepresented putative motifs, which correspond to the enumerative stage. To speed this process, a sequence
tree is used to optimize the comparison between words and the consensus motif. Then, a modified version of
the Fisher exact test is used to identify the enriched motifs. Afterward, the top results are converted into
probability matrices to start the probabilistic step, where the putative motifs are refined using a local hill-
climbing approach, an iterative local optimization algorithm. Whenever the local optimization algorithm finds
a solution, the motif is reported and the matching sequences are removed. This step is then repeated in order to
find multiple motifs. In the end, the best threshold and probability matrices are reported (51).

Alternatively, tGADEM (45) is an R package that combines GA with EM. Briefly, short candidate words of 4-
6 nucleotides are used to construct spaced dyads (i.e. motifs with gaps in between). These spaced dyads are
sorted according to their enrichment in the input dataset, followed by a conversion to PWM. The matrices are
then optimized with EM and passed to the GA as starting points in order to increase the probability of finding
the best local optimums. Afterward, the GA runs with the generated population, where the fitness score is based
on the logarithm of the E-value. The motif with a fitness value less or equal to a specified cutoff value is
reported, followed by the mask of its binding sites in the input dataset. This step is repeated iteratively to find
multiple motifs until no new ones with the required fitness value are found. This tool can process big datasets,
identifies multiple dimer and monomer motifs and adjusts motif widths, offering a fast and efficient framework
(45).

Finally, DeepFinder (52) utilizes other tools for identification of initial candidate motifs (MEME,

MotifSampler, Bioprospector and MDSCAN), followed by a stacked-autoencoder neural network learning step
which is used to predict the associated TFBS in the input sequences.

Tool Main method(s) Refere
nce
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Enumerative

DREME Simple-word enumeration (38)
CisFinder Word-clustering based method 39)
Probabilistic

MEME Expectation Maximization (42)
Align ACE Gibbs sampling 41

Deep learning-based

DESSO Convolutional Neural Networks (55)
DeepBind Convolutional Neural Networks (56)
DeepSite Convolutional Neural Networks (57)
Basset Convolutional Neural Networks (58)
Combinatorial

MEME-ChIP Expectation Maximization and simple-word enumeration (50)
HOMER Enumeration and hill-climbing approach 51
rGADEM Genetic Algorithm and Expectation Maximization (45)
DeepFinder Probabilistic algorithms and neural networks (52)

Table 1. Non-exhaustive list of tools used for de novo motif discovery.

4. Motif prediction: identifying candidate TFBS in the genome

As mentioned in the previous sections, the approaches for de novo motif discovery yield a high number of false-
positive sites because TFBS are short and variable (59). To address this problem, PWMs obtained from the
discovery phase or from a database containing TFBS (Box A) can be further filtered to retain only the candidates
with a potential biological function. Furthermore, we can use PWMs to know if a particular TFBS is contained
in a sequence of interest, such as a promoter region. In this section, we refer as “prediction” to the process of
scanning a region of interest for a TFBS.

The first step of the prediction process is the search for occurrences of one or multiple PWMs in a sequence of
interest (Figure 4A) (60). Several tools are available for this purpose which can search for individual sites or
for several TFBS (clusters) (28). For a detailed review on the topic, see Aerts 2012 (61), Hannenhalli 2008 (30),
Das and Dai 2007 (43) and Bulyk 2003 (59). The principle behind the prediction of TFBS is the search for the
number of occurrences (or matches) in a sequence of interest, given one PWM. Several tools are available for
this purpose which rely on nucleotide sequence information only and use a pattern matching method to identify
an occurrence. The degree of match can be represented in different ways (p-value, percentage, etc), depending
on the method used (30,61). Some example tools are: FIMO (62), MATCH (63) and Matrix-Scan (64).

Once the starting match-based search has been performed, tools are available for predicting and/or filtering
potential false positive matches by incorporating extra layers of biological information, such as evolutionary

conservation, gene expression or epigenetic data (61), which will be briefly described in the following
subsections.

4.1. TFBS clusters
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This approach is based on searching for clusters of TFBS in a region (Figure 4B), instead of looking for
individual TFBSs. The premise is that transcriptional regulation is not controlled by one TF, but by a
combination of several ones and that regulatory regions with a higher density of TFBS (clusters) can be
biologically relevant. Most of the tools developed, search for clusters of TFBS regardless of the order, strand
or the separation between the sites (61). Representative examples of tools are Cluster-Buster (65), MCast (66)
and BayCis (67).

4.2. Phylogenetic footprinting

The premise of phylogenetic footprinting is that TFBSs located in conserved regions among different species
(orthologous) are more likely to be biologically relevant, in contrast to TFBSs located in non-conserved
regions (Figure 4C). Phylogenetic footprinting is capable of identifying potential TFBSs for a single region
in the genome, provided that it is conserved across other species (orthologous). For a detailed description of
phylogenetic footprinting see Hannenhalli, 2008 (30).

Several tools have been developed and can significantly improve the discovery of relevant motifs (43). These
tools usually involve two phases: 1) global multiple alignment of the orthologous sequences and 2)
identification of the conserved region in the alignment. Some tools also incorporate a third phase which
includes the search for matching PWMs, only if the TF binding site is conserved (43); (61). Some examples
of tools are: TargetOrtho (68), rVISTA (69), MONKEY (70) and TFLOC (71).

4.3. Co-expression

These approaches work under the assumption that genes with similar patterns of expression (co-regulated) can
contain some similarities in their regulatory regions, including TFBSs (Figure 4D). Thus, the purpose is to
find PWM matches enriched or overrepresented in co-expressed genes (43). This is usually done with the
integration of RNA-seq or expression microarray data.

4.4, Multiple evidence

These approaches take advantage of the high number of genome-wide data available, such as gene expression
and epigenetic modifications, to identify combinatorial codes and to better predict TFBSs (Figure 4E) (61).
As an example, PriorsEditor (72) is a tool that can combine different data, such as phylogenetic conservation,
DNA melting temperatures, nucleosome-positioning, GC content, DNA bendability and DNA duplex-free
energy to better identify functional TFBS in a cell type of interest. Other examples are CHROMIA (73),
CENTIPEDE (74) and MotifLab (75)
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Figure 4. Approaches to predict TFBS in the genome from a PWM.

A) Initial matching of a PWM in a region provides potential TFBSs. Further methods can be used to reduce
the false-positives based on B) the density of TFBS (clusters), C) conservation of the matching region across
different species, D) the presence of co-expressed genes in the sample, E) integration of several layers of
information such as phylogenetic conservation, GC content and physicochemical information of the protein,
among others.

Box A. Databases containing human PWM

There are different databases where PWMs can be obtained, being TRANSFAC (13) and JASPAR (36) the
most popular. However, other ones have information of human binding sites as well, like HOCOMOCO (76),
HOMER (51) and CIS-BP (77) (Table 2).

TRANSFAC is a commercial database that contains TFBS of several species, with a focus on model organisms.
It has more than 67,000 manually annotated TF site interactions, over 7,000 PWM derived from experimental
evidence, and more than 2,000 TFBS ChIP-seq experiment reports. Additionally, it offers additional tools and
data, like pathway visualization for regulatory networks, promoter reports and TF reports (13).

JASPAR is an open-access database of curated, non-redundant TF binding profiles derived from experimental
evidence and ChIP-seq data. These representations are stored as PWMs and TFFMs and cover a wide range of
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species grouped in six main taxonomic groups (vertebrates, plants, insects, nematodes, fungi and Urochordata).
It is the most complete free resource, collecting over 1,700 TF binding profiles (36).

Finally, some research groups have made alternative databases with public data analyzed or curated in a
different way, which is typically utilizing their own software tools. HOCOMOCO (76) (Homo sapiens
comprehensive Model Collection) provides TF binding models for 680 human and 453 mouse TFs. All of these
models are generated with ChIPMunk, a probabilistic de novo motif discovery tool that mixes greedy
optimization with bootstrapping (78). On the other hand, HOMER is a database maintained as part of the
HOMER software. It is based on the analysis of public datasets using their suggested approach, collecting over
400 TF binding representations (51). Finally, CIS-BP is a public database that incorporates data of more than
390,000 TFs data from around 700 species. It collects data from other databases like TRANSFAC and JASPAR.
The novelty of this database is that it includes inferred motifs, which are TF binding motifs that are inferred
from related species with the known TFBS of the ortholog protein (77). It is important to mention that several
other databases that focus on specific organisms exist. However, since they do not contain human-related
content, they are not mentioned.

Database Description Link

TRANSFAC(13) Focused on model organisms http://genexplain.com/transfac/
>67,000 manually annotated TF interactions
~ 7000 TF binding profiles

JASPAR(36) Focused on 6 main taxonomic groups http://jaspar.genereg.net/
~ 1700 TF binding profiles

HOCOMOCO(76) Focused on mice and humans https://hocomocol 1.autosome.ru/
~ 680 human and 453 mouse TF binding
profiles

HOMER(51) Focused on humans http://homer.ucsd.edu/homer/motif/mo
~ 400 TF binding profiles tifDatabase.html

CIS-BP(77) Wide range of species (> 700 organisms) http://cisbp.ccbr.utoronto.ca/

> 165,000 TF binding profiles
Collects data from >70 sources

Table 2. TFBS databases.

5. Final remarks

Studies performing comparisons between methods for discovering TFBS have not had conclusive results (i.e.
no method consistently outperforms the others in all data sets). Interestingly, most algorithms work better in
simpler organisms' data, like yeasts, than in similarly created datasets from higher organisms, like mice and
humans (43). Therefore, no standard methodology exists; the accuracy and performance of the approaches
change with different input data.

Additionally, it is very difficult to evaluate the performance of de novo motif discovery and PWM scanning
tools. In order to do so, one should have complete annotations of precise validated sets of TFBS in the DNA
for specific proteins, which would be used as a gold standard reference. This kind of information is usually
missing or limited in the majority of situations. However, in human ChIP-seq data, tGADEM has shown to be
one of the best-performing tools, outperforming HOMER and MEME-ChIP (28). Regarding PWM scanning
tools, MCAST and FIMO perform better than some of its competitors (28).
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It is worth to mention that some TFs interact with other partners in the cell, which might change their binding
motif either by indirect binding (the partners are the ones that bind to the DNA) or cooperative binding (the
protein binds to a different motif when interacting with its partner). Furthermore, we must remember that, in a
cell, there are multiple factors that influence the specific binding of a TF. Just to mention some, the methylation
status of a sequence can change the affinity of the binding of the protein, as well as the DNA shape, features of
the sequence, the GC content of the surrounding regions, the concentration of other molecules and other context
variables (79). These factors add additional layers of complexity that are not being totally captured in the
developed methods, and need to be taken into account when interpreting the motif discovery and prediction
results.

By understanding the limitations of the protocols and tools, we can explore further hypotheses and build models
that could explain the biological phenomenon we are interested in. Therefore, advances toward integrating
different types of data offer very promising approaches that will very likely increase the accurateness of the
current TFBS models.
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