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RESUMEN

La resistencia a la quimioterapia en el cancer de ovario es un desafio significativo
gue complica la efectividad de los tratamientos farmacologicos. Esta tesis se
centro en la evaluacion de dos modelos celulares de cancer de ovario con
distintas respuestas a farmacos antineoplasicos, utilizando una estrategia
analitica metabolémica basada cromatografia liquida acoplada a espectrometria
de masas de alta resolucion. Las células sensibles mostraron un predominio en
el metabolismo glucosidico y aminoacidico, mientras que las células resistentes
presentaron una sobrerregulacion en el metabolismo lipidico y del glutatién. La
inhibicion farmacoldgica del glutatién en las células resistentes generd un cambio
significativo en la resistencia a los agentes antineoplasicos, aumenté la eficacia
farmacoldgica. Ademas, mediante analisis lipidico, observamos un aumento en
el metabolismo lipidico exclusivamente en las células resistentes, no en las
células sensibles, lo que podria contribuir al fenotipo de resistencia a la
guimioresistencia. Aunque esta investigacion se centré6 en modelos celulares, las
conclusiones obtenidas ofrecen perspectivas prometedoras para la investigacion
traslacional y futuras aplicaciones clinicas. Los analisis metaboldémicos podrian
utilizarse para predecir la resistencia a los farmacos en pacientes, permitiendo un
enfoque de tratamiento mas personalizado. Ademas, identificar metabolitos como
posibles blancos terapéuticos podria ayudar a contrarrestar la quimiorresistencia

manipulando las vias metabdlicas clave en el cancer de ovario.



ABSTRACT

Chemotherapy resistance in ovarian cancer presents a significant challenge that
complicates the efficacy of pharmacological treatments. This thesis focused on
the evaluation of two cellular models of ovarian cancer with different responses to
antineoplastic drugs, using an analytical metabolomic approach based on high-

resolution liquid chromatography coupled with mass spectrometry.

Drug-sensitive cells exhibited a predominance in glycosidic and amino acid
metabolism, while drug-resistant cells showed an overexpression in lipid and
glutathione metabolism. The pharmacological depletion of glutathione in resistant
cells generated a significant change in resistance to antineoplastic agents, with
an increase in pharmacological efficacy. Additionally, through lipidomic analysis,
we observed an increase in lipid metabolism exclusively in resistant cells, not in

sensitive cells, which could contribute to the chemotherapy-resistant phenotype.

Although this research focused on cellular models, the conclusions offer
promising perspectives for translational research and future clinical applications.
Metabolomic analyses could predict patient drug resistance, allowing for a more
personalized treatment approach. Furthermore, identifying metabolites as
potential therapeutic targets could help counteract chemotherapy resistance by

manipulating critical metabolic pathways in ovarian cancer.



CAPITULO 1 : INTRODUCCION GENERAL

1.1 Contexto general sobre la problematica del cancer.

El cancer es uno de los grandes problemas de salud publica en el mundo,
contribuyendo a la primera 0 segunda causa de muertes a nivel mundial, de esta
manera, se transforma en un obstaculo importante para aumentar la esperanza
de vida en todos los paises del mundo [1]. En el afio 2020, segun cifras del
Observatorio Global del Cancer (GLOBOCAN), se reportaron 19,3 millones de
nuevos casos de cancer y 9,9 millones de muertes por cancer en el mundo. En
este sentido, el cancer de pulmén es la principal causa de muerte (18,0%),
seguido por el cancer hepatico (8,3%), cancer gastrico (7,7%), cancer de mama
(6,9%), cancer de colon (5,8%) y cancer de prostata (3,8%) [2]. Se proyecta que
esta enfermedad continle en aumento, estimando al 2030 un aumento en el

namero de muertes por cancer a 21 millones [3].

En Chile el panorama es similar. Los tumores (malignos o benignos) son
la primera causa de muerte después de las enfermedades cardiovasculares. En
el afio 2019 se produjo un total de 28.492 defunciones por tumores (25,9%) y
28.079 defunciones por enfermedades del sistema circulatorio (25,6%). Segun

los ultimos datos de mortalidad validados del DEIS, durante el afio 2019, la tasa



bruta de mortalidad por tumores (malignos y benignos) por 100.000 habitantes

fue de 149,1 [4].

Considerando una perspectiva de género en Chile, el cAncer de estémago,
prostata y pulmon son la principal causa de fallecimiento por esta enfermedad en
los hombres del pais. En el caso de las mujeres, los canceres con mayor

mortalidad e incidencia son el cAncer de mama, pulmdn, y vesicula y vias biliares

[5].

2. El cancer de ovario.

2.1 La problematica del cancer de ovario.

Los canceres ginecoldgicos son un grupo de tumores malignos originados
en el sistema reproductivo femenino, los que incluyen: cancer vaginal, cancer de
Gtero, cancer de vulva y cancer de ovario [6]. Aunque el cancer de ovario (CaOv)
representa solo un 3,4% de la incidencia de cadncer mundial [7], corresponde a la
quinta causa de muerte por cancer del mundo en mujeres [8] y es considerado
uno de los canceres ginecoldgicos mas letales debido a que es la segunda causa
con mayor numero de muertes de todas las neoplasias malignas ginecoldgicas
[2]. Lamentablemente, la tasa de supervivencia relativa a los cinco afos, oscila
solo entre un 30% al 40%, lo cual explica su alta tasa de fatalidad [9, 10]. Otra de

las causas importantes que contribuyen a la baja sobrevida, es debido a que su



diagndéstico generalmente se realiza en etapas tardias de la enfermedad ya que

presenta sintomas poco especificos [11].

Esta gran letalidad del CaOv se debe en parte a que no existen
herramientas de tamizaje o sintomas premonitores que permitan realizar un
diagnostico temprano de la enfermedad [12], siendo considerada como una
enfermedad silente. El CaOV permanece asintomatico en sus primeras etapas y
las pacientes que se encuentran en una etapa avanzada presentan solo
distensiéon abdominal, sintomas gastrointestinales como dispepsia y pérdida de
apetito, sin que exista algun sintoma relacionados con la metéstasis tumoral [11].
Como consecuencia de esto, alrededor del 60% al 70% de las mujeres con
cancer de ovario se diagnostica en etapas avanzadas o con metastasis
abdominal, lo que resulta en una baja tasa de sobrevivencia. Menos del 25% de
las mujeres se diagnostica en etapas tempranas, cuando la enfermedad se
encuentra localizada en los ovarios, donde la tasa de sobrevivencia a 5 anos es

superior al 90% [13].

En relacion con la metéstasis, el CaOv presenta multiples modalidades de
diseminacion. La invasion directa se produce cuando el cancer se aloja en
organos adyacentes, con mayor frecuencia en el colon sigmoide. También existe
diseminacion subperitoneal, que incluye la diseminacion linfatica que afecta a
nivel de los ganglios paraorticos, iliacos e inguinales; la diseminacion, que implica

la infiltracion en el ligamento ancho que afectan a estructuras como el utero, las



trompas de Falopio y el ovario contralateral, que incluso puede extenderse a la
pared lateral pélvica y a 6rganos no contiguos; y la diseminacion hematégena
que se produce cuando el cancer penetra en los vasos ovaricos o uterinos y
posteriormente se desplaza al higado, la pleura, el pulmdn, las glandulas
suprarrenales y el bazo, con raras metastasis a los huesos y el cerebro. Por otro
lado, se puede producir diseminacion intraperitoneal cuando el cancer se infiltra
en la cavidad peritoneal y otras zonas adyacentes que incluso puede ascender a
través del diafragma hasta los ganglios linfaticos diafragmaticos, pericardicos y

mediastinicos anteriores [14].

Ademas de la alta tasa de muerte por el diagnostico tardio, el CaOv no
posee un tratamiento especifico. Las pacientes inicialmente responden bien a
estos tratamientos, pero luego la mayoria recae dentro de los 18 meses debido
a la quimiorresistencia cuyos mecanismos son variados y no han sido totalmente
definidos. Se han asociado varios factores asociados con el fracaso de la
quimioterapia que incluyen la heterogeneidad de células tumorales, la
inestabilidad genética o alteraciones epigenéticas y el microambiente tumoral
[15]. Respecto a la respuesta al tratamiento, solo el 10 a 20% de los pacientes
responden a los agentes antineoplasicos [16], con una tasa de sobrevivencia a

10 afnos cercana al 15% [17].



2.2 Clasificacion del CaOv.

La Federacion Internacional de Ginecologia y Obstetricia (FIGO) ha

dividido el diagnostico de cancer de ovario en cuatro etapas clinicas, que a su

vez, presentan subetapas [18, 19]:

En la etapa | del cancer de ovario, el tumor se encuentra en los ovarios
o las trompas de Falopio. Esta etapa presenta tres subetapas: IA, en
donde el tumor esté limitado a un solo ovario o una trompa de Falopio,
con la capsula que lo rodea intacta durante la cirugia, sin presencia del
tumor en la superficie externa ni células malignas en liquido ascitico o
lavados peritoneales; IB, en donde el tumor afecta ambos ovarios o
trompas de Falopio, con la capsula intacta y ausencia de tumor en la
superficie y sin presencia de células malignas en el liquido ascitico o
lavados peritoneales; y IC, en donde el tumor puede estar en uno o
ambos ovarios o trompas de Falopio, con la rotura de la capsula
durante la cirugia (IC1), la rotura previa a la intervencion o presencia
del tumor en la superficie exterior (IC2), o la presencia de células
tumorales malignas en liquido ascitico o lavados peritoneales (IC3).

En la etapa Il del cancer de ovario, el tumor afecta a uno o ambos
ovarios o las trompas de Falopio y se ha extendido a otros érganos con
propagacion pélvica o desarrollo de cancer peritoneal primario. Esta
etapa presenta dos subetapas: 1A, en donde el tumor ha diseminado o

invadido el Gtero y/o las trompas de Falopio y/o los ovarios; y 1B, donde



el tumor esta presente en la superficie externa o ha invadido otros
tejidos pélvicos intraperitoneales, como la vejiga, el colon sigmoide o
el recto.

En la etapa Il del cancer de ovario, el tumor afecta a uno o ambos
ovarios con metastasis peritoneal fuera de la pelvis o con
linfoadenopatia retroperitoneal. Esta etapa presenta tres subetapas:
[lIA, en donde el tumor se ha diseminado e invadido ganglios linfaticos
retroperitoneales, y se subclasifica en IlIIA1 cuando la diseminacion e
invasion se limita a los ganglios linfaticos retroperitoneales, con
metastasis menor o igual a 10 mm (llIAL(i)) o mayor a 10 mm (I11AL(ii))
y en la subetapa IlIA2 que implica depdsitos tumorales en la zona
peritoneal extra-pélvica, con o sin compromiso de los ganglios
retroperitoneales; la subetapa IlIB que presenta depdésitos tumorales a
la observacién macroscopica con metastasis peritoneal extra pélvica
menor o igual a 2 cm, con o sin compromiso de los ganglios
retroperitoneales, y extension a la capsula del higado o bazo; y la
subetapa IlIC implica metastasis peritoneal extra-pélvica macroscoépica
mayor a 2 cm, con O sin compromiso de ganglios linfaticos
retroperitoneales, y extension a la capsula del higado o bazo.

En la etapa IV del cancer de ovario, se observa la presencia de
metastasis tumoral a tejidos distantes, excluyendo la metastasis

peritoneal. Esta etapa presenta dos subetapas: IVA, en la cual se



identifica la presencia de células tumorales en el liquido pleural,
indicativo de derrame pleural maligno y sin evidencia de propagacion
del tumor a otras areas; y por otro lado, la IVB que implica metastasis
tumoral al parénquima hepatico y/o esplénico, asi como a Organos
extra abdominales, que incluyen ganglios linfaticos, pulmones vy

huesos.

En la tabla 1 se resumen cada etapa y subetapas segun la clasificacion FIGO

para CaOv.

Tabla 1.2: Clasificacion FIGO del cancer de ovario.

Etapa Subetapas Descripcion.

1A Localizacion tumoral en un ovario y restringido al
interior de este; o el tumor est4d en una trompa de
Falopio y se encuentra restringido en su interior.

La capsula, se encuentra intacta en la intervencion
quirargica.

Ausencia de tumor en la superficie externa.

Ausencia de células malignas en liquido ascitico o en
los lavados peritoneales.

IB Localizacidon tumoral en ambos ovarios o en las
trompas de Falopio.

La capsula, se encuentra intacta en la intervencion
quirurgica.

Ausencia de tumor en la superficie.

Ausencia de células malignas en ascitis o lavados
peritoneales.

IC Localizacion tumoral en uno o ambos ovarios o en las
trompas de Falopio, y tiene cualquiera de las
siguientes caracteristicas:

- IC1: La cépsula, se reventd durante la
intervencion quirdrgica.

- IC2: Rotura de la capsula, antes de la
intervencién quirdrgica o localizacion tumoral
en la superficie exterior de al menos un ovario
o trompas de Falopio.

- IC3: Células tumorales malignas en el liquido
ascitico o lavados peritoneales.

Etapa |.

El tumor esta
confinado solo en los
ovarios o las trompas
de Falopio.




Etapa Il. A Diseminacién e invasion tumoral al Utero y/o trompas

El tumor afecta a uno de Falopio y/o ovarios.

0 ambos ovariosoen | 1IB Localizacion tumoral en la superficie externa o
las trompas de invasion a otros tejidos pélvicos intraperitoneales
Falopio y se ha (vejiga, colon sigmoide o el recto)

propagado a otros

organos con

extension pélvica o
cancer peritoneal
primario.

A Diseminacién  tumoral a ganglios linfaticos
retroperitoneales y/o metastasis microscépica atras
del borde pélvico. Se subclasifican en:

- 1lIA1: Diseminacion e invasion tumoral solo en
ganglios linfaticos retroperitoneales.

[1IA(i), con metastasis menor o igual a 10 mm;
y IIAL(ii), con metastasis mayor a 10 mm.

- llIA2: Presencia de depésitos tumorales al
andlisis microscépico en la zona peritoneal
extra-pélvica (por encima del borde pélvico)
con o sin compromiso de los ganglios
retroperitoneales.

B Presencia de depdsitos tumorales a la observacion
macroscopica con metastasis peritoneal extra-pélvica

Etapa Ill.

El tumor afecta a uno
0 ambos ovarios con
metéastasis peritoneal
fuera de la pelvis o
con linfoadenopatia

retroperitoneal. . . .
menor o igual a 2 cm, y con o sin compromiso de los
ganglios retroperitoneales.
Extension tumoral a la cipsula del higado o bazo.
lnc Presencia de depdsitos tumorales macroscoépicos,
metdastasis peritoneal extra pélvica mayor a 2 cm con
0o sin  compromiso de ganglios linfaticos
retroperitoneales.
Extensién tumoral a la capsula del higado o bazo.
Etapa IV. IVA Presencia de células tumorales en el liquido pleural
Metéastasis tumoral a (derrame pleural maligno) sin otra &rea de propagacion
tejidos distantes del tumor.
excluyendo la | IVB Metastasis tumoral al parénquima hepatico y/o
metastasis esplénico, metastasis a organos extra abdominales
peritoneal. gue incluyen ganglios linfaticos, pulmones y huesos.

Informacion obtenida y adaptada desde Cummings y col., 2022.

Segun las caracteristicas histolégicas, el CaOv se clasifica en tres tipos
principales de tumores: epitelial, de células germinales y del estroma del cordén
sexual. Dentro de esta clasificacién, el cancer ovario epitelial (COE) es el de

mayor malignidad ginecoldgica y se relaciona con el 90% de todos los tumores



ovaricos [20]. Dentro de los tipos de COE un 97% corresponden a no mucinosos
y un 3% a mucinosos. Los COE mucinosos, presentan diferentes histotipos, los
cuales a su vez, estan clasificados en: serosos, endometrioides de alto grado y
de bajo grado, células claras de y no diferenciados. [21]. Los tumores serosos se
clasifican en dos categorias con perfiles moleculares, presentaciones clinicas y
pronéstico distintos: carcinomas serosos de alto grado (HGSC) y carcinomas

serosos de bajo grado (LGSC) (Figura 1).

En relacion con los carcinomas serosos, los LGSC tienden a originarse en
los ovarios y son responsables del 10% de todos los tipos de tumores serosos,
sin embargo, tienen un mejor prondstico y son diagnosticados en etapas
tempranas del desarrollo del cancer [22]. Por otro lado, los HGSC son uno de los
canceres ginecolégicos mas letales, ya que mas de un 85% de las mujeres con
este tipo de cancer se diagnostica en etapas avanzadas de la enfermedad con
una elevada carga tumoral. Se originan desde el epitelio de las trompas de
Falopio con diseminacion hacia los ovarios y el peritoneo, con un fenotipo
altamente indiferenciado. Los HGSC se asocian a un pronéstico mas fatal ya que
presentan una tasa de supervivencia estimada a los 10 afios menor al 15%, que
sumado al diagnéstico tardio, y una alta tasa de recurrencia posterior a la terapia,

contribuyen a esta tasa.



Bl 5% Células germinales [ 3-5% Estroma del cérdon

Bl 90% Epitelial

Figura 1.1: Distribucién porcentual de los tipos de cancer de ovario segun caracteristicas

histolégicas. Elaboracion propia.

1.2.3 Factores de riesgo asociados al CaOv.

En general, la mayoria de los CaOv son esporadicos, solo del 5% al 10%
son de origen familiar [23]. Respecto a los factores de riesgo, existen muchos
factores que se han asociado con el aumento de la prevalencia del CaOwv.
Podemos dividir estos factores de riesgo en demograficos (que incluye nivel
socioeconémico), reproductivos (factores relacionados con la menstruacion,
edad de la menarquia y menopausia, paridad, caracteristicas del embarazo, y
mayor edad de parto), ginecoldgicos (enfermedades inflamatorias de la pelvis y
endometriosis), hormonales (métodos anticonceptivos, terapia hormonal de
reemplazo y tratamientos para la infertilidad), genéticos (historial familiar, y
mutaciones en genes BCRA1/BRCA2 relacionados con el estilo de vida
(nutricién, consumo de alcohol, consumo de cafeina, consumo de cigarro,

obesidad y actividad fisica) y otros como la lactancia [24].
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Entre los mencionados anteriormente, las caracteristicas demograficas y
nivel socioeconémico, la mayor incidencia de CaOv se encuentra en paises con
alto nivel de ingreso per capita, sin embargo, la mayor tasa de mortalidad se

encuentra en paises con un nivel de ingreso menor [25].

En relaciobn con los factores asociados con el estilo de vida, se ha
reportado que en mujeres que fuman, existe un 6% mayor de probabilidad de
padecer de CaOv en comparacion con aquellas que no lo realizan [26]. Por otro
lado, el consumo alcohol se asocia con un mayor de desarrollar cAncer de ovario
[27]. Las mujeres con el nivel mas alto de actividad fisica tenian un menor riesgo
de padecer CaOv, en comparacion con las mujeres con el nivel mas bajo de
actividad fisica [28]. Ademas, las mujeres con sobrepeso presentan un 7% de
probabilidad mayor de padecer CaOv, y un 28% de probabilidad de aquellas que
tienen obesidad [29], Se ha visto que las mujeres con niveles aumentados de
acidos grasos incrementa riesgo de padecer CaOv [30]. También, la presencia
de sindrome metabdlico también se asocia a un mayor riesgo de padecer CaOv

[31].

Los ciclos menstruales juegan un factor muy relevante, se ha observado
un aumento del riesgo de padecer CaOv en pacientes con un mayor numero de
ciclos ovulatorios, como las pacientes con una edad mas temprana en la
menarquia y una edad tardia en la menopausia [32]. El aumento del nUmero de

ciclos ovulatorios incrementa las divisiones celulares predisponiendo al desarrollo

11



de neoplasias malignas, sin embargo, este cancer se considera principalmente
una enfermedad posmenopausica. Por otro lado, a una mayor edad aumenta el
riesgo de un tipo de tumor mas agresivo [33]. Pese a que la edad es un factor
importante, en los Ultimos afios existe una tendencia al aumento en la incidencia
de mujeres mas jovenes, en comparacion las mayores a 40 afos. Este aumento
es atribuible al alza de la prevalencia de la obesidad, el sindrome metabdlico, la
exposicidn a estrégenos, la nuliparidad y al incremento en la presencia de

mutaciones en el gen BRCA en este grupo [34].

1.2.4 Diagndstico del CaOv.

Una causa de la alta tasa de mortalidad del cAncer de ovario se atribuye a
su diagndstico tardio en etapas avanzadas. En todos los tipos de CaOv, el 34%
se encuentra en etapa Il en el momento del diagnostico y el 26% en etapa IV. Es
relevante destacar que cancer de ovario epitelial se diagnostica en etapas aun

mas avanzadas, con un 37% en etapa Ill y un 28% en etapa IV [35].

La enfermedad en sus etapas iniciales suele ser asintomatica,
manifestandose posteriormente con sintomas inespecificos como distension
abdominal, dolor en la region abdominal y pélvica, asi como sintomas
gastrointestinales que incluyen saciedad precoz y alteraciones en los habitos
intestinales. Ademas, se pueden experimentar sintomas urinarios, siendo la

distension abdominal por ascitis el sintoma mas frecuente [36].
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En general las pruebas diagndsticas para el cancer de ovario son limitadas
y poco especificas. El antigeno carcinogénico-125 (CA-125) y las imagenes
transvaginales se utilizan habitualmente como pruebas de deteccion del cancer

de ovario y son las indicadas por la Sociedad Americana del Cancer [37].

El CA-125 es el principal biomarcador utilizado para el cancer de ovario,
es una glucoproteina ubicada en la superficie de las células epiteliales, implicada
en la promocioén del crecimiento y la metéstasis de las células cancerosas [38]. A
pesar de su uso frecuente, el CA-125 presenta baja especificidad y puede
aumentar en condiciones ginecoldgicas no cancerosas como endometriosis y
embarazo, pero solo en el 50% de los canceres epiteliales de ovario en Etapa |
limitando su utilidad en el diagndstico en esta etapa, a pesar de estar elevado en
aproximadamente el 80% de los COE en general [39]. Su eficacia diagndstica
depende del riesgo y etapa de la enfermedad. La FDA lo recomienda
principalmente para monitorear respuestas al tratamiento en cancer de ovario
epitelial (COE) y para detectar enfermedades residuales o recurrentes durante el

seguimiento post-terapia [40].

Respecto al uso de este biomarcador en el monitoreo de pacientes
sometidas a terapia, las elevaciones de CA-125 sobre 35 U/mL después de la
cirugia y la quimioterapia, indican una probable enfermedad residual (> 95% de
precision). Un aumento persistente del valor de CA-125 después de tres ciclos

de quimioterapia sugiere una enfermedad maligna progresiva y una respuesta
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terapéutica deficiente. Sin embargo, los niveles de CA-125 por debajo de 35 U/mL
no descartan la recurrencia ya que las pacientes con evidencia histopatoldgica
de CaOv pueden tener concentraciones de CA-125 dentro del rango de

individuos sanos [37].

En relacidon con la ecografia transvaginal (TVU), es la modalidad de
imagen mas comunmente utilizada para la deteccion del cancer de ovario,
permitiendo a los profesionales clinicos identificar irregularidades en el tamafio y
la forma de los tejidos ovéricos. Los radiélogos revisan las imagenes obtenidas
por la TVU para evaluar la presencia de caracteristicas clinicas especificas,
siguiendo las reglas simples del Analisis Internacional de Tumores de Ovario
(IOTA). Algunas de las caracteristicas evaluadas incluyen la presencia de
proyecciones papilares, ascitis y/o tumores internos, asi como el flujo sanguineo
interno [41]. La TVU es util para obtener imagenes de los ovarios y los 6rganos
circundantes; sin embargo, es dificil distinguir la formacién de tumores de los
quistes funcionales en ovarios premenopausicos y debe ser utilizada en

combinacion con biomarcadores [38].

Como nuevos avances en el diagnostico, se han propuesto varios
algoritmos que incluyen mas de un biomarcador sanguineo, sin embargo, solo
dos han sido aprobados por la FDA. En el afio 2009, se aprobo la prueba OVAL®.
El objetivo clave de esta prueba es identificar el riesgo de cancer de ovario en

mujeres que estan planeando cirugia. La prueba considera la medicion proteinas
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significativas en el suero (CA 125-ll, transtiretina, apolipoproteina Al,
microglobulina beta 2, y transferrina) y combinados con un algoritmo para
producir una puntuacion general de OVAL1®, el cual difiere dependiendo en el
estado menopausico, estratificando a pacientes en un grupo de bajo o alto riesgo
[23]. La prueba OVA1® fue mejorada hacia un modelo de segunda generacion
denominado Overa®, el cual integra tres de los biomarcadores originales de
OVA1® (CA125, ApoA-1, TF) junto con dos marcadores adicionales (HE4 y la
hormona estimulante del foliculo) para estratificar el riesgo de malignidad sin

tener en cuenta el estado menopausico. [42].

El segundo algoritmo diagnéstico basado en biomarcadores sanguineos,
fue aprobado el 2010 como un algoritmo de riesgo de malignidad ovarica (ROMA
®), el cual incorpora un indice predictivo que combina mediciones en suero de
CA-125 y HE4 con el estatus menopausico para generar una puntuacion de
riesgo para estratificar mujeres con tumores ovaricos para predecir en alto o bajo
riesgo de malignidad [43]. En general, las pruebas OVA1®, Overa® y ROMA®
no estan pensadas para ser utilizadas como pruebas diagnéstico independientes
y no deben utilizarse sin pruebas de imagen o evaluaciones clinicas adicionales

[44].
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1.2.5 Tratamiento del CaOv.

En cuanto al tratamiento del CaOv, la cirugia citorreductiva primaria
combinada de quimioterapia basada en agentes antineoplasicos derivados de
platino ha sido una pieza fundamental para el tratamiento por mas de medio siglo.
La cirugia citorreductiva se realiza para establecer un diagndéstico preciso a
través de la biopsia, eliminar tejido mal perfundido que pueda albergar la
enfermedad y reducir el volumen tumoral para mejorar la eficacia de la
guimioterapia adyuvante. La enfermedad residual después de la cirugia esta
inversamente relacionada con la supervivencia global; las pacientes con una
citorreduccion 6ptima (definida como enfermedad residual <1 cm) tienen un
pronéstico mas favorable en comparacién con aquellas con citorreduccion
suboptima (enfermedad residual >1 cm) [45]. La efectividad del tratamiento esta
centrada en lograr la ausencia de enfermedad residual tras la cirugia
citorreductiva y quimioterapia posterior, sin embargo e, CaOv lamentablemente

no siempre se consiguen resecciones de la enfermedad residual [46].

En Chile, de acuerdo a la guia clinica AUGE, el esquema de tratamiento
sigue 2 lineas principales: la cirugia primaria que tiene por objetivo la clasificacion
y estratificacion del tumor para considerar un método directo que logre su maxima
reduccion, y la quimioterapia para aquellos casos confirmados histolégicamente
en cualquiera de las etapas y como terapia postcirugia [47]. La primera linea de

guimioterapia sobre el CaOv en estados avanzados de la enfermedad,
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comunmente involucra farmacos que contengan agentes derivados de platino, la

gue a menudo se combina con un taxano [48].

Los complejos de platino Il como Cisplatino o cis-diaminodicloroplatino(ll)
(CDDP), y Carboplatino o cis-diamina-(1,1-ciclobutanocarboxilato) de platino (I1)
(CP) son importantes farmacos anticancerigenos y ampliamente utilizadas en el
tratamiento de CaOv como terapias de primera linea y son importantes en las

decisiones clinicas del tratamiento de pacientes con esta enfermedad [49, 50].

1.2.5.1 Agentes de platino en quimioterapia de CaOwv.

El cisplatino estructuralmente consiste en un atomo de platino
acomplejado con dos grupos amonio y dos residuos de cloruro (Fig. 2A) [51]. Por
otro lado, el carboplatino contiene un ligando bidenato ciclopropil malonato
sustituido en lugar de ligandos cloruros que se encuentran en el CDDP (Fig. 2B)

[52].

Cisplatin Carboplatin

Figura 1.2: Estructura quimica de los agentes de platino.
La primera linea de defensa contra el cancer de ovario en estadio avanzado suele consistir en

agentes quimioterapicos a base de platino, como el cisplatino y el carboplatino. Estos farmacos
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inducen la apoptosis, o muerte celular programada, al interferir con los mecanismos de reparacion
celular. A) Corresponde a la estructura molecular de Cisplatino y B) corresponde a Carboplatino.

Tomado de Hay et al., 2000.

El Cisplatino ingresa a la célula a través de difusion pasiva, mediante el
transportador de cobre 1 o0 2 (CTR1 o CTR2) o mediante endocitosis. En el
citoplasma, los atomos de cloro ligados al platino son desplazados por moléculas
de agua debido a que la concentracion de Cl-es menor en el espacio intracelular,
dando como resultado una especie electrofila fuerte que puede unirse a sitios
nucleofilicos en el ADN, como la posicion N7 de la guanina. Esta union genera
dafio en el ADN de las células cancerosas y activando procesos de apoptosis
[53]. Ademas, entrecruza las bases de guanina en las hebras de la doble hélice
del ADN, impidiendo su desenrollamiento y separacion, necesarios para la
replicacion del ADN, provocando un arresto en el ciclo celular S, G1 o G2-M
induciendo apoptosis [54]. Ademas, CDDP genera dafio en el DNA mitocondrial,
provocando un cambio en la permeabilidad de las membranas mitocondriales, lo
que conduce a la liberacion de citocromo C y procaspasa 9. Estas moléculas
liberadas se unen a APAF-1 y ATP para formar un apoptosoma, que a su vez
activa la via de las caspasas induciendo apoptosis [55]. Otro mecanismo de la
accion citotoxica de CDDP es la induccion de estrés oxidativo en las células
mediante el aumento del nivel de produccion de especies reactivas del oxigeno,

como los radicales hidroxilo y los superoxidos. En la membrana celular, una gran
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cantidad de especies reactivas de oxigeno provoca la activacion de la
esfingomielinasa acida, que, al hidrolizar los esfingolipidos a ceramidas, conduce
a la agrupacion de receptores FAS en la membrana plasmatica, o que conduce
a la muerte celular. Ademas, el exceso de ROS, activa la proteina pro-apoptotica

BAX, activando también apoptosis [56].

El carboplatino ingresa a la célula por difusién pasiva, por transporte activo
utilizando canales ionicos, o mediante CTR1 [57]. En el citoplasma experimenta
la hidrdlisis del 1,1-ciclobutanedicarboxilato, adquiriendo una carga positiva. Esto
permite que el carboplatino interactie con moléculas nucledfilos dentro de la
célula, uniéndose covalentemente a ligandos de tiol como cisteina y glutation y
también directamente con guanosina al sitio N7 de las bases de purina, dando
lugar a interacciones ADN-proteina o ADN-ADN formando monoaductos de
platino [52]. EI CP se une covalentemente. EI mecanismo de accion es similar al
del CDDP generando lesiones en el ADN, inhibiendo la replicacion y la

transcripcion, y conduciendo a la muerte celular [57].

Al comparar estos agentes de platino, CP presenta una reduccién de los
efectos secundarios de CDDP, especialmente la eliminacion de los efectos
nefrotdxicos. No obstante, su principal inconveniente es su efecto mielosupresor.
Aunque el carboplatino es menos potente que el cisplatino, su eficacia varia. La

norma clinica de dosificacion del carboplatino suele ser una relacion de 4:1 en
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comparacion con el cisplatino; es decir, se requiere cuatro veces mas

carboplatino para lograr la misma eficacia que el cisplatino [58].

En pacientes con cancer de ovario recurrente, el prondstico y la eficacia
del tratamiento dependen de la sensibilidad al platino influenciando el éxito o la
recurrencia del tratamiento del CaOv. Aunque el platino inicialmente muestra en
los pacientes una respuesta positiva, la experiencia muestra que la mayoria
presenta un relapso de la enfermedad después de 6 a 12 meses de tratamiento,
estas pacientes son categorizados como platino-sensibles. Sin embargo, si el
relapso ocurre con menos de 6 meses posterior al tratamiento, se considera a
estas pacientes como platino-resistentes [59]. Para estas pacientes, la mediana
de supervivencia global es de aproximadamente 1 afio y las tasas de respuesta
esperadas a las terapias disponibles son pobres, oscilando entre el 3 y el 30%
[60], la raz6n puede ser atribuida a mdultiples factores ain no comprendidos
asociados a mecanismos de quimiorresistencia y se necesitan nuevas terapias
basadas en el conocimiento de estos mecanismos para responder a esta
necesidad insatisfecha de nuevas terapias y avances en la atencion a pacientes

con CaOv resistentes al platino.

Las pacientes platino-resistentes, son complejas de tratar mediante
quimioterapia, ya que son esencialmente incurables, y el objetivo del tratamiento
es la paliacion. En ese caso, la quimioterapia con agentes individuales de

segunda linea muestra buena actividad y menor toxicidad que el uso de una
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qguimioterapia combinada. En este contexto, el uso secuencial de agentes
guimioterapéuticos individuales es la mejor opcion a considerar, ya que ninguna

combinacion de farmacos ha demostrado ser superior [61].

Cuando las terapias basadas en platino muestran poca efectividad, se
debe utilizar una segunda linea de quimioterapéuticos. Se ha propuesto la
utilizacion de inhibidores de la poli(ADP-ribosa) polimerasa (PARPI) ya que ha
mostrado buenos resultados en la terapia en pacientes con mutaciones en
BRCA1/2 y en cancer de ovario recurrente sensible al platino [62, 63]. Sin
embargo, en casos de cancer de ovario resistente al platino y recurrente, el
tratamiento de segunda linea se centra en el uso de antraciclinas, destacando la

utilizacién de doxorrubicina (DOX) [64].

1.2.5.2 Doxorrubicina en quimioterapia de CaOwv.

La doxorrubicina (DOX) es un farmaco antineoplasico ampliamente
utiizado en el tratamiento de neoplasias malignas [65]. Es un farmaco
perteneciente a la familia de antraciclinas y actia como un potente agente con
actividad citotoxica. Aunque sus mecanismos de accion no estan completamente
descritos, este farmaco ejerce sus efectos mediante la intercalacién en el ADN
con los anillos D, C y B, como se muestra en la Figura 1.2.6. También interactia
con un carbohidrato (daunosamina) en el sitio catalitico de la topoisomerasa-lI,

interrumpiendo los mecanismos de reparacién celular mediados por esta enzima.
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Ademas, la oxidacion de la quinona (anillo C) promueve la generacion de
especies reactivas de oxigeno (ROS) que inducen dafio en las membranas
mediante estrés oxidativo y peroxidacion lipidica [66]. La doxorrubicina inhibe la
cadena transportadora de electrones a nivel mitocondrial, causando dafio por

estrés oxidativo generado por los radicales libres [67].

Figura 1.3: Estructura de la doxorrubicina.

La doxorrubicina (DOX) es un farmaco citotéxico de amplio espectro derivado de la familia de las
antraciclinas. Se utiliza en la terapia del cancer y es uno de los agentes quimioterapéuticos mas
efectivos. Sus anillos D, C y B se unen fuertemente al ADN, bloqueando su reparacién mediada
por la Topoisomerasa Il, mientras que el anillo A y la porcién tipo carbohidrato (Daunosamina) se
asocian al sitio catalitico de la enzima. La quinona (anillo C) se oxida a semi-quinona,

promoviendo la produccidn de especies reactivas de oxigeno (ROS).

La doxorrubicina liposomal pegilada (PLD), es la forma de administracion
para el tratamiento de CaOv recurrente o resistente a platino, sugiriendo que la

PLD puede mejorar la tasa de supervivencia de las pacientes con CaOv
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recurrente y con un perfil de toxicidad diferente en comparacién con otros
farmacos [68]. En terapias con PLD se ha visto prolonga el intervalo libre de
platino hasta al menos 6 meses en el 32,3% de las pacientes con relapso y
disminuye los niveles de CA-125 como biomarcador de seguimiento al
tratamiento [69]. Sin embargo, es crucial sefialar que la respuesta a la DOX
puede verse obstaculizada por la quimiorresistencia, limitando su efectividad

terapéutica [70-72].

Pese al uso de la quimioterapia en CaOv, estos tratamientos son poco
especificos. Se ha visto que los pacientes responden a los quimioterapéuticos,

pero la mayoria recae dentro de los 15 meses debido a la quimiorresistencia [73].

1.3. Quimiorresistencia en CaOwv.

1.3.1 Generalidades de quimiorresistencia en CaOv.

La mayoria de las pacientes con CaOv que son tratadas, posterior a la
cirugia citorreductora y la quimioterapia adyuvante, alcanzan una remision clinica
completa. Sin embargo, el 25% de las pacientes en etapa temprana y el 80% en
etapas avanzadas, experimentan la recurrencia del cancer debido a la

guimiorresistencia, limitando la efectividad de la terapia [74].

La quimiorresistencia resistencia a la quimioterapia se clasifica en 2 tipos:
resistencia intrinseca a la quimioterapia, donde las ceélulas cancerosas son

inherentemente resistentes al tratamiento con medicamentos; y resistencia
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adquirida a la quimioterapia, que puede adquirirse durante el curso del
tratamiento. La resistencia intrinseca a la quimioterapia se debe a que las células
cancerosas poseen varias modificaciones bioldgicas, incluida la inhibicion de la
captacion de farmacos, el aumento del flujo de medicamentos, el aumento de la
desintoxicacion de los medicamentos quimioterapéuticos, la inhibicion de la
apoptosis, aumento en la expresién de proteinas de sobrevida, entre otros.
Mientras que la resistencia adquirida a la quimioterapia puede surgir debido a
alteraciones genéticas y epigenéticas que ayudan a las células cancerosas a
adaptarse a los efectos inducidos por la quimioterapia, como el estrés, el dafio al

ADN vy la apoptosis [45]. Estos mecanismos se presentan en la Figura 1.2.4.

En céncer de ovario, varios mecanismos han sido identificados como
contribuyentes a la quimiorresistencia en CaOv, tales como: aumento de la
expresion de transportadores de eflujo, como el aumento en a la expresion de la
glucoproteina P (P-gp), que les permite expulsar agentes quimioterapéuticos de
la célula, reduciendo su efectividad; disminucion de la absorcion de los farmacos;
disminucién de la reparacion; disminucion de la apoptosis; alteraciones en la
activacion de reparaciéon del ADN, mutaciones en P53 y aumento en la expresion
de enzimas detoxificadoras [75]. Estos mecanismos se presentan en la Figura

1.2.4.
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Figura 1.4: Mecanismos de quimiorresistencia intrinsecos y adquiridos en cancer de ovario.

La quimiorresistencia en cancer de ovario, incluye proteinas de la matriz extracelular, bombas de
eflujo de glucoproteina P (P-gp); aumento en la expresién de enzimas detoxificadoras como
citocromo p450 y glutation transferasas; disminucion en la vascularizacion; insensibilidad al dafio
del ADN y reparacion, alteracién de la diana farmacoldgica; y regulacion al alza de proteinas pro-
supervivencia y anti-apoptéticas. Abreviaciones: adenosina difosfato (ADP), adenosina trifosfato
(ATP), linfoma de células B 2 (BCL-2), linfoma de células B extragrande (BCL-XL), Leucemia de
células mieloides 1 (MCL-1), proteina inhibidora de la apoptosis ligada al cromosoma X/inhibidor

celular de la apoptosis (xIAP/clAP). Adaptado desde Cornelisom y col., 2017.
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La heterogeneidad intra-tumoral (ITH), también complejiza el tratamiento
ya que aumenta la capacidad del tumor para adaptarse al microambiente
inhéspito. Durante el tratamiento con quimioterapéuticos, los subclones, en
funcién de los fenotipos o genotipos, tienen ventaja de supervivencia con una
mayor expansion y evolucion clonal. Por lo tanto, el grado de ITH se correlaciona

con la tasa de enfermedad recurrente. [76].

Otro aspecto interesante a considerar, son las adaptaciones metabdlicas
ejercidas por las células tumorales, tales como: incremento de la captacion de
glucosa, aumento en la glucdlisis, aumento en la fosforilacion oxidativa,
alteraciones del microambiente tumoral, modificacion del metabolismo lipidico,
entre otros [77]. Estos cambios metabdlicos pavimentan el desarrollo de la

guimiorresistencia.

1.3.2 Metabolismo y quimiorresistencia en CaOv.

En céncer, las células tumorales muestran una alta flexibilidad metabdlica,
es decir, la capacidad de utilizar diferentes nutrientes. Ademas, las células
tumorales pueden cooperar entre ellas (es decir, simbiosis metabdlica) o competir
con las poblaciones de células no cancerosas. Estos escenarios participan en la
heterogeneidad metabdlica intratumoral, proporcionando a las células
cancerosas multiples adaptaciones y opciones de escape cuando son

enfrentados a farmacos quimioterapéuticos.
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En relacién a las adaptaciones metabdlicas en células en CaOv, se ha
observado un aumento en la actividad de Piruvato deshidrogenasa con un
aumento en la glucdlisis y produccion de lactato, las cuales estan relacionadas
con resistencia al tratamiento con cisplatino y mal prondéstico en este cancer [78].
El aumento en la tasas de glucdlisis también se ha relacionado con una actividad
mitocondrial reducida en células resistentes en comparacién con las células
sensibles a cisplatino [79]. En relacion con la actividad mitocondrial, se ha
descrito una mayor dependencia del metabolismo energético mitocondrial, en
particular la fosforilacibn oxidativa como una caracteristica distintiva en

guimiorresistencia en varios tipos de canceres que incluyen el CaOv [80].

Las células tumorales presentan una alta variacion en su metabolismo. Es
por esto que células quimiorresistentes, frente a una disminucion en la
disponibilidad de glucosa, son capaces de adaptarse y utilizar otras fuentes de
energia para recargar la generacion de ATP mediante la fosforilacién oxidativa

[81].

Frente al dafio generado de los agentes de platino en el ADN, que inducen
a apoptosis y generacion de especies reactivas del oxigeno, las células se
protegen activando la biosintesis de glutation, molécula que se une a agentes de
platino para su depuracion dentro de la célula [82]. Ademas, frente a la exposicion
con doxorrubicina, se ha observado que aumentan también los niveles

intracelulares de glutation como una respuesta de proteccion celular [83].
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El metabolismo de la glutamina es una de las vias relacionadas con la
biosintesis de glutation, anaplerosis, sintesis de aminoacidos y nucledtidos. Se
ha descubierto que las células resistentes dependen del metabolismo de la
glutamina y la privacion de glutamina conduce al deterioro de la biosintesis de
nucleotidos, lo que sensibiliza a células resistentes a la muerte celular, mejorando

la terapia inducida por cisplatino [84].

Otro aspecto interesante a abordar en el metabolismo es lo relacionado
con los lipidos. La fosfolipasa A2 citosélica (cCPLA2) asociada a las grandes gotas
de lipidos en células de cancer de ovario resistentes, participa en la resistencia a
farmacos con carboplatino. La cPLA2 es fosforilada y activada por la enzima 6-
fosfofructo-2-quinasa/fructosa-2,6-bifosfatasa 3 (PFKFB3), una serina/treonina
quinasa y reguladora de la glucdlisis, que evita la lipofagia de las gotas lipidicas.
Este fenotipo esta asociado con la resistencia a la quimioterapia. Por el contrario,
el inhibidor de PFKFB3, desactiva la cPLA2 y la lipofagia, mejorando la
sensibilidad a farmacos y aportando a la importancia del metabolismo lipidico en
la quimiorresistencia [85]. Interesantemente, la inhibicion de la acido graso
sintasa (FASN), sensibiliza a células resistentes de CaOv quimiorresistentes al

tratamiento con cisplatino [86].

Por lo tanto, los adaptaciones metabdlicas en tumores de CaOv juegan un
rol relevante en el desarrollo de quimiorresistencia, siendo importante estudiar a

profundidad las vias metabdlicas implicadas en estos fendbmenos. Esto implica
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un desafio por lo complejo que es el metabolismo, sin embargo, el desarrollo de
plataformas analiticas ha aportado a resolver estos retos, tal como lo ha hecho

la metaboldmica.

1.4 Metabolomica.

La metabolomica se refiere a la identificacion y cuantificacion sistematica
de moléculas pequefias como productos metabdlicos o del metaboloma de un
sistema bioldgico tanto como de una célula, tejido, 6rgano, fluido biolégico u
organismo en un momento especifico. Los metabolitos son los productos finales
de las rutas metabdlicas, las cuales son reflejo del fenotipo de la muestra
bioldgica respuesta a cambios genéticos o ambientales [87]. Por lo tanto, el

Fog 1]

metabo loma proporciona una lectura funcional o “fotografia” de estos cambios
corriente arriba. A su vez, metabolitos individuales afectan la actividad de las
proteinas y, de esta manera, alteran la transcripcion del ARN vy la replicacién del
ADN (Figura 1.2.5). Los perfiles metabdlicos son una herramienta prometedora

para el analisis del fenotipo maligno, la evaluacion de dianas farmacologicas y el

diagnéstico de tumores [88].

29



0o O
Nutrient
transport

Metabolomics

Signaling

Proteins/
enzymes/
signaling

=P (Proteomics

mRNA A /- (Transcriptomics

Transcription

Vol Signaling cascade

Transcription

) | Genomics

Epigenetic
Iterations

Figura 1.5: La relacién entre los enfoques 6micos en los sistemas biolégicos.

El cancer es causado por cambios a nivel gendmico que resultan en una transcripcién de ARN
alterada, expresion de proteinas y funcién proteica. El metaboloma proporciona una lectura
funcional de estos cambios aguas arriba e implica la interacciéon con el ambiente. A su vez, los
metabolitos individuales afectan la actividad de las proteinas y, de esta manera, alteran la

transcripcion del ARN y la replicacién del ADN. Adaptado desde Schmidt y col., 2021.

En la practica, la metabolémica se define como el analisis de metabolitos
de moléculas pequefas (1500 Daltons y no péptidos) en una muestra biolégica.
Implica la identificacion simultanea de cientos a miles de sustancias quimicas, en
parte, basandose en las propiedades quimicas y/o el peso de los atomos dentro

de una molécula. Esto contrasta con la medicién clinica estdndar de metabolitos,
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como la glucosay la urea, que se basa en la identificacion de sustancias quimicas
mediante reacciones enzimaticas y requiere una prueba separada para cada

metabolito [89].

En general, la metabolémica no dirigida se utiliza para la generacion de
hipotesis y se emplea ampliamente en el descubrimiento de biomarcadores. En
gendmica, transcriptomica y protedmica, el objetivo es identificar la estructura de
macromoléculas a partir de una secuencia de constituyentes quimicos
(nucledtidos, aminoacidos) que estan bien definidos y son relativamente limitados
en diversidad. En contraste, la metaboldémica trata con un conjunto quimicamente
diverso y complejo de moléculas. Dado que los lipidos, carbohidratos, acidos
organicos y otras moléculas polares tienen una amplia gama de caracteristicas
fisicas, se requieren multiples métodos para la preparacién de muestras y la
adquisicion de datos para su analisis. Ademas, los metabolitos que son anotados
en experimentos no dirigidos requieren una validacion posterior. Por lo tanto, la
utiidad de la metabolémica no dirigida para ayudar a la comprension e
interpretacion bioldgica esté limitada por la capacidad para identificar metabolitos

desconocidos [90].

Las técnicas que se utilizan con mayor frecuencia para la elaboraciéon de
perfiles de metabolomas, son la espectrometria de masas (MS) acopladas a
sistemas cromatograficos y la resonancia magnética nuclear (RMN) [13]. La

espectrometria de masas (MS) es la técnica analitica mas ampliamente utilizada
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en metabolémica. Se basa en determinar la relacion de masa a carga (m/z) de
una molécula y/o sus fragmentos caracteristicos. Una muestra en fase liquida o
gaseosa se inyecta en el espectrometro de masas, donde los metabolitos se
ionizan y luego se separan segun su m/z. La MS suele estar acoplada con una
etapa cromatografica inicial, lo que aumenta la resolucion de compuestos
isobaricos (misma masa) y mejora la deteccién de especies menos abundantes
al reducir la supresion de la sefial por especies mas abundantes. La
cromatografia liquida (LC) implica el paso de una solucion liquida de metabolitos
sobre una columna de fase sdlida, durante la cual se separan segun su afinidad
guimica con la fase estacionaria. Para la LC-MS es necesario utilizar diferentes
columnas de fase solida y composiciones de fase mévil para la separaciéon 6ptima
de compuestos de diferentes clases quimicas. Por ejemplo, la lipidomica, que se
centra en el subconjunto lipidico del metaboloma, implica técnicas
cromatograficas fundamentalmente diferentes de las técnicas utilizadas para
analizar metabolitos polares como carbohidratos o &cidos organicos. Sin
embargo, dada la combinacién de facilidad de uso con biofluidos, alta
sensibilidad y amplio rango de metabolitos que se pueden medir, la LC-MS es el
método analitico mas integral y ampliamente utilizado asociado con la

metabolémica.

La clasificacion de metabolitos esta basada en los grupos funcionales de

las moléculas, los cuales son de bajo peso molecular (< 900 Da), estos incluyen
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alcoholes, aminoacidos, acidos carboxilicos y carbohidratos [91]. Otro grupo de

metabolitos son los lipidos y sus derivados [92].

En metaboldémica, es importante establecer un claro flujo de trabajo. Por

ejemplo para LC-MS implica varios pasos clave para analizar la composicion de

metabolitos de muestras biologicas, los cuales se resumen en los siguientes

pasos [93] y en la Figura 1.6:

Preparacion de la muestra: Este paso implica la extraccién de la muestra
segun la cobertura de la naturaleza quimica de los metabolitos a estudiar
(desde altamente polares a no polares).

Separacion y adquisicion de datos. El sistema LC separa los metabolitos
en la muestra segun sus propiedades quimicas, mientras que el
espectrometro de masas ioniza las muestras (segun las fuentes de
ionizacién disponibles) detecta y analiza la relacion masa-carga (m/z) de
los metabolitos.

Procesamiento de datos: Los datos crudos se procesan para eliminar ruido
y artefactos, asi como para alinear y normalizar. En este paso se obtiene
el Bucket Table, que corresponden a la matriz de features (sefal
tridimensional constituida por la relacion m/z, tiempo de retencion e

intensidad de la sefal).
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- Andlisis estadisticos: Se utilizan para comparar los perfiles de sefales. Por

ejemplo, en el contexto de CaOv, aquellos con diferentes subtipos

histolégicos o respuestas al tratamiento con farmacos.

- Anotacion e identificacion de compuestos: Se realiza comparando los

valores m/z y los tiempos de retencién de los picos detectados con una

base de datos espectrales de metabolitos conocidos o utilizando

estandares para garantizar la exactitud de la identificacion. Aca se anotan

los biomarcadores potenciales o vias asociadas con una condicion o

tratamiento especifico, con el fin de entregar la interpretacion bioldgica.
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1.5 Modelos biolégicos para el estudio del impacto del metabolismo en
guimiorresistencia del CaOv.

El principal problema en CaOv, radica en que la identificacion de pacientes
predispuestas a la quimiorresistencia, ya que actualmente no existen pruebas
para guiar a los médicos a tomar decisiones informadas para alterar el curso del
tratamiento antes de la quimioterapia. Por lo tanto, es importante elucidar los
mecanismos moleculares implicados en el rol del metabolismo sobre la
guimiorresistencia, dentro de los modelos biolégicos se encuentran los modelos

celulares.

Se han establecido diferentes modelos de lineas celulares con
caracteristicas histologicas y genéticas Unicas para estudiar el cancer de ovario,
incluyendo subtipos de alto grado seroso y no seroso clasificados segun sus
perfiles gendmicos [94]. Las células SK-OV-3, son una linea celular de cancer de
ovario humano derivada de carcinoma de ovario no seroso, muestra una
morfologia similar a la epitelial. Proviene de liquido ascitico en lugar de un tumor
primario, asociado con enfermedad en etapa avanzada, y por lo tanto, SK-OV-3
presenta un comportamiento invasivo tipico del cancer de ovario avanzado [95].
Por otro lado, las células OVCAR-3 son una linea celular de cancer de ovario
humano derivada de carcinoma seroso de alto grado y muestra una morfologia
similar a la epitelial [96]. Se ha demostrado que las lineas celulares SK-OV-3 y
OVCAR-3 muestran comportamientos diferentes, las células SK-OV-3 son mas
rapidas en migracion, significativamente mas invasivas [97-99], y generan
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metastasis mas sustanciales en modelos in vivo [100]. Ambas lineas celulares
desarrollan resistencia a farmacos de quimioterapia de primera linea como el
CDDP, siendo SK-OV-3 la que muestra una mayor tasa de supervivencia
después del tratamiento [101]. Adicionalmente, las dos lineas celulares han
mostrado comportamientos de respuesta diferentes al tratamiento con DOX [102,
103]. Estas diferencias en el comportamiento celular relacionadas con la
sensibilidad a farmacos quimioterapéuticos, destacan caracteristicas distintivas
de cada modelo celular en el contexto del CaOv, con el fin de estudiar las
diferencias metabodlicas a través de metabolomica que contribuyan a la

guimiorresistencia.
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CAPITULO 2 : HIPOTESIS Y OBJETIVOS

2.1 Hipotesis.

El cancer de ovario representa un desafio clinico importante, la resistencia
a los medicamentos sigue siendo una barrera critica que limita la eficacia del
tratamiento. La metabolomica ha surgido como una herramienta prometedora
para descubrir biomarcadores y analizar las vias metabdlicas involucradas en la
resistencia a los farmacos. Sin embargo, hay una falta de comprensién integral
sobre cémo los cambios en los metabolitos especificos y como las vias
metabdlicas contribuyen a este fendmeno. En particular, no esta claro como los
perfiles metabdlicos y lipidicos se modifican en las células de cancer de ovario
resistentes en comparacion con las sensibles, y como estas alteraciones pueden
influir en la eficacia de los agentes antineoplasicos. Por lo tanto, es esencial
investigar y caracterizar los cambios metabdlicos especificos asociados con la
resistencia a estos medicamentos para mejorar las estrategias de tratamiento y

superar la resistencia a los farmacos en el cancer de ovario.

Nuestra Hipotesis de trabajo es:

La aplicacion de la metabolomica utilizando UHPLC-HR-QTOF-MS en
células sensibles y resistentes de cancer de ovario nos permite identificar

metabolitos importantes involucrados en los mecanismos de resistencia a los
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agentes antineoplasicos. Las alteraciones en las vias metabolicas pueden influir
significativamente en estos mecanismos de resistencia, modificando asi la

respuesta de las células a estos farmacos reduciendo su eficacia.

2.2 Objetivo general.

Investigar el papel de los metabolitos en los mecanismos de resistencia a
agentes antineoplasicos en células de cancer de ovario mediante una estrategia
analitica basada en metabolémica utilizando UHPLC-HR-QTOF-MS, con el fin de
comprender mejor las vias metabdlicas alteradas y su impacto en los parametros

farmacoldgicos.

2.3 Objetivos especificos.

1. Analizar el fenotipo de sensibilidad y respuesta frente a agentes
antineoplasicos en lineas celulares SK-OV-3 y OVCAR-3.

2. Caracterizar los perfiles metabolicos en las lineas celulares SK-OV-3 y
OVCAR-3 mediante el uso de analisis metabolomico utilizando UHPLC-
HR-QTOF-MS.

3. Evaluar como las alteraciones en las vias metabdlicas especificas afectan
la respuesta de las células de cancer de ovario a los agentes

antineoplasicos.
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CAPITULO 3 : ESTRATEGIA ANALITICA

La presente tesis doctoral tiene como objetivo identificar las diferencias
metabolicas mediadas entre células de cancer de ovario con distintas
sensibilidades a farmacos antineoplasicas a través de una estrategia analitica
basada en metabolomica utilizando UHPLC-HR-QTOF-MS, y evaluar su

contribucion en los mecanismos de quimiorresistencia.

Para lograr a cabo este objetivo se establecié una linea de trabajo
comenzando con la caracterizacion del fenotipo de respuesta a tres farmacos
antineoplasicos de primera linea (cisplatino y carboplatino) y una de segunda
linea de terapia (doxorrubicina) sobre células de cancer de ovario OVCAR-3 y
SK-OV-3, mediante el andlisis de la inhibicién del crecimiento celular Growth Rate
metrics. Este analisis permite medir si la respuesta a farmacos es citostética,
totalmente citostatica o citotdxica, potencia y eficacia de los farmacos, sobre el

crecimiento de las células neoplasicas.

Como segunda etapa se establecié un analisis de metabolitos presentes
en las células OVCAR-3 y SK-OV-3 a través de un estudio metabolémico basado
en una estrategia analitica de cromatografia liquida acoplada a espectrometria
de masas de alta resolucion UHPLC-HR-QTOF-MS (Bruker). Se estandarizaron
la cantidad de material bioldgico, las condiciones cromatogréficas y de

espectrometria de masas. Para el analisis se utilizaron dos columnas de
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cromatografia, una de fase normal HILIC Acquity UPLC BEH Amide HILIC (2,1 x
100 mm; 1,7 um) y otra de fase reversa Acquity BEH C18 (2,1 x 100 mm; 17 pm).
Ambas condiciones fueron analizadas en modos de ionizacion por electrospray
(ESI) positivo y negativo, con el fin de lograr una mayor cobertura del
metaboloma. La data cruda obtenida fue procesada utilizando el programa
MetaboScape 3.0 de Bruker mediante el algoritmo Time aligned Region complete
eXtraction (T-ReX 3D), el cual sigue un flujo de trabajo que involucra la
recalibracién de masas, alineamiento de los tiempos de retencion y extraccion de
las caracteristicas (features). Los features estan conformados por la masa/carga
(m/z), el tiempo de retencion y la intensidad normalizada de cada sefial analitica

contenida en una matriz de datos llamado Bucket Table.

Los Bucket Tables de cada andlisis obtenido fue exportado al programa
de acceso libre Metaboanalyst 5.0 para la confeccion de los modelos estadisticos
de Analisis de Componentes Principales (PCA) y Andlisis Discriminante por
Regresion de Minimos Cuadrados Parciales Ortogonal (OPLS-DA), con el fin de
identificar las diferencias entre células OVCAR-3 y SK-OV-3 caracterizadas por
los features. Luego, los features fueron anotados y luego identificados mediante
la Metaboscape 3.0 que integra una herramienta de trabajo que contempla el
analisis espectral segun error de masa, error isotopico y busqueda en distintas
bases de datos. Ademas, la identificacion fue acompafada por el programa de
acceso libre Sirius 4.0 que integra andlisis de patrones isotdpicos de alta

resoluciébn y arboles de fragmentacibn para la elucidacién estructural.
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Posteriormente, para esta etapa, los metabolitos identificados fueron integrados
a la herramienta Metabolite Set Enrichment Analysis (MSEA) del programa de
acceso libre Metaboanalyst para el andlisis de las rutas metabdlicas enriquecidas

en células OVCAR-3 y SK-OV-3.

Como tercera etapa, se intervino una ruta metabdlica aumentada en
células SK-OV-3, las cuales presentaron un comportamiento de respuesta
resistente al tratamiento con antineoplasicos. Para esto, se observé que glutation
estaba aumentado en células SK-OV-3, por lo tanto las células fueron depletadas
farmacoldgicamente de este metabolito y luego se analizé la respuesta al
tratamiento con farmacos antineoplasicos mediante analisis de la inhibicion del

crecimiento celular Growth Rate metrics.

Finalmente, como cuarta etapa y para una mayor comprension del
metabolismo. Se analizé la dependencia del metabolismo glucolitico mediante su
inhibicién sobre células OVCAR-3 y SK-OV-3 y luego se realizé un andlisis del
metabolismo con una estrategia lipidomica. Para el estudio se utilizaron una
columna de cromatografia de fase reversa Phenomenex Kinetex® C18 (4,6 x 100
mm; 2,6 ym) y analizadas en los modos de ionizacion por electrospray (ESI)
positivo y negativo. Se realizé un flujo de trabajo, en este programa, que incluyo
la recalibracién de masas, alineamiento de los tiempos de retencion, extraccion
de los features, administracion de aductos, normalizacién por controles de

calidad, filtrado de la data por los blancos y generacién de los Bucket Tables. Los
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Bucket Tables de cada analisis fueron exportados al programa de acceso libre
Metaboanalyst 5.0 para la confeccion de los modelos estadisticos de Analisis de
Componentes Principales (PCA) y Analisis Discriminante por Regresion de
Minimos Cuadrados Parciales Ortogonal (OPLS-DA) y los features que
caracterizaron las diferencias entre células OVCAR-3 y SK-OV-3. La
identificacion de los lipidos fue realizada por comparacion de los espectros
obtenidos con la base de datos de LipidBlast, solo con aquellos que se obtuvo

los espectros de MS/MS.

La estrategia analitica general de esta tesis doctoral se puede visualizar

en la Figura 3.1Ay B.
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B 3. Intervencidn de vias metabdlicas
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Figura 3.1: Estrategia analitica utilizada para el estudio de las diferencias metabdlicas
relacionadas con quimiorresistencia en células de cancer de ovario.

La estrategia analitica para el desarrollo de los objetivos planteados involucra: A)
caracterizacion del fenotipo de respuesta a agentes antineoplasicos, y el anélisis metabolémico
de las células OVCAR-3 y SK-OV-3; ademds, B) la intervencidn de vias metabdlicas relevantes

obtenidas por metabol6mica, y el andlisis lipidomico de las células OVCAR-3 y SK-OV-3.
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CAPITULO 4 : RESULTADOS Y DISCUSION

4.1 Metabolomics Profiling and Chemoresistance Mechanisms in Ovarian

Cancer Cells: Implications for Targeting Glutathione Pathway.

En esta seccidn se presentan y discuten los resultados que dieron origen al
articulo “Metabolomics Profiling and Chemoresistance Mechanisms in Ovarian
Cancer Cells: Implications for Targeting Glutathione Pathway”, publicado en la

revista Life Sciences (https://doi.org/10.1016/j.1fs.2023.122166).
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Highlights

Metabolomics provides a robust method to distinguish drug responses in OC cells.

- Glycolytic and amino acid metabolism are associated with chemosensitive cells.

Lipid metabolism and glutathione biosynthesis are related to chemoresistant cells.

- Glutathione depletion notably shifts drug sensitivity to a cytotoxic response.

64


mailto:fzuniga@udec.cl

Abstract

Ovarian cancer presents a significant challenge due to its high rate of
chemoresistance, which complicates the effectiveness of drug-response therapy.
This study provides a comprehensive metabolomic analysis of ovarian cancer cell
lines OVCAR-3 and SK-OV-3, characterizing their distinct metabolic landscapes.
Metabolomics coupled with chemometric analysis enabled us to discriminate
between the metabolic profiles of these two cell lines. The OVCAR-3 cells, which
are sensitive to doxorubicin (DOX), exhibited a preference for biosynthetic
pathways associated with cell proliferation. Conversely, DOX-resistant SK-OV-3
cells favored fatty acid oxidation for energy maintenance. Notably, a marked
difference in glutathione (GSH) metabolism was observed between these cell
lines. Our investigations further revealed that GSH depletion led to a profound
change in drug sensitivity, inducing a shift from a cytostatic to a cytotoxic
response. The results derived from this comprehensive metabolomic analysis
offer potential targets for novel therapeutic strategies to overcome drug
resistance. Our study suggests that targeting the GSH pathway could potentially

enhance chemotherapy's efficacy in treating ovarian cancer.

Keywords: Ovarian cancer, metabolomics, chemoresistance, glutathione, SK-OV-

3 cells.
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1. Introduction

Ovarian cancer (OC) is the fifth leading cause of cancer-related death
among women worldwide [1], representing the second most lethal gynecological
malignancy [2]. Unfortunately, the five-year relative survival rate for OC fluctuates
between 30 % and 40 %, underscoring its high fatality [3, 4]. As most OC cases
are diagnosed at advanced stages increases the lethality and reducing survival

rates.

Despite the high mortality rate resulting from late diagnosis, no specific
treatment is available for OC. Chemotherapy drugs such as Carboplatin (CP),
Cisplatin (CDDP), and Doxorubicin (DOX) are commonly utilized for ovarian
cancer treatment [5, 6]. CP, a platinum-containing compound and a CDDP analog
presents lower toxicity and is frequently chosen as a first-line therapy [7, 8].
Platinum therapy is pivotal for ovarian cancer treatment, influencing the
treatment's success and recurrence. Although patients initially exhibit a positive
response, the majority experience a relapse within 6-12 months and are
categorized as platinum-sensitive. A relapse within six months post-treatment is
deemed platinum-resistant, attributed to multiple, yet inadequately understood,
chemoresistance mechanisms [9]. It is now universally acknowledged, with
approval from numerous health regulatory bodies worldwide, that the utilization of
poly (ADP-ribose) polymerase inhibitors (PARPI) enhances therapy outcomes for
patients harboring mutated BRCA1/2 and recurrent, platinum-sensitive ovarian
cancer [10, 11]. However, in platinum-resistant and recurrent ovarian cancer
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cases a second-line treatment centered on DOX is usually employed [12]. Only
10 % to 20 % of patients respond favorably to chemotherapeutic agents, resulting
in a 10-year survival rate of approximately 15 % [13, 14]. The significant mortality
rate and lack of targeted treatment options for OC underline the urgent need for

improved diagnostic and therapeutic strategies to enhance patient outcomes.

Different cell line models with unique histological and genetic
characteristics have been established for studying OC, including high-grade
serous and non-serous subtypes classified based on their genomic profiles [15].
SK-OV-3, a human ovarian cancer cell line derived from non-serous ovarian
carcinoma, exhibits an epithelial-like morphology. It is derived from ascitic fluid
rather than a primary tumor, associated with advanced-stage disease, and hence,
SK-OV-3 displays an invasive behavior typical of advanced ovarian cancer [16].
On the other hand, OVCAR-3 is a human ovarian cancer cell line derived from
high-grade serous ovarian carcinoma (HGSOC) and exhibits an epithelial-like
morphology [17]. SK-OV-3 and OVCAR-3 cell lines have been shown to display
different behaviors: SK-OV-3 cells are faster in migration, significantly more
invasive [18-20], and generate more substantial metastasis in vivo models [21].
Both cell lines develop resistance to first-line chemotherapy drugs such as CDDP,
with SK-OV-3 showing a higher survival rate upon treatment [22]. Interestingly,
the two cell lines have observed different response behaviors to DOX treatment
[23, 24]. These disparities in cellular behavior underscore the distinctive
characteristics of each cell line in the context of ovarian cancer.
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The field of omics sciences, which encompasses large-scale biological
data analysis, has been critical in understanding the molecular changes
associated with chemoresistance [25, 26]. Metabolomics, which provides insights
into numerous biochemical events underlying cellular phenotypes [27], has shed
light on several metabolic pathways implicated in OC chemoresistance. Studies
indicate that pathways related to redox balance, the Pentose Phosphate Pathway,
choline metabolism, and fatty acid metabolism play significant roles in
chemoresistance in OC [28, 29]. These findings suggest that drug-resistant cells
elevate energy production and utilize alternative metabolic pathways to maintain

cellular homeostasis.

Using metabolomics, our study aims to elucidate the metabolic landscape
of OVCAR-3 and SK-OV-3 ovarian cancer cell lines and determine these
metabolic pathways' role in drug sensitivity and resistance. The cellular
metabolome can offer insight into the metabolic demands of cancer cells, which
are altered to support rapid proliferation, resist cell death, and adapt to the tumor
microenvironment. In this context, we pay special attention to the role of
glutathione (GSH) - a critical antioxidant in cancer cells known to contribute to
chemoresistance [30]. By exploring the differential metabolic profiles and
investigating the role of GSH in these cell lines, we aim to enhance our
understanding of ovarian cancer metabolism, potentially revealing novel

therapeutic targets and strategies for overcoming drug resistance.
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2. Material and methods

2.1. Chemical and reagents

Trichloroacetic acid (TCA) and acetic acid were acquired from Winkler,
Chile. Sulforhodamine B (SRB), Tris Base, L-Buthionine-Sulfoximine (BSO), and
Diethyl Maleate (DEM) were procured from Sigma-Aldrich. Fetal bovine serum
was purchased from Hyclone, Cytiva. Solutions of trypsin TrypLE™ and Roswell
Park Memorial Institute 1640 (RPMI-1640) were procured from Gibco. Carboplatin
(CP), Cisplatin (CDDP), Doxorubicin (DOX), water, formic acid, methanol,
dichloromethane, acetonitrile, and ammonium formate of LC/MS grade were

obtained from Sigma-Aldrich.

2.2. Cell culture

2.2.1. Cells lines

Human epithelial ovarian adenocarcinoma cell lines OVCAR-3 (HTB-161)
and SK-OV-3 (HTB-77) were acquired from the American Type Culture Collection.
The cells were cultured in an RPMI-1640 with Glutamine and Sodium Pyruvate
medium containing 10 % fetal bovine serum and 100 units/mL penicillin-
streptomycin antibiotic mixture in a 95 % relative humidity atmosphere containing

5 % CO:2 at 37°C and harvested at confluence using TrypLE™.
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2.2.2. Cell viability assay

Cells of each group were evenly seeded in a 96-well plate, with a
concentration of 3 x 10* cells per well in 100 uL of cell suspension. Cell viability
was determined using the Sulforhodamine B (SRB) method [31]. To investigate
the cytotoxicity of Carboplatin (CP), Cisplatin (CDDP), and Doxorubicin (DOX),
serial dilutions of the drugs were administrated to both SK-OV-3 and OVCAR-3
cells for 24 h. Subsequently, cells were fixed with 10 % (w/v) Trichloroacetic acid
(TCA) and stained with 0.057 % (w/v) SRB in 1 % (v/v) acetic acid. We established
the assay by considering 24 h of culture as time 0. After the stipulated incubation
period, the bound dye was dissolved in a 10 mM Tris base, and absorbance was

measured at 510 nm using a multiplate reader (Synergy 2, BioTek Instruments).

2.3. Drug sensitivity analysis

We used the GR (Growth Rate inhibition) metrics for drug sensitivity analysis. This
approach was preferred over traditional methods such as ICso or Emax values,
which suffer from variations as they do not consider that the cells are growing [32].
Calculations can be performed online using the following website:

http://www.grcalculator.org/. The GRso, a measure of potency, signifies the

concentration of a drug that reduces cell proliferation rate by half. The GRwmax, an
efficacy indicator, is the maximum achievable effect of the drug at the highest

concentration analyzed, with values ranging between -1 and 1. A value
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approximating O implies a fully cytostatic response, whereas a negative value
indicates a cytotoxic response. The GR Area Over Curve (GRaoc), an integral
value over the curve, is a representative measure of potency and efficacy
simultaneously [32, 33]. The raw data was uploaded to the web platform for
performance according to the GR metrics. The GRmax and GRaoc parameters
were determined from the online platform. The GR value data was obtained and
plotted in GraphPad Prism 9 to visualize the drug dose-response and determine

the GRso value using nonlinear regression.

2.4. Metabolomics analysis

2.4.1. Sample preparation and metabolome extraction

The sample preparation and metabolome extraction followed a previously
established solvent-scrapping protocol with some modifications [34]. The SK-OV-
3 and OVCAR-3 cells were seeded into 100 mm plates, each consisting of three
replicate wells and two counting wells. The counting wells were trypsinized and
counted, and 8 x 10° cells were obtained for each replicate. The media was

removed from the wells and washed twice with water before removal.

For metabolome extraction, a 2 mL methanol/dichloromethane/water
mixture solution (2.5,1,0.5) was added to each plate, and the cells were scraped
off. The samples were placed in liquid nitrogen for 1 min. Triplicate blanks

consisting solely of the extraction solvent were processed similarly. The cells were
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subsequently disrupted using a Precellys Evolution Homogenizer (Bertin
Instrument) with two 90-second cycles at 6000 rpm. After homogenization, the
samples were centrifuged at 13,000 xg at 4°C for 15 min, after which the
supernatants were transferred to new tubes. Liquid-liquid extraction was
performed by adding 400 pL of water and an equivalent volume of
dichloromethane to each sample. The samples were mixed with a Cell Grinder

Retsch at 30 Hz for 3 min.

After centrifugation at 13,000 xg at 4 °C for 15 min, the two resulting phases
were clearly defined with a distinct interface. The hydrophilic fractions (top layer)
were carefully transferred to new tubes and dried using a vacuum centrifuge.
Simultaneously, the lipophilic fractions (bottom layer) were collected into separate
microcentrifuge tubes and dried overnight using a Refrigerated Centrivap
Concentrator (LABCONCO) at 4 °C. Following this, the dried extracts were stored

at —80 °C until they were required for further analysis.

2.4.2. LC-MS metabolomics

Before analysis, the hydrophilic extracts and blanks were reconstituted with
100 pL of cold 80 % methanol. These were homogenized using a Cell Grinder
Retsch at 30 Hz for 1 min and centrifuged at 13000 rpm at 4 °C for 5 min. The
resulting supernatant was transferred to 150 pL inserts in 1.5 mL amber vials and
placed in a liquid chromatography autosampler maintained at 4 °C, following a
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pre-determined random sequence starting with three blank samples. Due to the
limited number of injections (two cell lines, three replicates), this study did not

include the injection of quality controls (QCs).

Metabolomics analyses were performed using a UHPLC-DAD Bruker Elute
LC system coupled to a Q-TOF spectrometer Compact (Bruker, Bremen,
Germany). The control system was Compass HyStar (Bruker), and the acquisition
software used was otofControl 4.1.402.322-7977-vc110 6.3.3.11 (Bruker). Data
analysis was done using Compass DataAnalysis 4.4.200 (Bruker) software and
MetaboScape 3.0 (Bruker Daltonics, Bremen, Germany). Positive and negative
ion models were employed for data collection to increase the number of
differential metabolites. The chromatographic columns used were an Acquity BEH
C18 (2.1 x 100 mm, 1.7 ym) and an Acquity UPLC BEH Amide HILIC (2.1 x 100
mm, 1.7 ym) maintained at a column temperature of 45°C. The injection volume
was 2 uL, the flow rate was 0.4 mL/min, and the mobile phase for the C18 column
comprised solvents A (water containing 0.1 % formic acid) and B (acetonitrile
containing 0.1 % formic acid). The mobile phase for the HILIC column included
solvents A (water containing 10 mM ammonium formate) and B (acetonitrile 90%
including 10 mM ammonium formate). For the C18 column, a gradient elution
process of 3 % to 95 % B linear over 15 min was used, and for the HILIC column,
a gradient elution process of 5 % to 30 % B linear over 15 min was employed.
The DAD was operated in the 194—-600 nm wavelength range at a data acquisition

rate of 10.0 Hz. Mass spectrometry was performed using positive ionization ESI
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+4500 V and negative ionization ESI —3500V with a dry gas flow rate of 9 L/min,
nebulizer pressure of 2 Bar, and a temperature of 200 °C. In stepping mode, the
end capillary voltage was set at 500 V, and the collision energy was set at 10-25
eV. Auto MS/MS mode (2 precursor/cycle) was used with a scan range of 50—
1500 m/z and a scan time of 0.2 s in centroid mode. Internal calibration was
performed using a sodium formate solution (10 mM in iso-PrOH/H20, 1,1) with a

mass accuracy of less than three ppm.

2.4.3. Data processing and statistics

The data obtained from LC-MS analysis was processed using
MetaboScape 3.0 software, and the Time aligned Region complete eXtraction (T-
ReX 3D) algorithm was selected for this purpose. The software transformed the
raw data into a matrix containing the features such as m/z, retention time (Rt)
pairs, and normalized peak intensity, which were saved in a .csv file. The workflow
involved several steps such as a mass recalibration, Rt alignment, feature
extraction (m/z - RT pairs), adducts and neutral losses administration, import of
MS/MS spectra, and generation of the Bucket Table. The parameters used for the
bucket table generation through the T-ReX 3D algorithm were as follows: intensity
threshold (1000 counts), minimum spectrum peak length (5), minimum recursive

peak length (4), a minimum number of recursive features to be extracted, feature
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in a minimum number of analyses, mass range (50-1500 m/z), retention time

range (0.5-15.0 min), and MS/MS import (average).

The bucket tables were processed in Metaboscape and then exported to
the MetaboAnalyst 5.0 online software for an analysis metabolomics pipeline [35
,36]. After uploading, the data was filtered based on standard deviation, and
Pareto scaling was applied again. Then, an unsupervised model was used,
applying principal component analysis (PCA) to reduce data dimensionality and
uncover inherent cluster patterns in the data [37]. The results showed a natural
separation of the data with PCA reliability, followed by a supervised method to
enforce class separation [38]. The supervised modeling method, Orthogonal
Projection to Latent Structures Discriminant Analysis (OPLS-DA), was then
applied to the dataset to discover correlated features and select significant
characteristic features of the group using an S-plot. The regression method used
LC-MS data as the X, and the binary vector Y was formed with 0 for the OVCAR-

3 class and 1 for the SK-OV-3 class.

2.4.4. Metabolite annotation

The chemical nature of the significant metabolite was determined using an
integrated workflow in MetaboScape for manual annotation. The first step
involved the SmartFormula task, which picked molecular formulas based on

accurate mass and isotopic pattern information for a given extracted feature. The
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calculations considered elements such as C, H, N, O, P, and S, with a tolerance
of 5 ppm. Additionally, SmartFormula 3D calculation was applied to all features
with available MS/MS spectra, which improved the quality of the calculated
molecular formula. This intelligent interface annotated all monoisotopic peaks in
the MS/MS spectrum. Therefore, for each possible explanation of the m/z of a
feature precursor and isotopic pattern, SmartFormula 3D identified the ion
formulas that best explained the monoisotopic peak and isotopic pattern of the
MS/MS fragment spectrum and ranked them according to the MS/MS fragment
explained and intensity coverage. In the next step, the Compound Crawler tool
searched for possible structures that fit the first rated formula. The tool sent
queries for a given molecular formula to databases such as ChEBI, ChemSpider,
and PubChem and returned results that could be used to annotate compounds.
As multiple structure candidates were typically found in Compound Crawler for a
given elemental composition, the correct structure was selected using the
MetFrag algorithm. Using the MS/MS fragment spectrum, MetFrag searched for
ions that matched the in-silico fragmentation of possible candidates provided by
Compound Crawler and ranked them according to explained fragment peaks and
intensity coverage [39]. To improve annotation, we also used SIRIUS 4.0, a freely
available web service that integrates high-resolution isotopic pattern analysis and

fragmentation trees for structural elucidation [40, 41].

Heatmaps of the identified metabolites were generated using the ClustVis
web tool [42] and further analyzed using agglomerative Hierarchical Cluster
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Analysis (HCA) based on Euclidean correlation with the Ward clustering method.
Finally, Metabolite Set Enrichment Analysis (MSEA) was conducted using
MetaboAnalyst to assess the enrichment of metabolic pathways associated with
the identified metabolites [43]. The data were processed by calculating the -log(p-
value) to determine the contribution of metabolic pathways in terms of their

percentage of importance.

2.5. Glutathione analysis
2.5.1. Glutathione determination

The GSH levels in OVCAR-3 and SK-OV-3 cells were determined by
seeding 300,000 cells in 12-well plates and using the Glutathione Colorimetric
Detection Kit (Invitrogen) to measure glutathione at 48 h of cell culture. The results

were normalized by cell number and presented as fold change.

2.5.2. Glutathione depletion and drug response

GSH depletion was achieved using a previously established protocol with slight
modifications [44]. In brief, 200,000 SK-OV-3 cells were seeded in 24-well plates
and then incubated with 1 mM Buthionine Sulfoximine (BSO) for 24 h. This
treatment was followed by a 1-hour incubation with 1 mM Diethyl Maleate (DEM).
The cells were washed twice with PBS 1x and cultured for 24 h before measuring
GSH levels. For the drug sensitivity analysis, 20,000 SK-OV-3 cells were seeded
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in a 96-well plate, depleted of glutathione using the above protocol, and then
treated with CDDP and DOX for 24 h. Cell viability was assessed using the SRB

method, and drug sensitivity was analyzed using GR metrics.

2.6. Statistical Analysis

Graphs and statistical analysis of the data were performed using GraphPad
Prism 8. Results are expressed as either mean * standard error of the mean
(SEM). Statistical differences between the two groups were analyzed using the

Mann-Whitney test, with a p-value of <0.05 considered statistically significant.

3. Results

3.1. Drug sensitivity analysis of OVCAR-3 and SK-OV-3 cell lines reveals distinct
response behavior

The GR metric was employed to conduct drug sensitivity analyses on
OVCAR-3 and SK-OV-3 cells subjected to varying CP, CDDP, and DOX
concentrations. GR metrics operate on the principle of a drug's presence relative
to untreated control, utilizing either endpoint or time-course assays. The time-
course assay method provides a direct way to determine the drug's effect on the

cells.

78



The dose-response curves for CP indicate that the drug has a similar effect
on both cell lines (Figure 1A). However, SK-OV-3 cells display a slightly lower
sensitivity to the drug, reflected in a 1.8 = 0.9-fold increase in the GRso value.
When assessing drug efficacy via GRmax, OVCAR-3 cells exhibit a cytostatic
response (GRwvax —0.18 + 0.04 units), while the response for SK-OV-3 cells is fully

cytostatic (GRmax 0.03 + 0.02 units).

In response to CDDP treatment and upon analysis of the drug response
curves, OVCAR-3 cells exhibit significantly higher sensitivity than SK-OV-3 cells
at tested concentrations (Figure 1B). This is evidenced by a 1.7 + 0.6-fold increase
in the GRso value for SK-OV-3 cells. In terms of drug efficacy, as indicated by the
GRwmax values, OVCAR-3 cells respond in a cytotoxic manner (GRmax —0.28 + 0.07
units), whereas SK-OV-3 cells show a cytostatic response (GRmax 0.12 + 0.03

units).

For DOX, dose-response curve analysis demonstrates higher sensitivity in
OVCAR-3 cells compared to SK-OV-3 cells (Figure 1C). This is validated by a 2.5
+ 1.1-fold higher drug potency as indicated by the GRso value. Evaluating efficacy
through GRwmax values, OVCAR-3 cells exhibit a cytotoxic response (GRmax —0.83
+ 0.05 units), while SK-OV-3 cells display a fully cytostatic response (GRmax —
0.07 £ 0.05 units). Table 1 summarizes the GR metric values for drug treatment

in both cell lines and their interpretation.
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The GRaoc analysis for CP does not reveal significant differences (Figure
1D). Nonetheless, there are substantial differences in CDDP treatment, with the
drug displaying higher potency and effectiveness on OVCAR-3 cells than SK-OV-
3 cells (Figure 1E). Lastly, the GRaoc analysis for DOX shows statistically
significant differences between OVCAR-3 and SK-OV-3 cells, with the former
being 2.5-fold more responsive. This signifies that DOX shows greater potency
and efficacy against OVCAR-3 cells (Figure 1F). These results suggest that
OVCAR-3 cells exhibit a cytotoxic response to CDDP and DOX, indicating their
chemosensitivity, while SK-OV-3 cells display a cytostatic response, suggesting

chemoresistance.
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Figure 4.1.1: Drug treatment on OVCAR-3 and SK-OV-3 cells response.

(A) Dose-response curve to Carboplatin, (B) Dose-response curve to Cisplatin, (C) Dose-response
curve to Doxorubicin, (D) GRAOC of Carboplatin, (E) GRAOC of Cisplatin, and (F) GRAOC of
Doxorubicin on OVCAR-3 and SK-OV-3. OVCAR-3 cells are represented with a red color and SK-

OV-3 with a green color. All the values are expressed as mean + SEM, n =6, (**) p < 0.01.
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Table 4.1.1: GR metric values and drug effect analysis from OVCAR-3 and SK-OV-3 exposed
drugs.

All the values are expressed as mean + SEM, n = 6.

Drug Cell GRso (uM) GRwmax units Response
OVCAR-3 343.6+1359 -0.18+0.04 Cytostatic
Carboplatin
SK-OV-3 630.7 £ 168.8 0.03 +0.02 Fully Cytostatic
OVCAR-3 23.1+£6.2 -0.28 + 0.07 Cytotoxic
Cisplatin
SK-OV-3 38.7+9.7 0.12 + 0.06 Cytostatic
OVCAR-3 1.3+£0.2 -0.83 £ 0.05 Cytotoxic
Doxorubicin
SK-OV-3 3313 —-0.07 £ 0.05 Fully Cytostatic

3.2. Metabolomic differences between OVCAR-3 and SK-OV-3 cells

3.2.1 Statistical models reveal a differentiation between OVCAR-3 and SK-OV-3
cells associated with metabolomics

We sought to identify potential differences in cellular metabolism between
the two cell lines. For this investigation, we employed an LC-MS metabolomics
platform featuring polar and apolar columns, facilitating broader metabolite
coverage. After LC-MS analysis of the extracts from both cell lines, the raw data
was processed through MetaboScape software. This resulted in the creation of
bucket tables, serving as the principal matrices for subsequent statistical

analyses.

Initially, we examined clustering patterns in the datasets obtained from both
cell lines and acquisition modes using unsupervised multivariate Principal
Component Analyses (PCA) (Fig. 2). The score plots representing the distribution
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of cells across the first two Principal Components (PCs), revealed a distinct
separation between OVCAR-3 and SK-OV-3 cells along PC1. This accounted for
85.4 % of the total data variance in the —ESI and 88.1 % in the +ESI for the C18

column (Fig. 2A and B).

Similarly, for the HILIC column, a clear separation was also observed
between OVCAR-3 and SK-OV-3 cells along PC1, explaining 83.2% of the
variance in —ESI and 52.4 % in the +ESI (Fig. 2C and D). These observations

suggest significant metabolic differences between the two cell lines.

The chemical nature of features relevant to discriminate between OVCAR-
3 and SK-OV-3 were identified using the OPLS-DA model (Fig. 2). As predicted
from the PCA analysis, the scores plotted in the OPLS-DA model demonstrated
a complete separation between the two classes in both columns and acquisition

modes (Fig. 2E—H).

The S-plots derived from the OPLS-DA models spotlight the most relevant
features, or metabolites, that distinguish OVCAR-3 from SK-OV-3 cells. Figures
21 and Jillustrate the S-plots of the OPLS-DA models generated from cell datasets
acquired in both ionization modes for the C18 column. Likewise, Figures 2K and
L depict the S-plots of OPLS-DA models derived from cell datasets acquired in

both ionization modes for the HILIC column.

Each point on the S-plot represents a specific feature (m/z; Rt pair) situated

at either end of the "S", contributing significantly to class differentiation.
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Accordingly, features at the right end correlate with SK-OV-3 cells, indicating that
the metabolites they represent are upregulated in these cells. Conversely,
features at the left end are associated with OVCAR-3 cells and their

correspondingly upregulated metabolites.

For the C18 column, 8 features in —ESI and 7 in +ESI (represented as m/z
— Rt pairs) were detected in the OVCAR-3 cells dataset. Meanwhile, 23 features
in —ESI and 18 in +ESI were detected in the SK-OV-3 cells dataset. Conversely,
for the HILIC column, a total of 9 features in —ESI and 14 features in +ESI were
detected in the OVCAR-3 cells dataset, while 24 features in —ESI and 18 features

in +ESI were detected in the SK-OV-3 cells dataset (Fig. 2M).

The comprehensive chemical data for each significant metabolite can be
found in Supplementary Tables S1 and S2. These findings suggest a significant

difference in metabolite profiles between the OVCAR-3 and SK-OV-3 cell lines.
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Figure 4.1.2: Statistical analysis results of the LC-MS dataset acquired in C18 and HILIC —ESI

and +ESI acquisition modes for the metabolome comparison between OVCAR-3 and SK-OV-3

cells.

PCA score plots based on the LC-MS dataset showing cluster patterns between the first two

principal components (PC1 and PC2), red circles represent OVCAR-3 and green circles SK-OV-

3 cells samples with their 95 % confidence interval (shadowed regions) for (A) C18, —ESI, (B) C18,

+ESI, (C) HILIC, —ESI and (D) HILIC, +ESI. Scores plots of OLPS-DA models showing separation
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of OVCAR-3 (red circles) and SK-OV-3 (green circles) cells with their 95% confidence intervals
(shadowed regions) for (E) C18, — ESI, (F) C18, +ESI, (G) HILIC, -ESI and (H) HILIC, +ESI. The
Y-predictive component (T score [1]) shown on the x-axis represents the variation in the dataset
correlated to class separation. In contrast, the orthogonal component shown on the y-axis refers
to the uncorrelated variation for class distinction. S-plots showing significant features with their
numbers assigned according to Supplementary Table for (I) C18, —-ESI, (J) C18, +ESI, (K) HILIC,
—ESI, and (L) HILIC, +ESI. The S-plots visualize the features’ influence in the predictive
component of the model, combining the covariance (p[1]) and correlation (p(corr)[1]) loading
profiles. Covariance plotted on the x-axis visualizes the contribution to the predictive component.
At the same time, a correlation on the y-axis spans between * 1 as the reliability has a theoretical
minimum of —1 and a maximum of +1 to predict the class 1 (SK-OV-3, indicated in materials and
methods); in this way, variables/features visualized toward the right-hand side contribute to class
separation by high correlation with SK-OV-3 [Y = 1] and the opposite with OVCAR-3. Thus,
significant metabolites were selected based on the combined high covariance (>|2000], >|1500|
or >|1000[) and high correlation (>|0.5]). The number of features related to OVCAR-3 is

represented with a red circle, and SK-OV-3, illustrated with a green circle, is shown in (M).

3.2.2 Metabolomic pathway analysis unveils distinct differences between
OVCAR-3 and SK-OV-3 cells.

We performed a Hierarchical Cluster (HCA) Heatmap and Metabolite Set
Enrichment Analysis (MSEA) using Metaboanalyst, which allowed for the
examination of metabolic pathways characterizing both OVCAR-3 and SK-OV-3
cells based on the obtained chemical data and identification from the statistical

models.
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The HCA analysis results are displayed in Figure 3A. These findings reveal
specific clustering of metabolites in OVCAR-3 and SK-OV-3 cells, indicating a
clear distinction between these two cell types. This analysis also shows up-
regulated and down-regulated metabolites, confirming their unique associations
with each cell line. Interestingly, the short distances between clusters of

metabolites underscore the strong relationship between both cells.

Within the identified metabolites, those related to lipid metabolism, such as
carnitine, propionyl-carnitine, and isovalerylcarnitine, were found to be increased
in SK-OV-3 cells. Furthermore, our findings indicate an up-regulation of
phenylalanine, tryptophan, and phenylpyruvate in SK-OV-3 cells. By contrast,
specific metabolites, namely L-aspartic acid, N-acetyl-L-aspartic acid (NAA), N-
acetyl-L-aspartate, and N-acetyl aspartyl glutamic acid (NAAG), were explicitly
up-regulated in OVCAR-3 cells, indicating their involvement in aspartate

biosynthesis.

Interestingly, glutathione metabolism-related metabolites, such as glutamic
acid (glutamate), glutamine, cysteinglicine, and NAAG, were found to be
increased in OVCAR-3 cells. In contrast, glutathione (GSH) was up-regulated in
SK-OV-3 cells. These findings suggest a differential metabolic profile and

potential functional differences between the two cell types.

The Metabolite Set Enrichment Analysis (MSEA) compares enrichment

ratios and p-values, revealing metabolic pathway distinctions between OVCAR-3
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and SK-OV-3 cells. This analysis emphasizes the percentage of importance

assigned to each pathway in each cell type.

In OVCAR-3 cells, the top 15 metabolic pathways include aspartate
metabolism (16.3 %), GSH metabolism (11.3 %), urea cycle (9.82 %), ammonia
recycling (9.4 %), Malate-Aspartate Shuttle (8.7 %), and glutamate metabolism

(7.6 %), as shown in Figure 3B.

On the contrary, in SK-OV-3 cells, the top 15 metabolic pathways are
characterized by the oxidation of branched-chain fatty acids (14.0 %),
phenylalanine and tyrosine metabolism (13.4 %), beta-oxidation of saturated fatty
acids (10.9 %), pyruvaldehyde degradation (8.8 %), beta-oxidation of very long-
chain fatty acids, and glutathione (GSH) biosynthesis (6.3 %) as illustrated in

Figure 3C.

These results suggest that the metabolic priorities of these two cell lines
are different: OVCAR-3 cells seem to focus on amino acid and glycolytic
metabolism, whereas SK-OV-3 cells prioritize fatty acid metabolism, specifically
the oxidation of fatty acids and glutathione biosynthesis. These metabolic
preferences may reflect different survival strategies and provide valuable insights

for targeted therapies.
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Figure 4.1.3: Metabolite set enrichment overview of OVCAR-3 and SK-OV-3 cells.

(A) Heatmap of the identified metabolites. Each colored square on the map corresponds to a
relative concentration value in the data table, with samples in columns and identified metabolites
in rows; the classes correspond to OVCAR-3 (red color) and SK-OV-3 cells (green color). (B)
Metabolic pathway enrichment in OVCAR-3 cells in percentages based on the -log(p-value). (C)
The most

Metabolic pathway enrichment in SK-OV-3 cells in rate found in the -log(p-value).

important metabolic pathways (Top 15) are expressed in percentage of the total.

89



3.3. Depleting glutathione in SK-OV-3 cells shifts the resistance levels of drug
treatment.

The metabolomics results establish a fascinating connection between
metabolites related to GSH metabolism in OVCAR-3 cells but not to its
biosynthesis, whereas GSH biosynthesis is associated with SK-OV-3 cells. In light
of these findings, we investigated the potential relationship between GSH and the

response to DOX and CDDP treatment in SK-OV-3 cells.

Initially, we measured GSH levels in both cell lines to corroborate the
upregulation indicated by the metabolomic analysis, which had identified elevated
GSH levels in OVCAR-3 cells in the C18 column (Table S1). We subsequently
guantified GSH to validate our findings further. As inferred from the metabolomics
data, GSH intensity was threefold higher in SK-OV-3 cells than in OVCAR-3 cells
(Fig. 4A). We then utilized a commercial kit to quantify GSH, normalizing the
results by cell number. This demonstrated a significant up-regulation of GSH in
SK-OV-3 cells, with levels reaching twice those observed in OVCAR-3 cells (Fig.
4B). These results confirmed the conclusions drawn from our metabolomics

analysis.

Next, we determine whether the response to cytostatic drugs in SK-OV-3
cells is associated with GSH biosynthesis by depleting GSH in these cells.
Following the application of the depletion protocol, we confirmed a decrease in

GSH levels in SK-OV-3 cells. Treatment with BSO-DEM alone did not affect cell
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viability (data not shown). Furthermore, we quantified GSH in cells exposed to 1
UM DOX for 24h, both with and without GSH depletion, and observed a significant

decrease in GSH levels post-depletion in both cases (Fig. 4C).
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Figure 4.1.4: Glutathione determination in OVCAR-3 and SK-OV-3 cells.

(A) Absolute intensity of GSH in OVCAR-3 (red color) and SK-OV-3 (green color) obtained by
metabolomics analysis; (B) Concentration of GSH normalized by cell number between OVCAR-3
(red color) and SK-OV-3 (green color). The values are expressed as mean + SEM, n = 3, p <0.05;
and (C) Concentration of GSH normalized by protein concentration in SK-OV-3 cells before and
after application of depletion with BSO + DEM. The values are expressed as mean + SEM, n = 3,

(*) p <0.05.

Finally, we evaluated DOX and CDDP sensibility in GSH-depleted SK-OV-

3 cells using GR metrics analysis. GSH-depleted SK-OV-3 cells were exposed to
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various dilutions of DOX and CDDP. Drug sensitivity analyses were conducted

utilizing the GR metric (Fig. 5A).

The dose-response curves for CDDP treatment demonstrated a higher
drug sensitivity in GSH-depleted SK-OV-3 cells (Fig. 5B), displaying an increased
drug potency and resulting in a GRso value of 29.3 £ 11.6 pM. A similar effect was
observed following DOX treatment on GSH-depleted cells, with a shift in GRso to

a value of 2.3 £ 0.9 pM (Fig. 5C).

The GRaoc analysis for DOX and CDDP against GSH-depleted SK-OV-3
cells indicated a trend toward increased drug potency and efficacy (Fig. 5D).
Interestingly, the efficacy demonstrated by the GRwmax, which is related to the
dose-response curve, suggested that GSH depletion in SK-OV-3 cells shifted the
response phenotype from being exclusively cytostatic to also being cytotoxic. This
shift was statistically significant, with a decrease in the GRwmax value in both DOX-
and CDDP-treated cells, and it was particularly pronounced in the DOX treatment

(Fig. 5E).

Table 2 presents a summary of the GR metric values for drug treatment in
GSH-depleted SK-OV-3 cells and provides an interpretation of these results. The
depletion of GSH in SK-OV-3 cells significantly impacts the efficacy of DOX and
CDDP. Notably, this treatment transitions the cellular response from

predominantly cytostatic to cytotoxic. This change significantly alters the
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resistance levels, resulting in a profound shift during drug treatment, suggesting

a phenotypic transformation in the cells.
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Figure 4.1.5: Drug sensitivity analysis of DOX and CDDP treatment on glutathione-depleted SK-

OV-3 cells.

(A) Schematic of drug sensitivity assay on glutathione-depleted SK-OV-3 cells; (B) Dose-response

curve to DOX. The green line represented SK-OV-3 cells without depletion, and the black line

represented SK-OV-3 cells glutathione depleted; (C) Dose-response curve to CDDP. The green

bar represented SK-OV-3 cells without depletion, and the black line represented SK-OV-3 cells

glutathione depleted; (D) GRaoc analysis of Cisplatin (purple bars) and Doxorubicin (blue bars)

against SK-OV-3 cells glutathione depleted; and (E) GRmax analysis of Cisplatin (purple bars) and
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Doxorubicin (blue bars) against SK-OV-3 cells glutathione depleted. All the values are expressed

as mean + SEM, n = 3, (*) p <0.05.

Table 4.2.1: GR metric values and drug effect analysis in SK-OV-3 cells with GSH depletion.

All the values are expressed as mean + SEM, n=3, (*) p <0.05.

Drug Cell GRso (uUM) GRwax units Response
SK-OV-3 39.4+9.7 0.17 £ 0.04 Cytostatic
Cisplatin
SK-OV-3 w/o GSH 29.3+11.6 -0.31 £ 0.05* Cytotoxic
SK-OV-3 45+£2.2 -0.13+£0.15 Fully Cytostatic
Doxorubicin
SK-OV-3 w/o GSH 2.3%0.9 -0.59 + 0.08* Cytotoxic

4. Discussion

Ovarian cancer remains one of the deadliest gynecological malignancies,
primarily due to late-stage diagnosis in over 75% of patients, resulting in a
disappointingly low 5-year survival rate [45]. Low survival is often associated with
non-specific symptoms in the early stages, leading to a major percentage is
diagnosticated in advanced stages. Additionally, this cancer is prone to high
relapse after treatment due to chemoresistance development, which results in
treatment failure [46]. The first line of defense against advanced-stage ovarian
cancer commonly involves platinum-based chemotherapy agents, such as
cisplatin and carboplatin. This drug induces apoptosis, or programmed cell death,

by interfering with cellular repair mechanisms [47]. When platinum-based

94



therapies prove ineffective, second-line treatments often involve non-platinum
compounds, such as anthracyclines, notably doxorubicin (DOX) [48]. DOX inhibits
mitochondrial electron transport, thereby causing oxidative damage by generating
free radicals [49]. However, it is crucial to note that the response to DOX can also

be hampered by chemoresistance, limiting its therapeutic effectiveness [50-52].

To understand the chemotherapy response in OC, we investigated the
responses of two human epithelial ovarian adenocarcinoma cell lines, OVCAR-3
and SK-OV-3, to two platinum-based chemotherapy drugs, cisplatin (CP) and
carboplatin (CDDP), as well as to the anthracycline drug doxorubicin (DOX). Then
we used Liquid Chromatography-Mass Spectrometry (LC-MS) for a metabolomic

analysis, which revealed unique metabolic profiles for these cell lines.

Our study revealed that OVCAR-3 and SK-OV-3 cell lines exhibited a
cytostatic response phenotype to CP, suggesting similar drug response
behaviors. However, we observed notable differences in drug potency, as
evidenced by their GRso value. Interestingly, a comparative analysis using the
GRaoc method did not reveal significant differences in drug potency and efficacy
between the two cell lines. Previous literature has reported the SK-OV-3 cell line
as resistant to CP treatment [53]. Our findings suggest that both cell lines may
share similar drug response mechanisms or pathways in response to CP
treatment. Notably, similar disparities have been observed in organoids derived

from OVCAR-3 and SK-OV-3 cell lines, wherein SK-OV-3 demonstrated higher
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ICs0 values compared to OVCAR-3 [54]. However, it is critical to consider that the
ICs0 or GRso value alone may not be sufficient to determine drug resistance
definitively. It is crucial to underscore that integrating the growth rate inhibition
metric with the pharmacokinetics of antineoplastic agents can facilitate the
development of predictive models for tumor inhibition in vivo, thereby contributing

significantly to advancements in translational research. [55].

In response to CDDP treatment, OVCAR-3 cells exhibited a cytotoxic
response, while SK-OV-3 cells demonstrated a cytostatic response phenotype.
These observations suggest notable differences in drug susceptibility between
the two cell lines, consistent in both drug potency and efficacy. Earlier research
has established that OVCAR-3 and SK-OV-3 respond differently to CP and
CDDP, with OVCAR-3 proving more sensitive than SK-OV-3 [56, 57]. Previous
studies have reported ICsp values of 8.9 uM for OVCAR-3 cells and 37.1 uM for
SK-OV-3 cells [23]. Interestingly these reported ICso values for SK-OV-3 closely
align with the GRso values determined in our current study. Furthermore, OVCAR-
3 has been categorized as sensitive to CDDP treatment, a sensitivity linked to its

high mitochondrial content and oxygen consumption rate [58].

Concerning doxorubicin (DOX) treatment, we observed stark differences in
drug susceptibility between the two cell lines. In response to DOX treatment,
OVCAR-3 cells exhibited a fully cytotoxic response, indicating a higher sensitivity

to DOX. Conversely, SK-OV-3 cells demonstrated a cytostatic response, implying
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resistance to DOX. These observations underline the significant disparities in their
responses to DOX, highlighting the variations in drug potency and efficacy [57].
Importantly, our findings are consistent with those from the “GR metrics” web
platform, indicating a cytostatic response phenotype for SK-OV-3 cells upon DOX

treatment [33, 59].

To understand the metabolic differences that could account for the varying
sensitivity to chemotherapy agents exhibited by these two cellular models, we
employed a metabolomics analytical platform based on Liquid Chromatography-
Mass Spectrometry (LC-MS). Our methodology incorporated both apolar and
polar columns, ensuring comprehensive metabolite coverage. A natural
separation in the data was observed upon application of PCA, suggesting inherent
metabolic differences between the two cell lines. To further build on this initial data
separation and accentuate the metabolic differences, we subsequently utilized
OPLS-DA. The application of OPLS-DA resulted in the definitive segregation of
the data. These analyses allowed us to pinpoint and identify the analytical signals

associated with the biomarker metabolite analysis.

In OVCAR-3 cells, our metabolomics analysis revealed an upregulation of
metabolites implicated in aspartate and glutamate biosynthesis pathways.
Aspartate serves a pivotal role in cancer cell metabolism. This amino acid is
essential for purine and pyrimidine synthesis, which are needed for DNA

replication and RNA transcription, making it critical for rapidly proliferating cells

97



[60]. Additionally, glutamate is known to play an active role in the Malate-
Aspartate Shuttle. This biochemical system facilitates reducing equivalents,
NADH, from the cytosol into the mitochondria, which can be used in oxidative
phosphorylation for energy production [61]. This shuttle system is crucial for
maintaining cellular energy homeostasis, especially in cancer cells with high
energy demands [62]. Thus, the observed upregulation of these metabolites and
associated pathways suggests a potential metabolic adaptation in OVCAR-3 cells

to support their proliferation and survival under chemotherapy stress.

In SK-OV-3 cells, we observed up-regulation of metabolites linked to lipid
metabolism, specifically those related to carnitine, which is involved in the
transport of fatty acids for beta-oxidation processes. Previous studies conducted
on ovarian cancer cells have reported an association between heightened beta-
oxidation activity and the overexpression of Carnitine Palmitoyltransferase |
(CPT1), a key enzyme involved in the conversion of long-chain fatty acids into
acylcarnitines for transport into the mitochondria [63]. Furthermore, this
overexpression has been linked to poorer survival outcomes in ovarian cancer
patients [64]. Interestingly, increased reliance on fatty acid metabolism and beta-
oxidation has been associated with chemoresistance in numerous clinical
screenings [65]. These findings suggest that the observed metabolic adaptations

in SK-OV-3 cells might contribute to their resistance to chemotherapeutic agents.
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It is worth noting that metabolites such as glutamate, glutamine, and
aspartate have been reported to be downregulated in patients with chemotherapy
resistance and poor prognosis [66]. These findings align with our observations in
SK-OV-3 cells, where we also noticed a decrease in these metabolites.
Interestingly, we also found a significant up-regulation of phenylalanine and
tryptophan in SK-OV-3 cells; these amino acids have been reported to be elevated

in patients with relapsed ovarian cancer [67].

As a result, our study uncovered unique metabolic preferences in OVCAR-
3 and SK-OV-3 cells, reflecting their divergent responses to drug treatment.
OVCAR-3 cells, sensitive to DOX, preferred biosynthetic pathways related to cell
proliferation, signifying their active growth and division. In contrast, DOX-resistant
SK-OV-3 cells exhibited a metabolic shift toward prioritizing fatty acid oxidation as
their primary energy maintenance mechanism. Intriguingly, we also discerned
notable differences in glutathione metabolism between the two cell lines. OVCAR-
3 cells favored the utilization of glutathione in glutamate biosynthesis, while SK-
OV-3 cells prioritized glutathione (GSH) biosynthesis. This difference in
glutathione utilization raises questions about its potential role in conferring drug

resistance in SK-OV-3 cells.

Glutathione (GSH) is a potent antioxidant that protects cells against
oxidative damage by acting as a scavenger of free radicals and detoxifying agent.

Upon exposure to oxidative stress, GSH interacts with Reactive Oxygen Species
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(ROS), undergoing conversion into its oxidized form, glutathione disulfide

(GSSG), with the help of GSH-dependent peroxidases [68].

Significantly, GSH also functions as an active detoxifier, with specialized
export pumps that remove glutathione-xenobiotic conjugates from the cytoplasm.
Intriguingly, platinum-based drugs display a high affinity for peptides and proteins
featuring sulfur residues, particularly those associated with GSH [69, 70]. As such,
GSH may interact with these drugs, effectively neutralizing their cytotoxic effects.
Therefore, it can be understood that increased GSH levels function as a defense
mechanism against tumor agents, as reported in new drugs such as Auranofin
and treatment in A2780 cells, reporting a significant increase in GSH biosynthesis
[71, 72]. This biochemical interaction could potentially contribute to the resistance

of specific cells to platinum-based chemotherapy agents.

To delve deeper into this matter, we utilized a combination of Buthionine
sulfoximine (BSO) and Diethyl maleate (DEM) to inhibit the synthesis of GSH and
deplete intracellular GSH levels [73, 74]. Remarkably, the depletion of GSH in SK-
OV-3 cells markedly influenced the effectiveness of both Cisplatin (CDDP) and
Doxorubicin (DOX), even with just a 24-hour treatment duration. This treatment
induced a transition from a cytostatic to a cytotoxic response, leading to a
significant shift in resistance levels during the drug treatment. These compelling
observations suggest a phenotype transformation in the cells, with substantial

implications for their drug response behavior.
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The data suggest that the lack of efficient glutathione-mediated
detoxification and antioxidant defense could facilitate a cytotoxic response to drug
treatment. Given the observed changes in CDDP resistance, it is plausible to
hypothesize that SK-OV-3 cells may rely on this detoxification mechanism for

CDDP, potentially elucidating the altered response phenotype.

Conversely, the impact on the response to DOX in GSH-depleted SK-OV-
3 cells was more substantial. As a result, within the context of drug resistance,
the antioxidant function of GSH might hold greater significance than its detoxifying
role. This compelling finding warrants further exploration and could potentially
guide the development of more effective therapeutic strategies for combating

chemoresistance.

Our findings suggest that sensitive OVCAR-3 cells leverage GSH
metabolism to fuel cellular maintenance and proliferation, while the resistant SK-
OV-3 cells prioritize GSH biosynthesis as a protective mechanism. This
differential use of GSH between the cell lines underscores the metabolic
adaptability of cancer cells and suggests a potential route to target
chemoresistance. Figure 6 illustrates the proposed metabolic divergence in both
cell lines concerning drug sensitivity, offering a visually simplified summary of our
observations. These findings pave the way for future research to explore this

unigue metabolic interplay and exploit it for improved cancer treatment strategies.

101



Sensitive cells Resistant cells

Amino acid and . " oxddaion
Nucleotide synthesis Glutamine ICﬂmm“E ‘ B-oxidati .
\ Glutamme
| Aspartate

l Acetyl-CoA
\ Oxaloacetg\ Glutamate I Glutamate
w__ ake e
TCACYCLE TCACYCLE
l Glutathione
,0’ Glutathione
‘ synthesis
CDDP & DOX
RESISTANCE

Figure 4.1.6: Proposed schematic metabolism related to drug sensitivity in OVCAR-3 and SK-
OV-3 cells.
The orange and green arrows represent upregulated metabolism, and the gray arrows represent

downregulated metabolism.

5. Conclusions

In conclusion, our comprehensive metabolomics study using well-
established ovarian cancer cellular models has yielded pivotal insights into their
distinct drug response behaviors and metabolic profiles. Our results have
elucidated pivotal metabolic pathways that segregate drug-sensitive and drug-
resistant cells. This knowledge paves the way for identifying potential targets for
innovative therapeutic strategies to surmount drug resistance and augment

chemotherapy efficacy.
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A notable observation in our study was the significant alteration in drug
sensitivity following GSH depletion, underscoring the profound role of GSH in
modulating the chemotherapy response in drug-resistant cells. These findings
bolster our understanding of chemoresistance mechanisms in ovarian cancer at
the metabolic level. Metabolomics has proven to be a powerful tool in identifying
key metabolites and pathways contributing to chemoresistance, with glutathione

playing a starring role in this metabolic narrative.

The elimination of glutathione introduced a striking shift in drug resistance
and significantly amplified drug potency, transforming the cellular response from
cytostatic to cytotoxic. This compelling evidence opens the door to exploring
strategies that target glutathione metabolism, potentially revolutionizing our

current approach to managing chemotherapy-resistant ovarian cancer.

While our current study focused on cellular models, the insights garnered
are promising for translational research and future clinical application. The
lessons learned from these cellular models could be applied to more complex
systems such as organoids, further bridging the gap between in vitro research

and in vivo application.
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Appendix A: Supplementary material.

Table S1. Annotation of significant metabolites in OVCAR-3 and SK-OV-3
obtained by C18 column. Table S2. Annotation of significant metabolites in

OVCAR-3 and SK-OV-3 obtained by HILIC column.
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4.2 Lipidomics profiling in Ovarian Cancer Cell Lines: lipid metabolism

upregulation is pivotal to drug resistance behavior and cell survival.

En esta seccion se presentan y discuten los resultados que dieron origen al
articulo “Lipidomics profiling in Ovarian Cancer Cell Lines: lipid metabolism
upregulation is pivotal to drug resistance behavior and cell survival”, el cual se

encuentra bajo revision en la revista Cancer Letters (CANLET-D-23-03947).
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Abstract

In ovarian cancer, cellular metabolism, particularly glycolysis and lipid
metabolism, plays a critical role in tumor proliferation and chemoresistance. This
study provides a comprehensive lipidomic analysis comparing two ovarian cancer
cell lines, OVCAR-3 and SK-OV-3, focusing on the impact of glycolysis inhibition
on lipid metabolism. Utilizing liquid chromatography-mass spectrometry (LC-MS)
lipidomics and multivariate statistical analyses, including Principal Component
Analysis (PCA) and Orthogonal Partial Least Squares Discriminant Analysis

(OPLS-DA), we elucidated distinct lipidomic profiles between these cell lines.

The study revealed a significant reliance of OVCAR-3 cells on glycolysis for
survival, indicated by a pronounced decrease in cell viability upon treatment with
the glycolysis inhibitor 2-deoxy-D- glucose (2-DG). In contrast, SK-OV-3 cells
exhibited sustained viability despite reduced proliferation, suggesting an
alternative metabolic pathway for energy production. Further, our lipidomic
analysis identified 27 significant lipids across various subclasses, predominantly
upregulated in SK-OV-3 cells. This included an abundance of
glycerophospholipids, ether-linked phospholipids, and oxidized sphingomyelins,

marking a distinct metabolic phenotype.

PCA and OPLS-DA models further highlighted the stark metabolic differences
between the cell lines, demonstrating a clear separation based on lipidomic

profiles. The SK-OV-3 cells showed an upregulation in most lipid categories,
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indicating a robust lipid metabolism, in contrast to OVCAR-3 cells. The subclass
categorization and normalized intensity plots provided insights into the specific
lipid subclasses upregulated in each cell line, with glycerophospholipids being the
most abundant in SK-OV-3. Our findings underscore the metabolic flexibility of
ovarian cancer cells in response to glycolytic inhibition and reveal the potential of
targeting lipid metabolism in ovarian cancer therapeutics. The distinct lipidomic
profiles observed suggest new avenues for research into the metabolic

vulnerabilities of different ovarian cancer subtypes.

Keywords: Ovarian cancer, lipidomics, glycerophospholipids, SK-OV-3 cells.
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1. Introduction

Ovarian cancer (OC) is one of the deadliest malignancies affecting women.
It ranks as the fifth leading cause of cancer-related deaths among women
worldwide and is the second most common cause of mortality among all
gynecologic malignancies [1, 2]. Unfortunately, OC is associated with a five-year
relative survival rate ranging between 30% and 40%, highlighting its high lethality
[3, 4]. Moreover, less than 20% of patients respond favorably to highly resistant
chemotherapy, further reducing highlighting its high lethality in the survival rate [5,

6].

A significant factor contributing to the poor prognosis of ovarian cancer is
the frequent diagnosis of the disease at advanced stages, which worsens its
severity [7]. Ovarian cancer rapidly spreads within the peritoneal cavity, promoting
metastasis. This process is facilitated by significant metabolic shifts, including
alterations in glycometabolism, amino acid metabolism, and lipid metabolism,

contributing to the aggressiveness of the disease [8].

Previously, we utilized a metabolomics approach to characterize the
sensitivity and resistance of ovarian cancer cells to chemotherapy, specifically
OVCAR-3 and SK-OV-3 cells representing sensitive and resistant phenotypes,
respectively. Our findings indicated that glycolytic metabolism was associated
with the sensitive OVCAR-3 cells, while lipid metabolism was linked to the

resistant SK-OV-3 cells [9].
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Lipid metabolism plays a crucial role in carcinogenesis, promoting energy
for cancer cell growth, acquiring drug resistance, and contributing to carcinogenic
signaling within the tumor microenvironment [10]. In OC, a high correlation exists
with Fatty Acid uptake from food or adipocyte lipolysis induction, leading to
increased B-oxidation and promoting tumor growth with a poor prognosis [11].
Conversely, a high lipid unsaturation activity has been reported in ovarian cancer
stem cells, which is associated with drug resistance and tumor relapse [12]. Given
the importance of lipid metabolism in ovarian cancer and its close relationship with
chemoresistance, it is crucial to elucidate whether specific lipid families contribute
to changes associated with drug resistance. Our study utilized lipidomics to
elucidate the lipid metabolic profiles of OVCAR-3 and SK-OV-3 cells. We aim to
deepen our understanding of the relationship between lipid metabolism and drug
sensitivity, enhance our comprehension of ovarian cancer lipid metabolism, and

identify potential strategies for overcoming drug resistance.

2. Material and methods
2.1. Chemical and reagents

Trichloroacetic acid (TCA) and acetic acid were acquired from Winkler,
Chile, Sulforhodamine B (SRB), Tris Base, and 2-Deoxy-D-glucose D8375 (2-
DG), were purchased from Sigma-Aldrich. Fetal bovine serum was purchased

from Hyclone, Cytiva. Solutions of trypsin TrypLE™ and Roswell Park Memorial
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Institute 1640 (RPMI-1640) were procured from Gibco. For LC-MS analysis,
water, formic acid, methanol, Methyl tert-butyl ether (MTBE), acetonitrile,
isopropanol (IPA), and ammonium formate of LC/MS grade were obtained from

Sigma-Aldrich.

2.2. Cell culture

2.2.1. Cell lines

Human epithelial ovarian adenocarcinoma cell lines OVCAR-3 (HTB-161)
and SK-OV-3 (HTB-77) were acquired from the American Type Culture Collection.
The cells were cultured in an RPMI-1640 with Glutamine and Sodium Pyruvate
medium containing 10% fetal bovine serum and 100 units/mL penicillin-
streptomycin antibiotic mixture in a 95% relative humidity atmosphere containing

5% CO:2 at 37°C and harvested at confluence using TrypLE™.

2.2.2. Effect of glycolysis inhibition on cell proliferation.

To investigate the effect of glycolysis inhibition we used a 2-DG treatment
on cell proliferation. OVCAR-3 and SK-OV-3 cells were evenly seeded in a 96-
well plate, with a concentration of 5 x 102 cells per well in 100 pL of cell
suspension. Cell viability was assessed using the Sulforhodamine B (SRB)
method [13]. The cells were treated with 50 mM 2-DG for five days, and cell

viability was determined per day. For the SRB method, cells were fixed with 10%
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(w/v) Trichloroacetic acid (TCA) and stained with 0.057% (w/v) SRB in 1% (v/v)
acetic acid. After the stipulated incubation period, the bound dye was dissolved in
a 10 mM Tris base, and absorbance was measured at 510 nm using a multiplate
reader (Synergy 2, BioTek Instruments). Finally, the results are presented by cell

number.

2.3 Lipidomics analysis
2.3.1 Samples Extraction

The sample extraction followed a previously established solvent-scrapping
protocol with some modifications [14]. The SK-OV-3 and OVCAR-3 cells were
seeded into 100 mm plates, each consisting of four replicate wells and two
counting wells. The counting wells were trypsinized and counted, and 8 x 106 cells
were obtained for each replicate. The media was removed from the wells and

washed twice with water before removal.

For lipidome extraction, a 2 mL mixture of MTBE, methanol, and water
(5:3:2) was added to each plate, and cells were scraped off. The samples were
then briefly placed in liquid nitrogen. Next, cell disruption was performed using a
Precellys Evolution Homogenizer (Bertin Instrument) with two cycles of 90
seconds at 6000 rpm. Subsequently, the cells were centrifuged at 13000 x g at 4
°C for 15 minutes, and the resulting supernatants were transferred to new tubes

for liquid-liquid extraction by adding 400 pL of water and an equal volume of
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MTBE. Each sample was mixed with the Precellys Evolution Homogenizer for two
cycles of 90 seconds at 4500 rpm. After centrifugation at 13,000 x g at 4 °C for 15
minutes, the two phases were separated with a distinct interface. The hydrophilic
(top layer) and hydrophobic (bottom, lipidomics) fractions were carefully
transferred to new tubes and dried in a vacuum centrifuge using a Refrigerated
Centrivap Concentrator at 4 °C. The dried extracts were stored at -80 °C until

further analysis.

Before analysis, the hydrophobic extracts with 200 pL of cold 80%
methanol/IPA were then homogenized using a Precellys Evolution Homogenizer
and centrifuged at 13,000 rpm at 4 °C for 5 minutes. The supernatant was
transferred to 150 L inserts in 1.5 mL amber vials, and with 50 uL of each sample,
the Quality Controls (QCs) were built. These vials were placed in a liquid
chromatography autosampler maintained at 4°C, following a pre-determined

random sequence that began with three blank samples, including QCs.

2.3.2 LC-MS Analysis

Lipidomics analysis was conducted using a UHPLC-DAD Bruker Elute LC
system coupled to a Q-TOF spectrometer Compact (Bruker, Bremen, Germany).
The control system utilized was Compass HyStar (Bruker), and data acquisition
was managed with Bruker otofControl 4.1.402.322-7977-vc110 6.3.3.11 software.

Data analysis was performed using Compass DataAnalysis 4.4.200 (Bruker)
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software and MetaboScape 3.0 (Bruker Daltonics, Bremen, Germany). The
chromatographic column utilized in this study was a Phenomenex column
Kinetex® C18, with dimensions of 100 x 4.6 mm and particle size of 2.6 um,
located in Torrance, CA, USA. The column was maintained at a stable

temperature of 60 °C throughout the analysis.

The mobile phase consisted of two solvents: solvent A, a mixture of
acetonitrile and water in a 60:40 ratio, containing 0.1% formic acid and 10 mM
ammonium formate, and solvent B, a combination of isopropanol and acetonitrile
in a 90:10 ratio, also containing 0.1% formic acid and 10 mM ammonium formate.
The flow rate was set at 0.6 mL/min, and each injection volume was 10 uL. The
gradient of mobile phase B was as follows: starting from 15%, it increased to 30%
over 2 minutes, then to 48% within 0.5 minutes, followed by 82% within 8.5
minutes, and reaching 99% within 0.5 minutes. After holding at 99% for 0.5
minutes, it decreased to 15% in 0.1 minutes and finally maintained at 15% for 2.9

minutes, with a 3-minute stabilization period.

For the mass spectrometry (MS) analysis, the instrument operated under
positive ionization mode (ESI +4500 V) and negative ionization mode (ESI -
3500V). The dry gas flow rate was 9 L/min, and the nebulizer pressure was
maintained at 2 Bar. The temperature was set to 200°C, and the end capillary
voltage was adjusted to 500 V. Collision energy was used in stepping mode in the

20-50 eV range. The Auto MS/MS mode with 2 precursor ions per cycle was
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employed. The scan range was set from 50 to 1500 m/z, and the scan time was
0.2 seconds in centroid mode. For internal calibration, sodium formate with 10%
formic acid and a concentration of 1 M was used, ensuring a mass accuracy of

less than 3 ppm.

2.3.3 Data processing and statistics.

The bucket table was processed in MS-DIAL ver. 4.70. This software
transformed the raw data into a matrix with the features (m/z — retention time (tR)
pairs and normalized peak intensity) (file .txt). The workflow included mass
recalibration, tR alignment, feature extraction (m/z — tR pairs), adducts
administration, QCs normalization, blanks filtered, import of MS/MS spectra, and
generation of the Bucket Table. In the process of lipid annotation, the identification
of metabolites was accomplished by comparing the obtained spectra with the

LipidBlast database [15], only ms/ms identification was considered in the analysis.

Before, the buckets tables were exported to the MetaboAnalyst 5.0 online
software for the analysis pipeline [16, 17]. After uploading, the data was filtered
on standard deviation, and Pareto scaling. Then, fold change analysis was used
to visualize differences by lipids categories. An unsupervised model was used,
applying principal component analysis (PCA) to uncover inherent cluster patterns
in the data [18]. The results showed a natural separation of the data with PCA

reliability, followed by a supervised method to enforce class separation [19]. The
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supervised modeling method, Orthogonal Projection to Latent Structures
Discriminant Analysis (OPLS-DA), was then applied to the dataset to discover
correlated features and select significant characteristic features of the group using
an S-plot. The regression method used LC-MS data as the X, and the binary

vector Y was formed with O for the OVCAR-3 class and 1 for the SK-OV-3 class.

2.4. Statistical Analysis.

Graphs and statistical analysis of the data were performed using GraphPad
Prism 8. Results are expressed as either mean + standard error of the mean
(SEM). Statistical differences between the two groups were analyzed using the

Mann-Whitney test, with a p-value <0.05 considered statistically significant.

3. Results

3.1 Glucose uptake inhibition by 2-DG decreases cell proliferation in OvCa cells.

In oncology, the inhibition of glycolysis impairs cellular proliferation and
compromises viability. First, we elucidate the consequences of glycolytic
interference on the proliferative capacity of OVCAR-3 and SK-OV-3 cells. Cells
were exposed to 50 mM 2-deoxy-D-glucose (2-DG), a glycolytic inhibitor, over five
days. An immediate suppressive effect on cellular proliferation was noted from
the initial day of 2-DG treatment in both cell lines. Notwithstanding, subsequent

days revealed divergent proliferation patterns between the two. Specifically,
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OVCAR-3 cells exhibited a reduction in cell count from an initial 20,000 to
approximately 10,000 cells per well post the first day of 2-DG administration. The
decline in cell viability persisted, with a significant diminution to roughly 1,500 cells

per well by day five of treatment, as depicted in Figure 1A.

In contrast, SK-OV-3 cells exhibited a marked inhibition of proliferation
commencing from the initial day of treatment with 50 mM 2-DG. However, in
divergence from the OVCAR-3 cell response, SK-OV-3 cells maintained a stable
cell count throughout the subsequent incubation period, indicating an arrest in
proliferation without a further decline in cell numbers (Fig. 1B). These
observations underscore the pronounced dependency of OVCAR-3 cells on
glycolysis for proliferation and survival. In contrast, the SK-OV-3 cells, despite a
reduction in proliferation, demonstrated sustained viability throughout treatment,

implying reliance on alternative metabolic pathways for energy production.

OVCAR-3 SK-OV-3

Cells number
Cells number

0 T T T T 1 0 T T T T 1
0 1 2 3 4 5 0 1 2 3 4 5

Treatment time (days) Treatment time (days)

- control = + 50 mM 2-DG

132



Figure 4.2.1: Proliferation curve of OVCAR-3 and SK-OV-3 cells treated with 2-DG.

The cells were exposed to 50 mM of 2-DG for five days. (A) OVCAR-3 cells treated with 2-DG; (B)
SK-OV-3 cells treated with 2-DG. The black lines represent cells control without treatment, and
the red lines indicate cells treated. The experiments were realized in triplicate, and error bars show

the mean with SEM. (**) p <0.01, y (***) p <0.001.

3.2. Lipidomics differences between OVCAR-3 and SK-OV-3 cells.
3.2.1 Lipidomic analysis unveils a complete upregulation of lipidic metabolism in
SK-OV-3 cells rather than OVCAR-3 cells.

Inhibition of glycolysis in SK-OV-3 cells intimates their potential to utilize
alternative metabolic pathways for survival. In light of the robust association
between lipid metabolism and cancer chemoresistance and our recent
metabolomic analysis revealing divergent profiles of drug sensitivity in OVCAR-3
and drug resistance in SK-OV-3 cells—including the upregulation of metabolites
related to fatty acid metabolism—we opted to investigate lipid metabolism through
LC-MS lipidomics further. Our initial investigations, employing fold change
analysis, discerned variations between the two cell lines across different lipid
categories identified using the LipidBlast database and segregated by LC-MS
ionization modes. We quantified 4.8% fatty acids, 7.8% sterol lipids, 10.2%
sphingolipids, 22.8%  glycerolipids, and a predominant 55.5%
glycerophospholipids (Fig. 2A). Intriguingly, analyses using both ionization modes

revealed an overexpression of all lipid categories in SK-OV-3 cells, highlighting
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the crucial role of lipid metabolism in the sustenance of these cells (Fig. 2B and

20).
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Figure 4.2.2: Comparative lipidomic analysis between OVCAR-3 and SK-OV-3 cells.

Differential lipid profiles were elucidated through fold change analysis. The lipid categories are

denoted by colors in the following manner: fatty acyls (black), sterol lipids (brown), sphingolipids

(green), glycerolipids (red), and glycerophospholipids (blue). (A) Represents the proportion of lipid

categories quantified in both cell lines; (B) Depicts fold change in lipid categories as determined

by positive electrospray ionization (+ESI), with left-side dots indicating lipids preferentially

upregulated in OVCAR-3 cells and right-side dots showing those in SK-OV-3 cells; (C) lllustrates

fold change in lipid categories ascertained by negative electrospray ionization (—ESI), with the left-
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side dots and right-side dots similarly representing lipids upregulated in OVCAR-3 and SK-OV-3

cells, respectively.

To elucidate the specific lipids predominantly upregulated in both cell lines
and under each acquisition mode, we employed unsupervised multivariate
Principal Component Analysis (PCA) (Fig. 3). The score plots, delineating cell
distribution across the first three Principal Components (PCs), manifested a
pronounced divergence between OVCAR-3 and SK-OV-3 cells along PC1,
explaining 92.0% and 88.6% of the total variance in the +ESI and —ESI modes,
respectively (Fig. 3A and B). Subsequent Orthogonal Partial Least Squares
Discriminant Analysis (OPLS-DA) enabled the discrimination between the cell
lines. Consistent with PCA findings, the OPLS-DA score plots indicated a
complete bifurcation of the two cell lines and ionization methods (Figs. 3C-D). The
S-plots from the OPLS-DA models highlighted the lipids that most contributed to
the distinction between the OVCAR-3 and SK-OV-3 cells (Figs. 3E and 3F), with
lipids on the right end being characteristic of SK-OV-3 cells, and those on the left,
of OVCAR-3 cells. Analysis revealed 21 significant features in +ESI and 14 in —
ESI associated with the SK-OV-3 phenotype. Notably, no notable features
indicative of upregulation were discerned in OVCAR-3 cells. This outcome
corroborates the fold change analysis, indicating a pronounced enhancement of

lipid metabolism in SK-OV-3 cells in contrast to its suppression in OVCAR-3 cells.
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Detailed chemical data for each significant lipid metabolite are presented in Table
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Figure 4.2.3: LC-MS lipidomic data analysis for OVCAR-3 and SK-OV-3 cells in both +ESI and —
ESI modes.

PCA score plots reveal clustering within the first three principal components (PC1-PC3), with red
circles denoting OVCAR-3 and green circles representing SK-OV-3 cells; shaded regions indicate
95% confidence intervals for (A) +ESI and (B) —ESI modes. OPLS-DA score plots illustrate the
distinction between the cell lines (red for OVCAR-3, green for SK-OV-3), each with their respective
95% confidence intervals, in (C) +ESI and (D) —ESI modes. The x-axis displays the Y-predictive
component (T score [1]), highlighting variation tied to class separation, while the y-axis depicts
orthogonal variation unrelated to class distinction. S-plots (E) for +ESI and (F) for —ESI, assigned
according to Table 1, exhibit significant features impacting the model's predictive component
through a combined covariance (p[l]) and correlation (p(corr)[1]) profile, with covariance
illustrating the predictive contribution and correlation (ranging between +1) indicating prediction
reliability for class 1 (SK-OV-3). Features positioned on the right of S-plots are highly correlated
with SK-OV-3 (Y = 1) and vice versa for OVCAR-3. The selection of significant metabolites was

based on high covariance (thresholds: > |1500| for +ESI; > |400| for —ESI) and correlation (> |0.6]).

Table 4.2.1: Identification of significant features categorized by lipid subclass ontology in SK-OV-

3 obtained by lipidomics analysis.

Rt Lipid Ontology Mol. Average Ref. Adduct InChi-Key
(min) identification formula m/z m/z
9.49 PC 34:1|PC PC C42HgNOgP 760.5782 760.5851 [M+H]* WTIKGGKOPKCXL
16:0 18:1 L-UHFFFAOYSA-N
8.85 PC 32:1|PC PC C40H7sNOgP 732,5488 732,5538 [M+H]* QIBZFHLFHCIUOT-
16:0 16:1 UHFFFAQYSA-N
9.86 PC 34:1 PC C42Hg2NOgP 760,5781 760,5851 [M+H]* WTJIKGGKOPKCXL
L-UHFFFAQOYSA-N
8.61 SM SM+O C3oH7N,OcP  703,5673 703.5749 [M+H]* RWKUXQNLWDTS
34:2;02|SM LO-UHFFFAQYSA-
18:2;02/16:0 N
8.72 PC 30:0|PC PC C3gH76NOgP 706.5324 706.5381 [M+H]* RFVFQQWKPSOBE
14:0 16:.0 D-UHFFFAOYSA-N
9.44 PC 32:0|PC PC C0HgoNOgP 734.5658 734.5694 [M+H]* KILNVBDSWZSGLL
16:0 16:0 -UHFFFAOYSA-N
8.99 PE P-36:4|PE EtherPE(P) C41H7sNO,P 724.5234 724.5276 [M+H]* YITZQGLICATLN-
P-16:0 20 UHFFFAQYSA-N
10.44 PC 0-34:1|PC EtherPC C42HasNO,P 746.5981 746.6058 [M+H]* SVSLBZPEDBYFG
0-16:1 18 G-UHFFFAQYSA-N
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9 10.59 PC 0-34:1|PC EtherPC C42HgsNO,P 746.6019 746.6058 [M+H]* SIEDNCDNGMIKST
0-16:0_18:1 -UHFFFAOYSA-N
10 8.76 PE P-38:6|PE EtherPE(P) C43H74NO7P 748.5236 748.5276 [M+H]"  WVGALBKSWOUIE
P-16:0_22:6 Z-UHFFFAOYSA-N
11 10.59 PC 36:1|PC PC Cu4HgsNOgP 788.6093 788.6164 [M+H]* ATHVAWFAEPLPP
18:0_18:1 Q-UHFFFAOYSA-N
12 9.03 PE P-38:5|PE EtherPE(P) C43H76NO;P 750.5377 724.5276 [M+H]* GZEZURLIXRQSDE
P-16:0_22:5 -UHFFFAOYSA-N
13 9.31 PE 38:4|PE PE C43H7sNOgP 768.5559 768.5538 [M+H]* YEHAZLUVAZKVR
18:0_20:4 [M+H] O-UHFFFAOYSA-N
14 8.74 PC 36:4|PC PC C44HgoNOgP 782.5635 782.5694 [M+H]* JAVWFBAAZSHHA
16:0_20:4 D-UHFFFAOYSA-N
15 9.74 PE P-34:1|PE EtherPE(P) CsoH76NO7P 702.5398 702.5432 [M+H]* ZVVYJAAMWXATN
P-16:0_18:1 Y-UHFFFAOYSA-N
16 11.04 SM SM+O C47Hg3N206P 813.6773 813.6844 [M+H]* WKZHECFHXLTOL
42:2;,02|SM J-UHFFFAOYSA-N
18:1;02/24:1
17 10.25 PC 0-34:2|PC EtherPC C42HgNO,P 744.5843 744.5902 [M+H]* WDQJCKHLEYAET
0-16:1 18:1 [M+H]  E-UHFFFAOYSA-N
18 9.15 PC 36:3 PC CasHg2NOgP 782.5635 782.5694 [M+H]* GDWULUGDXGHJI
J-UHFFFAOYSA-N
19 8.65 PE 38:5|PE PE Cu3H76NOgP 766.5325 766.5381 [M+H]* ZYMZKMQPPJPQH
18:1 20:4 Y-UHFFFAOYSA-N
20 8.81 SM 34:0;02 SM+0O C3gHg1N2O6P 705.5849 705.5905 [M+H]* JIOJUELCHJZSCJ-
UHFFFAOYSA-N
21 9.72 PE P-38:4|PE EtherPE(P) C43H7sNO,P 752.5541 752.5589 [M+H]* ZTZQZGHJILWFLF
P-18:0 20:4 Q-UHFFFAOYSA-N
22 9.52 RIKEN N-VS1 - - 804.5746 804.5569 [M+H] -
ID-6109 from
Mouse_Plasm
a_ApoEKO_N
F1DHA
23 9.00 PE O-36:5|PE EtherPE C41H7NO7P 722.5118 722.5130 [M+H] YITZQGLIICATLN-
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3.2.2 Fatty acids, glycerophospholipids, and sphingolipids are strongly associated
with metabolism in SK-OV-3 cells.

Informed by our statistical analyses, we refined our data categorization to
include only the twenty-seven lipids identified by the LipidBlast database and
deemed significant within distinct lipid subclass nomenclatures [15]. The findings
are delineated by subclass percentages and depicted through comparative
normalized intensity plots for both cell lines. Within the fatty acid category, two
free fatty acids demonstrated upregulation (7%) (Fig. 4A). Among the
glycerophospholipids, which were more prevalent in SK-OV-3 relative to other
lipid families, eight phosphatidylcholines exhibited a significant increment (30%)
(Fig. 4B), alongside two ether-linked phosphatidylcholines (2%) (Fig. 4C), two
phosphatidylethanolamines (7%) (Fig. 4D), five ether-linked
phosphatidylethanolamines (19%) (Fig. 4E), one phosphatidylinositol (4%) (Fig.
4F), and four ether-linked oxidized phosphatidylethanolamines (15%) (Fig. 4G).
Of the sphingolipid category, three oxidized sphingomyelins were identified (11%)

(Fig. 4H).
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Table 4.2.2: Differential lipid subclass upregulation in OVCAR-3 and SK-OV-3 cells.

The figure presents normalized intensity data for (A) free fatty acids, (B) phosphatidylcholines, (C)
ether-linked  phosphatidylcholines, (D) phosphatidylethanolamines, (E) ether-linked
phosphatidylethanolamines, (F) phosphatidylinositol, and (G) oxidized sphingomyelins. The
subclasses are illustrated with red bars for OVCAR-3 and green bars for SK-OV-3 cells. All values
are expressed as mean * standard error of the mean (SEM) for n=4 biological replicates. Statistical

significance is indicated by (*) p <0.05, (**) p <0.01, (***) p <0.001, and (****) p <0.0001.
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4. Discussion

In this study, we assessed the dependence on glycolytic metabolism in
ovarian cancer cell lines previously characterized as chemosensitive (OVCAR-3)
and chemoresistant (SK-OV-3) [9]. Our data reveal that SK-OV-3 cells do not rely
solely on glycolysis for survival. This led us to explore whether variances in
lipidomic profiles could elucidate the role of lipid metabolism in sustaining cellular
viability. Notably, we identified a marked elevation in lipid concentrations,
particularly glycerophospholipids, and sphingolipids, in SK-OV-3 cells, whereas
lipid metabolism appeared markedly diminished in OVCAR-3 cells. These findings
align with recent observations in SK-OV-3 demonstrating heightened lipid
biosynthesis, as lipid droplets indicate. Further, the inhibition of this biosynthetic
pathway using statins has been documented to suppress cell proliferation,
migration, and invasion, concurrently augmenting chemosensitivity both in vitro

and in vivo [20].

To understand their metabolic implications, we delved deeper into the
lipidomic profiles, focusing on the subclasses most significantly represented in
SK-OV-3 cells. We identified a fascinating interplay between glycolytic
metabolism and the phosphatidylcholine cycle. Glycolytic by products like
dihydroxyacetone phosphate and glyceraldehyde 3-phosphate contribute to the
formation of glycerol 3-phosphate, a precursor for phosphatidate and
diacylglycerol (DAG), which is involved in phosphatidylcholine (PtdCho)
biosynthesis. Additionally, 3-phosphoglycerate, another glycolytic intermediate,
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serves as a precursor for sphingolipids, including their oxidized forms detected in

our study [21].

We observed an enrichment of lipid droplets in SK-OV-3 cells, previously
reported in the literature. These cells exhibited an abundance of
phosphatidylcholine (PC), a precursor to potent lipid mediators like prostaglandin
E2 (PGE2), lysophosphatidic acid (LPA), and platelet-activating factor (PAF).
These mediators modify the tumor microenvironment and play roles in immune
evasion, promoting cancer cell proliferation and survival. Intriguingly, we found
elevated levels of phosphatidylinositol (PI), known to decrease in ovarian cancer
as the cell generates second messengers from phosphatidylinositol to activate

the PI3K/AKT signaling pathway, crucial for tumor survival [22].

Our study also highlighted the presence of oxidized lipids, which may
participate in fatty acid (FA) biosynthesis, promoting ATP production through
beta-oxidation. PtdCho undergoes hydrolysis by phospholipase A2 (PLA2),
yielding lysophosphatidylcholine (lyso-PC) and arachidonic acid (AA). COX2
enzymes catalyze AA to PGE2, and lyso-PC acetyltransferases (LPCATS) convert
lyso-PC to PAF. Alternatively, lyso-PC is hydrolyzed by autotaxin (ATX) to form
LPA. These lipid mediators, including PGE2, PAF, and LPA, bind to specific
receptors, promoting cancer cell proliferation, survival, and migration. PtdCho is
also hydrolyzed by phosphatidylcholine phospholipase C (PC- PLC) and D (PC-

PLD), generating diacylglycerol (DAG) and phosphatidic acid (PA), which activate
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the protein kinase C (PKC) pathway and are crucial for mTOR activity,
respectively. These catabolic products are implicated in therapy resistance [23].
Hydrolysis products of Pl and its phosphorylated derivatives such as PIP, PIP2,
and PIP3 are second messengers that activate the PI3K/AKT signaling pathway,
significant in cancer treatment modalities like chemotherapy and radiotherapy [24,

25].

5. Conclusion

In conclusion, our data indicate that chemoresistant SK-OV-3 cells utilize
glycolysis for lipid biosynthesis, accumulating lipid droplets that support energy
production through beta-oxidation. In response to drug treatment, these cells
generate secondary mediators facilitating cell survival, proliferation, and immune

evasion.
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CONCLUSIONES GENERALES

El cancer de ovario, una de las malignidades ginecoldgicas mas mortales,
se diagnostica principalmente en etapas avanzadas, contribuyendo a una baja
tasa de supervivencia a 5 afios. Ademas, la alta recurrencia después del

tratamiento se debe a mecanismos de quimiorresistencia.

La propuesta de trabajo fue investigar el papel de los metabolitos en los
mecanismos de resistencia a agentes antineoplasicos en células de cancer de
ovario mediante una estrategia analitica basada en metabolémica utilizando
UHPLC-HR-QTOF-MS, con el fin de comprender mejor las vias metabdlicas

alteradas y su impacto en los parametros farmacoldgicos.

Nuestro estudio de metabolémica utilizando células de cancer de ovario
OVCAR-3y SK-OV-3, como modelos de células sensibles y resistentes a agentes
antineoplasicos entrego las siguientes conclusiones que responden a la hipotesis

establecida:

1. Nuestros resultados han identificado las principales vias metabdlicas que
diferencian entre las células sensibles (OVCAR-3) y resistentes (SK-OV-
3) a agentes antineoplasicos.

2. La metabolémica demostrd ser una herramienta poderosa para identificar

metabolitos claves y vias que contribuyen a la quimiorresistencia.
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3. La eliminacion del glutation generd un cambio notable en la resistencia a
los agentes antineoplasicos y aumento significativamente los parametros
farmacoldgicos, transformando ademas la respuesta celular de citostatica
a citotoxica.

4. Las células SK-OV-3, resistentes a agentes antineoplasicos, no son
dependientes de la glucolisis y presentan un aumento en la biosintesis de
lipidos, que podrian respaldar la produccién de energia a través de la beta-
oxidacion.

5. Aunque nuestro estudio actual se centr6 en modelos celulares, las
conclusiones obtenidas ofrecen perspectivas prometedoras para la

investigacion traslacional y futuras aplicaciones clinicas.
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ANEXOS

Table S1: Annotation of significant metabolites in OVCAR-3 and SK-OV-3 obtained by C18 column.

n Rt Metabolite identification Metabolite Mol. Theor Foun m/z MS/MS Adduct InChi-Key Cell Ident.
(min) class formula m/z dm/z error m/z (ESI Upregul Level
(pp mode) ated (A-D)
m)?
1 5.87 1-[5-(4-mesylphenyl)-2- - CisHoN,O  308.11  307.1 1.95 229.1, [M-H]~ BNEBONHNR SK-0V-3 B
pyrazolin-1-yl]-2,2-dimethyl- 3S 93 120 158.1, [M-HJ* MQHEE-
propan-1-one 137.1, UHFFFAQYSA-
117.0, N
98.0
2 5.87 3-[1-(methanesulfonamido)- - CieHoNO 352,10 351.1 0.69 353.0, [M-H] AMNAHJKULW  SK-OV-3 B
5-m-phenetyl-pyrrol-2- 5S 94 021 307.1, [M-H]* SFBK-
yl]propionic acid 273.1, UHFFFAQYSA-
229.1, N
137.7,
117.0
3 1.46 Unknow - Ci5H1509 378.09 377.0 5.56 377.1, [M-H]~ - SK-0OV-3 C
31 858 263.1,
237.1,
221.1,
179.0,
161.0,
143.0,
119.0,
101.0
4 5.87 Unknow - CisHisN,O  230.14  229.1 0.51 137.1 [M-H]~ - SK-0OV-3 C
18 345
5 4.95 Unknow - - 13125 655.2 - n.d [M-H- - SK-0OV-3 D
758 806 H]*
6 11.53 Unknow - CxH3sNeO  392.29  391.2 3.14 391.3, [M-H] - SK-OV-3 C
2 20 837 355.3,
345.3,
327.3,
311.2
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7 5.86 2-[[16-[(8-sulfo-2- - CzHsoN,O 70421 7032 0.32 351.1, [M-H]~ NWUAODCFJL  SK-OV-3 B
quinolyl)methyl]-1,4,10,13- 10S2 71 098 307.1, EZEP-
tetraoxa-7,16- 273.1, UHFFFAQOYSA-
diazacyclooctadec-7- 229.1, N
yllmethyl]quinoline-8- 137.1
sulfonic acid
8 7.37 2-cyano-N-(cyanomethyl)- - Cx7HsN;O  527.17  526.1  7.17 526.2, [M-H]~ VBUJIGKATM SK-0V-3 B
2-[3-ethyl-5-[[3-[(2-indolin- 3S 19 646 408.1, CVFL-

1- 350.1, UHFFFAQYSA-
ylacetyl)amino]anilinojmeth 333.1, N
ylene]-4-keto-thiazolidin-2- 307.1,

ylidene]acetamide 289.1,
255.1,
236.0,
208.0,
192.0,
168.1,
158.1,
149.0,
127.1
9 3.12 Pantothenate Vitamins CoHi7/NOs  219.11  218.1 1.85 218.1, [M-H]~ GHOKWGTUZ  SK-OV-3 B
09 036 146.1, JEAQD-
116.7, ZETCQYMHSA
99.0, -N
88.0
1 3.62 Tryptophan L-alpha- CuHN,O  204.08  203.0 1.05 203.1, [M-H]~ QIVBCDIJIAJP  SK-OV-3 B
0 amino acid 2 98 825 186.0, Qs-
159.1, VIFPVBQESA-
142.1, N
130.1,
121.0,
116.0
1 4.74 Unknow - CisHisN,O  290.10  289.1 1.44 241.1, [M-H]~ - SK-0OV-3 C
1 2S 93 021 171.1,
157.1
1 1.49 Unknow - CxHiNO  580.21  579.2  0.66 579.2, [M-H] - SK-OV-3 B
2 15S 45 072 237.1
1 5.90 2-[3-[2-[3-[2-[4-amino-2- - CosH3sN1o 616.23 6152 0.35 307.1, [M-H]~ OBQONIDWR  SK-OV-3 B
3 (methylthio)-5-nitro- 0.4S> 73 300 229.1, DMTAG-
anilino]ethyl]-4-imidazolin- 189.1, UHFFFAQYSA-
1-yl]ethyl]-4-imidazolin-1- 137.1, N
yllethyl-[4-amino-2- 98.0
(methylthio)-5-nitro-
phenyllamine
1 3.13 Unknow - - 482.11  481.1 - 481.1, [M-H] - SK-OV-3 C
4 38 066 338.0,
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304.1,
272.1,
254.1,
226.1,
210.1,
176.0,
153.1,
143.0,
128.0,
98.1

4.90

Methylhippuric acid

N-acylglycine  CyoH11NO3

192.0 0.04
665

102.9

M-H]”

YOEBAVRJHR
CKRE-
UHFFFAQYSA-
N

SK-OV-3 B

4.74

4-[(E)-(2-methyl-1H-indol-3-
yl)methyleneamino]-3-(4-
pyridyl)-1H-1,2,4-triazole-5-
thione

- C17H1aNeS

333.0 228
920

289.1,
24511,
237.1,
211.1,
171.1,
157.1,
131.0

M-H]”

JMZWXKNFUA
EBCC-
VXLYETTFSA-
N

SK-OV-3 B

5.93

Unknow

- C16H18N0
4S

334.09

333.0 255
916

255.1,
237.1,
211.1,
201.1,
171.1,
157.1,
116.0

M-H]”

- SK-OV-3 c

5.59

Unknow

428.22
67

427.2 -
194

427.2,
409.2,
397.2,
353.2,
296.1,
266.1,
242.2,
226.1,
208.1,
187.1,
166.1,
143.1,
237.0,
109.0

M-H]”

- SK-OV-3 C

2.93

Phenylalanine

Amino acids CgH11NO,

165.07
86

164.0 3.03
713

164.1,
147.0,
119.0,

M-H]”

VVHOUVWJIC
QOYGG-
REOHCLBHSA
N

SK-OV-3 B
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103.0,
96.9

8.07 N-[1-[[(4S)-3-methylol-1-
(6H-1,3-oxazin-2-
ylsulfonyl)azepan-4-
yllcarbamoyl]butyl]-5-nitro-
2-furamide

- C21H29NsO
oS

527.17
22

526.1
649

6.98

482.2,
438.2,
350.1,
289.1,
255.1,24
5.1,
236.0,
192.0,
158.0,
137.1,
127.1,
117.0

M-H]”

QNCHYYQOG
ATAFJ-
PCKAHOCUSA
N

SK-OV-3

B

5.86 Unknow

- Ci5H1gN20O

274.13
17

273.1
245

0.73

227.2,
137.1

M-H]”

SK-OV-3

5.88 Unknow

3
- CagH3oN1g
0,S,

660.22

659.2
215

1.68

n.d

M-H]”

SK-OV-3

WNINNEFEN

4.74 Unknow

668.19
98

667.1
926

333.1,
289.1,
131.0

M-H]”

SK-OV-3

2.93 Unknow

119.07
10

120.0
783

103.0

M-HI"

SK-OV-3

NN

Benzylpenicillin

Carboxylic C16H1eN20O
acids and 4S
derivatives

334.09
59

335.1
029

8.08

335.1,
289.1,
243.1,
190.0,
159.1,
128.0,
113.0,
91.0

M-HI"

JGSARLDLIG
VTE-
MBNYWOFBS
A-N

SK-OV-3

5.86 4-[4-[[[2-(4-Ox0-1,3-
thiazolidin-3-
yl)acetylJamino]methyl]phen
oxy]butanoic acid

- C16H20N20
5S

352.10
66

353.1
140

5.96

335.1,
309.1,
292.1,
263.1,
217.1,
202.0,
174.0,
160.0,
128.0,
114.0,
91.0

M-H]"

QFINZWWND
AUXPR-
UHFFFAQOYSA-
N

SK-OV-3

3.94 3-Indoleacrylate

Indoles and C11HgNO,
derivatives

187.06
26

188.0
701

2.79

170.1,
146.1,
118.1,

M-H]"

PLVPPLCLBIE
YEA-

SK-OV-3

B
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115.0, AATRIKPKSA-
104.14, N
91.0
2 5.86 Unknow - CeHoNO,S 159.03 160.0 0.67 n.d [M-H]* - SK-OV-3
8 57 429
2 3.94 Unknow - 113.08 114.0 - 114.1 [M-HJ* - SK-0OV-3
9 21 889
3 2.93 Phenylalanine Aminoacids CoHi:NO,  165.07 166.0 0.73 120.1, [M-HJ* VVHOUVWJIC  SK-OV-3
0 88 864 107.0, QOYGG-
103.0, REOHCLBHSA
91.0 -N
3 1.41 Unknow - CioH1sNsO  364.09 365.1 1.96 365.1 [M-H]* - SK-OV-3
1 9 71 044
3 1.44 4-O-[4-O-beta-D- - Cx»H3sN,O  602.19 603.2 3.16 603.2, [M-H]* COLNVLDHVK  SK-OV-3
2 Mannopyranosyl-2- 15S 71 041 365.1, WLRT-
(acetylamino)-2-deoxy- 283.1, QMMMGPOBS
beta-D-glucopyranosyl]-2- 261.1, A-N
(acetylamino)-2-deoxy-1- 239.1
thio-beta-D-glucopyranose
3 5.89 Unknow - C7H1:NO;, 173.05 174.0 1.78 90.1 [M-H]* PLVPPLCLBIE SK-OV-3
3 S 08 581 YEA-
AATRIKPKSA-
N
3 1.33 Unknow - - 260.07 261.0 - 261.1, [M-HJ* - SK-OV-3
4 95 868 203.0,
174.0,
157.1,
131.1,
100.1
3 1.88 2-Phenylacetamide Phenylaceta CsHyNO 135.06 136.0 11.1 n.d [M-H] LSBDFXRDZJ  SK-OV-3
5 mides 68 740 2 MBSC-
UHFFFAOQYSA-
N
3 1.89 Phenylpyruvate Phenylpyruvic CoHgO3 164.04  165.0 0.63 123.0, [M-H]* BTNMPGBKDV  SK-OV-3
6 Acids 71 549 95.0, TSJIY-
91.0 UHFFFAQOY SA-
N
3 3.69 Unknow - CiHisN,O  334.09 3351 871 335.1, [M-H]* - SK-0V-3
7 4S 58 031 289.1,
257.1,
203.1,
159.1,
114.0,

91.0




1.22 Unknow

260.07
90

283.0
682

301.1,
283.1,
239.0

[M-Na]*

- SK-OV-3 B

2.25 L-isoleucine

Amino acids,
peptides, and
analogues

CeH13NO;

131.09
28

132.1
001

12.4

n.d

[M-H]*

- SK-OV-3 B

1.45 Unknow

Ci16H1402

238.09
85

237.0
912

3.76

237.1

M-H]”

- OVCAR- C
3

1.74 Glutathione

Oligopeptide

Ci1oH17N3O0
6S

307.08
41

306.0
767

0.38

306.1,
288.1,
272.1,
260.1,
254.1,
242.1,
228.1,
210,
197.0,
179.0,
166.1,
160.0,
153.1,
143.0,
135.0,
128.0,
123.0,
112.0,
99.0

M-H]”

RWSXRVCMG  OVCAR- B
QZWBV- 3
WDSKDSINSA-
N

3

6.60 [4-[2-(4-carbethoxythiazol-
2-yl)-2-
(pivaloylamino)ethyl]phenyl]
sulfamic acid

Ci19H25N30
652

455.11
85

454.1
112

1.37

454.1,
410.1,
376.1,
342.1,
332.1,
298.1,
255.1,
229.1,
241.1,
180.1,
158.0

M-H]”

WDRLFWGIW _ OVCAR- B
NRZOQ- 3
UHFFFAOYSA-
N

z

1.59 UDP-N-acetyl-D-
galactosamine

Nucleoside
Diphosphate
Sugars

C17H27N3O
17P2

607.08
09

606.0
737

0.96

606.1,
402.9,
384.9,
362.0,
323.0,
295.0,
272.9,
237.1,

M-H]”

LFTYTUAZOP OVCAR- B
RMMI- 3
UHFFFAQYSA-
N
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176.9,
158.9,
96.9

1.95

N-Acetylaspartylglutamic
acid

Dipeptides

C11H16N20
8

304.09
02

285.0
732

1.92

306.1,
285.1,
272.1,
255.2,
242.1,
226.0,
210.1,
182.0
155.0,
146.0,
128.0,
110.0,
102.0,
96.0

[M-H-
H,0]"

OPVPGKGAD
VGKTG-
BQBZGAKWS
A-N

OVCAR-
3

1.88

N-Acetylaspartylglutamic
acid

Dipeptides

C11H16N20
8

304.08
96

303.0
823

1.92

306.1,
285.1,
272.1,
255.2,
242.1,
237.1,
226.0,
210.1,
182.0,
155.0,
146.0,
138.1,
128.0,
110.0,
102.1,
96.0

M-H]”

OPVPGKGAD
VGKTG-
BQBZGAKWS
AN

OVCAR-
3

1.73

N-acetyl-L-aspartate

Amino Acid

175.04
79

174.0
406

0.60

174.0,
156.0,
130.0,
115.0,
96.9,
88.0

M-H]”

OTCCIMWXFL
JLIA-
BYPYZUCNSA
-L

OVCAR-

1.92

beta-Citrylglutamate

N-acyl-L-
alpha-amino
acid

C11H15N01
0

321.06
99

320.0
626

0.60

302.0,
284.0,
240.0,
216.0,
196.1,
172.1,
146.0,

M-HT”

GAQNUGISBQ
JMKO-
YFKPBYRVSA-
N

OVCAR-
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128.0,

110.0
9 1.33 Unknow - CgH»00,S;  276.05  277.0 247 277.1, [M-HJ* - OVCAR- C
33 606 221.0, 3
104.1,
96.9
1 1.24 Glycerophosphocholine Glycerophosp  CgHzoNOg 257.10 280.0 4.75 n.d [M-Na]* SUHOQUVVVL OVCAR- B
0} hates P 11 900 NYQR- 3
UHFFFAQYSA-
N
1 1.28 Unknow - CsH1s05P 218.01 219.0 3.49 147.1, [M-HJ* - OVCAR- C
1 S, 93 266 130.0, 3
101.1
1 1.42 Unknow - C4HsN30, 131.06  132.0 18.9 n.d [M-H]* - OVCAR- D
2 69 742 3
1 1.49 Unknow - C4HyN30, 131.06  132.0 17.4 n.d [M-H] - OVCAR- D
3 71 744 6 3
1 1.74 Cysteinylglycine Dipeptide CsHioN,O3  178.04  179.0  0.02 94.1 [M-H] ZUKPVRWZD OVCAR- B
4 S 11 483 MRIEO- 3
VKHMYHEASA
-N
1 1.45 Glutamine Aminoacid CsHoNoO;  146.06  147.0 453 130.0 [M-H]* ZDXPYRIJPND  OVCAR- B
5 84 757 TMRX- 3
VKHMYHEASA
-N

aMean accurate mass error for negative and positive ESI acquisition modes, respectively.

n.d.: not detected; InChi-Key: IUPAC international chemical identifier according to PubChem; Level of identification (A-D): A-standard

or NMR, B-MS/MS, C-MSE, D-MS only.

163



Table S2: Annotation of significant metabolites in OVCAR-3 and SK-OV-3 obtained by HILIC column.

n Rt Metabolite identification Metabolite Mol. Theor  Found m/z MS/M  Adduct InChi-Key Cell Ident.
(min) class formula m/z m/z error S (ESI Upregul Level
(pp m/z mode) ated (A-D)
m)?
1 1.39 1-[[4-[2- - CsHsN,  486.2 48528 0.20 487.3, [M-HT WUKMLNGOE SK-OV-3 B
[Hexyl(methyl)amino]ethoxy]ph O3 886 14 486.2 CUKLO-
enyllmethyl]-2-(4- 85, UHFFFAOYSA-
hydroxyphenyl)-3-methylindol- 485.3, N
5-ol 469.2
2 14.17 Unknow - - 684.2  683.22 - n.d [M-H] - SK-OV-3 D
286 13
3 13.9 Benzyl 2-0,3-0,6-O-triacetyl-4- O-glycosyl CaiHeO17  684.2  683.22 823 683.2, [M-H] RQRQTTJTTO  SK-OV-3 B
0-(3-0,4-0,6-O-triacetyl-beta- compounds 278 06 623.2, DXNM-
D-galactopyranosyl)-beta-D- 341.1, KZXUBJNASA-
glucopyranoside 323.1, N
281.1,
263.1,
221.1,
179.1,
161.0,
143.0,
119.0,
101.0
4 1.51 Unknow - CeH1003 130.0 129.05 4.90 129.1 [M-H]~ - SK-OV-3 Cc
626 53
5 14.17 6-O-B-D-Galactofuranosyl-a-D- Glycosylman  CipHz;011 342.1 34110 6.53 237.1, [M-H]~ MFBRTXIZJUH  SK-OV-3 B
mannopyranose nose 145 72 221.1, GPH-
183.0, KGXCRCOUSA
179.0, -N
161.0,
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149.0,

143.0,
125.0,
115.0,
101.0,
97.0
6 14.27 [(2S,3S,4R,5R)-1- - Ci6H3oN2 474.1 473.15 5.73 473.2, [M-H]~ DCXXVCMXH SK-OV-3 B
Acetamidooxy-3,4,5,6- Ous 664 91 179.0, GTBLX-
tetrahydroxyhexan-2-yl] 161.0, PTEZTYNVSA-
(2R,3R,4S,5R)-2-acetamido- 131.0, N
2,3,4,5,6- 113.0
pentahydroxyhexanoate
7 14.17 2,3,4,5,6-Pentahydroxy-7- - C13H24013 388.1 387.11 6.16  341.1, [M-H]~ CDXJPGDTQS  SK-OV-3 B
[(2S,3R,4S,55,6R)-3,4,5- 211 38 281.1, CRGD-
trihydroxy-6- 263.1, BAMMHMRTS
(hydroxymethyl)oxan-2- 221.1, A-N
ylloxyheptanoic acid 179.0,
161.0,
149.0,
143.0,
125.0,
113.0,
101.0
8 3.01 (2S)-2-[(2-Amino-3-prop-2- - CisHa0N> 308.1 307.11 3.17 309.2, [M-H]~ PGVVGYMSTA  SK-OV-3 B
enylsulfanylpropanoyl)amino]-3- O3S 191 18 229.1, HNES-
phenylpropanoic acid 158.1, ABLWVSNPSA
137.1, -N
117.0
9 13.9 beta-D-Glcp-(1->6)-alpha-D- D-glucosyl-D-  CipH,011 3421 34110 7.14  300.0, [M-H]~ SK-OV-3 B
Manp mannose 137 65 237.1,
161.0,
143.0,
125.0,
113.0,
101.0,
97.0
1 13.9 2,3,4,5,6-Pentahydroxy-7- - CisH24O13  388.1  387.11 6.35 341.1, [M-H]~ CDXJPGDTQS  SK-OV-3 B
0 [(2S,3R,4S,55,6R)-3,4,5- 191 18 263.1, CRGD-
trihydroxy-6- 221.1, BAMMHMRTS
(hydroxymethyl)oxan-2- 179.0, A-N
ylloxyheptanoic acid 161.0,
149.0,
143.0,
131.0,
119.0,
101.0
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14.16 Unknow

CeH1206

180.0
616

161.04
41

11.4

SK-OV-3

1.79 2,3-Bis(ethenoxy)butanedioic
acid

CgH1006

202.0
449

201.03
76

141

201.0,

129.0,

111.0,
89.0

NAJBXIFWYVL
CGM-
UHFFFAQOYSA-
N

SK-OV-3

1.50 2-Aminoadenosine

Purine
nucleoside

CioHuaN;
Os

282.1
080

281.10
08

0.22

281.1,
241.0,
184.0,
169.0,
153.0,
129.0

ZDTFMPXQUS
BYRL-
UUOKFMHZSA
-N

SK-OV-3

4.84 Uridine

Pyrimidine
Nucleosides

CoH12NsO
4

244.0
687

243.06
14

3.51

243.1,
200.1,
185,1,
173.1,
152.0,
140.0,
133.0,
122.0,
115.0
114.0,
98.0

M-H]”

DRTQHJPVMG
BUCF-
XVFCMESISA-
N

SK-OV-3

13.28 Glutathione

Oligopeptide

CioH17N3
O6S

307.0
813

306.07
40

6.99

306.1,
288.0,
272.1,
260.1,
254.1,
242.1,
237.1,
228.1,
210.1,
197.0,
185.0,
179.0,
167.0,
160.0,
153.1,
143.0,
135.0,
128.0,
123.0,
109.0,
99.0

M-H]”

RWSXRVCMG
QZWBV-
WDSKDSINSA-
N

SK-OV-3

B
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9.25

Unknow

249.9
650

248.95
e

203.1,
180.9,
112.9

M-H]”

- SK-OV-3 C

14.32

1-glyceryl-5-nitro-pyrimidin-2-
one

- C7HgN305

215.0
546

214.04
73

191

n.d

M-H]”

KPFXGQSQPS  SK-OV-3 B
OBBF-
UHFFFAOYSA-

N

2.99

Benzylpenicilloic acid

Penicilloic Ci6H20N2
acid 0OsS

352.1
083

351.10
10

2.23

353.0,
307.1,
273.1,
229.1,
158.0,
137.1,
117.0

M-H]”

HCYWNSXLUZ
RKJX-
RWMBFGLXSA
-N

SK-OV-3 B

5.14

N-
[[[acetamido(propyl)carbamoyl]-
propionamido-amino]-azido-
(ethylcarbamoylamino)methyl]a
cetamide

- CisH2sN1o

Os

428.2
246

427.21
76

2.28

427.2,
409.2,
397.2,
365.2,
353.2,
266.1,
208.1,
187.1,
166.1,
143.1,
127.0,
107.0,
94.9

M-HT”

- SK-OV-3 B

13.97

1,3-Bis-(d-mannos-4-yloxy)-2-
propylamine

- C15H29NO
14

447.1
556

446.14
83

4.77

446.2,
341.1,
263.1,
179.0,
161.0,
143.0,
113.0,
104.0

M-H]”

POFVONUXNP
PAQR-
LGARRYCISA-
N

SK-OV-3 B

2.45

2-[Hydroxy-bis(4-
hydroxyphenyl)methyl]benzene
sulfonic acid

- Ci1oH1606
S

372.0
654

353.04
76

3.49

353.0,
289.1,
271.1,
243.1,
195.0,
180.0,
93.0

[M-H-
H.0]

QZYIKVKRLO
QAOX-
UHFFFAOYSA-
N

SK-OV-3 B

0.64

Unknow

- C;H4N,O;
P2

317.9
550

316.94
7

1.48

248.9,
180.9,
113.9,
112.9

M-H]”

- SK-OV-3 c
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8.58 Unknow

- CeH1406

182.0
764

181.07
02

8.17

181.1,
163.1,
119.0,
112.9,
101.0

M-H]”

SK-OV-3

C

1.97 N-formyl-L-methionine

N-formyl CeH1:NO3
amino acid S

177.0
457

176.03
85

1.00

178.0,

134.1,
98.1,
89.0

M-H]”

PYUSHNKNPO
HWEZ-
YFKPBYRVSA-
N

SK-OV-3

B

3.07 (1-ketothian-4-yl)-[4-
(methylamino)-6-(1,2,4-triazol-
1-yl)-s-triazin-2-ylJamine

- Ci11H16Ns
oS

308.1
167

309.12
40

309.1,
292.1,
263.1,
191.1,
164.0,
146.1,
136.1,
128.0,
113.0,
100.0,
91.0,
86.0

M-HJ"

YIITYHDRMZB
EQT-
UHFFFAOYSA-
N

SK-OV-3

B

8.67 Indoline

Indoles CgHoN

119.0
728

120.08

571

118.1

M-H]"

LPAGFVYQRIE
SJQ-
UHFFFAOYSA-
N

SK-OV-3

1.92 L-leucine residue

L-a-amino CsH1:NO
acid residue

113.0
837

114.09
10

3.39

114.1,
96.1

[M-H]"

SK-OV-3

3.07 Unknow

- C/HuNO;
S

173.0
506

174.05
79

411

128.1,
114.1,
94.1

[M-H]"

SK-OV-3

3.07 2-(4,6-Diaminopyrimidin-2-
yl)sulfanyl-N-(3-morpholin-4-
yloxadiazol-3-ium-5-
yl)acetamide

- C12Hi6Ng
O3S

352.1
071

353.11
42

1.06

353.1,
335.1,
317.1,
309.1,
292.1,
263.1,
217.1,
202.0,
189.1,
174.0,
160.0,
146.1,
136.1,
128.0,
120.1,

[M-H]

SK-OV-3
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114.0,

100.0,
91.0,
87.0
6.60 Carnitine Trimethyl C/HisNO;  161.1  162.11  6.27 163.1, [M-H]* PHIQHXFUZVP  SK-OV-3 B
Ammonium 041 14 162.1 YlI-
Compounds 104.0, ZCFIWIBFSA-N
103.1,
103.0,
102.1
3.06 Unknow - CeHsNO, 159.0 160.04 0.06 114.0 [M-H]* - SK-OV-3 C
S 352 35
6.64 1-Methylnicotinamide Nicotinic C/HgN20  136.0 137.06 10.3 138.1, [M-H]* LDHMAVIPBR  SK-OV-3 B
Acids 622 95 6 137.1, SVRG-
94.1, UHFFFAQYSA-
92.0 0o
5.97 Propionyl-carnitine Trimethyl CeH1sNs7 2171  218.13 11.1 219.1, [M-H]* UFAHZIUFPNS  SK-OV-3 B
Ammonium 0, 289 62 7 218.1, HSL-
Compounds 160.1, UHFFFAOYSA-
159.1, N
144.1,
129.1,
99.0,
86.0,
85.0
8.57 N-Amidino-L-aspartic acid Dicarboxylic ~ CsHoN;O, 175.0 176.06 3.51 130.1, [M-H]* VVHOUVWJC  SK-OV-3 B
acid 583 56 94.1 QOYGG-
REOHCLBHSA
-N
4.81 Unknow - C4HiN,O, 112.0 113.03 8.21 nd [M-H]* - SK-0OV-3 C
263 36
8.67 Phenylalanine Amino Acids  C¢H;;NO, 165.0 166.08 0.91 131.0, [M-H]* COLNVLDHVK  SK-OV-3 B
785 57 121.1, WLRT-
120.1, QMMMGPOBS
119.1, A-N
118.1,
107.0,
104.0,
130.0,
102.0
8.85 3-Indoleacrylic acid Monocarboxy  Ci;;HNO,  187.0 188.07 2.31 146.1, [M-H]* PLVPPLCLBIE  SK-OV-3 B
lic acid 628 01 143.1, YEA-
142.1,
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119.1, AATRIKPKSA-
118.1, N
115.0,
91.0
3 12.34 Unknow - CeH/NO3 141.0 142.04 139 nd [M-H]* - SK-OV-3 D
8 406 78 1
3 5.72 Isovalerylcarnitine Trimethyl CioHsNO 2451 246.16  10.6  247.2, [M-H]* IGQBPDINUX  SK-OV-3 B
9 Ammonium 4 598 70 7 246.2, PEMT-
Compounds 188.1, UHFFFAOY SA-
187.1, N
144.1,
129.1,
103.1,
86.0,
85.0
4 10.39 Unknow - CgHsNO 135.0 136.07 3.38 n.d [M-H]* - SK-OV-3 D
0 678 51
4 1.78 Unknow - CsHgN3;O;  135.0 136.07 855 n.d [M-H]* - SK-OV-3 D
1 655 28
4 10.40 Phenylpyruvate Phenylpyruvi CoHgO3 164.0 165.05 6.92 123.0, [M-H]* BTNMPGBKDV  SK-OV-3 B
2 c Acids 474 50 95.0 TSJIY-
UHFFFAQOYSA-
N
1 13.56 Unknow - CgHisN,O  238.0 237.09 245 237.1, [M-H] - OVCAR- C
4S 976 03 207.1, 3
193.1,
106.9
2 2.98 Unknow - CgHisN O 280.0 279.06 231 279.1, [M-H]~ - OVCAR- Cc
4S 677 05 213.0, 3
128.0
3 9.72 Unknow - CsHsNOs 125.0 124.00 324 1240, [M-H]~ - OVCAR- Cc
135 63 8 106.9 3
4 9.74 Unknow - C/HsN,O;  287.9  286.97 10.8 124.0, [M-H]~ - OVCAR- c
P 864 92 2 106.9 3
5 11.70 Unknow - - 3859  384.93 - 248.9, [M-H]~ - OVCAR- c
439 67 180.9, 3
112.9
6’ 2.96 N-(ketomethylene)carbamic - C/HeN.Os  214.0 213.01 9.05 166.9, [M-H] BINFXCOCDC  OVCAR- B
acid 3- 209 37 146.9, KZHZ- 3
carbonisocyanatidoyloxypropyl 128.0, UHFFFAQY SA-
ester 115.9 N
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7 2.91  3-phenyl-1-(thiadiazol-4-yl)prop- - CuHeN,O 2140 213.01 3.80 213.0, [M-HJ KZKGDOCGA  OVCAR- B
2-yn-1-one S 192 20 145.0, WKIIY- 3
128.0, UHFFFAQYSA-
115.9, N
96.9
8 2.98 L-pyroglutamic acid L-alpha- CsH/NO3  129.0 128.03 0.21 128.0 [M-H]~ ODHCTXKNW  OVCAR- B
(Glutamate) amino acid 425 52 [M-H]* HHXJC- 3
VKHMYHEASA
-N
9 13.53 Unknow - - 498.1 497.16 - 497.2, [M-H]~ - OVCAR- D
748 75 237.1, 3
193.1,
106.9
1 13.83 Glycerophosphocholine Glycerophosp  CgHxNOs  257.1  258.11 0.28 258.1, [M-H]* SUHOQUVVVL OVCAR- B
0 hates P 027 00 184.1 NYQR- 3
166.1, UHFFFAOYSA-
125.0, N
104.1,
86.1
1 2.96 Unknow - C7/H/NO, 169.0 152.03 21.1 n.d [M-H- - OVCAR-
1 343 10 8 H.O]" 3
1 14.11 Glutamine Amino Acid CsH10N,O 146.0 147.07 0.66  130.0, [M-H]* ZDXPYRJPND OVCAR- B
2 3 694 66 102.0, TMRX- 3
84.0 VKHMYHEASA
-N
1 13.84 Unknow - CsHi3NO 103.0 104.10 2.94 n.d [M-H]* - OVCAR-
3 999 71 3
1 3.80 L-aspartic acid Amino Acid C4H;NO, 133.0 134.04 5.48 n.d [M-H]* CKLIMWTZIZZ OVCAR- B
4 368 40 HCS- 3
REOHCLBHSA
-N
1 2.96 - - - 146.9  169.98 - nd [M-Na]* - OVCAR-
5 964 61 3
1 3.79 N-Acetyl-L-aspartic acid Amino Acid CeHgNOs 175.0 198.03 8.07 134.0, [M-Na]* OTCCIMWXFL OVCAR- B
6’ Derivative 469 57 116.0, JLIA- 3
99.0, BYPYZUCNSA-
94.1, N
88.0
1 6.07 Glutamic Acid Non- CsHgNO, 147.0 148.05 6.26 n.d [M-H]* WHUUTDBJXJ OVCAR- B
7 Essential 523 95 RKMK- 3
Amino Acid VKHMYHEASA
-N
1 6.56 Methylthioadenosine Deoxyadenos  CiiHisNs 297.0 298.09 104 298.1, [M-H]* WUUGFSXJNO OVCAR- B
8 ines 05S 866 38 0 145.0, TRMR- 3
136.1,
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119.0, IOSLPCCCSA-
97.0 N
1 14.60 2-(trimethylammonio)ethyl Choline CioH2sN; 366.1 367.13 298 367.1, [M-H]* YHHSONZFOI OVCAR- B
9 hydrogen phosphate OgP> 310 83 198.1, EMCP- 3
(Phosphorilcholine) 184.1, UHFFFAQY SA-
125.0, N
104.1,
86.1
2 12.32 Unknow - CeHsNsO 135.0 136.04 132 nd [M-H]* - OVCAR- D
0 414 14 8 3
2 14.02 [1-[2-[2-(2- - Ci14H29N; 3841 385.17 0.94 239.1, [M-H]* ODRZJFHNOO  OVCAR- B
1 Diethoxyphosphorylethoxy)etho OgP 670 432 152.0, WUPW- 3
xy]ethylamino]-1-oxopropan-2- 147.1, UHFFFAQYSA-
yl]carbamic acid 143.1, N
130.0,
112.1,
99.1,
88.0,
84.0
2 6.56 2-Hydroxymethylserine Amino Acids, C4HoNO4 135.0 136.06 2.41 298.1, [M-H]* ZRPDXDBGEY OVCAR- B
2 Neutral 580 11 145.0, HEBJ- 3
136.1, UHFFFAQYSA-
119.0, N
103.0,
97.0,
92.0

aMean accurate mass error for negative and positive ESI acquisition modes, respectively.

n.d.: not detected; InChi-Key: IUPAC international chemical identifier according to PubChem;
or NMR, B-MS/MS, C-MSE, D-MS only.

Level of identification (A-D): A-standard
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