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RESUMO

O cancer é um problema de saulde publica que leva milhares de pessoas a 6bito todo
ano. O maior desafio para a terapia € a evolucdo tumoral, e embora a sele¢édo de
células resistentes tenha um importante papel nesse processo, esta cada vez mais
claro que outros mecanismos estdo envolvidos. Entre esses mecanismos,
caracteristicas celulares que mudam ao longo do tempo (dindmicas fenotipicas) devem
contribuir para a tolerancia de células tumorais, que eventualmente podem se tornar
resistentes. Nesse sentido, esta tese tem como principal objetivo identificar
caracteristicas que contribuam para o desenvolvimento da tolerancia através de
flutuacdes que geram diferencas entre células clonais (geneticamente idénticas). Os
resultados alcancados mostram que a capacidade de deixar descendentes (fithess)
varia entre células clonais, em situacdo controle e apds tratamento com temozolomida
(TMZ). Esses achados sdo de extrema relevancia para a biologia tumoral ja que o
fithess € a caracteristica que vai determinar se a doenca ir4 progredir ou ndo, e foram
possiveis através da formulacdo de uma nova metodologia para avaliar dinamica
fenotipica chamada de Dynafit (analise da dinamica de fitness — Dynamic Analysis of
Fitness). Alguns fendtipos que contribuem para essa instabilidade foram identificados:
atividade de ERK, dessincronizacdo do ciclo celular, dano ao DNA e inducédo de
senescéncia. Ainda, a modulacao epigenética reduziu a instabilidade fenotipica e a
morte fractional em col6nias. Por fim, foi demonstrado a ocorréncia de particdo
assimétrica mitocdndrial, que contribui para a geracao de heterogenidade, que por sua
vez € um dos principais obstaculos no tratamento de glioblastomas. Uma vez que a
massa mitocondrial tem um impacto sobre o fithess, como sugerido por outros e
confirmado na presente tese, a ocorréncia de particdo assimétricas dessa organela
gera células irméds com diferentes niveis de sensibilidade. Também, foi demonstrado
gue a massa e a rede mitocdndrial sdo alteradas em resposta a TMZ. As conclusfes
deixam claro que para o aumento da eficacia do tratamento de tumores a instabilidade
fenotipica deve ser levada em consideracéo, uma vez que a tolerancia gerada por essa

instabilidade contribui para o desenvolvimento da resisténcia e recidiva da doenca.
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ABSTRACT

Cancer is a public health problem that kills thousands of people every year. The
major challenge to therapy is the tumor evolution, and even thought the selection of
resistant clones have an important role in this process, it is clear now that other process
are involved. Among them, cellular characteristics that change over time (phenotypic
dynamics) must contribute to the tolerance of tumoral cells, that eventually can become
resistant. In that regard, this tesis have as a major aim identify characteristics that
contribute to the development of tolerance through fluctuations that generate
differences in clonal cells (genetically identical). The results show that the capacity to
leave descendants (fithess) varies between clones, both in control and after treatment
with temozolomide (TMZ). These findings are relevant to tumoral biology once the
fitness is the characteristic that will determine if the disease progresses or not, and
were achieved through the formulation of a new methodological approach to evaluate
the phenotypic dynamic named Dynafit (Dynamic Analysis of Fitness). Same
phenotypes that contribute to the instability of fitness were identify: ERK activity, cell
cycle desynchronization, DNA damage and induction of senescence. Yet, the
epigenetic modulation reduced the phenotypic instability and the fractional killing inside
colonies. Finally, it was demonstrated the occurrence of asymmetric partition of
mitochondria, that contributes to the generation of heterogeneity, that in turn is one of
the main obstacles in the treatment of glioblastomas. Once the mitochondrial mass
has an impact on fitness, as suggested by others and confirmed in this thesis, the
occurrence of asymmetric partition of mitochondria generate sister cells with
differences in sensitivity. Additionally, it was demonstrated that the mitochondrial mass
and network are modified in response to TMZ. The conclusions clarify that to increase
the effectiveness of tumor treatment, the phenotypic instability must be considered,
once the tolerance generated through phenotypic instability contributes to the
development of resistance and relapse of the disease.
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INTRODUCAO

1. Cancer e seus aspectos gerais

O termo cancer se refere ao conjunto de mais de 100 doencas caracterizadas
pelo crescimento anormal de células, e com capacidade de invasdo de tecidos. Em
geral esse crescimento € provocado pelo acumulo de alteragdes no DNA, o que explica
porque o cancer é considerado uma doenca genética. S6 no Sistema Nervoso Central,
era estimado para o ano de 2020 o diagnéstico 11 mil casos para cada 100 mil

habitantes no Brasil (disponivel em www.inca.com.br, acessado 05/05/21).

Os tumores sao conhecidos por terem diversas caracteristicas em comum.
Entre elas, sdo destacadas 10 caracteristicas que sustentam o desenvonvimento
tumoral, conhecidas como Hallmarks of cancer, e representados na Figura 1
(HANAHAN & WEINBERG 2000, 2011). Apesar dessas semelhangas, tumores sao

bastante heterogéneos, como descrito abaixo.

Sustaining Evading
proliferative growth
signaling suppressors

Avoiding
immune
destruction

Deregulating
cellular

Resisting
cell
death

Enabling
replicative
immortality

Tumor-
promoting
inflammation

Genome
instability &
mutation

Inducing Activating
angiogenesis invasion &
metastasis

Figura 1. Hallmarks of cancer. Tumores apresentam diversas caracteristicas em comuns que sao

essenciais para o desenvolvimento e progresséo da doenca.


http://www.inca.com.br/
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De maneira geral, o curso da doenca consiste no periodo de tumorigénese, com
acumulo de mutacOes e expansdes clonais, um periodo de diversificacdo, podendo
evoluir para a invasdo e metastases, e finalmente podem ocorrer a resisténcia, que
leva a falhas na intervencdo terapéutica, e a reincidéncia. Segundo o modelo de
evolucao clonal (NOWEL 1976), tumores sdo gerados pela expansao de um clone,
cuja modificacdo genética gerou vantagem adaptativa, e se torna heterogéneo ao
longo do tempo, devido & expansdes subclonais. Nesse cenario, a instabilidade
genética, caracteristica dos tumores, funciona como uma fonte de diversificacdo e
combustivel para a evolucado. Por outro lado, no modelo do Big Bang (SOTTORIVA et
al 2015), é sugerido que o crescimento da massa tumoral ocorre de maneira neutra,
sem pressao positiva. Assim as caracteristicas do tumor, bem como a sua
heterogenidade, sdo definidas muito cedo durante a tumorigénese, portanto 0s
tumores “nascem para ser maus”, uma vez que as caracteristicas necessarias para a
metastase estariam presentes ja apds a transformacao.

As modificacbes genéticas no cancer sao divididas em dois grandes grupos:
drivers e passangers. A primeira se refere aquelas modificacdes que provocam uma
alteracdo positiva sobre o fithess celular e esta associada com a iniciacdo ou
progressao da doenca, enquanto a segunda sao modificacdes sem essa caracteristica
mas que podem aparecer na massa tumoral por “ter pego carona” com as mutagdes
drivers. As alteracdes genéticas apresentam ainda epistasia, as quais dependem do
contexto, e pode ser na forma de co-ocorréncia ou exclusividade mutua (PARK &
LEHNER 2015). A vantagem adaptativa de alteracdes drivers pode ser vista como um
alvo para o tratamento de tumores, nas chamadas terapias alvo, cujo caso de maior
sucesso € a implementacédo do imatinibe em pacientes com leucemia mieléide crénica
(DRUKER et al 2001). A falha dessas terapias alvo se da principalmente devido a alta
heterogeneidade tumoral e pela plasticidade e capacidade adaptativa. Ainda sobre as
modificacdes genéticas, elas podem ocorrer em proto-oncogenes, onde se encontram
mutacOes de ativacdo ou amplificacdes, como € o caso das vias dos receptors de

tirosina quinase (RTK); ou em genes supressores tumorais, onde se encontram as
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mutacdes de perda de funcéo ou delecdes, como é o caso dos genes codificantes da
proteina tumoral p53 (TP53) e do corepressor transcricional 1 RB (RB).

Além das altercbes genéticas, tem sido demonstrado que alteracdes
epigenéticas também tém um papel importante no desenvolvimento e na progressao
tumoral. Esse termo faz referéncia a informacéo que pode ser passada para células
filhas mas que ndo é codificada na sequéncia de nucleotideos e pode ser tanto na
forma de modificacdo de histonas, metilacdo do DNA ou mecanismos que sustentam
vias de sinalizagéo, tais como mecanismos de retroalimentacdo - contanto que uma
resposta € sustentada depois que o estimulo original cesse, podemos falar de
epigenética (BONASIO 2010). Em eucariotos multicelulares a epigenética é tao
importante que pode gerar os mais diversos tipos celulares a partir de um Unico
genoma, ou ser responsavel pelo desenvolvimento de fenoétipos distintos, como € o
caso do desenvolvimento de abelhas operarias ou rainha (FORET et al 2012).

Nesse sentido, o primeiro passo em direcdo a tumorigénese causada por
fumaca de cigarro sdo as alteracbes epigenéticas (VAZ et al 2017). Em gliomas, a
mutacao mais frequente € no gene isocitrato desidrogenase 1 dependente de NADP +
(IDH1), alcancando 35% (disponivel em https://cancer.sanger.ac.uk/cosmic/, acessado
em 10/08/20). Essa mutac¢éo provoca uma alteracao no perfil epigenético, isso porque
a mutacao altera a funcédo da enzima que originalmente deveria converter isocitrato a
a-cetoglutarado (a-KG), para uma nova fungao que converte a-KG a 2-hidroxiglutarato
(2-HG). Essa molécula é considerada um oncometabdlito e age por acédo inibitéria
sobre enzimas que utilizam a-KG como co-fator, incluindo histonas demetilases
(PRENSNER & CHINNAIYAN 2011, PHILLIPS et al 2020). A mutagéo de substituicao
do residuo de lisina 27 da histona H3 (cuja metilacdo leva a inibicdo da transcricdo)
para um residuo de metionina (PHILLIPS et al 2020), e muta¢des de inativacdo no
gene de SWI/SNF relacionado, matriz assiciado, regulador de cromatina dependente
de actina, subfamilia a, membro 4 (SMARCA4) (cuja proteina é uma remoledadora de

cromatina) também tém sido associadas com a tumorigénese (RAMOS et al 2014).

1.1 Gliomas e glioblastoma


https://cancer.sanger.ac.uk/cosmic/browse/tissue?wgs=off&sn=central_nervous_system&ss=brain&hn=glioma&sh=all&in=t&src=tissue&all_data=n
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Os gliomas sdo tumores do sistema nervoso central que se dividem entre
diversos subtipos, incluindo tumores n&o difusos, menos frequentes, e difusos. Entre
0os tumores difusos, existem o0s astrocitomas, 0s oligondendrogliomas e o0s
oligoastrocitomas (este ultimo tem caido em desuso devido aos marcadores
moleculares), com diferentes graus de malignidade, entre Il a IV (WESSELING &
CAPPER 2018). O glioblastoma é o subtipo mais comum e o mais agressivo (grau V)
(OSTROM et al 2017). Mesmo pacientes submetidos ao tratamento padréo, composto
por resseccao cirurgica acompanhada por terapia adjuvante com radioterapia e
temozolomida (TMZ), apresentam sobrevida mediana de apenas 1 ano (STUPP et al
2005). Algumas das suas caracteristicas sdo a alta invasibilidade e areas centrais
necroticas. Ele pode, ainda, ser classificado entre primério ou secundério, conforme a
ocorréncia ou ndo de diagndstico prévio de glioma de menor grau.

O fracasso no tratamento do glioblastoma é decorréncia de diversos fatores,
entre eles a alta capacidade invasiva das células tumorais, que impossibilita a
resseccao cirurgica completa e ocasiona a recidiva; e a heterogenidade tumoral, que
inclui além da diversidade genotipica e fenotipica, fatores ambientais como areas de
hipéxia (OSUKA & VAN MEIR, 2017). A heterogenidade tumoral ainda € amplificada
pela capacidade das células unicas de converséo entre fenétipos (NEFTEL et al 2019).
Essa plasticidade pode ser dirigidas por certos fatores genéticos e manter uma
distribuicdo estavel de subtipos na massa tumoral (NEFTEL et al 2019). A plasticidade
da massa tumoral pode ser observada também na alteracdo do subtipo tumoral da
recidiva comparada ao tumor primario (WANG et al 2017).

Outro fator decisivo para a resposta ao TMZ é o estado epigenético do promotor
de O-6-metilguanine-DNA metiltransferase (MGMT): esse fendtipo esta relacionado as
mutacdes em IDH, consideradas um fator prognostico positivo (PARSONS et al 2008)
e estdo presentes na maioria dos pacientes com glioblastoma secundario (YAN et al
2009) (ver secado ‘Mecanismos de resisténcia e tolerancia’). Outro fator genético

importante é a perda simultdnea do braco curto do cromossomo 1 (1p) e do braco
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longo do cromossomo 19 (19q). Essa co-delecdo é observada na maioria dos
oligodendrogliomas e é um fator progndstico positivo (JENKINS et al 2006).

O grande estudo desenvolvido pelo The Cancer Genome Atlas (TCGA),
coordenado pelo National Institute of Health (NIH) em parceria com o National Cancer
Institute (NCI) e com o National Human Genome Research Institute (NHGRI), indicou
gue as principais vias mutadas em glioblastomas primarios séo as vias de receptor
tirosina quinase (RTK), de p53 e de RB. Em relacao a alteragcdes de nimero de copias,
foram encontradas respectivamente as frequéncias 59%, 70% e 66%, enquanto a
alteracdes somaticas foram encontradas respectivamente as frequéncias 88%, 87% e
78% (CANCER GENOME ATLAS RESEARCH, 2008). Alteracdes concomitantes nas
trés vias ocorrem em 74% dos tumores, porém dentro de cada via foi observada uma
tendéncia de exclusividade mutua. Abaixo essas vias sdo abordadas:

- via dos RTKs: esses receptores de membrana respondem a diversos fatores de
crescimento, horménios e citocinas e desencadeiam vias de sinalizacdo que levam ao
crescimento celular, incluindo a via das MAPKs e PI3k/AKT/mTOR. As altera¢cées mais
comuns sdo encontradas no receptor EGFR (45%, amplificagcbes e mutacdes de
ativacdo) e em PTEN, regulador negativo de PI3K (36%, delecbes e mutacdes de
inativacao).

- via de p53: essa via tem importante papel na protecdo do genoma, induzindo a célula
a parada no ciclo, a apoptose ou a senescéncia quando ocorrem danos no DNA. As
alteracdes mais comuns em glioblastomas primarios ocorrem em CDKN2A-Arf (49%,
delecdes e mutagdes de inativagéo), seguido por TP53 (35%, delecbes e mutacdes de
inativacao).

- via da Rb: essa via tem como funcdo controlar a proliferacdo, bloqueando a
progressdo pelo ciclo celular enquanto a célula ndo estiver pronta para dividir. As
alteracdes mais comuns ocorrem em CDKN2A-pl16 (52%, delecbes e mutagbes de
inativacao) e em CDKN2B (47% delecdes).

Embora muitos esfor¢cos sédo empregados em estudos com glioblastoma, pouco
foi avancado em relacdo a terapia disponivel. De fato o ultimo progresso significativo

foi a demonstracao de eficacia da combinacédo entre TMZ e radioterapia, o qual ocorreu
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em 2005 (STUPP et al 2005). Além disso, existem questdes em aberto, como a célula
de origem e o porque do grande fracasso da terapia. Embora a presente tese tenha
como foco a biologia de glioblastomas, as descobertas aqui descritas, em especial as
do capitulo | (Dynafit), se aplicam a diversos tipos tumorais.

2. Heterogenidade Tumoral

E conhecido que a diversidade bioldgica é a matéria prima para a evolucio, o
mesmo ocorre com a diversidade de células tumorais, sendo ela a responsavel por
prover caracteristicas que levam a evolugcédo tumoral. Embora a heterogenidade nao
seja uma caracteristica descrita nos Hallmarks of cancer, ela esta bastante
disseminada entre tumores e existe em Varios niveis:

- Heterogenidade temporal: com o passar do tempo a massa tumoral sera alterada.
Além disso uma mesma célula apresenta alteracdes nas suas caracteristicas, o que
constitui a flutuagdo ou dindmica fenotipica (abordada na sec¢ao ‘Dinéamica fenotipica
e 0 estudos em células unicas’).

- Heterogenidade entre tumores: céanceres derivados de diferentes tecidos tém
diferentes caracteristicas (MCGRANAHAN & SWATON 2017).

- Heterogenidade tumoral: tumores de um mesmo tecido podem apresentar grandes
diferencas, dando origem aos diferentes subtipos tumorais, os quais podem receber
terapias especificas. No caso de glioblastomas, foram propostas 4 subclassificaces
baseadas em dados moleculares: classico, neural, proneural e mesenquimal
(VERHAAK et al 2010). Outro exemplo é o cancer de mama, que pode ser classificado
guanto a receptores de hormoénios e ao receptor tirosina quinase HER2. Assim, 0s
casos de cancer de mama séao classificados em trés categorias — HR*/HER2", HR-
/HER2* e triplo negativo — e cada categoria apresenta diferente progndstico e diferente
tratamento (WAKS & WINER 2019).

- Heterogenidade intratumoral (ITH): por fim, dentro de uma mesma massa tumoral as
células também apresentam caracteristicas diferentes, e é gracas a essa diversidade

gue fendmenos como a resisténcia ocorrem. Células de um Unico glioma podem
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apresentar caracteristicas do que até entdo eram considerados diferentes subtipos
tumorais (PATEL et al 2014), reforcando a alta hererogenidade e a importancia das
técnicas que avaliam células Unicas. No mesmo estudo os autores ainda encontraram
células que ndo se encaixavam em nenhuma das categorias pré-estabelecidas.
Resultados similares foram encontrados para linhagem de cancer de mama em analise
de RNA-seq (GAO et al 2017).

N&o apenas as células tumorais sdo heterogéneas, mas diferentes areas do
tumor podem apresentar diferentes caracteristicas que se alteram ao longo do tempo
e portanto sao dinamicas, tais como o nivel de oxigénio (GILLIES et al 1999, HARDEE
et al 2009, HENSLEY et al 2016). Da mesma forma, tumores secundarios derivados
de metastases também vao apresentar diferentes caracteristicas (BRASTIANOS et al
2015).

Mesmo em linhagens celulares consideradas isogénicas, e submetidas as
mesmas condicbes ambientais, existe heterogenidade populacional. Em estudo com
células irmas, isto é, células que apresentam conteudo genético idéntico, a correlacao
na expressao de genes varia conforme o gene avaliado, sendo que o tempo para a
memoria ser perdida variou entre 8 a 17 geracfes (PHILLIPS et al 2019). Os autores
também demonstraram que quanto maior a variabilidade populacional na expresséo
de algum gene, maior a correlacdo entre as irmas, e vice-versa. Adicionalmente,
SHAFFER et al 2020 identificaram que alguns genes tém memodria transcricional mais
estavel ao longo de geracBes que outros, e MEIR et al 2020 demonstraram que
diferentes regibes do genoma tém diferentes niveis de herdabilidade da metilagdo do
DNA.

Outro exemplo é o fenbmeno de morte fracional, que esta intimamente
relacionado ao fenoétipo de tolerancia, discutido na sessao seguinte. Em cultura celular
isogénica apenas 6% das células apresentam morte concomitante (INDE et al 2020).
Adicionalmente, populacdes celulares tratadas com inibidores mitéticos apresentam
multiplos destinos, e mesmo células irmds apresentam destinos independentes
(GASCOIGNE & TAYLOR 2008).
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Outra caracteristica variavel em células em cultura € o tempo de ciclo celular.
Em células clonais, existe correlacdo de tempo de ciclo entre células irmas, porém em
primas ela ja € reduzida, assim como a correlacao entre maes e filhas também é mais
fraca (KUCHEN et al 2020). O que define o tempo de ciclo sdo diversos fatores, tais
como o tamanho celular (KUCHEN et al 2020) e a ocorréncia de estresse replicativo
na célula mae (ARORA et al 2017). A combinacdo desses fatores gera ampla
possibilidade de heterogenidade, e como o tempo de ciclo define a quantidade de
células-descendentes deixadas por uma célula original em um determinado tempo
(fitness), podemos esperar que esses fatores tenham grande impacto sobre a biologia
tumoral.

O que faz as células tumorais serem heterogéneas? Em primeiro lugar estao as
mutacfes genéticas, as quais, como ja mencionado, tendem a se acumular ao longo
do tempo, em especial devido a instabilidade genémica de tumores. KANDOTH et al
2013 usaram dados do TCGA para demonstrar que tumores podem ter uma frequéncia
media de mutacdes entre 0,28 a 8,15 por megabase. Nesse contexto, as diferentes
subpopulacbes clonais estardo sujeitas a selecdo e ditardo a evolugdo tumoral. E
gracas as diferencas de origem genética que hoje € possivel reconstruir a historia
evolutiva de tumores (MCGRANAHAN & SWANTON 2017).

Em segundo lugar, as células dentro de um tumor podem desenvolver
diferencas na regulacdo epigenética, que tem como consequéncia diferencas
fenotipicas. Nesse sentido, padrbes de metilagdo no DNA geram diferentes
subpopulacdes em relacdo a expressao da histona H1.0, a qual esta envolvida com
diferenciacdo e capacidade de renovacao celular (TORRES et al 2016). Estudos
recentes sugerem que a atividade de enzimas demetilases esta relacionada com a
heterogenidade transcricional entre células de cancer de mama, com consequéncias
nos niveis de tolerancia a terapia hormonal (HINOHARA et al 2018). Outro exemplo da
influéncia da epigenética sobre a progressao tumoral é que a metilagdo do DNA esta
envolvida com dindmica de fenadtipo epitelial e mesenquimal em células clonais (MEIR
et al 2020).
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Existem ainda mecanismos pouco explorados mas que devem ter algum
impacto sobre a heterogenidade, sdo exemplos as mutagcfes fenotipicas, causadas
principalmente por erros no processo de traducéo, e o ruido bioquimico, cuja origem
se da principalmente pela natureza estocastica das rea¢des bioquimicas e podem
impactar, por exemplo, a expressao genética (PAYNE & WAGNER 2018). Isso explica
por gue mesmo ceélulas idénticas, no mesmo ambiente e estado celular ainda podem
ter comportamentos diferentes. Exemplos da importancia biolégica desses
mecanismos sao respectivamente a inducdo de resisténcia a rifamicina em
Mycobacterium tuberculosis (JAVID et al 2014) e a determinacéo da reativacdo de HIV
(DAR et al 2014). Por fim, outra possivel fonte de variabilidade que ainda é pouco

explorada é a ocorréncia de mitoses assimétricas.

2.1 Mitose assimétrica como fonte de heterogenidade intratumoral

A diviséo assimetrica é um fendmeno bastante conhecido em células tronco, no
qual a célula tronco méae origina uma célula filha com a mesma caracteristica tronco e
outra que ira se diferenciar. Nesse sentido, mitoses assimétricas estdo associadas, por
exemplo, a ativacdo de células tronco hematopoéticas (HSC) (LOEFFLER et al 2019).
Além dos mecanismos deterministicos que garantem distribuicdo assimétrica entre
células filhas durante o desenvolvimento, a natureza estocastica da bioquimica celular
causa particées assimétricas que afastam células irmés da média populacional e criam
heterogenidade (HUH & PAULSSON 2011).

Em bactérias, a particdo assimétrica de bomba de efluxo leva a diferentes niveis
de sensibilidade (BERGMILLER et al 2017). J& em relacdo a divisdo de células de
mamiferos, ja foi demonstrado que entre células irmas ocorre a segragacao
assimétrica de proteinas marcadas para a degradacdo (FUENTEALBA et al 2008),
corpos PML (promyelocytic leukemia protein) (LANG et al 2018), lisossomos (LANG et
al 2018, LOEFFLER et al 2019) e presenca de foci da proteina 1 de ligacdo a
supressora de tumor p53 (53BP1) devido ao estresse replicativo (BARR et al 2017).
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Ainda, em relacdo as mitocondrias, foi demonstrado que elas podem estar
envolvidas com uma forma de memdéria de divisdo em células tronco hematopoiéticas:
nesse caso a reducdo da dindmica mitocondrial em células com maior historico de
divisbes, provoca acumulo e agregamento de mitocdndrias disfuncionais que sao
segregadas assimetricamente nas células filhas gerando células com potencial de
replicacdo reduzido (HINGE et al 2020). De maneira similar células epiteliais mamarias
imortalizadas com caracteristicas tronco tem particdo assimétrica de mitocéndrias
antigas, sendo que a célula filha que recebe mitocondrias velhas em menor quantidade
retém caracteristicas tronco, enquanto a sua irma nao (KATAJISTO et al 2015).

Em relacdo ao cancer, foi sugerido que a mitose assimétrica tem papel na
tumorigénese (LIU et al 2018, WANG et al 2016). Células de glioma tem divisédo
assimétrica do receptor do fator de crescimento epidermal humano (EGFR) e do
receptor de neutotrofina P75 (p75NTR), o que provoca diferencas na sensibilidade ao
tratamento com erlotinib (HITOMI et al 2021), e de proteina fibrilar acida glial (GFAP)
(GUICHET et al 2016). Entretanto, a frequéncia e o impacto desse fendmeno em

tumores ainda € pouco conhecida.

3. Resisténcia e tolerancia

A resposta de uma célula individual a quimioterapia vai depender de diversos
fatores, entre eles seu genoma, estado de fenétipos dindmicos em que a célula se
encontra no momento do tratamento, o microambiente em que a célula esta inserida,
a extensao em que a droga vai agir e a natureza estocastica das reac¢des bioquimicas.
A combinacdo de todos esses fatores, em menor ou maior grau, determinam se uma
célula sera sensivel ou ndo a um tratamento, e no caso de células com capacidade de
sobrevivéncia, essa capacidade pode ser herdavel ou transitoria, caracterizando o que
chamamos de resisténcia e tolerancia.

Aresisténcia € um processo conhecido ha bastante tempo. Ela é o resultado da
selecdo darwiniana, na qual algumas células tumorais adquirem ao acaso alteracdes

genbmicas que favorecem a sobrevivéncia ao tratamento, aumentando o fithess
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dessas células e alterando as caracteristicas da populacdo de células tumorais ao
longo do tempo, o que culmina com a progressao tumoral.

Entretanto, essa visdo ignora o fato de que fendtipos sdo o resultado ndo
apenas do genoma, mas também da epigenética e do ambiente. Adicionalmente, esse
modelo de resisténcia herdavel ndo explica porque existem casos em que tumores
retratados com a mesma droga permanecem apresentando sensibilidade em ciclos
subsequentes de administracdo (CARA 2001), o que n&o seria esperado caso as
células sobreviventes tivessem modificacbes genéticas que tivessem sido
selecionadas no modelo darwiniano. O mesmo fenémeno € observado quando células
resistentes em cultura s&o mantidas em meio livre da droga (RABE et al 2020).

Hoje temos evidéncias de que ao lado da resisténcia, existem os fenbmenos de
tolerancia e persisténcia que devem contribuir para a progressdo tumoral. Esses
termos ja estdo bem descritos na microbiologia, onde foram inicialmente empregados.
A tolerancia é a capacidade de uma populacéo, devido a mecanismo reversivel e ndo
herdavel, de sobreviver a exposi¢des transientes de uma droga, enquanto essa
mesma capacidade quando observada em uma subpopulacéo de células, de origem
clonal, é chamada persisténcia (BALABAN et al 2019).

Adicionalmente, um termo que vem sendo amplamente utilizado nos estudos
de biologia tumoral é o de morte fracional, que nada mais é do que a observacédo de
tolerdncia em uma porcao de células da populacdo. A morte fracional ocorre em
resposta a tratamento com diversas drogas, mas as classes de drogas com diferentes
alvos tendem a ter diferentes amplitudes desse fendmeno (INDE et al 2020).
Adicionalmente, uma mesma droga pode apresentar diferentes dindmicas de morte
fracional quando atuam sobre células com diferentes genomas (INDE et al 2020).

Tem sido demonstrado que em varias linhagens celulares, submetidas a
diferentes tratamentos, aparece uma pequena propor¢do de células tolerantes cuja
caracteristica é reversivel (SHARMA et al 2010, FALLAHI-SICHANI et al 2017,
SHAFFER et al 2017). Células com essa capacidade podem persistir ao longo do
tempo, levando a um fenotipo mais estavel, estando este associado com
reprogramacao epigenética (SHARMA et al 2010, SHAFFER et al 2017). E importante
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ressaltar que, diferente do que acontece em procariontes, em células tumorais o
controle epigenético é bastante relevante.

E possivel que a persisténcia celular observada se tornou fixada devido ao
fenbmeno de assimilacdo genética (SALGIA & KULKARNI 2018). Esse termo foi
cunhado por Waddington na década de 1950, quando ele observou que um estresse
ambiental poderia causar uma mudanca fenotipica rapida que pode ser selecionada e
que ao longo das geracdes se torna herdavel mesmo quando o estresse é removido
(NISHIKAWA & KINJO 2018). Outro pesquisador que explorou esse fenomeno foi
Schmalhausen, que defendia que variacGes fenotipicas estavam escondidas e eram
expostas devido a um estimulo ambiental (PIGLIUSSI et al 2006). Adicionalmente, a
tolerancia e a persisténcia podem agir em um espaco de tempo longo o suficiente para
que mutacdes genéticas aparecam e sejam selecionadas (HATA et al 2016; RAMIREZ
et al 2016), em especial se as células tiverem em contato com drogas que aumentam
ainda mais a instabilidade genémica.

KIM et al 2018 demonstraram que células tumorais de pacientes com cancer de
mama triplo negativo que sobrevivem ao tratamento passam por selecéo clonal e por
reprogramacao transcricional. Através de experimentacdo e modelamento
matematico, os resultados de SU et al 2017 indicam gue a resisténcia ao vemurafenibe
€ o resultado de inducdo lamarckista de fenétipos e selecdo de caracteristicas ndo
genéticas, uma vez que células com diferentes fenotipos apresentam diferencas na
viabilidade. Portanto, estes novos achados indicam que a definicdo do destino de
células tumorais ndo é apenas o resultado de selecdo darwiniana de variantes
genéticas (gendtipos), mas uma mistura dessa e da selecdo de fendtipos que se

alteram ao longo do tempo.
3.1. Mecanismos de resisténcia e tolerancia
Existem diversos mecanismos que podem resultar na sobrevivéncia das células

tumorais quando tratadas, entre eles estéo as alteracdes gendmicas. Um exemplo séo

as mutacdes nos alvos das drogas. Esse € o caso da mutagdo T790M em EGFR, que
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aparece em até 60% dos pacientes com cancer de pulméo de células ndo pequenas
gue apresentam progressao da doenca apoés tratamento com gefitinibe e erlotinibe (YU
et al 2013). O que acontece nesse caso € que as drogas inibidoras de EGFR agem
por competir pelo sitio de ligacdo da adenosina trifosfato (ATP) no dominio tirosina
guinase da proteina, mas tem sua afinidade reduzida pela troca de aminoacido gerada
pela mutacdo (WRIGHT & GOSS 2019). A mutacdo T315] em ABL tem um efeito
similar sobre o Imatinibe, que é usado no tratamento de Leucemia mieloide cronica
com alteracdo no cromossomo Philadelphia (GORRE & SAWYERS 2002).

Mutacbes também podem provocar outras alteracfes nos alvos de drogas. A
terapia hormonal é amplamente utilizada no tratamento de cancer de prostata, a qual
provoca reducao do crescimento tumoral por reducéo dos niveis hormonais. A mutacao
L702H no gene que codifica o receptor de andrégeno o torna passivel de ativacdo por
glicocorticéides, o que compensa a auséncia dos horménios (ZHAO et al 2000,
WATSON et al 2015). Outro mecanismo de resiténcia a terapia hormonal € o aumento
da producdo de receptores de andrégeno através da amplificacdo do locus genémico
Xg11-q13, onde o gene esta inserido (VISAKORPI et al 1995).

Tumores que possuem o oncogene BRAFV600E, como melanomas, podem ser
tratados com vemurafenibe, um inibidor especifico da oncoproteina mutada. Além da
ocorréncia de mutacdes na via da proteina quinase ativada por mitogénio (MAPK), é
conhecido que a inibicdo da oncoproteina causa a reducdo de mecanismos de
retroalimentacéo negativos da propria via, 0 que torna ela mais sensivel a ativacdes,
podendo provocar a proliferacao celular (GEROSA et al 2019, LITO et al 2012). Outro
mecanismo de resisténcia descrito para essa droga é o processamento alternativo do
MRNA de BRAFV600E, cujo produto € uma proteina de 61kDa que ndo possui 0s
exons 4 a 8. Essa variante ndo possui o dominio de ligacdo de RAS, seu ativador, e
com isso a dimerizacdo de RAF é potencializada, restaurando a via de sinalizacdo que
deveria ser inibida pela droga (POULIKAKOS et al 2011).

Existem ainda mecanismos de resisténcia a multiplas drogas, como é caso do
efluxo de drogas, derivado da atividade de proteinas conhecidas como P-

glicoproteinas (ROBEY et al 2018). Ja foi sugerido que o aumento na expressao
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dessas proteinas poderiam ser em decorréncia de rearranjos cromossémicos (HUFF
et al 2006), mutacdes na regidao promotora (STEIN et al 1994) ou mesmo controle
epigenético (TADA et al 2000). Células de leucemia aguda ativamente aumentam a
expressédo de MDR1 quando submetidas a vincristina (PISCO et al 2013), gerando o
fendtipo de tolerancia. Outra maneira pela qual o fendétipo positivo para bombas de
efluxo pode ser adquirido é pelo recebimento, pelas células sensiveis, de
microvesiculas originadas em células resistentes (ALVAREZ-ARENAS et al 2019,
BEBAWY et al 2009).

Outro fator que pode levar a tolerancia é a fase do ciclo celular em que a célula
se encontra no momento que recebe a terapia, e uma vez que esta é ciclica, podemos
prever que essa tolerancia € altamente instavel sendo alterada em uma mesma célula
ao longo do tempo. Um exemplo de classe de drogas cuja eficiéncia deve ser afetada
por isso sao taxanos, que inibem a estabilizacdo de microtibulos no momento da
mitose e como consequéncia induzem apoptose (SHAH & SCHWARTZ 2001). De
maneira inesperada, o ciclo celular ndo afetou a resposta a cisplatina (GRANADA et al
2020), apesar do seu mecanismo de agao ocorrer principalmente na fase S.

Alteracdes epigenéticas tem seu papel na resisténcia ou tolerancia tumoral, um
exemplo é o jA mencionado controle epigenético da regido promotora do gene MGMT
em gliomas tratados com TMZ (ESTELLER et al 2000), um agente alquilante. Essa
droga provoca metilacdo do DNA, principalmente nas posicdes do nitrogénio 7 (N') e
oxigénio 6 (O°) de residuos de guanina (DENNY et al 1994). Embora menos frequente,
a modificacdo em OF é a principal responsavel pela citotoxicidade da droga (TISDALE
1986). A enzima MGMT tem como funcéo reverter o dano causado nessa posicdo e
assim evitar a morte celular. No promotor do gene da MGMT existe uma regido CpG
cuja metilacdo inibe a sua transcricdo, e portanto esta associada a sensibilidade aos
agentes alquilantes. Adicionalmente, rearranjos cromossdmicos que levam a
superexpressdo de MGMT também foram recentemente relacionados com a
resisténcia a TMZ (OLDRINI et al 2020).

Os exemplos citados acima de mecanismos de resisténcia deixam claro que as

células podem seguir muitos caminhos diferentes entre genéticos e ndo genéticos para
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superar os tratamentos disponiveis, e a busca pela maior eficiéncia em tratamentos
deve considerer todas essas possibilidades. Adicionalmente, multiplos mecanismos
podem emergir em uma populagéo celular, complicando ainda mais o quadro clinico
(RAMIREZ et al 2016).

4. Dinamica fenotipica e o estudos em células unicas

Tumores ndo séo estéaticos, uma vez que tanto o microambiente (DAVIDSON et
al 2020) quanto as células tumorais mudam ao longo do tempo, seja por mutacdes ou
mecanismos nao genéticos. Nesse cenario tem sido crescente o interesse sobre
dindmicas em células Unicas, em especial porque hoje sabemos que ela € decisiva em
muitos desfechos celulares, como os exemplificados na Tabela 1.

Por que células mudam ao longo do tempo? Uma das respostas é que varios
processos em organismos vivos sdo ciclicos, tais como o ciclo circadiano (BASS &
LAZAR 2016) e o ciclo celular. Embora o primeiro seja menos compreendido, se sabe
que variacbes em atividade de proteinas em diferentes fases do ciclo celular ocorrem,
como por exemplo degradacéo proteossomal de p21 (HSU et al 2019), atividade de
dynamin-related protein 1 (DRP1), que provoca fissdo mitocondrial (TAGUCHI et al
2007) e mesmo na expressao génica (MEIR et al 2020). Essas diferencas entre células
individuais causam, portanto, diferencas no ambiente intracelular que desencadeiam
diferentes desfechos. Além disso, a natureza das reagfes bioquimicas envolve
estocasticidade, o que resulta em diferencas na expressao genética (ELOWITZ et al
2002). Por fim, divisbes assimétricas também parecem contribuir para uma
manutencao dinadmica de diferentes fenétipos em populacdes, ou seja, mesmo que a
nivel populacional os fenotipos permanecem constantes, as células Unicas dentro
dessa populacdo estdo mudando de fenétipo (SRINIVASAN et al 2016).

Sendo assim, uma mesma célula pode ser diferente em momentos distintos,
como demonstrado em relacdo a tronquicidade (GUPTA et al 2011). Transicéo de
fendtipos também foram identificados em relacdo a velocidade proliferativa (ROECH
et al 2013, EBINGER et al 2016), expressédo de MDR (PISCO et al 2013), atividade de
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CDK2 pos-mitose (ASGHAR et al 2017), além das alteracdes no nivel de expresséo
génica ao longo das geracbes (SHAFFER et al 2020). Outro exemplo de transicéo
fenotipica € a transicdo epitélio-mesenquimal, que ja é bem estabelecida e tem um
papel importante na invasao e metastase. Essa transicdo foi por muito tempo
considerada um fendmeno binario, porém atualmente evidéncias mostram um amplo
espectro de células com fenotipos hibridos, que apontam para a alta complexidade da
dindmica celular (PASTUSHENKO & BLANPAIN 2019).

Os fenotipos adotados pelas células humanas fazem parte de um panorama
epigenético (epigenetic landscape), proposto pela primeira vez por Waddington em
1956, que é constituido por regides estaveis e cuja manutencao fenotipica se deve a
interacdes complexas de redes regulatérias genéticas. Essas regibes estaveis sédo
chamadas de atratores, por serem cercadas de regiées ndo estaveis onde a interacédo
das redes regulatérioas genéticas ndo se mantém. Por isso uma célula em uma regiédo
vizinha a um atrator sera atraida para essa regido, da mesma forma que uma bola em
cima de um morro sera atraida para o vale. Os multiplos vales existentes
correspondem aos multiplos fenétipos possiveis para determinado genoma, e podem
ser observados experimentalmente nas distribuicbes bimodais para diversos
marcadores tais como CD45 (OTERO et al 2002). Nesse cenario, a transi¢cdo de
fendtipos envolve as flutuacdes nos niveis de proteinas (ruido na expressao genética),
que quando ocorrem em uma amplitude grande o suficiente pode empurrar a célula
para um novo vale (PISCO & HUANG 2015, HUANG 2011). Atransicao fenotipica pode
ser observada experimentalmente quando células com diferentes fenotipos séo
separadas por cell sorting, e cada populacdo recria a distribuicdo original daquele
fendtipo (GUPTA et al 2011, NEFTEL et al 2019). Esse fendmeno pode ser importante
para a resposta a terapia por induzir células a entrarem em fenotipos tolerantes.

Esses fatos nos mostram que dinamicas moleculares sédo importantes e podem
ajudar a esclarecer questfes valiosas, tais como porque células geneticamente
idénticas podem ter diferentes respostas aos tratamentos? Quais mecanismos que
levam a tolerancia sado dinamicos? Quais combinac¢des e cronogramas de tratamentos

podem interferer nas dindmicas e melhorar a resposta?



Tabela 1: elementos celulares e o impacto da sua dindmica sobre desfechos nas células.
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Elemento dinamico

Desfecho

Contexto

Referéncia

MCL-1 Morte fracional Tratamento com inibidores de | INDE et al 2020
MAPK
JNK Morte fracional Tratamento com UV-C MIURA et al 2018

Caspases iniciadoras

Morte fracional

Tratamento com TRAIL

ROUX et al 2015

Sintese e ativacao de

proteinas pré-apoptoticas

Morte fractional e

herdabilidade transitoria

Tratamento com TRAIL

SPENCER et al 2009

P53

O limiar de inducéo de
apoptose por p53 é
tempo-dependente devido
ao acumulo de proteinas
IAP

Tratamento com cisplatina

PEAK et al 2016

Pulso de ativacdo de P53

Deciséo entre parada de

ciclo ou apoptose

Diferentes danos ao DNA
(double strand braeks ou single

strand breaks)

BATCHELOR et al
2011

Diferentes alvos de p53

Diferencas na producéo e

ativacdo de proteinas

Ativacdo de p53

HAFNER et al 2017

EGFR e alvos
downstream que

provocam inibicéo de

Diferengas na eficiéncia
dependendo do momento

de adic&o das drogas

Tratamento sequencial de
erlotinib e doxorrubicina

LEE et al 2012

caspase 8

CDK2 e p21 Entrada em quiescencia |Erro de replicagdo na célula ARORA et al 2017
mae herdado pelas filhas

p21 Entrada em senescéncia | Tratamento com doxorrubicina |HSU et al 2019

Porém, ainda hoje uma grande parte dos resultados em pesquisa sdao dados

estaticos obtidos de populacdes celulares. Analises populacionais e pontuais podem

esconder fendmenos importantes que ocorrem a nivel de células-unicas, ou mesmo

levar a conclusdes errdneas, como demonstrado em artigo prévido feito no nosso

laboratério, em que andlises populacionais indicavam a existéncia de correlacéo




29

negativa entre autofagia e senescéncia, enquanto as analises de células Unicas
demonstraram que os dois processos ocorriam de maneira independente (CHIELA et
al 2015). Dados de transcriptomica de rotas metabdlicas também ndo refletem a
expressdo em ceélulas unicas (XIAO et al 2019). Além disso, a preocupagdo com
fendbmenos diferentes ocorridos em células uUnicas em relacdo a populacdo é
especialmente importante no estudo da biologia tumoral, uma vez que uma Unica
célula tumoral que tenha um comportamento diferente das demais, e que este confira
vantagem adaptativa, pode levar ao fracasso do tratamento e a reincidéncia. Portanto
estudos de dinamica e de células Unicas cada vez ganham mais espaco. Seguindo
esse racional, no capitulo | desta tese propomos uma nova metodologia para

quantificar a dindmica de fendtipos celulares.

4.1 Andlises de células unicas e dinamica através de proteinas fluorescents

Aabordagem que mais vem crescendo em relagdo as analises de células unicas
€ o sequenciamento de RNA. Porém essa metodologia é cara e apresenta como
desvantagem a impossibilidade do acompanhamento de uma mesma célula ao longo
do tempo para averiguar dindmica. Uma alternativa a essa limitacdo sdo os ensaios
com células apresentando marcacgdes fluorescentes, as quais podem ser transientes,
produzidas através de transfeccdes, ou estaveis, produzidas, por exemplo, através de
transducdes virais ou transposicdes. Como toda metodologia, essa abordagem
também tem desvantagens, sendo elas a limitacdo de alvos avaliados, a mutacéo
insercional e o estresse celular.

Recentemente foi descrito uma metodologia inovadora que utiliza CRISPR
(Clustered regularly interspaced short palindromic repeats) para marcar o locus
endoégeno de genes de interesse. Embora isso ja fosse possivel com nucleases
efetoras do tipo ativador (TALENS) e proteinas dedos de zinco (ZFPs) (HSU & ZHANG
2012), com o CRISPR a possibilidade de marcacéo € quase infinita, pois podemos
desenhar um RNA guia para praticamente qualquer regido do genoma, limitado apenas

pela exigéncia de uma trinca de bases nitrogenadas chamada de sequéncia PAM,
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enquanto com TALENs e ZFNs as insercdes eram limitadas a regides de repeticdes

nucleotidicas especificas. Abaixo essa nova tecnologia é abordada.

4.1.1 Marcacéo de locus enddgeno por CRISPR

As primeiras observacdes de sequéncias repetitidas pertencentes ao locus que
hoje chamamos de CRISPR se deram na década de 90, jA o termo CRISPR foi
empregado a primeira vez no inicio dos anos 2000 (JASEN et al 2002). Essa
descoberta e suas aplicacGes possibilitaram grandes avancos para a biotecnologia,
uma vez que com essa metodologia podemos provocar quebras de dupla fita precisas
em quase qualquer regido do genoma de uma maneira facil, eficaz e barata. A fungéo
original do sistema é a protecdo de bactérias contra bacteri6fagos, de forma que apoés
a infeccédo inicial por uma espécie de fago, a imunidade adquirida se torna herdavel
(BARRANGOU et al 2007). O locus gendémico consiste de sequéncias repetitivas
idénticas separadas por espacadores Unicos (spacers), que por sua vez sao idénticos
a fragmentos de material genético viral e provenientes de infeccfes prévias. Ainda, a
regido é flanqueada por genes associados ao CRISPR (CRISPR-associated - Cas)
(JASEN et al 2002).

O sistema tem diversas variacfes entre as espécies de argueas e bactérias,
sendo dividido em duas classes, chamadas de classe 1 e 2 com diferengas quanto ao
complexo de interferéncia (terceira etapa do sistema) e aos genes Cas, com diversos
tipos. Basicamente ele funciona em trés etapas: adaptacdo, biogénese de CRISPR
RNA (crRNA) e interferéncia. Na primeira fase complexos enzimaticos de Casl-Cas2
selecionam o material genético estranho, processam e o incorporam ao locus
gendmico entre as regides repetitivas, dessa forma garantindo a memoria da infeccao
e herdabilidade da imunidade (HILLE et al 2018). A seguir o locus CRISPR é transcrito
em um longo RNA (pré-crRNA) e processado (por Cas5 ou 6, ou ainda outras RNAses,
dependendo da classe ou tipo do sistema) para dar origem ao crRNA maduro,
constituido de uma segmento repetitivo, para reconhecimento, e uma sequéncia que

funciona como guia para o alvo (HILLE et al 2018). Por fim, a interferéncia acontece
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guando um fago infecta a bactéria j4 imunizada, nesse caso Cas nucleases (Cas3,
Casl10, Cas9, Casl2 ou Casl3, dependendo da classe e tipo) irdo clivar o material
genético viral na sequéncia especifica complementar ao crRNA, chamada de
protoespacador (protospacer) (HILLE et al 2018). Adicionalmente, a Cas 9 precisa de
um crRNA transativador (tracrRNA), que apresenta uma pequena sequéncia
complementar ao crRNA (HILLE et al 2018). Essa necessidade foi suprida pela
engenharia de um RNA guia-unico (sgRNA) para as aplicacdes biotegnoldgicas (JINEK
et al 2012).

As aplicacbes do CRISPR tem crescido e mostram grande potencial para a
saude, agricultura e biotecnologia. Em 02/09/2020, 40 estudos com CRISPR estavam
registrados na plataforma de ensaios clinicos clinicaltrials.gov. Alguns exemplos de
aplicabilidade s&o descritos na Tabela 2.

Outra aplicacéo € a incorporacao de fragmentos de DNA em um locus genémico
especifico. Essa aplicabilidade foi utilizada no capitulo | dessa tese para medir a
expressdo de marcador de proliferacdo Ki67 (Ki67) e progressdo no ciclo celular.
STEWART-ORNSTEIN & LAHAV 2016 produziram marcacao do locus endégeno com
a insercdo de um gene que codifica uma proteina fluorescente no final de trés genes
codificantes de proteinas importantes na biologia tumoral: TP53, inibidor de ciclina
dependente que quinase 1A (CDKN1A) e Ki67. Para isso, a atividade de endonuclease
da Cas9 foi direcionada para sitios proximos ao STOP c6don dos genes alvos por um
sgRNA, e adicionalmente as células foram transfectadas com uma moélecula de DNA
dupla fita doadora que continha a sequéncia codificante para a proteina fluorescente
(mais uma sequéncia de auto-clivagem e de um marcador seletivo) entre bragos de
homologia (40bps cada) da regidao que flanqueia o sitio de clivagem. Com esse arranjo,
apos a clivagem do DNA endogeno, a célula usa o doador como molde para reparar a
guebra por homologia (HDR - homology directed repair), dessa forma resultando na
insercdo da sequéncia para a proteina fluorescente na extremidade 3’ do gene de
interesse, e com subsequente producdo da proteina alvo quimérica com marca

fluorescente na extremidade carboxila.
Tabela 2: aplicabilidades do CRISPR
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Aplicacéo

Racional

Referéncia

Inducéo de mutacdes

A cas9 é direcionada para um sitio de clivagem pelo sgRNA
onde provoca a quebra dupla do DNA. A célula pode reparar
esse dano por reparo direcionado por homologia (HDR) ou por
juncédo de extremidades ndo-homdlogas (NHEJ), nesse Ultimo
caso insercdes ou delecdes de bases ao acaso podem ocorrer

resultando em mutacao.

CHO et al 2013

Visualizacao de locus|Uma Cas9 sem atividade catalitica (dead Cas9 - dCas9) é | CHEN et al 2013
endogeno fusionada a um EGFP e direcionada a um lécus gendmico

através de sgRNA.
Controle da  expressdo|Uma dCas9 é fusionada a repressor ou a ativador e|GUILBERT et al
genética direcionada para um l6cus gen6mico especifico através de | 2013

SgRNA para reprimir ou induzir a expresséo genética.
Triagem Diversos sgRNAs s&8o desenhados e aleatoriamente WONG et al

entregues em células junto com a Cas9 a fim de descobrir

possiveis genes alvos para a terapia ou interacdes genéticas

2016; NAJIM et al
2017.

importantes.
Edicdo de base Uma dCas9 é fusionada a uma citidina deaminase (APOBEC1 | KOMOR et al

de rato), e através do direcionamento por sgRNA sera feita a| 2016

conversdo de uma citosina a uracila (equicalente a timina) em

uma posicdo especifica
REPAIR (Editing for|Uma Casl13 sem atividade catalitica (dCas13) é fusionada a| GOOTENBERG
Programmable A to ||uma adenosina deaminase (ADAR2), que faz a conversdo de |& ABUDAYYEH
Replacement): Edicdo de|adenosina a inosina (equivalente a guanosina) por | etal 2017
base em RNA deaminacao hidrolitica em transcritos de RNA em sitio alvo do

gRNA
SHERLOCK (Specific High-|A Casl3a quando ativada pela ligacdo do crRNA ao alvo, | GOOTENBERG
Sensitivity Enzymatic | provoca a clivagem do alvo, e como efeito colateral a clivagem |& ABUDAYYEH
Reporter UnLOCKIng): [também de outros RNAs ndo-alvos. Por isso a ativagao de |et al 2017
Diagnostico por | Casl3a por material genético especifico, provenientes por

reconhecimento de acidos

nucléicos

exemplo de virus, provoca a clivagem ndo especifica de RNA

sonda cuja clivagem libera fluorescéncia.
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A principal vantagem dessa metodologia € a possibilidade de analisar a
dindmica protéica da expressdo enddgena, sem artefatos devido a diferenca na taxa
transcricional por regides promotoras ndo endogenas. Além disso, a possibilidade de
mutacao € muito menor, uma vez que a ocorréncia de alvos ndo desejados (off-targets)
€ baixa, diferente das mutacdes insercionais que podem ser provocadas por
transducdes virais. Ainda, esse sistema nao precisa de ambientes de bioseguranca
maiores, como € o caso de lentivirus e retrovirus. Mesmo assim, essa € uma
modificacdo genética, e ensaios que confirmem a auséncia de artefatos, como a

alteracéo da funcéo ou localizacdo da proteina quimérica, devem ser feitos.

5. Metabolismo e Mitocdndrias

Até aqui, foram abordadas as caracteristicas de células tumorais, sua
heterogenidade, mecanismos utilizados pelas células para resistir ou tolerar
tratamentos, dindmica de células individuas e a importancia de estudos de células
Unicas. A partir dessa secdo, irei abordar o metabolismo e mitocondrias, uma vez que
eles também sao dindmicos e podem participar dos processos tumorigénicos.

As mitocéndrias sdo organelas celulares responsaveis principalmente, embora
nao exclusivamente, pelo fornecimento de energia para a célula. Entre as organelas
conhecidas, essa foi a primeira a surgir, gerada a partir da endossimbiose entre duas
células procariéticas, cuja origem dirigiu a evolucdo de células eucaridticas (LYNN
1967, LANE 2020). Sua estrutura € composta por duas bicamadas lipidicas com
estruturas e funcionalidade especificas, sendo que a interna apresenta cristas que
aumentam a eficiéncia na producéo de energia. Além disso, essas organelas formam
uma rede altamente dinamica, passando por constantes ciclos de fusédo e fissao
(GIACOMELLO et al 2020).

Diferente das demais organelas eucarifticas (exceto cloroplastos) ela
apresenta DNA proprio circular com capacidade de autoreplicacdo, localizado na
matriz. A molécula de DNA mitocondrial (mtDNA) foi reduzida ao longo da evolugéo e

nos humanos mantém apenas 16.6kbp que codificam 13 proteinas, todas envolvidas
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com a fosforilacdo oxidativa, 22 RNAs transportadores (tRNA) e 2 RNAs ribossomais
(rRNA) (ANDERSON et al 1981). No mtDNA existe apenas uma regiao ndo-codificante,
na qual esté contida dois promotores, um para cada fita, e a origem de replicacdo da
fita pesada, enquanto a origem de replicacdo da fita leve fica a aproximadamente
12kbp (NICHOLLS, GUSTAFSSON 2018). Embora a replicacdo do mtDNA seja
independente do DNA nuclear, existe um aumento na taxa de replicacao durante a fase
S do ciclo celular (SASAKI et al 2017).

Muitas das proteinas que agem na mitocondria sdo codificadas pelo DNA
gendmico, incluindo as proteinas da maquinaria de replicacdo do mtDNA, de
transcricdo e alguns genes da fosforilacdo oxidativa (BERG, KURLAND 2000). Isso
contribui para a alta complexidade genética das desordens mitocondriais, as quais
podem ter origem tanto no DNA nuclear quanto no mtDNA, nesse ultimo caso de
herdabilidade exclusiva materna. Adicionalmente, as desordens mitocondriais podem
se apresentar em diferentes niveis devido ao fenémeno de heteroplasmia (explicado
no item 5.4) (KANUNGO et al 2018).

As sessOes abaixo exploram o funcionamento das mitocondrias bem como seu

papel no cancer.

5.1 Respiracdo mitocondrial e metabolismo

De maneira simplificada e com excessao dos tecidos glicoliticos (TESLAA et al
2021), os tecidos obtém energia principalmente pela respiragcdo mitocéndrial
(fosforilacao oxidativa, OXPHOS), um processo que gera ATP através de uma reacao
acoplada na qual a energia mecénica da rotacao da subunidade FiFo da ATP sintetase
€ utilizada para a ligacdo de um fostato a molécula de ADP. Essa rotacao € causada
pela passagem para a matriz de protons acumulados no espaco intermembranas
mitocondrial, que geram uma energia potencial. Esses, por sua vez, se encontram
acumulados nesse compartimento devido a cadeia transportadora de elétrons,
composta por varias proteinas que em conjunto transferem elétrons do NADH e FADH:

para oxigénio molecular, o aceptor final, produzindo agua. Nesse processo de
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transferéncia, os proétons liberados junto com os elétrons das moléculas de NADH e
FADH2 sdo bombeados para o espaco intermembranas, onde acumulam e geram o
potencial de membrana. O NADH e FADH2 sao provenientes principalmente do ciclo
de Krebs (TCA), etapa do metabolismo que também ocorre dentro da mitocéndria e
oxida completamente o piruvato, proveniente da glicélise, a CO2. Adicionalmente, o
TCA pode ser alimentado por acetil-CoA proveniente da oxidacdo de acidos graxos, e
de a-KG proveniente da oxidag¢ao de glutamina.

Células tumorais, por outro lado, apresentam modificagbes no funcionamento
das principais vias metabdlicas, de forma a suportar o crescimento descontrolado. De
fato, um dos hallmarks of cancer é a reprogramacédo metabdlica. A primeira evidéncia
de tal fendbmeno foi descoberta na década de 1920 quando Otto Heinrich Warburg
observou que células de carcinoma optavam preferencialmente por fazer glicélise ao
invés da OXPHOS mesmo em condi¢cBes aerdbicas, diferente dos demais tecidos que,
como descrito acima, nessas condi¢cdes destinam o piruvato da via glicolitica para ser
totalmente oxidado nas mitocondrias. Essa descoberta gerou o questionamento se
células tumorais poderiam viver sem as mitocondrias. Porém células depletadas de
MtDNA sO recuperam sua capacidade de tumorigénese apOs recupera-lo, e essa
recuperacao se da através da transferéncia de mitocéndrias inteiras a partir de células
doadoras (DONG et al 2017). Além disso, foi demonstrado que a transferéncia de
mMtDNA por vesiculas a partir de CAFs tem papel na recorréncia e resisténcia em
cancer de mama (SANSONE et al 2017), e a importancia da fungdo mitocondrial
também é evidenciada pela selecdo negativa de mutacfes truncadas nos 13 genes
mitocondriais na maioria dos tipos tumorais (YUAN et al 2020).

Hoje sabemos que nem todos os tumores adotam o fenétipo descrito por
Warburg. Nesse sentido, COURTNEY et al 2018 demonstraram que carcinoma renal
de células claras adota o efeito Warburg, enquanto cancer de pulméo e cerebrais nao.
Também foi descrito o fenbmeno conhecido como efeito Warburg reverso. Nesse caso
fibroblastos associados ao tumor adotam a glicolise aerobica e liberam no meio
extracelular lactato, o qual é internalizado pelas células tumorais que o direcionam
para o TCA e mantém a OXPHOS (PAVLIDES et al 2009). De maneira similar, células
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de cancer de ovario usam como fonte de energia lipidios provenientes de adipdcitos
(NIEMAN et al 2011).

As alteracfes metabdlicas em tumores incluem também o aumento na captacéo
de glicose — fenbmeno que permite a visualizacdo do tumor através da tumografia de
emissao de positrons (PET), um exame muito facil, rapido e seguro. Essa captacdo
aumentada é decorrente do aumento da expressao de GLUT (MACHEDA et al 2005)
e possivelmente ajuda a suprir a demanda energética daqueles tumores que adotam
o efeito Warburg, uma vez que a via glicolitica é 18 vezes menos eficiente na producao
de ATP que a OXPHOS. Muito ja foi questionado sobre qual vantagem adaptativa
poderiam ter esses tumores, uma das hipoteses é que metabdlitos intermediarios
podem ser direcionados para a sintese de macromoleculas (HEIDEN et al 2009).
Nesse caso, a via glicolitica fornece de forma rapida o saldo liquido de 2 ATPs e a
conversdo de piruvato a lactato permite a reciclagem de NADH a NAD* para dar
continuidade a via glicolitica, que também fornece glicose-6-fosfato para a via das
pentoses-fosfato produzir nucleotideos e coenzimas. De fato, células que apresentam
deficiéncias na cadeia transportadora de elétrons podem crescer e formar colénias por
adotar a glicélise aerdbica e usar a glutamina como fonte de carbono para suprir a
deficiéncia de intermediarios produzidos durante o TCA (MULLEN et al 2011).

Entdo, de forma resumida, os tumores podem adotar dois fenotipos
metabolicos: o oxidativo ou o glicolitico aerdbico. Recentemente foi sugerido um
terceiro fendtipo metabdlico tumoral, o estado hibrido, que consiste da adocao
simultanea da glicdlise aerdbica e da OXPHOS (YU et al 2017). Células com esse
fendtipo poderiam ter uma vantagem adaptativa por ter maior plasticidade e poder se
adaptar a diferentes ambientes, além de maior producéo de energia e de metabdlitos
para sintese de macromoléculas (YU et al 2017). Adicionalmente, a existéncia de
correlacdo entre expressao de genes da via glicolitica e da fosforilagdo oxidativa em
dados de células unicas reforgca que os dois metabolismos ndo sédo excludentes (XIAO
et al 2019).

Tumores ainda podem apresentar diferentes subpopulacdes celulares com

metabolismo distintos, contribuindo para a heterogenidade tumoral (HENSLEY et al
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2016). Esse fendbmeno pode ser reforcado pela diferenca de disponibilidade de
nutrientes entre diferentes areas do tumor (HENSLEY et al 2016). Xiao et al 2019 viram
que entre as rotas metabodlicas as que mais contribuem para a heterogenidade
intratumoral sdo a OXPHOS e o TCA. Além disso, os mesmos autores observaram
que células do microambiente tumoral tém caracteristicas metabdlicas que sao
compartilhadas entre diferentes pacientes, enquanto que as células tumorais néao,
indicando maior plasticidade. HALBROOK et al 2020 identificaram que clones
provenientes do mesmo tumor pancreatico se dividiam em dois grupos com
caracteristicas metabdlicas distintas, e que a asparagina liberada por um grupo de
células pode favorecer a tolerancia no outro grupo. ROECH et al 2013 mostraram que
existe uma subpopulacdo de células de proliferacdo lenta que apresenta metabolismo
oxidativo e estéd associada com a resisténcia. Sub-popula¢des de proliferacao rapida
e lenta com diferencas no metabolismo também foram identificadas em glioblastoma
(HOANG-MINH et al 2018). Ainda, SANCHO et al 2015 demonstraram que células
tumorais pancredticas com caracteristicas tronco apresentavam metabolismo
oxidativo enquanto as células diferenciadas apresentavam o fenétipo Warburg.

Outra caracteristica importante € que as células tumorais podem apresentar
plasticidade metabdlica, a qual parece ser importante para a progressao tumoral.
Nesse sentido, células tumorais circulantes, responsaveis pelo estabelecimento de
metastases, favorecem a respiracdo mitocondrial e tem aumento no Coativador 1-alfa
do receptor gama ativado por proliferador de peroxissoma (PGC-1a, Peroxisome
proliferator-activated receptor gamma coactivator 1-alpha) (LEBLEU et al 2014),
responsavel por induzir biogénese mitocondrial, € 0 aumento nesta proteina esta
relacionada com a migracao e invasao. Por outro lado as metastases estabelecidas
tiverem esse fendtipo parcialmente revertido.

A respiracdo mitochondrial tem ainda um impacto importante na instabilidade
gendmica: a cadeia transportadora de elétrons € a principal fonte de espécies reativas
de oxigénio (ROS). Ao ser incompletamente reduzido, o oxigénio molecular se torna o
radical superoxido (O2’), que pode reagir com macromoléculas. A enzima superoxido

dismutase que tem como papel converter essa molécula altamente reativa em peréxido
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de hidrogénio (H202). Este por sua vez pode ser convertido a agua pela agdo das
enzimas catalase, glutationa peroxidase ou peroxiredoxina, ou pode sofrer reacéo de
Fenton e formar o radical hidroxila ((OH), que assim como o Oz pode reagir e danificar
macromoléculas celulares. Assim, as ROS s&o responsaveis por danificar DNA,
lipidios e proteinas, e, somada a MOMP minoritaria (descrito abaixo), podem provocar
mutacdes.

Por fim, o remodelamento metabdlico também possibilita a formacdo dos
chamados oncometabdlitos. Um exemplo € o ja citado 2-HG, produzido quando ocorre
mutacdo de ganho de funcédo na enzima IDH, que originalmente atua no TCA. Outros
exemplos sdo o acumulo de fumarato e succinato, causados respectivamente pela
mutacao de perda de fung&o da enzima fumarato hidratase e succinato desidrogenase,
também originalmente envolvidas com o TCA (CAMPBELL & WELLEN 2018). O
acumulo desses metabdlitos leva a alteracbes epigenéticas devido a inibicdo de
enzimas demetilases (SCIACOVELLI et al 2016) e como consequéncia 0 aumento da
expressdo de HIF-1a (O'FLAHERTY et al 2010), contribuindo para a progressao
tumoral.

Todas essas observacdes levantaram a possibilidade de usar o metabolismo

como alvo para terapias, conforme abordado na secédo abaixo.

5.1.1 Inibicdo da fosforilacdo oxidativa como estratégia terapéutica

As alteracdes metabdlicas tumorais tém sido vistas ha bastante tempo como
possiveis alvos de terapia. Ja foi sugerido que marcadores metabdlicos podem prever
a sensibilidade ao tratamento (CHENG et al 2019), e varios estudos mostram que
metabolismo adotado por uma célula pode ser uma estratégia de tolerancia (ROECH
et al 2013, SORIANO et al 2016, RUPRECHT et al 2017). Porém, inibidores das vias
metabdlicas falharam, e a plasticidade e capacidade de adaptagdo a pressdes
ambientais podem ser fatores limitantes (MCGUIRK et al 2020). Portanto a
combinacdo de drogas que afetam mais de um ponto do metabolismo, como a via

glicolitica e mitocondrial (CHEONG et al 2011), a inibicdo de enzimas reguladoras da
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plasticidade metabodlica (PUSAPATI et al 2016) ou mesmo a combinacdo entre
quimioterapicos, que criam uma vulnerabilidade metabdlica, com inibidores podem ser
alternativas mais eficientes.

Em estudo prévio feito no nosso laboratério, células de glioma tratadas com
TMZ apresentaram uma alteracado metabdlica com aumento da respiracdo mitocondrial
(BUENO E SILVA 2016). Esse efeito possivelmente causa uma vulnerabilidade
metabdlica, e a administracdo de drogas supressoras do metabolismo mitocondrial
pode ser uma alternativa para prevenir o desenvolvimento da tolerancia e resisténcia
tumoral (BUENO E SILVA 2016). Estudos anteriores também mostram que células
resistentes a TMZ apresentam alteracdes na atividade mitocondrial (OLIVA et al 2010,
OLIVA et al 2011). Adicionalmente células intermediérias entre resistente e sensivel
apresentam aumento na respiracao mitochondrial, e também, em relagcdo ao aumento
da expressdo, as vias metabdlicas sdo as mais alteradas nos dias 4 a 12 apds o
tratamento com TMZ (RABE et al 2020). O capitulo 1l desta tese teve como objetivo
ampliar a compreensao do papel da mitocondria na resposta ao tratamento com a
TMZ, com especial atengéo a dindmica da quantidade mitochondrial em células Gnicas

com a finalidade de apontar para a possiblidade de novas estratégias terapéuticas.

5.2 Controle da apoptose

As mitocbndrias tém um papel central no controle da apoptose. A apoptose é
essencial para a manutencdo da homeostase e para o desenvolvimento dos
organismos, prevenindo a tumorigénese e contribuindo, por exemplo, para a formacéo
dos digitos (JACOBSON et al 1997). Essa via é subdividida em apoptose extrinseca,
guando o sinal para a morte celular provém da membrana celular através da ativacao
dos receptores de morte, e intrinseca, quando o sinal provém de eventos
intracelulares, tais como os desencadeados pelo dano ao DNA, e ambas convergem
para a ativacdo das caspases efetoras 3 e 7. Nesse cenario, as mitocondrias estao
envolvidas com a liberacdo de proteinas que ficam no seu espaco intermembranas

guando acontece a permeabilizagdo da membrana mitocondrial externa (MOMP), que
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por sua vez é regulado pelas proteinas da familia BCL-2. Essas proteinas se dividem
em trés grupos: as anti-apoptéticas (BCL-2, BCL-W, BCL-X L , A1 e MCL1), as pro-
apoptoticas efetoras (BAX, BAK e BOK) e as pro-apoptéticas BH3-apenas (BID, BIM,
BAD, BIK, BMF, HRK, NOXA e PUMA). ApGs um estimulo estressor, as proteinas BH3-
apenas tém aumento na expressao ou sdo ativadas pos-transcricionalmente e ativam
BAX e BAK, que se oligomerizam e formam poros na membrana mitocondrial
causando o MOMP. Por outro lado, as proteinas anti-apoptoticas BCL-2 inibem a
ativacao de BAX e BAK por competir com as proteinas BH3-apenas e/ou por se ligar
a BAX e BAK, inativando-as (BOCK & TAIT 2019).

Sendo assim, o estado de equilibrio de ativacdo dessas proteinas determina o
destino da célula. A existéncia de células que sobrevivem baseadas na expresséao das
proteinas BCL-2 antiapoptéticas levou a hipétese de células preparadas para morte
(primed cells), as quais sdo mais sensiveis a inducéo de apoptose (CERTO et al 2006).
Essas células se diferenciam das demais por que nelas a simples inibicdo das
proteinas BCL-2 antiapoptéticas desencadeia apoptose. Essa caracteristica influencia
a eficiéncia de tratamentos e portanto tem valor preditivo (MONTERO et al 2015).
Adicionalmente, foi demonstrado que fibroblastos podem modular a sensibilidade de
células tumorais a diversas classes de drogas quimioterapicas por alterar o estado de
prepararacdo para a apoptose (LANDRY et al 2018).

Apos a formagédo dos poros na membrana, o citocromo c liberado no citoplasma
se liga ao APAF1 (apoptotic peptidase activating factor 1), formando o apoptosomo,
que ira clivar e ativar a caspase iniciadora 9, que por sua vez cliva e ativa as caspases
executoras. A MOMP também libera as proteinas SMAC e OMI que inibem proteinas
inibidoras de caspase da familia IAP, como XIAP (BOCK & TAIT 2019). Por muito
tempo, a MOMP foi considerada o ponto sem volta para a morte celular. Entretanto,
hoje sabemos que o fenbmeno de MOMP minoritario pode acontecer (ICHIM et al
2015). Nesse caso, a indugdo de MOMP ocorre em uma minoria de mitocéndrias, néo
tendo forca o suficiente para induzir a morte, porém levando a ativacdo de caspases
gue provocam quebras no DNA e levam a instabilidade gendémica, podendo inclusive

desempenhar um papel pré-tumoral.
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A massa mitocondrial pode ser um fator preditivo para a inducdo de morte apés
tratamento por ela se correlacionar com a expressdo de BAX e BAK (MARQUEZ-
JURADO et al 2018) de uma maneira dependente da linhagem (SANTOS et al 2019).
Portanto, as mitocondrias tem um papel central na definicdo do destino entre vida ou

morte de células.

5.3 Dindamica mitocondrial

Mitocbndrias passam por remodelamento continuo, com ciclos de fuséo e fissao
conforme a necessidade celular momentanea, além dos processos de biogénese e
degradacdo que levam a renovacdo (turnover). Com esses mecanismos as células
garantem protecdo para momentos de estresse (GOMES et al 2011), destruicdo de
mitocondrias danificadas (Onishi et al 2021) e aumento na producéo de ATP (LIESA &
SHIRIHA 2013). De fato, a dinamica mitochondrial esta associados com importantes
processos como a neurogénese (IWATA et al 2020) e falhas nesse processo estado
relacionadas com a doenca de Parkinson (PICKRELL & YOULE 2015). Essa dinamica
também é importante em tumores, como evidenciado pelas amplificacdes génicas
observadas em varios tipos tumorais (ANDERSON et al 2018), e podem ser alvo para
a terapia (ANDERSON et al 2018).

Dependendo dessa dinamica a morfologia mitocondrial pode estar organizada
em rede ou isoladas. A fusdo depende inicialmente da aproximacdo de mitocondrias
isoladas, processo que envolve o citoesqueleto (MATTENBERGER et al 2003), e para
ocorrer exige gue as mitocondrias tenham potencial de membrana (MATTENBERGER
et al 2003), assim a célula garante que apenas mitocondrias saudaveis passem por
fusdo, as quais mantém homogenidade genética e bioquimica devido ao
compartiihamento de seus componentes, enquanto as mitocéndrias velhas
permanecem isoladas e podem ser direcionadas para a degradagéo. Adicionalmente,
a fissado pode gerar mitocondrias desiguais em relacdo ao potencial de membrana para

gue a mitocondria danificada seja direcionadas a degradacédo (TWIG et al 2008). De
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fato, os ciclos de fuséo e fissdo sdo essenciais para a saude mitocondrial ser mantida
e portanto a manutencao celular (MISHRA & CHAN 2014).

A fusdo das membranas mitocondrias externas depende da formacéo de
complexos entre as proteinas mitofusina 1 e 2 (MFN1 e 2), enquanto a fusédo das
membranas mitocondriais internas dependem de Mitochondrial Dynamin Like GTPase
(OPAl1l) (PERNAS & SCORRANO 2016). Por outro lado a fissdo depende da
translocacédo do citoplasma para a mitocéndria e oligomerizacéo da proteina DRP1, a
qual provoca a constricdo ao redor dos pontos de fissdo pela hidrélise de GTP
(PERNAS & SCORRANO 2016).

Outro processo essencial para a manutencdo de mitocondrias saudaveis é a
eliminacdo de mitocondrias danificadas pela mitofagia. O processo inicia pela
estabilizacdo da proteina PINK na membrana mitocondrial externa apés a
despolarizacdo da membrana. PINK provoca a ativacdo de PARKIN, que entdo passa
a se localizar na membrana mitocondrial externa das organelas danificadas, onde
provoca a ubiquitinacéo de alvos ali localizados, gerando um sinal para a degradacao
com consequente engolfamento da mitocddria por autofagossomos. Alternativamente,
existem receptores que também medeiam a mitofagia (ONISHI et al 2021).

J& a biogénese mitochondrial ocorre por adicdo de componentes novos a rede
mitocddrial existente. A taxa de renovacao varia entre tecidos, sendo de 2 dias no
figado até 14 dias no coragdo, com isso estima-se que em cardiomidocitos, que tem
cerca de 10000 mitocondrias por célula, uma unidade mitochondrial seja substituida a
cada 4 minutos (GOTTLIEB & STOTLAND 2015). Existem diversos fatores envolvidos
na biogénese, uma das proteinas centrais e que coordenam a acdo das demais
proteinas € a PGC-1a, que pode interagir com diversas moléculas e coativar a
transcricdo de multiplos alvos. Outros membros dessa mesma familia de coativadores
sao o Coativador 1-beta do receptor gama ativado por proliferador de peroxissoma
(PGC-1B, Peroxisome proliferator-activated receptor gamma coactivator 1-beta) e
Proteina 1 relacionada ao coativador de receptor gama ativado por proliferador de
peroxissoma (PPRC, Peroxisome proliferator-activated receptor gamma coactivator-
related protein 1) (KELLY & SCARPULLA 2004). A transcricdo dos genes presentes no
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DNA mitochondrial ocorre com a acdo das proteinas TFAM, POLRMT, TFB1M e
TFB2M (FALKENBERG et al 2002), que geram transcrito poligénico que é
posteriormente processado. Essa maquinaria de transcricdo também € importante
para a replicacdo do mtDNA, isso porque o0 primer necessario para o inicio da sintese
de DNA é formado pelo processo de transcri¢cdo, que é terminado prematuramente e
substituido DNA polymerase y (WANROOIJ et al 2018). Por outro lado, os genes com
func@o mitochondrial localizados no nacleo tem sua transcrigdo controlada por outros
fatores, como NRF1 (KELLY & SCARPULLA 2004). Os lipideos que compdem as duas
membranas mitocondrias sdo formados no citoplasma e dentro da prépria organela
(HORVATH & DAUM 2013).

Assim, quando existem demandas energéticas, as vias de sinalizacdo levam a
ativacdo da transcricdo de PGC-1a, ou dos outros fatores transcricionais acima
descritos, de uma maneira tecido-dependente. Por exemplo, exposicdo ao frio leva ao
aumento na expressdo de PGC-la no tecido adiposo, enquanto que no musculo
esquelético PGC-1a é estimulado em resposta a exercicios. O PGC-1a por sua vez
promove a transcricdo de alvos como por exemplo TFAM e NRF1, além de estimular
outras vias metabdlicas.

A dindmica mitocéndrial também é importante para a particdo simétrica durante
a divisdo celular, uma vez que a fragmentacéo na mitose favorece a adequada particdo
do conteudo mitocondrial (TAGUCHI et al 2007, MISHRA & CHAN 2014). Como ja
mencionado, a particdo assimétrica de mitocéndrias estéo relacionadas a manutencao
do fendtipo tronco (HINGE et al 2020, KATAJISTO et al 2015). Embora a fisséo
mitocondrial provocada por DRP1 seja importante para a particdo da organela
(KATAJISTO et al 2015), estudos sobre o controle desse fenbmeno apresentaram
resultados contraditérios (CARLTON et al 2020, CHUNG et al 2016) e devem ser temas

de estudos futuro.

5.4 Heterogenidade mitocondrial



44

Mitocbndrias sdo organelas que apresentam alta variabilidade, em parte por
apresentar DNA proprio, sendo que uma Unica mitocondria pode apresentar diferentes
variantes de mtDNA (MORRIS et al 2017). A presenca de mais de uma variante de
MtDNA em uma célula é chamada de heteroplasmia e esta envolvida com distarbios
mitocondrias, a frequéncia de tais variantes estdo sujeitas tanto a selecdo quanto a
deriva genética (ARYAMAN et al 2019, STEWART & CHINNERY 2015). Como ja dito,
o mtDNA é importante para a tumorigénese (DONG et al 2017) e progresséo tumoral
(SANSONE et al 2017). Diferentes brackgrounds genéticos mitocéndriais produzem
diferencas na progressao tumoral (BRINKER et al 2017). Mesmo que a maioria dos
tumores sofram selecdo negativa para as mutacdes truncadas no DNA mitocondrial,
alguns tumores apresentam a tendéncia contraria (YUAN et al 2020).

As mitocondrias sdo heterogéneas também quanto a sua composi¢cao entre
diferentes tecidos, compartilhando apenas 57% do conteddo (WOODS 2017). Isso
pode ser o reflexo das diferentes funcdes que sédo adotadas pela organela em cada
tecido, que incluem, além das fun¢des citadas nas sec¢fes anteriores, a regulacdo do
Ca?* intracellular, a producdo de ROS, termogénese e sintese de esterdides (WOODS
2017).

Outra camada de heterogenidade é a quantidade de mitocéndrias em cada
célula, definida pelas taxas de biogénese e mitofagia. Os niveis mitocondriais
influenciam a sintese protéica (MIETTINEN & BJORKLUND, 2016, NEVES et al 2010),
a taxa de crescimento (NEVES et al 2010), transcricdo (GUANTES et al 2015) e a
probabilidade de morte (JURADO et al 2018, SANTOS et al 2019). A massa
mitocondrial também é correlacionada com o tamanho celular, embora sua
funcionalidade n&o apresente uma relacdo linear com o tamanho (MIETTINEN &
BJORKLUND, 2016). Possivelmente outros aspectos ainda pouco explorados
adicionam heterogenidade quanto a funcionalidade e morfologia das mitocéndrias,
incluindo a dindmica mitocondrial, mitoses assimétricas e a herdabilidade, a
localizagdo subcelular, o nivel de interacdo com o reticulo endoplasmatico, a
composicao e topologia das membranas. E esperado que a massa mitocondrial tenha

influéncia sobre a progresséo tumoral e a resposta a terapia.
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6. Hipoteses de trabalho

As terapias atuais para tumores, em especial glioblastoma, tém como grande
desafio atingir todas as células de um tumor, que séo altamente heterogéneas, para
evitar a resisténcia e recidiva. Cada vez mais aparecem evidéncias que apontam para
a instabilidade e baixa herdabilidade de alguns fendtipos tumorais, e esse fenémeno
acrescenta ainda mais complexidade nos quadros clinicos. A hipétese de trabalho
desta tese € que células clonais apresentam divergéncias no fitness devido a sua baixa
herdabilidade, a qual é provocada pela dinAmica e herdabilidade de outros fendtipos

isolados, tal como a quantidade de mitocondrias.
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OBJETIVOS

OBJETIVO GERAL

Avaliar a dindmica de fenétipos em células de glioblastoma.

OBJETIVOS ESPECIFICOS

Avaliar a dinamica do fitness celular entre geragdes celulares;

Avaliar a sincrénia do ciclo celular entre células clonais;

Identificar se existem mitoses assimétricas em células de glioma e seu impacto
sobre o fitness;

Identificar a resposta da massa mitocondrial ao tratamento com TMZ e o sua
influéncia no fitness.
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CAPITULO |

APRESENTACAO

Que os tumores sdo doencas muito heterogéneas ja sabemos, porém o
paradigma atual considera as células individuais nos tumores como estruturas
estaticas, e nesse caso a variabilidade é acrescentada principalmente por eventos
genéticos estaveis, como mutacdo. O artigo “Cancer cell fitness is dynamic”, publicado
na revista Cancer Research, foi um esforco coletivo do nosso grupo de pesquisa para
comprovarmos a natureza dindmica do fitness celular. Além disso, nesse trabalho nos
propomos uma metodologia para medir o quanto uma caracteristica, no caso o fitness,
das células sao conservadas entre as células de uma coldnia.

Minha participacdo no artigo foi fundamental, o que se reflete na primeira autoria
compartilhada com meus colegas Juliano L. Faccioni, Paula A. Bracco e Jephesson A.
F. Santos. Os experimentos desenvolvidos por mim foram os que geraram dados da
dessincronizacdo do ciclo celular, através do FUCCI e Ki67 e clonogénicos com
cisplatina, A172 selvagem e MCF7. Além disso, contribui para a obtencao de dados e
analises dos demais clonogénicos, diferenca no fithess entre células irmas e
contribuicdo da morte na variancia. Esse trabalho teve um grande impacto na minha
formacdo como doutora, em especial porque, com ele, eu implementei a técnida de
CRISPR no laboratorio.
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Several phenotypes that impact the capacity of cancer cells to
survive and proliferate are dynamic. Here we used the number of
cells in colonies as an assessment of fitness and devised a novel
method called Dynamic Fitness Analysis (DynaFit) to measure
the dynamics in fitness over the course of colony formation.
DynaFit is based on the variance in growth rate of a population of
founder cells compared with the variance in growth rate of
colonies with different sizes. DynaFit revealed that cell fitness
in cancer cell lines, primary cancer cells, and fibroblasts under
unhindered growth conditions is dynamic. Key cellular mechan-
isms such as ERK signaling and cell-cycle synchronization dif-
fered significantly among cells in colonies after 2 to 4 generations
and became indistinguishable from randomly sampled cells
regarding these features. In the presence of cytotoxic agents,
colonies reduced their variance in growth rate when compared

Introduction

Cancer cell heterogeneity has historically been credited to genetic
variations produced by a long and intricate evolutionary process that
occurs during tumorigenesis and response to therapy. This genetic
heterogeneity, as documented by single-cell genomics, revealed a
complexity far beyond that inferred from bulk tumor sequencing (1).
Notwithstanding, cells constantly change their phenotypic state, alter-
ing the level of proteins, the activation state of signaling pathways, and
modulation of complex processes (2-4). Asymmetric mitosis may also
contribute for phenotypic heterogeneity, as it can impact the amount
of organelles, such as mitochondria, that each cell receives after
division, and contribute to the increase in variability among genetically
identical cells (5-7).
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with their founder cell, indicating a dynamic nature in the
capacity to survive and proliferate in the presence of a drug.
This finding was supported by measurable differences in DNA
damage and induction of senescence among cells of colonies. The
presence of epigenetic modulators during the formation of
colonies stabilized their fitness for at least four generations.
Collectively, these results support the understanding that cancer
cell fitness is dynamic and its modulation is a fundamental aspect
to be considered in comprehending cancer cell biology and its
response to therapeutic interventions.

Significance: Cancer cell fitness is dynamic over the course of the
formation of colonies. This dynamic behavior is mediated by
asymmetric mitosis, ERK activity, cell-cycle duration, and DNA
repair capacity in the absence or presence of a drug.

Most assessments of genotypic or phenotypic intratumoral hetero-
geneity were performed using analyses at discrete time points, with
little information about their dynamics. When dynamic behaviors
were measured, they were restricted to the localization of single
proteins (3), activation of signaling pathways (8), or the interplay of
processes such as autophagy and senescence (2). These studies revealed
that the behavior of individual cancer cells is very dynamic, with a
stochastic component that is completely overlooked with the tradi-
tional assessment of cancer biology based on the average behavior of a
large number of cells at a defined time point. While it is challenging to
assess the relative contribution of genetic versus nongenetic causes of
intratumoral cellular heterogeneity, recent studies of single-cell RNA
sequencing demonstrated considerable variation in the transcriptomic
profile of cells organized in colonies. Part of this nongenetic hetero-
geneity stems from DNA methylation hotspots with high variability
among cells in the same colony (9, 10).

A key phenotype of a cancer cell is its fitness, measured by the
number of descendants it generates in a given time frame, both under
unhindered growth condition or in the presence of challenges, such as
a cytotoxic or cytostatic drug. In cancer, cell fitness can be considered
as an integrative phenotype, as it represents the most important trait of
a cancer cell, being alive and leaving descendants (11, 12). Although
measuring fitness is commonly performed by counting the number of
descendants of a given cell, interpreting its fluctuations with regards to
time or cell division is more complex, because measuring fitness
requires at least one complete cell cycle. In addition, if fitness is below
the cell’s survival threshold, the cell will die and thus no further
information can be collected from this specific cell or its descendants,
impeding the assessment of the dynamics in fitness. To overcome these
limitations, we developed the Dynamic Fitness Analysis (DynaFit)
method for quantification of fitness dynamics, and applied it to a
variety of cell culture scenarios. We found that after a few generations,
colonies became more similar to each other when compared with their
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founder cells in relation to fitness. Analysis of ERK signaling, cell-cycle
synchrony, DNA damage, and senescent phenotypes indicated that the
low variance among colonies is due to a gradual increase in hetero-
geneity of the cells composing these colonies regarding the above-
mentioned phenotypes.

Materials and Methods

Fitness of colonies

Cells were plated at a density of 32 cells per cm?, the number of cells
per colony was counted manually at three different time points and the
identity of the colony was determined by its location. Colonies of the
same or similar size were grouped and the variance of these colonies
was calculated. A minimum of 20 colonies was used per group when
calculating variance (Supplementary Fig. SIA-S1C). The value 0.5 was
used to denote total elimination of a colony to avoid undefined log
values. Cell lines used were A172, U251, MCF7 from the ATCC. U251
was STR validated in October 2018 by the Banco de Células do Rio de
Janeiro. Primary cells were obtained as described previously (13, 14).
All cells were routinely tested for Mycoplasma using the MycoAlert
Mycoplasma Detection Kit (Lonza).

DynaFit Implementations

We implemented DynaFit using two different analytic strategies: an
application that estimates the growth rate (GR) variance by boot-
strapping each colony size (CS) group (Supplementary Fig. S2A-S2C),
and a web application that selects a generalized additive model for
location, scale, and shape (GAMLSS; ref. 15) that best fits the data for
predicting the GR variance (Supplementary Fig. S2D and S2E). The
statistical bootstrap is performed through a desktop interface
written in Python (http://www.ufrgs.br/labsinal/dynafit/). The code
is made freely available at https://github.com/jfaccioni/dynafit.
The predictive modeling is performed through an R Shiny web
application (https://paulabracco.shinyapps.io/Rapp/). A detailed
description of their functionality and use is given in the Supple-
mentary Material and Methods file. The rationale is also explained
in Supplementary Video SI and the implementation of DynaFit is
shown in Supplementary Video S2.

Fitness of sister cells

To perform the fitness analysis, cells were plated at low density at
day 0 and at day 1. If applicable, temozolomide (Sigma-Aldrich) was
added after 24 hours at 6.25 pmol/L, for 3 hours. Cells were imaged
every 12 hours for 8 days and the number of descendants alive for each
sister cell was counted and plotted on the y-axis in base log, scale. The
area between curves (ABC) was used to measure the difference in
fitness of sister cells. ABC between sister cells was compared with Hy
(cells with the same fitness) and with H;, in which the nonrelated cells
were randomly paired.

Live-cell tracking

Live cell measurement of ERK activity was performed using
A172 glioma cells stably expressing ERK-KTR fluorescent report-
er (16) and the nuclear marker Apple-53BP1trunc (17) via lentiviral
transduction (18). DNA damage was measured by counting nuclear
foci of Apple-53BP1trunc. Cell-cycle synchronization analysis
was performed with FastFUCCI (Supplementary Fig. S3A-S3D)
and the tagging of the endogenous locus of Ki67 was done with YFP
using Cas9 (Supplementary Fig. S4; ref. 19). Details of these
procedures are provided in the Supplementary Materials and
Methods file.
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DNA damage and nuclear morphometric analysis

Cells expressing 53BP1truncApple were plated at low density,
imaged for red fluorescence to assess 53BP1 foci and nuclear mor-
phometry (20) in colonies prior to and after treatment with 50 wmol/L
temozolomide for 3 days.

Results

Variance in colony growth rate indicates that fitness is dynamic

DynaFit is based on the fitness variance of single cells and their
descendants organized in colonies. Individual cells originated from a
heterogeneous population will have different growth rates (GR) with a
given variance o¢?. If the GR of the founder cell is copied to all cells in
the colony, then the GR variance across colonies (02) will be equal to
oo (Fig. 1A and B). In a colony variance plot (CVP), formed by the
log, values of the variance in GR versus the log, of colony size (CS), this
will produce a straight line with no inclination at the log, value of o2
This scenario of total fitness conservation was named the null hypoth-
esis (Hy, Fig. 1C, red line).

The alternative hypothesis (H;) of this rationale is given by the
variability among groups of randomly sampled individuals from the
same population. In this case, the variance among the groups will have
an inclination of minus one and an intercept in the CVP according to
Eq. (A) (for more details, refer to the Supplementary Materials and
Methods file):

log, (6?) = —log>(CS) + logs (00?) (A)

GR variance from actual colonies will be located between these two
lines of the CVP and the distance of this variance to the two
hypothetical scenarios will indicate the degree of fitness conservation
for a given CS (Fig. 1C, black dot).

To perform DynaPFit, cells were plated at low density and allowed to
form colonies of different sizes for 3 to 7 days. At this point, colonies
were imaged and the number of cells in the colonies was counted
producing colony size 1 (CS1). Colonies were grown for another
3 days, imaged to produce CS2 and then grown for a further 3 to
5 days to produce CS3 (Fig. 1D). All colonies were assumed to have
started from a single cell (CS0) and the colony identity was obtained
from its location. CS1, CS2, and CS3 were used to calculate GR1, GR2,
and GR3 according to Eq. B.

_ logz (CS;i) — loga(CSi—1)

GR;
' days

(B)

To obtain empirical distributions for the variances in the different
CS, GR values in each CS were bootstrapped and the variance was
calculated at each repeat. The average variance and is standard
deviation for each CS was used to generate the CVP.

For the U251 glioma cell line, the CVP for GR2 produced a gradual
reduction in variance, which was positioned between H, and H;
(Fig. 1E). Because the relative distance from these two hypotheses is
the key information to be analyzed, a hypothesis plot (HP) was
produced, that measures the relative distance of the experimental data
to these contrasting scenarios. This can be done either by measuring
the vertical distance at a specific CS (end-point HP) or the relative area
from CSO to a specific CS (cumulative; Fig. 1F). The HP of the
U251 glioma shows that variance of GR of colonies gradually reduces
with the increase in CS, reaching about 40% of the distance between Hy
and H, after three generations and thereafter remaining at this level for
up to 6 generations (Fig 1E and F). GR1, GR2, and GR3 of U251
colonies did not correlate, in line with the low conservation of GRs
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Figure 1.

Degree of fitness dynamics. A,
High conservation of fitness will
preserve the differences of the
founder cells even among large
colonies, whereas a small conser-
vation will turn the growth rate of
colonies similar. B, Variance in GR
will remain high if fitness is con-
served with an increase in colony
size, whereas variance will reduce
with the colony size if fitness is not
conserved. C, CVP of conserved
fitness (red) or randomly grouped
cells in different group sizes (blue).
Black dot represents the putative
GR variance of colonies with initial
colony size (CS) of 4. D, Cells were
plated at low density and imaged
at different time points to produce
colony size CS1, CS2, and CS3,
which were used to determine
growth rates GR1, GR2, and GR3.
GRs of colonies with the same ini-
tial number of cells were grouped
to calculate the variance. E, CVP
produced by bootstrapping the
GR of colonies with similar number
of cells of the glioma cell line
U251 compared with the hypothet-
ical lines of randomly sampled
group of cells (blue) and colonies
in which all cells retain the GR of
their founder cell (red). Shades
are the 95% confidence interval.
F, Hypothesis plot of the relative
distance of the data to Hp at a given
point (top) or cumulative (bot-
tom). G=J, CVP of a breast cancer
cellline (G), CVP of a primary fibro-
blast culture (H), CVP of a primary
GBM (1), and paired final popula-
tion size of the growth of a popu-
lation of cells under static versus
dynamic fitness for 20 generations
(J). Simulation parameters were
derived from the CVP of the pri-
mary GBM cell culture. A detailed
description of the simulation is
provided in the Supplementary
Materials and Methods.
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indicated by DynaFit (Supplementary Fig. S5A and S5B). The
average GR of colonies followed a straight logarithmic growth and
was not dependent on the initial colony size, except for colony size 1
and 2 (Supplementary Fig. S5C and S5D). The Allee effect, in
which large populations have a fitness advantage in relation to
small populations, is well known in evolutionary biology and was
shown to occur also in cancer cells (21). This was not observed in
our assay, because our data indicate that the GR of cells at low
density used for the DynaFit experiments was larger than at high
density (Supplementary Fig. S5E). CVP of GFP-tagged cells in the
presence of a 100-fold excess unlabeled cells also indicated no
difference in the dynamics of variance reduction, despite a reduced
overall variance of the cloned GFP-tagged cells (Supplementary
Fig. S5F and S5G).

Fitness was also dynamic in a primary culture of glioblastoma (13),
another glioma cell line (A172; Supplementary Fig. S5F), in a breast
cancer cell line (MCF?7) and in a primary fibroblast culture (Fig. 1G-I;
ref. 14). The reduction in GR variance with colony size was quite
different among cell types, with no indication that the dynamic in
fitness is a cancer-exclusive phenotype.
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Cancer Cell Fitness Is Dynamic

Evolutionary biologists have long recognized that the fitness of
organisms is not static due to the biology of the organisms or
fluctuations in the environment. In a classic work, Lewontin and
Cohen showed that dynamic fitness leads to a smaller population
growth than static fitness with the exact same average fitness (22). We
simulated a populational growth model using the average growth rate
of the primary GBM cell line with the maximum and minimum
variance observed with DynaFit. These data confirmed that a static
fitness produced, after only 20 generations, larger population sizes
than the dynamic fitness, indicating the impact of the dynamics in
fitness in cancer cell populations (Fig. 1J).

Phenotype conservation during mitosis

To determine the origin of the dynamics in fitness, we measured the
conservation, in sister cells, of phenotypes that play important roles in
cancer cell fitness. For cells, the H, represents equal sister cells and H;
applies to the absence of phenotype conservation, when sister cells are
as different as unrelated cells (Fig. 2A).

The above rationale was applied to ERK signaling, as it is an
important regulator of cell division and can be used as an indicator
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Degree of mitotic heritability of key phenotypes. A, Null hypothesis (Ho) represents perfectly identical cells in regard to a measurable characteristic, and alternative
hypothesis (H) are unrelated cells. B, ERK activity in live cells was measured using KTR. C, Differences in ERK activity of sister cells, colonies of four cells, and unrelated
cells of the A172 glioma cell line. Mean =+ SD, Student t test. D, For each sister cell, the number of descendant cells was counted each day and the area between the
curves (ABC) was used to measure the difference in fitness of sister cells. E, Sister cells of the A172 glioma cell line were accompanied for 8 days and the ABCs of sisters

and unrelated cells are shown. Mean + SD, Student t test.
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of cell fitness. A significant difference in live ERK activity in sister cells,
measured with a kinase translocator reporter (KTR; Fig. 2B; ref. 16),
was observed over the first 10 hours after mitosis, therefore rejecting
H,. However, the difference between randomly assembled pairs from
the same population of cells was higher than the difference in sister
cells, indicating that some information is carried over from the mother
to the two daughter cells regarding ERK activity. When colonies of 4
cells were analyzed, it was not possible to statistically distinguish them
from randomly assembled quartets, based on the level of ERK activity
alone (Fig. 2C).

To measure whether cell fitness is inherited, we counted the
descendants of pairs of sister cells and quantified the ABC of the two
family trees (Fig. 2D). The average ABC of sister cells was statistically
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different from Hy, but lower than the ABC of unrelated cells from the
same population of cells (Hy; Fig. 2E). These data show that sister cells
are different from each other in relation to ERK activity and fitness,
suggesting that asymmetric mitosis is a key mechanism of the dynamic
of fitness observed with DynaFit.

Dynamic of loss of cell-cycle synchronization in colonies

If mitosis is asymmetric, then how many generations would be
required for cells in a colony to become as heterogeneous as an
unrelated group of cells (Fig. 3A)? To answer this question, we stably
transduced U251 glioma cells with the FastFUCCI cell-cycle indica-
tor (23) and imaged colonies of different sizes. The degree of desyn-
chronization was measured as follows: the expected distribution of
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Dynamic of cell-cycle synchrony in colonies. A, Ho and H; applied to cells in colonies - for Ho, all cells in the colony will be equal to its founder cell and, for H;, cells will
change with division or time until they are indistinguishable from randomly sampled group of cells. B, U251 glioma cells stably expressing the FastFUCCI cell-cycle
indicator were grown and photographed in colonies, and the time between the leading and lagging cell of the colonies was estimated on the basis of the distribution of
green and nongreen cells in the colonies. C, U251 glioma cells in which YFP was inserted in the endogenous loci of Ki67 using CRISPR-Cas9. Intensity of green
fluorescence was used as an indicator of the cell-cycle position. D, Time between leading and lagging cell based on the FastFUCCI system (black) and endogenous
Ki67-YFP fluorescence (green) in relation to the size of the colony. Numbers indicate the colony cell number in log, scale that produced half of the maximal observed
desynchronization. E and F, Number of 53BP1 foci per cell (E) and coefficient of variation of foci per cell (F) in relation to the number of cells in the colony.
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green (G, and M) and non-green (G, and S) cells was predicted for
different desynchronization levels, and the experimental data were
then fitted to this distribution (Fig. 3B; Supplementary Fig. S3A-
S$3D). In addition, we also inserted a fluorescent tag in the endog-
enous locus of the cell-cycle indicator Ki67 (19) and measured the
fluorescence of cells in colonies of different sizes (Supplementary
Materials and Methods). The Ki67-induced fluorescence peaks at M
phase, reduces gradually to a minimum before S-phase entry and
thereafter gradually increasing again (Fig. 3C; ref. 24). The differ-
ence in fluorescence between the cell with the lowest and highest
fluorescence intensity in a colony also indicates the degree of
desynchronization.

Both experimental approaches produced a dose-response-like
curve of the desynchronization versus the size of the colony. As
expected from the accumulation of asymmetric mitoses, the larger
the colony, the farther away a given cell is, on average, from
the last common ancestral and therefore the more desynchronized
it is. The degree of cell-cycle desynchronization reached half
maximum at colony size 3.8 for FastFUCCI and 3.5 for Ki67-YFP.
Because a log, scale was used, half the maximal desynchronization
of cell cycle was observed between 3 to 4 generations (Fig. 3D). This
gradual reduction in cell-cycle synchrony agrees with the reduction
in GR conservation observed with DynaFit (Fig. 1E and F), in which
the maximal distance from H, was reached after about three
generations.

DNA damage and repair are also key components of cell fitness.
To measure DNA damage in live cells, cells were transduced with
the DNA damage indicator 53BPItrunc-Apple (17) and cells in
colonies were imaged. Untreated A172 glioma cells displayed an
average of 1.8 foci of 53BP1 per nucleus, indicating a low basal DNA
damage. The number of foci did not correlate with the size of the
colony (Fig. 3E). However, when the variation among the cells in
colonies was analyzed, cells in larger colonies were more varied than
in smaller colonies (Fig. 3F). In line with the DynaFit data and the
cell-cycle desynchronization, this result also indicates that with cell
division, cells in colonies become gradually more varied also in the
basal DNA damage level.

Capacity to survive to a chemotherapeutic agent is dynamic

Fractional killing is a prevalent feature of cancer cells in response to
drugs or radiation (3), but little is known about this effect in closely
related cells found in colonies. According to the Hy hypothesis, no
fractional killing would be observed in colonies, as conservation of
phenotype would lead to a homogeneous response according to the
tolerance level of the founding cell. In the H; scenario, colonies would
gradually undergo more and more fractional killing as colony size
increases (Fig. 4A).

Colonies of different size of glioma cells were exposed to temozo-
lomide, the standard therapy for this type of tumor. We previously
characterized the response of gliomas over several days to levels of
temozolomide found in the plasma of patients, thus more closely
mimicking clinically relevant conditions (12). Challenging colonies of
U251 glioma cells for 3 days with 50 pimol/L of temozolomide (Fig. 4B)
produced a reduction in the average GR during (GR2) and after (GR3)
the presence of temozolomide (Fig. 4C; Supplementary Fig. S6A and
S6B), as cells have chronic responses to this alkylating agent (2, 12).
Interestingly, a low correlation was found between the three measured
GRs of individual colonies, indicating that the GR prior to or during
temozolomide can not predict the GR in the following period
(Fig. 4D). In addition, selection of colonies with specific growth rates
during temozolomide did not predict outcome after temozolomide,
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and the variance in GR3 of colonies with specific GR2 was very similar,
indicating the low conservation of fitness in the colonies (Fig. 4E).

The CVP of cells treated with temozolomide showed a steep
reduction in variance with colony size, more than the reduction
observed in untreated cells (Fig. 4F). This comparison also evidenced
that small colonies were much more diverse in terms of fitness in the
presence of temozolomide than in its absence. The presence of cell
death amplified the range of GRs observed in the presence of temo-
zolomide, which can be one of the processes responsible for this
increase in variance upon treatment when compared with untreated
colonies (Supplementary Fig S6C and S6D). Notwithstanding, increase
in colony size made treated colonies as similar to each other as were
colonies in the untreated condition. This indicates that the processes
activated by temozolomide (2, 12) fluctuate in cells during the for-
mation of colonies and contribute to homogenize the response of
larger colonies despite the great variance of the individual cells and
small colonies.

As temozolomide activates chronic cellular processes that are
different from the acute processes (2, 12), the CVP of GR3, (after
temozolomide withdrawal), in relation to CS1 was also analyzed. The
reduction in variance in GR3 occurred in larger colonies and was
smaller when compared with GR2 or even to the untreated condition
(Fig. 4G). While colonies with 4 (2%) cells had a high variance both in
GR2 and GR3, colonies with 16 cells (2*) had a low variance in GR2
while still having a high variance in GR3. On the other hand, larger
colonies presented low variance for both GR2 and GR3 (Fig. 4H),
reinforcing that variance reduction occurs at lower colony sizes for
GR2 in comparison with GR3.

Variance is treatment specific, as the same cell line treated with
cisplatin had a much lower reduction in variance when compared
with treatment with temozolomide. Higher concentrations of cis-
platin eventually lead to CVP without a reduction in variance
(Supplementary Fig. S6E-S6G), indicating that extremely high
toxicity decreased the variance reduction in colonies. A different
glioma cell line (A172) also had a reduction in variance in the
presence of temozolomide, but this was smaller when compared
with the U251 cell line (Fig. 4I).

Dynamic in the response of cells to temozolomide

In previous reports from our group, we showed that temozolomide
induces several effects on cells that can impact their survival, including
DNA damage, apoptosis, autophagy, necrosis, cell-cycle arrest, and
senescence (2, 12). Noteworthy is the large variability in autophagy and
senescence induction in single cells after temozolomide (2). To
determine the degree of variance in DNA damage and senescence
induction among related cells (Fig. 5A), 53BPltrunc-Apple-
transduced cells were treated with 50 umol/L temozolomide and cells
in colonies were imaged after treatment. The number of foci observed
in treated cells was higher (Fig 5B, top) when compared with untreated
cells (Fig. 3E), but did not vary with respect to colony size. However,
the coefficient of variation of foci among cells from colonies of different
size increased with the number of cells in the colony, both right after
temozolomide (CS2) or 3 days after drug withdrawal (CS3; Fig 5B,
bottom). As the CVP measures dynamics in fitness but not fitness itself,
no correlation was observed between the GRs and the reduction in
variance for GR2 or GR3 (Supplementary Fig. S7A-S7D).

One important process activated by temozolomide is the induction
of senescence (2, 12), that can be accompanied through the increase in
nuclear area, which correlates with the B-galactosidase staining and
p21 expression (20). A172 and U251 cells showed a gradual increase in
nuclear size after treatment with 50 umol/L temozolomide, which

Cancer Res; 81(4) February 15, 2021

Downloaded from cancerres.aacrjournals.org on February 15, 2021. © 2021 American Association for Cancer Research.

1045


http://cancerres.aacrjournals.org/

1046

Published OnlineFirst December 22, 2020; DOI: 10.1158/0008-5472.CAN-20-2488

Lenz et al.

Treatment

Figure 4.

Dynamics of cell fitness in the presence of a
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largely returned to normal after 10 days (Fig. 5C). This increase in
nuclear size was also observed in colonies during and after the
presence of temozolomide (Fig. 5D). Most interestingly, the larger
the colony, the bigger was the heterogeneity in nuclear size of the
cells in the colony after the presence of temozolomide, indicating
that the heterogeneity in cell-cycle synchronization and DNA repair
capacity, among other features, led to a heterogeneous senescence
induction in colonies (Fig. 5D).

Ultimately, what matters in cancer cell response to therapy is
whether cells survive in the presence of a drug. Sister cells were
different from each other and they were not different from pair of
cells randomly picked from the population regarding to the number of

Cancer Res; 81(4) February 15, 2021

0 2 4 6
Log; (cells in colony - CS1)

cells alive (Fig. 5E), supporting the fast change in fitness observed in
the DynaFit data.

Impact of the dynamics of fitness for cancer biology and
therapy

To alter the dynamics uncovered with DynaFit, we tested the impact
of the presence of several epigenetic modulators during the formation
of the colonies in the dynamic of fitness (Fig. 6A). The histone
deacetylase (HDAC) inhibitor suberoylanilide hydroxamic acid (Saha)
or the DNA methyltransferase (DNMT) inhibitor 5-azacytidine (Aza)
alone or in combination did not change the GR during the formation of
colonies, but increased the toxicity of temozolomide, especially when
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Figure 5.

Dynamicin cell processes activated by temozolomide. A, Heterogeneity in DNA damage and senescence induction was accessed through 53BP1foci and nuclear area.
B, Average (top) and coefficient of variation (bottom) in DNA damage of individual cells from colonies at CS2 and CS3 expressed by the number of 53BP1 foci per
nuclei. €, Dynamic of senescence induction indicated by the increase in nuclear area in glioma cells lines treated with 50 umol/L of temozolomide (TMZ) from day O to
5 and then maintained in drug-free media. D, Left, nuclear area and nuclear irregularity index (NII) of cells from an individual colony of U251 cell prior (CS1),
immediately after (CS2), and 3 days after 50 umol/L temozolomide (CS3). Numbers indicate the coefficient of variation (CV) of nuclear area and NII. Right, average
nuclear area (top) and average CV of nuclear area from cells from colonies at CS1, CS2, and CS3. *, P< 0.05; **, P< 0.001 with Student ¢ test. E, ABC of the fitness of
A172 sister cells treated with 6 umol/L temozolomide in comparison with equal (Ho) and unrelated cells (H;). NS, not significant.
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with Aza, Saha, or its combination prior to temozolomide. E, Distribution of the number of cells in CS 2 when colonies were formed in the presence or not of Saha and
Aza and then treated with temozolomide (inset). F, CS1 of the colonies completely eliminated during GR2 (CS1K2).

added together (Fig. 6B). Colonies formed in the presence of Saha plus
Aza responded to temozolomide with a variance that was similar to the
variance of individual cells (Fig. 6C), indicating that the amplitude of
fitness observed in single cells was maintained in colonies up to 20 cells.
This was not observed for the single treatment of Aza or Saha
(Fig. 6D).
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Colonies treated only with temozolomide ranged from zero to more
than 256 cells, while the largest colony in the ShAz (Saha + Aza)
temozolomide group had 56 cells (Fig. 6E). Most importantly, the
number of cells in the colonies totally killed by temozolomide was 6
cells, whereas in the ShAz temozolomide group, up to 20% of colonies
as large as 28 cells were completely eliminated (Fig. 6F). This indicates
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that epigenetic modulators can alter the dynamics in fitness and reduce
fractional killings in response to temozolomide, which means that the
temozolomide-sensitive phenotype was copied to all cells in a colony
for about five generations.

Discussion

Recent techniques that allow the live tracking of signaling path-
ways and complex cell processes have revealed the magnitude of
single-cell dynamics in almost all processes amenable to live cell
tracking. Notwithstanding, populational stability is obtained largely
by the average behavior of billions of cells in tissues. If the behavior
of the whole tissue is the focus, then measuring the average behavior
of cells is acceptable or even desirable. However, when the behavior
of single cells is key, as is the case in cancer, then the dynamics
of individual cells must be considered, especially in resistance
to therapy.

Signaling pathways are intrinsically dynamic due to the half-life in
the order of seconds to a few minutes for the posttranslational
modifications that control signaling components, such as phosphor-
ylation (25), and of hours for the protein turnover (26). We showed
that sister cells are more similar than unrelated cells when considering
ERK activity. This similarity, however, is lost after a second division, as
cells in colonies of 4 are as different regarding ERK activity as are
unrelated cells, in line with the dynamics observed in single cells of
signaling pathways such as ERK, Akt, NFkB, and p53 (3, 16).

The most important aspect of cancer cell therapy is its fitness, given
by the number of cells that remain alive after treatment. Therefore,
focusing on cell fitness and their dynamics is a central point of the
present work. Sister cells have distinct fitness but are still more similar
to each other than unrelated cells, as fundamental processes for fitness,
such as cell-cycle duration, require between 3 to 4 generations to reach
half the maximum variation. Others have shown that the cell-cycle
duration is poorly copied from mother to daughter cells (27), but sister
cells have some correlation between themselves, which may be
explained by the fact that the decision of the duration of G; is taken
before division and is thus similar in sister cells. However, the level of
the proteins responsible for the next decision point changes indepen-
dently in the sister cells to produce different decisions for the cousin
cells (27, 28). Analysis of the expression of a few genes in live cells
indicated that sister cells are more similar than nonrelated cells in the
levels and dynamics of expression of these genes. Notwithstanding,
during the progression of the cell cycle, sister cells gradually lose their
similarity depending on the analyzed gene, indicating some gene-
specific transcriptional memory with distinct dynamics (29).

Transcriptome and epigenome analysis of colonies with 10 to
16 generations indicated that cells have multigenerational fluctuations
in the mRNA levels of most genes, and these fluctuations have a
nongenetical origin. A minority of genes have a heritable expression,
but these genes are different among cell lines (10). An analysis of the
methylation status pointed to the existence of genes with dynamic and
others with static methylation, indicating that the control of the DNA
methylation machinery can impact the stability of transcription of
some, but not all genes (9). Several genes were described that can
individually have a large impact on cell fitness (30) and thus the
dynamic expression of one or a few genes may suffice to produce
variation in the fitness of cells in colonies and thus contribute to
fractional killings. In line with these findings, the inhibition of DNMTs
and HDAGC:s stabilized the dynamics in fitness for up to five genera-
tions, allowing the copy of the temozolomide-sensitive phenotype to
all cells in the colony and reducing fractional killing, generally thought
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as a process that contributes to cancer drug resistance (31). The
combination of Saha and Aza was shown to reduce pancreatic tumor
growth in model animals (32); however, the contribution of direct
toxicity, alteration in dynamics of fitness and fractional killings is still
unknown. It is unlikely however, that DNA methylation and histone
acetylation are the only mechanisms affecting the dynamics in fitness,
as the integration of internal mechanisms with signals from the tumor
microenvironment may produce complex interactions, as has been
shown for the dynamics in TNF and the oscillation of NFkB and the
ultimate biological outcome (33).

The most reliable measurement of fitness is the direct counting of
the number of descendants of a cell after a time frame that exceeds the
duration of one cell cycle. Most importantly, a cell whose fitness is
below the survival threshold is killed and therefore no further infor-
mation can be obtained from this cell or their (nonexisting) descen-
dants. To overcome these constraints, we proposed the DynaFit
method that uses the variance of single cells and colonies of different
sizes to determine whether this characteristic is copied to all cells
homogeneously or heterogeneously. Although the experimental
design is based on the classical Luria-Delbriick assay (34), DynaFit
has a different statistical rationale and considers that changes are
reversible. It is important to bear in mind that DynaFit is based on
variance and is therefore particularly sensitive to measurement errors,
as a single outlier produces a large increase in variance. To reduce this
risk, a filter was added to the bootstrapping app to exclude outliers (35).
Careful revision of microscopy images and cell count results is highly
recommended. Furthermore, because DynaFit is a statistical method at
its core, small sample sizes for CS groups may lead to unreliable results.
Notwithstanding, a method for evaluating fitness dynamics in colonies
across different conditions, especially in response to drugs, is of great
value for cell and cancer biology, and may contribute to better
understand the several nongenetic resistance mechanisms proposed
in recent years (36).

Applying DynaFit to different cell types showed a reduction of the
maximal variance of GR of colonies in around three generations, that
is, colonies of 8 cells. This reduction in variance occupied between 19%
to 46% of the area formed by the H, line and the H, line. The
observation that untreated normal cells have a behavior similar to
cancer cells is an indication that fitness dynamics is a characteristic of
cells in general rather than a feature selected by the cancer cells
analyzed here, in line with the high dynamics observed in several
cellular processes in normal eukaryotic and prokaryotic cells (3, 28, 37).
As with several other features, normal tissues, despite formed by
dynamic cells, average out these features to produce a population
with a stable behavior.

In the presence of clinically relevant concentrations of temozolo-
mide, colonies of glioma cells reduced its GR variation as the colony
size increased, and this reduction in variance was lower after drug
removal. This indicates that the capacity of surviving in the presence of
temozolomide is highly dynamic, but also that the processes activated
in the surviving cell and that are responsible for the long-term response
to temozolomide are less dynamic. Remarkably, cell dynamics are cell
type and treatment specific, indicating that it they are governed by the
characteristics of the cells and impacted by the different mechanisms
induced by diverse treatments.

Among the cell phenotypes activated by temozolomide, DNA
damage response and nuclear area increase, a proxy for senescence
induction, were different among the cells in colonies, in line with
the large heterogeneity in senescence induction by cytotoxic
drugs observed in several cancer cell types (38). This finding adds
to the fractional killing concept that cells respond differently to
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chemotherapeutic drugs by indicating that different responses in
terms of DNA damage and senescence induction can occur even in
closely related cells.

It is difficult to assess how much of the resistance to therapy is due to
stable genetic alterations that activate diverse mechanisms of resis-
tance or due to dynamic tolerance mechanisms (39). However, chang-
ing the paradigm of the nature of cancer cell tolerance to therapy from
static to dynamic will be key in understanding cancer cell tolerance and
resistance and to design better drug combinations and treatment
schedules (40) to reduce or even eliminate the probability of survival
of outlier cells and lead to resistance.
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Supplementary Material and Methods

Cancer cell fitness is dynamic
by Lenz, Faccioni, Bracco and Santos et al

1. Detailed description of experimental procedures:

a. Live ERK activity

Live-cell measurement of ERK activity was performed using A172 glioma cells
stably expressing ERK-KTR fluorescent reporter (1,2) and the nuclear marker Apple-
53BP1trunc (3) via lentiviral transduction (4). For live imaging of sister cells, 300 cells
were plated on wells of a 96-well plate and imaged every 30 minutes for 24 hours using
an InCell Analyzer 2200 (GE Healthcare). Mitotic events were identified and sister cells
were manually tracked for at least 10 hours after mitosis. For the analysis of colonies of
4 cells, cells were seeded at low density on 6-well plates and allowed to grow until 4 cells
colonies were formed. The colonies were imaged in a Zeiss Axiovert 200 inverted
fluorescence microscope equipped with an Axiocam MRc camera (Carl Zeiss). Image
analysis and fluorescence quantification were determined using ImageJ
(https://imagej.nih.govl/ij/). For each cell, the 53BP1 fluorescence channel was used for
nuclear segmentation, and the cytoplasmic ring was determined by increasing the
nuclear area in 5 pixels. The ERK signaling activity was quantified through the relative
cytoplasmic to nuclear fluorescence (C/N) ratio (1). For sister cell analysis, the activity
difference between sister cells 10 hours after mitosis was considered. For colonies, the
difference in C/N ratio between all 4 cells was considered and for Hi, unrelated cells
were randomly grouped.

b. DNA damage

U251 cells transduced with lentivirus containing the Apple-53BP1-trunc
sequence (Addgene plasmid #69531)(3) were plated at a density of 20 cells per well in
a 96-well plate. The images were collected using an InCell Analyzer 2200 (GE
Healthcare) at the moment of drug addition, after 3 days in the presence of the drug and
3 days after drug withdrawal. Number of foci for each cell in colonies were manually
counted.

c. Cell Cycle Synchronization Assay

Cells were transduced with FastFUCCI (Addgene #86849) (5). After puromycin
selection, 300 cells per well of a 6 well plate were plated and grown. The colonies
originated from these cells were imaged with SpectraMax i3x (Molecular Devices), and
the percentage of green cells in each colony was manually determined.

To estimate the desynchronization among cells in a colony, we compared the
distribution of the percentage of green cells in colonies with the distributions generated
by a cell cycle simulation written in Python. The simulation works by initializing a colony
with a given number of cells, and instructing cells to “walk” a full cycle around the cell
cycle (Supplementary Fig. S3a). Cells in the simulation become green in a certain portion
of the cell cycle, which mimicks the emission of green fluorescence by cells transduced



with FastFUCCI during G2. By counting the number of green cells at each time step of
the simulation, an average frequency distribution of green cells in each colony was
obtained. The simulation supports initialization of multiple colonies (Supplementary Fig.
S3b), and the addition of a “phase shift” component to each cell in each colony, so that
cells in the same colony become increasingly out of synchrony with each other after they
walk around the cell cycle (Supplementary Fig. S3c). Simulation parameters include the
number of colonies to initialize, the number of cells in each colony, the simulation time
step, the phase shift, and duration of the cell cycle (Supplementary Fig. S3d). The initial
position of each colony when the simulation starts is random. The code for the simulation
can be made available upon request.

In order to generate the green cell distribution in Fig. 1f, the average cell cycle
duration of 36 hours for A172 cell line was used. The percentage of green cells for each
simulation time step was binned in bins corresponding to =0%, <=25%, <=50% <=75%
and <=100% green cells. For every cell cycle, cells in each colony were incrementally
desynchronized using a phase shift, generating distributions for each phase shift value.
The experimental distribution that best matched the simulated distribution was used to
infer the distance between the leading and lagging cell of a colony with a given size.

To tag the endogenous locus of Ki67, the plasmids coding Cas9 and gRNA for
Ki67 near to stop codon (kindly provided by Dr. Galit Lahav) (6) were co-transfected with
the donor DNA segment containing the YFP, a P2A cleavage tag and the antibiotic
resistant gene flanked by homology arms of ~500bps generated through four PCR
reactions (Supplementary Fig. S4) and assembled through Gibson Assembly Cloning
(New England Biolabs). The sequence was amplified by PCR, purified and transfected
with Lipofectamine 3000. Two days after transfection, the medium was changed and
puromycin (2 pg/ml) was added for 48h to select the cells that received the Cas9 plasmid.
Surviving cells were kept in medium containing geneticin 400 ug/ml for additional two
weeks and then cloned. Insertion validation was performed by fluorescence analysis
during FBS deprivation. The cell cycle distance was estimated through imaging colonies
with different sizes and quantifying the fluorescent intensity of all cells in the colony. The
difference between the cell with the highest and lowest fluorescence intensity of each
colony was divided by the mean fluorescence of the colony. Data originated from
colonies with the same size were grouped and the average of these colonies was used.

To assess the cell cycle duration in single cells (time from birth to division), A172
cells were plated at low density and imaged every two minutes by Zeiss Axiovert 200
inverted fluorescence microscope equipped with an Axiocam MRc camera (Carl Zeiss).
The difference in the CC duration (plotted on the y-axis in log, scale) was obtained for
sister and cousin cells and then compared to Ho (cells with the same cell cycle duration)
and Hs (unrelated cells).

Dynamic and static growth rate simulations

The growth rate simulations demonstrated in Fig. 1j were based on the concept
of populations with dynamic growth rates, as originally conceptualized by Lewontin and
Cohen (7). The simulation consists of two steps: a dynamic simulation, where growth
rates are randomly chosen from a gaussian growth rate distribution, and its
corresponding static simulation, where a single, average growth rate is continuously
applied.



The dynamic simulation starts with a population of a given size (No), and is ended
once a certain number of generations (g) have passed. On each generation (gi), a growth
rate (r;) is randomly sampled from a gaussian distribution of growth rates, whose mean
and standard deviation are fixed and known. For the simulations shown in Fig. 1j, we
estimated the mean and standard deviation from our experimental data of primary
glioblastoma (L12 cells) (Fig. 1i). For each generation, the new population size (Ni.1) is
calculated from the current population size (N;) using the equation:

Nisza = Ni+ N * 1

The growth rate ri and population size N; at each generation g; are stored and the
average growth rate (rm) is obtained at the end of the run.

A subsequent static simulation is then executed, where the previously obtained
average growth rate ry is continuously applied to the same initial population No for the
same number of generations g, while keeping track of the population size N; at each
generation gi. The population growth on each paired dynamic/static simulations is then
compared.

As shown in Fig. 1j, the static growth rate simulations always generates larger
final populations than its dynamic counterparts, and the gap between final number of
cells in the static/dynamic simulations increases with the standard deviation of the
gaussian growth rate distribution. The simulation code is made available upon request.



2. Additional Information about DynaFit:

a. DynaFit implementations

We implemented DynaFit (Dynamic Fitness Analysis), a new methodology to
analyze cell fitness dynamics based on the principles discussed in the main article
(Supplementary Fig. S1).

As a key feature of this method is the determination of the variance in growth rate
of colonies, two different analytical strategies were employed to achieve this goal. In the
first strategy, the variance of GR is calculated and its confidence interval estimated in
each initial colony size (CS) group using a bootstrap method of resampling. The
algorithm was implemented in Python, and is available as a desktop app (Supplementary
Fig. S2a-c).

The second strategy tests and selects the best predictive model that estimates
GR variance. The corresponding algorithm was implemented in R, and is available online
as an R Shiny web app (Supplementary Fig. S2a, S2d-e). Both implementations use
experimental data to generate a Colony Variance Plot (CVP) of GR variance (Y axis)
versus CS groups (X axis; Supplementary Fig. S2b, S2d). Additionally, both
implementations measure the relative distance between the logz(variance of GR) line
and the Ho and H; scenarios. This metric is displayed to the user through a Hypothesis
Plot HP (Supplementary Fig. S2c, S2e, right panel). The HP plot synthesizes the fitness
dynamics in the experimental data: a small distance to Ho across all evaluated colony
sizes indicates colony fithess preservation, as the colonies remain roughly with the same
GR variance as they grow in size. On the other hand, a steady increase in the distance
to Ho (and a consequent decrease in the distance to H;) indicates that colonies are
approaching a more dynamic scenario, i.e, the average fithess of the colonies are
becoming more similar.

b. DynaFit bootstrapping implementation (desktop app) details

The DynaFit desktop app, written in Python and available here
(http://www.ufrgs.br/labsinal/dynafit/index.html), bootstraps each CS group in order to
estimate a confidence interval for the GR variance of that group. The bootstrapping is
performed by resampling (with substitution) the GR of cells in a given CS group, and
calculating the GR variance in the resample. This resample variance estimates the true
GR variance in the original sample. The procedure is performed multiple times,
producing a distribution of GR variances.

For each resampling, the standard error (SE) for the GR variance is given by (8)

2
Oc2 =0 —
S n-1'

where o2 is the variance of the CS group where the resampling is being performed, and
n is the number of cells in the CS group. By measuring the SE for every resampling, a
distribution of SEs for the GR variance is obtained. This distribution is used to estimate
the confidence interval of the GR variance of the actual CS group, by simply taking the
(o/2)nth and (1 — o/2)nth quantiles of the SE distribution as the boundaries of the
confidence interval.


http://www.ufrgs.br/labsinal/dynafit/index.html

Users are able to select the number of resamplings to perform in the user
interface. Note that while increasing the number of resamples allows for a better
representation of the distribution of GR variances, a large number of bootstrap repeats
will not narrow the confidence interval, or produce a “better’ estimation, as with any
bootstrap procedure it cannot produce new data or estimate values that are not present
in the original sample. As such, it is crucial that a minimal number of colonies of each
CS are present in the experimental dataset (we empirically determined this minimal
number to be 20 colonies). The app warns users when an insufficient number of colonies
are present for a given CS. An option to pool colonies of unequal but similar CS is also
available, which helps to increase the group sizes while minimizing biases of grouping
colonies with very different CS.

For the Hypothesis Plots, the endpoint fithess for a given CS is obtained by
calculating the vertical distance of the estimated GR variance to Ho and Hi lines,
normalized by the distance between the Ho and H: lines themselves. The cumulative
fitness for a given CS is obtained by integrating the area between the data curve and
normalizing it by the total area between Ho and H; lines up to that CS. This is
implemented as a simple trapezoidal integration. Areas are signed, so that areas above
Ho are treated as negative.

c. DynaFit predictive modeling implementation (web app) details

The Dynafit web app, written in R, fits the experimental data into a generalized
additive model for location, scale, and shape (GAMLSS). GAMLSS is a more flexible
general framework for performing regression analysis where the distribution of the
response variable is not restricted to the exponential family. In addition, it allows
modeling not only the mean p (parameter of location) of the response variable but also
other parameters, such as the standard deviation ¢ (scale) (9,10).

Considering that the response variable Y (colony growth rate) belongs to a family
of probability distribution D and that x is the explanation variable (colony initial size) we
are interested in modeling the relationship of both parameter (u and o) of Y with x. In this
context, the GAMLSS model specifies that:

YindD(u, O’)
n1 = g1(W) = Prx + sf1(x)
N2 = g2(0) = fox + sfo(x)

The link functions g, A g,, relate the parameters of the outcome distribution with
the explanatory variables, allowing both linear or non-linear relationships through
smoothing functions sf; A sf;.

In our app, we used cubic splines as the smooth functions to describe the
relationship for both p and ¢ of the outcome with the exposure. The best GAMLSS model
is selected based on Akaike’s information criterion (AIC) among the seven possible
distribution families available on the gamiss R package: Johnson's SU repar (JSU),
Normal (NO), Generalized t (GT), Skew t type 3 repar (SST), Gumbel (GU), Logistic (LO)
and t Family (TF).The Worm-Plot of the residuals should be used to evaluate the
goodness of fit of the final model, a model that fits the data well will present the residuals
close to the horizontal central red line The predicted growth rate variance for each initial
colony size is then extracted from the final model for graphical analysis.



3. Mathematical demonstrations:

Variance of growth rate decreases as sample size n increase

It is known that cell colony growth rate can be described by a normal distribution.
Let's say that in a cell population the growth rate Y follows a normal distribution with
mean u and variance o2 > 0. Consider Y;,Y,,--+,Y, a simple random sample of this
population, where n represents the initial colony size (CS). The sample mean and
variance

are unbiased e consistent estimators for 4 and o2, respectively. The random variable
n—-1) j—z has a chi-square distribution with n — 1 degrees of freedom, therefore its mean
is equal to n — 1 and its variance is 2(n — 1) (11,12). Thus, using variance properties,
the variance of S? is equal to 72%1 as shown below:

SZ
Var(n—1)—==2(n—-1)
o

(n—1)?

TV(IT'SZ = 2(7’1 - 1)

2(n—1o* 20*
VarS? = = :
ar (n—1)2 n—1

Therefore, the variance of the estimator S? decreases with increasing the sample size,
since

204
lim VarS? = lim =0.

n—-oo n—-oon —

4

Consider the linear relationship y = a + fx where y = log,VarS? = log, %
and x = log,n. Thus,

4

log, =a+ flog,n. (1)

n—1
Using properties of the logarithm function, the equation (1) can be rewritten as
log,20* —log,(n— 1) = a + flog,n,

SO,

a =log,20* —log,(n — 1) — Blog,n. (2)



Due to the log. scale used in our method to analyze colony size, the increase of one
unit in x corresponds to the initial colony size 2n, since

x+1=(log,n) +1=1log,n+log,2 =log,(2n).
Thus, for the increase of one unit in predictor x the equation for the linear relationship
becomes
2 4
logzﬁ = a + plog,(2n),
and, therefore,
a = log,206* — log,(2n — 1) — Blog,(2n).(3)

Equaling the equations (2) and (3) where the intercept ais expressed as a
function of the values x and x + 1, it follows that

log,20* — log,(n — 1) — Blog,n = log,206* — log,(2n — 1) — Blog,(2n)

and
Bllog,(2n) —log,n] = log,(n — 1) — log,(2n — 1)
l Zn_l n—1
plog,— =log,5——7
10g,2 = log, ——
plog,2 = log,5—5
Therefore,
; n—1
'80‘92211—1'
By the L’Hopital rule, as n —» o
lim 10g, 2= = log, lim ~— = = l0g, ~ = l0g, 2" = —1l0g,2 = —1
nl_fgo OgZZn—l_ ngnl—moZn—l_ 0922— 09> = 0gz4 = .

Therefore, as n — o the slope parameter is equal to § = —1 and the equation in the
Colony Variance Plot (CVP) becomes

log,(6?) = a — log,(CS).

Where the intercept a = log,o® represents the growth rate variance in a heterogeneous

cell population.
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Supplementary Figure S1
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Supplementary Fig. S1. DynaFit principles. a, numerical representation of the rationale
presented in Fig. 1a. Cells with static growth rates will produce colonies with the same
variance in growth rate, regardless of colony size (upper scenario). Colonies contain-
ing cells with dynamic growth rates will present a lower variance of growth rates as

they grow in number (lower scenario). b, schematic representation of the colony

fitness experiment. Single cells are seeded, and colony fitness is quantified between
two distinct time points. ¢, Example of experimental data obtained from b. For
DynaFit, the colonies are grouped by their initial colony size. The growth rate variance

is measured for each colony size.
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Supplementary Fig. S2. DynaFit implementations. a, data collected from Supplemen-
tary Fig. S1c is given as input to the two DynaFit apps. The Python bootstrap app and
the R predictive modeling app are based on different analytical strategies. b. Colony
Variance Plot formed by the Python app and c. its hypothesis plot. b. Colony Variance
Plot formed by the R app and c. its hypothesis plot.
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Supplementary Fig. S3. Analysis of the desynchronization of colonies of cells expressing FastFUCCI. a,
FUCCI simulation for a single, synchronized colony with 4 cells. At a given time point, all cells in the
colony will all either be green or not. b, simulating multiple colonies gives rise to multimodal distribu-
tions of green cell percentage in colonies. ¢, adding a phase shift parameter allows cells in each colony
to be out of sync, producing percentages of green cells in each colony other than 0% or 100% for a given
observation point. d, by modifying the simulation parameters, various frequency distributions of the
percentage of green cells can be obtained for several colonies. Note that a, b and c represent three
specific time steps of a full simulation run, which must walk all cells around the cell cycle at least once,
and produced a final distribution considering all evaluated time steps.
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Supplementary Fig. S4 . Tagging of the endogenous locus of Ki67 with EYFP. Sequence
coding mVenus-P2A-Neomycin was PCR amplified from the eFlut-mVenus-Neomycin

plasmid generously donated by Galit Lahav (Harvard University) and used to insert flanking
regions of about 500 nt, amplified with the indicated primers. This was used for homolo-

gous recombination in the CRISPR-Cas9 targeted C-terminal region of Ki67 gene.
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Supplementary Fig. S6. Growth characteristics of individual
colonies. a, GR (mean + variance) of U251 glioma colonies
according to the colony size at the beginning of the
analyzed GR during the presence of TMZ and b. after the
withdrawal of TMZ. In orange, the mean + variance GR of all
colonies combined c. GR d. variance of untreated or
TMZ-treated colonies, either including or excluding all
colonies that had at least one event of cell death, as evalu-
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of TMZ. e. GR of U251 cells treated with the indicated
concentration of cisplatin, f. CVP of U251 cell line treated
with 1 uM of cisplatin or g. 4.5 uM cisplatin.
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Ap0s a publicagdo do artigo “Cancer cell fitness is dynamic”, fomos convidados
a escrever uma perspectiva cientifica sobre o artigo, a qual foi aceita para publicacao
na revista Oncotarget, conforme carta de aceite encontrada no Apéndice. Aqui, nés
ampliamos a discusséo a respeito do significado dos achados do dynafit ao lado dos

demais achados da literatura.
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ABSTRACT

The question of whether cancer recurrence is mediated by a process that is
exclusively Darwinian or that involves both Darwinian and Lamarckian processes
is long standing and far from answered. The major open question is the origin of
variation, whether it relays exclusively on stable, mostly genetic, mechanisms or
whether it can also involve dynamic processes. Recent evidence with single-cell
epigenomic and transcriptomic profiling and measurement of phenotypes in colonies
indicate that several phenotypes quickly change with a few cell divisions. Most
importantly, cell fithess under basal as well as in the presence of chemotherapeutic
agents changes considerably over short periods of time and this dynamic is reduced
by epigenetic modulators. These studies contribute to establish the dynamic nature of
fitness and are key for the interplay between cancer cell dynamics and stable genetic
and epigenetic alterations in the survival of a few cancer cells after therapy.

INTRODUCTION

A major challenge to overcome in cancer is to
understand how cells adapt to survive to therapy. The
classical Darwinian mechanism of resistance, in which
random mutations permit natural selection, plays a role
in cancer resistance, but is far from the only process
involved. Mechanisms of tolerance generated through
dynamics in cellular processes can also support therapy
evasion. Therefore, the increased knowledge about the
dynamics in several phenotypes in cancer cells in the last
years has opened our eyes on the degree of these dynamics
and their potential role in therapeutic resistance [1, 2].
Such fluctuation together with the occurrence of different
level of expression memory along generations [3, 4] can
contribute to heterogeneity found among related cells, and
indicate that the heterogeneity of a tumor goes far beyond
mutations.

So far, most studies of dynamics have focused on
signaling pathways, expression of specific genes and
modulation of cellular processes [5, 6], however, the
most important omniphenotype in cancer is the number
of live descendant of a cancer cell after a defined time,
i.e., its fitness. Several studies have shown the improve
on cell fitness due to phenotypic changes [7, 8], however
the focus is usually populational and not on the dynamics

of single cells. A very remarkable example is the impact
of the flower isoforms on fitness. This transmembrane
protein has four isoforms, two of them are related with
a winner phenotype and the other two with a loser
phenotype, thus being considered a ‘fitness fingerprint’
[9, 10]. The outcome depends on the expression of
neighboring cells and other proteins involved in signaling
[9, 11, 12]. Even though it is known that the flower protein
expression is important to tumor growth and metastasis [9,
13], it is not known if the expression of the flower gene is
stable or fluctuates over time in single cells. In this regard,
the question remains whether a winner cell will produce
descendants that are all winners, or will the formed clone
be a mix of winner and looser cells in a similar proportion
of the population of non-related cells?

The major challenge to measure the dynamic of
fitness at single cells is that when a cell dies, the ability
to get information about its future is lost, and when a cell
divides, the cell is not the same anymore. To overcome this
methodological barrier and address the dynamics in cancer
cell fitness, we created the Dynamic Fitness Analysis
(DynaFit) method [14]. The rationale of DynaFit is that if
fitness does not change during the formation of colonies,
the fitness level of the founding cell will be phenotocopied
to all cells in the colony and therefore the comparison
between colonies will reveal a variance in fitness similar
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to the variance of their founding cells. However, if fitness
changes over time or with cell division, cells with diverse
fitness levels will produce colonies that will be formed
from high and low fitness cells and therefore these
colonies will have a behavior much closer to the average
fitness and therefore a variance in fitness among colonies
much lower than the variance of their founding cells
(Figure 1). As DynaFit takes into account the size of the
colony, one can estimate the degree of dynamics in fitness.

The results obtained with DynaFit clearly show that
normal and cancer cells change their fitness after only a
few generations both under normal growth condition or
in the presence of chemotherapeutic agents [14]. This
indicates that tolerance to this agents fluctuates and may
thus contribute for the high rate of failure of treatment of
tumors such as glioblastoma.

The origins of phenotypic fluctuations are diverse
and far from understood. We observed that sister cells
already have different levels of MAPK signaling levels
and that cell cycle desynchronization and the induction
of apoptosis and senescence becomes different among

cells in colonies after a few divisions [14]. Others have
also shown the contribution of cell cycle-dependent
fluctuations [15], transcriptional noise [16, 17] and
epigenetic modulation [18] on the variation of cells.
Tolerance is a dynamic phenomenon caused by epigenetic
reprograming [19, 20] which can either remain dynamic or
be fixed in population through genetic assimilation [21] or
genetic resistance [22]. We hypothesized that alterations in
epigenetic pathways through epigenetic inhibitors could
alter the dynamic of fitness. Indeed, cells treated with both
histone deacetylase inhibitor and DNA methyltransferase
inhibitor maintain a variance among colonies similar to
the observed in single cells. Besides that, fractional killing
was reduced in bigger colonies when they were treated
with epigenetic inhibitors along with TMZ compared
with colonies treated only with TMZ, indicating that
when epigenetic mechanisms are blocked the sensitive
phenotype is phenocopied through generations [14].

The strategy to freeze the level of tolerance of
cells has the drawback of fixing both the good and the
bad. The strategy of evolutionary trap could be employed

Is cancer cell fithess

static?
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Figure 1: If fitness is conserved, cells with high and low fitness will generate colonies which will be resistant or sensitive
to a therapeutic agent (left). If fitness changes with time and/or division, the colonies formed from high and low fitness cells will be
similar, in which both colonies will undergo fractional killings in the presence of a therapeutic agent (right).
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to deal with cells with a stabilized tolerant state to a
given drug [23]. In that case, the pressure of a drug will
positively select a trail that confers an advantage, but
also produce fitness trade-offs, that can be explored with
a second therapeutic intervention. This concept has been
demonstrated in relation to the aneuploid phenotype [24]
and the antagonistic pleotropy between bromodomain
and BCL-2 inhibitors in acute myeloid leukemia [25].
However, the practical applicability of the rationale of
evolutionary trap in a therapeutic setting is still in the
distant future.

The incorporation of dynamic processes in our
knowledge of cancer biology is fundamental for basic
and applied cancer research. Integrating Darwinian
and Lamarckian evolutionary concepts in cancer cell
adaptation to therapeutic pressure is key for moving
forward in the comprehension on how cancer cells adapt to
the challenges of therapy and is the only way to improve
therapies available.

CONFLICTS OF INTEREST

Authors have no conflicts of interest to declare.

REFERENCES

1. Gupta PB, Fillmore CM, Jiang G, Shapira SD, Tao K,
Kuperwasser C, Lander ES. Stochastic state transitions
give rise to phenotypic equilibrium in populations of cancer
cells. Cell. 2011; 146:633-44. https://doi.org/10.1016/].
cell.2011.07.026. [PubMed]

2. Roesch A, Vultur A, Bogeski I, Wang H, Zimmermann KM,
Speicher D, Korbel C, Laschke MW, Gimotty PA, Philipp
SE, Krause E, Pétzold S, Villanueva J, et al. Overcoming
intrinsic multidrug resistance in melanoma by blocking
the mitochondrial respiratory chain of slow-cycling
JARID1B(high) cells. Cancer Cell. 2013; 23:811-25.
https://doi.org/10.1016/j.ccr.2013.05.003. [PubMed]

3. Shaffer SM, Emert BL, Reyes Hueros RA, Cote C,
Harmange G, Schaff DL, Sizemore AE, Gupte R, Torre E,
Singh A, Bassett DS, Raj A. Memory Sequencing Reveals

Heritable Single-Cell Gene Expression Programs Associated
with Distinct Cellular Behaviors. Cell. 2020; 182:947-59.
el7. https://doi.org/10.1016/j.cell.2020.07.003. [PubMed]
4. Phillips NE, Mandic A, Omidi S, Naef F, Suter DM.
Memory and relatedness of transcriptional activity in

mammalian cell lineages. Nat Commun. 2019; 10:1208.
https://doi.org/10.1038/s41467-019-09189-8. [PubMed]

5. Paek AL, Liu JC, Loewer A, Forrester WC, Lahav G. Cell-
to-Cell Variation in p53 Dynamics Leads to Fractional
Killing. Cell. 2016; 165:631-42. https://doi.org/10.1016/].
cell.2016.03.025. [PubMed]

6. Filippi-Chiela EC, Bueno e Silva MM, Thomé MP, Lenz
G. Single-cell analysis challenges the connection between

autophagy and senescence induced by DNA damage.

10.

I1.

12.

13.

14.

15.

16.

17.

18.

Autophagy. 2015; 11:1099-113. https://doi.org/10.1080/15
548627.2015.1009795. [PubMed]

McGuirk S, Audet-Delage Y, St-Pierre J. Metabolic Fitness
and Plasticity in Cancer Progression. Trends Cancer. 2020;
6:49-61. https://doi.org/10.1016/].trecan.2019.11.009.
[PubMed]

Menon DR, Hammerlindl H, Torrano J, Schaider H, Fujita
M. Epigenetics and metabolism at the crossroads of stress-

induced plasticity, stemness and therapeutic resistance
in cancer. Theranostics. 2020; 10:6261-77. https://doi.
org/10.7150/thno.42523. [PubMed]

Madan E, Pelham CJ, Nagane M, Parker TM, Canas-
Marques R, Fazio K, Shaik K, Yuan Y, Henriques V,
Galzerano A, Yamashita T, Pinto MAF, Palma AM, et al.
Flower isoforms promote competitive growth in cancer.
Nature. 2019; 572:260-64. https://doi.org/10.1038/s41586-
019-1429-3. [PubMed]

Madan E, Peixoto ML, Dimitrion P, Eubank TD, Yekelchyk
M, Talukdar S, Fisher PB, Mi QS, Moreno E, Gogna R.
Cell Competition Boosts Clonal Evolution and Hypoxic
Selection in Cancer. Trends Cell Biol. 2020; 30:967-78.
https://doi.org/10.1016/j.tcb.2020.10.002. [PubMed]

Merino MM, Rhiner C, Lopez-Gay JM, Buechel D, Hauert
B, Moreno E. Elimination of unfit cells maintains tissue
health and prolongs lifespan. Cell. 2015; 160:461-76.
https://doi.org/10.1016/j.cell.2014.12.017. [PubMed]
Gogna R, Shee K, Moreno E. Cell Competition During
Growth and Regeneration. Annu Rev Genet. 2015; 49:697—
718. https://doi.org/10.1146/annurev-genet-112414-055214.
[PubMed]

Parker T, Madan E, Gupta K, Moreno E, Gogna R. Cell
Competition Spurs Selection of Aggressive Cancer Cells.
Trends Cancer. 2020; 6:732-36. https://doi.org/10.1016/].
trecan.2020.03.008. [PubMed]

Lenz LS, Faccioni JL, Bracco PA, Santos JAF, Pereira
LC, Buss JH, Tamborindeguy MT, Torgo D, Monteiro
T, Mantovani GB, Santo CN, Marcolin JC, Dalsin E, et
al. Cancer Cell Fitness Is Dynamic. Cancer Res. 2021;
81:1040-51. https://doi.org/10.1158/0008-5472.CAN-20-
2488. [PubMed]

Hsu CH, Altschuler SJ, Wu LF. Patterns of Early p21
Dynamics Determine Proliferation-Senescence Cell Fate
after Chemotherapy. Cell. 2019; 178:361-73.¢e12. https://
doi.org/10.1016/j.cell.2019.05.041. [PubMed]

Kannoly S, Gao T, Dey S, Wang IN, Singh A, Dennehy
JJ. Optimum Threshold Minimizes Noise in Timing of
Intracellular Events. iScience. 2020; 23:101186. https://doi.
org/10.1016/j.is¢i.2020.101186. [PubMed]

Elowitz MB, Levine AJ, Siggia ED, Swain PS. Stochastic
gene expression in a single cell. Science. 2002; 297:1183—
86. https://doi.org/10.1126/science.1070919. [PubMed]

Meir Z, Mukamel Z, Chomsky E, Lifshitz A, Tanay A.
Single-cell analysis of clonal maintenance of transcriptional

and epigenetic states in cancer cells. Nat Genet. 2020;

www.oncotarget.com

Oncotarget


https://doi.org/10.1016/j.cell.2011.07.026
https://doi.org/10.1016/j.cell.2011.07.026
https://pubmed.ncbi.nlm.nih.gov/21854987
https://doi.org/10.1016/j.ccr.2013.05.003
https://pubmed.ncbi.nlm.nih.gov/23764003
https://doi.org/10.1016/j.cell.2020.07.003
https://pubmed.ncbi.nlm.nih.gov/32735851
https://doi.org/10.1038/s41467-019-09189-8
https://pubmed.ncbi.nlm.nih.gov/30872573
https://doi.org/10.1016/j.cell.2016.03.025
https://doi.org/10.1016/j.cell.2016.03.025
https://pubmed.ncbi.nlm.nih.gov/27062928
https://doi.org/10.1080/15548627.2015.1009795
https://doi.org/10.1080/15548627.2015.1009795
https://pubmed.ncbi.nlm.nih.gov/25701485
https://doi.org/10.1016/j.trecan.2019.11.009
https://pubmed.ncbi.nlm.nih.gov/31952781
https://doi.org/10.7150/thno.42523
https://doi.org/10.7150/thno.42523
https://pubmed.ncbi.nlm.nih.gov/32483452
https://doi.org/10.1038/s41586-019-1429-3
https://doi.org/10.1038/s41586-019-1429-3
https://pubmed.ncbi.nlm.nih.gov/31341286
https://doi.org/10.1016/j.tcb.2020.10.002
https://pubmed.ncbi.nlm.nih.gov/33160818
https://doi.org/10.1016/j.cell.2014.12.017
https://pubmed.ncbi.nlm.nih.gov/25601460
https://doi.org/10.1146/annurev-genet-112414-055214
https://pubmed.ncbi.nlm.nih.gov/26631518
https://doi.org/10.1016/j.trecan.2020.03.008
https://doi.org/10.1016/j.trecan.2020.03.008
https://pubmed.ncbi.nlm.nih.gov/32327348
https://doi.org/10.1158/0008-5472.CAN-20-2488
https://doi.org/10.1158/0008-5472.CAN-20-2488
https://pubmed.ncbi.nlm.nih.gov/33355182
https://doi.org/10.1016/j.cell.2019.05.041
https://doi.org/10.1016/j.cell.2019.05.041
https://pubmed.ncbi.nlm.nih.gov/31204100
https://doi.org/10.1016/j.isci.2020.101186
https://doi.org/10.1016/j.isci.2020.101186
https://pubmed.ncbi.nlm.nih.gov/32504874
https://doi.org/10.1126/science.1070919
https://pubmed.ncbi.nlm.nih.gov/12183631

19.

20.

21.

22.

52:709-718. https://doi.org/10.1038/s41588-020-0645-y.
[PubMed]

Sharma SV, Lee DY, Li B, Quinlan MP, Takahashi
F, Maheswaran S, McDermott U, Azizian N, Zou L,
Fischbach MA, Wong KK, Brandstetter K, Wittner B, et al.
A Chromatin-Mediated Reversible Drug-Tolerant State in
Cancer Cell Subpopulations. Cell. 2010; 141:69-80. https:/
doi.org/10.1016/].cell.2010.02.027. [PubMed]

Shaffer SM, Dunagin MC, Torborg SR, Torre EA, Emert
B, Krepler C, Beqiri M, Sproesser K, Brafford PA, Xiao
M, Eggan E, Anastopoulos IN, Vargas-Garcia CA, et al.

Rare cell variability and drug-induced reprogramming as a
mode of cancer drug resistance. Nature. 2017; 546:431-35.
https://doi.org/10.1038/nature22794. [PubMed]

Salgia R, Kulkarni P. The Genetic/Non-genetic Duality
of Drug ‘Resistance’ in Cancer. Trends in Cancer. Trends
Cancer. 2018; 4:110-18.  https://doi.org/10.1016/].
trecan.2018.01.001. [PubMed]

Hata AN, Niederst MJ, Archibald HL, Gomez-Caraballo
M, Siddiqui FM, Mulvey HE, Maruvka YE, Ji F, Bhang
HE, Krishnamurthy Radhakrishna V, Siravegna G, Hu H,

23.

24.

25.

Raoof' S, et al. Tumor cells can follow distinct evolutionary
paths to become resistant to epidermal growth factor
receptor inhibition. Nat Med. 2016; 22:262—69. https://doi.
org/10.1038/nm.4040. [PubMed]

Gatenby RA, Brown JS. Integrating evolutionary dynamics
into cancer therapy. Nat Rev Clin Oncol. 2020; 17:675-86.
https://doi.org/10.1038/s41571-020-0411-1. [PubMed]
Chen G, Mulla WA, Kucharavy A, Tsai HJ, Rubinstein B,
Conkright J, McCroskey S, Bradford WD, Weems L, Haug
JS, Seidel CW, Berman J, Li R. Targeting the adaptability of
heterogeneous aneuploids. Cell. 2015; 160:771-84. https:/
doi.org/10.1016/j.cell.2015.01.026. [PubMed]

Lin KH, Rutter JC, Xie A, Pardieu B, Winn ET, Bello RD,
Forget A, Itzykson R, Ahn YR, Dai Z, Sobhan RT, Anderson
GR, Singleton KR, et al. Using antagonistic pleiotropy to

design a chemotherapy-induced evolutionary trap to target
drug resistance in cancer. Nat Genet. 2020; 52:408-17.
https://doi.org/10.1038/s41588-020-0590-9. [PubMed]

www.oncotarget.com

Oncotarget


https://doi.org/10.1038/s41588-020-0645-y
https://pubmed.ncbi.nlm.nih.gov/32601473
https://doi.org/10.1016/j.cell.2010.02.027
https://doi.org/10.1016/j.cell.2010.02.027
https://pubmed.ncbi.nlm.nih.gov/20371346
https://doi.org/10.1038/nature22794
https://pubmed.ncbi.nlm.nih.gov/28607484
https://doi.org/10.1016/j.trecan.2018.01.001
https://doi.org/10.1016/j.trecan.2018.01.001
https://pubmed.ncbi.nlm.nih.gov/29458961
https://doi.org/10.1038/nm.4040
https://doi.org/10.1038/nm.4040
https://pubmed.ncbi.nlm.nih.gov/26828195
https://doi.org/10.1038/s41571-020-0411-1
https://pubmed.ncbi.nlm.nih.gov/32699310
https://doi.org/10.1016/j.cell.2015.01.026
https://doi.org/10.1016/j.cell.2015.01.026
https://pubmed.ncbi.nlm.nih.gov/25679766
https://doi.org/10.1038/s41588-020-0590-9
https://pubmed.ncbi.nlm.nih.gov/32203462

81

CAPITULO Il

APRESENTACAO

Muitos fendtipos impactam o fitness celular, os quais também devem ser dinami-
cos. As mitocondrias séo estruturas altamente dinamicas e que afetam diretamente
varios aspectos celulares, em especial a energia disponivel para o crescimento e a
deciséo de apoptose. A funcionalidade, morfologia e massa mitochondrial dependem
de quatro processos: fissao, fusédo, biogénese e mitofagia, como o resultado final da
combinacgao desses processos resulta na massa mitochondrial total presente em uma
célula, foi avaliado no manuscrito abaixo a massa mitochondrial e seu impacto no fit-
ness celular em situacao controle e tratada. Também exploramos as alteracdes provo-
cadas pela TMZ sobre as mitocondrias e a ocorréncia de mitoses assimétricas. O man-

uscrito sera em breve submerido a revista Mitochondrion.
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Abstract

Metabolic adaptations are central for carcinogenesis and response to therapy, but little is known
about the contribution of mitochondrial functionality to the response of gliomas cells in response to
the standard treatment with temozolomide (TMZ). Here we investigated the dynamic and
heterogeneity ofthe mitochondrial mass in response to TMZ at single cell level. Asymmetric mitosis
contributed to the heterogeneity of mitochondrial levels in glioma cells. Mitochondrial networks
responded to TMZ with increase of mitochondrial mass and the production of round structures of
dysfunctional mitochondria. The amount of mitochondria affected the fitness of cells in control and

treated condition.

Keywords: mitochondria, asymmetric mitosis, cell fitness, temozolomide

1. Introduction

Cancer tissue presents complex metabolic adaptations to sustain cellular growth [1]. The
importance of mitochondrial functionality to cancer is evidenced by the necessity to restore mtDNA
[2] and the negative selection of mitochondrial mutations [3]. Besides the central role in metabolism,
mitochondria are also central in the control of apoptosis. Because of these characteristics,
mitochondria could be a target to cancer therapy [4]. However, the absence of positive results from

clinical trials with inhibitors of metabolic pathways points to the challenges still faced by the



metabolic plasticity of cancer cells [5]. Therefore, the understanding of the metabolism dynamic in
single cells is fundamental before the proposal of new therapeutic strategies.

Glioblastoma is a tumor from central nervous system that despite the existance of consolidared
treatment, which is composed by tissue removal by surgery followed by radiotherapy and
chemotherapy, has a poor prognosis. Rarely patients achieve the 2-year survival mark [6]. In
glioblastoma, one very prevalent metabolic modification is the mutation in isocitrate dehydrogenase
that diverges the Krebs cycle intermediate a-ketoglutarate to the oncometabolite 2-hydroxiglutarate,
with strong impact in DNA methylation [7]. Glioma cells respond to temozolamide (TMZ), the
standard chemotherapeutic drug, activating several cellular processes, including cell cycle arrest,
apoptosis, autophagy and senescence [8,9]. In addition, such cells develop alterations in
mitochondrial functionality [10,11], but there is no data from single cells studies or the description
of the dynamics of mitochondrial mass in the transition from sensitive to resistant.

Tumorigenesis is harmed when DRP1 (responsible for the fission of mitochondrial network)
expression is inhibit in brain tumor initiator cells, suggesting that mitochondrial dynamics are
important to tumor growth [12]. The mitochondrial dynamics is responsible for morphological
changes in the organelle that impact the energy production [13]. The process includes the constant
cycles of fusion, fission, biogenesis and mitophagy, that ultimately impacts the amount of functional
mitochondria. Once the amount of mitochondria is the final outcome of such dynamics, our aim is

to describe the responses of mitochondria amount to TMZ, and the impact of it on cellular fitness.

2. Materials and methods

2.1 Cell culture, transduction and treatments

A172 cell line were acquired from American Tissue Culture Collection (ATCC), cultured in
DMEM LOW (Gibco #31600-034) supplemented with 10% fetal bovine serum (Laborclin #630111)
and maintained at 372C 5% CO; in an humidified atmosphere. Cells were routinely tested to
Mycoplasma through MycoAlert Mycoplasma Detection Kit (Lonza). During experiments the
medium were supplemented with 1% penicillin/streptomycin (Gibco #15140-122) and 0.1%
amphotericin B (Gibco #15290-018). Transduction were performed with lentivirus as previous
described [9] with the plasmids pLYS1-FLAG-MitoGFP-HA (addgene #50057) [14] and lentilox. A172
transduced cells were cloned, generating the cell lines A172™Mt°6*F? 'which express GFP on the inner

membrane of mitochondria, and A172¢F, which express a cytosolic GFP, both under control of a



CMV promoter. A172MitGFP ca||s were later transduced with pLenti-H2B-mCherry (addgene #89766)
[15], which codifies a mCherry red fluorescent protein fused to histone H2B and named A172MitoGF?-

H28 A172 cells were transduced with pCLBW-cox8-EGFP-mCherry (addgene #78520) [16] to measure
mitophagy level. TMZ (Sigma-Aldrich Chemical T2577) and Rotenone (Cayman chemical company
13995) were diluted in DMSO and used at 50 or 100 uM and 100 nM respectively, final concentration

of DMSO were less than 1%. Cells previous of treatment were considered as control cells.

2.2 Mitotracker staining

Mitotracker staining were performed with mitotracker green and red (Invitrogen M7514 and
M22425) at 100 nM for 30 minutes. The colocalization analysis were performed with JACoP plugin
[17]. To measure the mitochondrial mass in A172 and U251 wt cells, the staining was performed 5
days after treatment with TMZ 100 uM 3 hrs, and the images were acquired in an inverted
fluorescence microscope (Zeiss Axiovert 200 M) with 40x of magnification. Staining of cells with
round structures was made at 8 days after treatment with photos taken 30 minutes after mitotracker
(images were taken in an inverted fluorescence microscope (Zeiss Axiovert 200 M) with 100x oil

immersion objective). Quantification was manually performed on ImajeJ.

2.3 Mitophagy

Cells transduced with the mitophagy reporter were kept untreated, treated with TMZ or
treated with rotenone 100 nM for 3 days as a positive control, the images were acquired in Zeiss
Axiovert 200 M with 100x oil immersion objective. The quantification of every cell was performed
manually on Imagel. Mitophagy was quantified through the percentage of pixels values above 5 after

the subtraction of the green fluorescence from red fluorescence.

2.4 Asymmetric mitosis

Asymmetric mitochondrial mitosis in A172 MitoGFP-H2B a5 observed in standard culture. Pairs
of cells with post mitotic morphology (round and stuck together) were imaged with Zeiss Axiovert
200 M on red and green channel. The quantification was performed in Imagel. After the substraction
of background, pairs of cells with the red fluorescence (histone) ratio above 1.4 were eliminated
from the analysis to avoid misinterpretation about the kinship. The remaining pairs of cells were
considered sisters and the ratio of integrated density (mean gray value minus background x area) of
green channel were analyzed. Sisters categorized as outliers from the distribution (identify by

SCOUTS [18]) were considered as asymmetric, and were manually reviewed. To access the impact



on fitness, sister cells with asymmetric integrated density were first imaged with Zeiss Axiovert 200
M and then imaged for the next days in CytoSMART™ System (Lonza). Descendants were followed
with manual tracking using the software Ice[19]. Three days after the first mitosis, cells were treated
with TMZ 100 uM for 3 hours. These cells were further photographed in Zeiss Axiovert 200 M on

days 3, 5 and 7 after TMZ treatment to investigate the mitochondrial mass.

2.5 Imaging and quantification of transduced cells

A172MitoGFP-H2B co|s were treated with TMZ 50 or 100 uM for 3 hours and imaged on Zeiss
Axiovert 200 M or with the Incucyte® System (Sartorius) for the following days, with photos every
30 minutes with the 20x objective. Nuclear size and green fluorescence were manually measured in
Imagel. The presence of round structures was analyzed in population of cells once per day. In
addition, the presence of such structures at the single cell level were verified each hour, and each
cell were classify as follow: category 0 — absence of round structures; 1 — presence of one very small
round structure; 2 — presence of at least two small structures; 3 — presence of at least one big round
structure; 4 — presence of at least two big round structures; 5 — presence of several round structures,
including at least 3 big round structures (Fig S2c). The dynamics of round structures was analyzed in
the 10th day after treatment with 50 uM for 3 hours. Treated cells were imaged in the Incucyte®
System (Sartorius) for 1 h and photos were taken each 2 minutes. The size of round structures was
measured on the bigger diameter with Incucyte Software and the area over time was measured with
Imagel. The time to reduce to 50% from the maximum area are indicated as t 0.5, and it was
estimated for the round structures that disappear without the reduction to 50% by the average of
the time when it disappear and the time before. For analysis in colonies, A172MtoGFP-H2B \yere plated
and in the next day 20 single cells or sister cells were randomly chosen and imaged with the Zeiss
Axiovert 200 M 40 x objective. Five days after plating, colonies were treated with TMZ 100uM for 3
hours. Colonies were imaged on days 1, 5, 8, 14 and 21 after plating. The percentage of cells with
round structures in colonies at day 8 were compared to the expected from population analysis and

from random grouped cells.

2.6 Cell sorting

A172 MitoGFP-H2B cal|s gre harvested, centrifuged and resuspended in PBS 1% BSA and sorted
with BD FACS ARIA Il between 10% less green fluorescent and 10% more green fluorescent
populations. The two populations were collected in 96 plates, with 1000 cell per well. Cells were let

to adhere for two hours and then treated with TMZ 100 uM for three hours or kept on standard



culture condition. Photos were taken on day 0, 6 and 9 after sorting to track the population growth,
and the cumulative population doubling (CPD) were calculated as (log (final cell number) — log (initial

cell number))/days). At day 6 and 9, cells were also harvested, and cytometry were performed.

3. Results

3.1 Acute TMZ treatment induce changes in mitochondria amount

Since metabolic changes are central in cancer, and previous studies have shown metabolic
changes in cells resistant to TMZ [10,11], we aimed to investigate the impact of acute treatment with
TMZ over mitochondria. To analyze mitochondrial dynamics in single cell level, we generate
A172MtGFP ce|| line through lentiviral transduction, thus staining the inner mitochondrial membrane.
The gene inserted consists of 160 nucleotides from the MCU (a calcium transporter from the inner
mitochondrial membrane) which contains the signal peptide to mitochondria, fused to EGFP, and is
under the control of a CMV promoter. Cells were cloned to assure that the whole population has the
same quantity of insertions and they were further transduced with a mCherry red protein that
localizes into nucleus. As expected, the EGFP of cells A172 MitoGFP-H28 cg|gcalize with mitotracker red
signal (Fig 1a and S1a).

Previous results from our group [20] indicate that, after treatment with TMZ 100 uM for 3
hours, mitochondrial mass increase in U87 glioma cells at day 5. In line with these results, the
integrated density of mitochondrial mass in cells A172 increased after TMZ treatment (Fig 1b), with
both the fluorescence area and mean intensity increasing (Fig 1d). This was also confirmed by flow
cytometry (Fig 1h), and when A172"tand U251t were evaluated with mitotracker green® (Fig 1Sc).
On the other hand, in A1726" control cells, which were transduced only with EGFP, no significant
alteration in the integrated density and fluorescence signal was observed (Fig 1c and 1e), despite an
increase in cell size (Fig 1e), as described for TMZ [8]. Even though we observed a transitory increase
in fluorescence of A172°, it was not sustained, and the comparison between A172Mt°GF? gnd
A1725F" indicate the same increase in cell size but not in relation to fluorescence (Fig 1f and 1g).
These results indicate that the fluorescence increase observed is not a consequence of GFP increase
in expression, but a rise in GFP mitochondrial accumulation, caused by increase in mitochondrial
mass due to mitochondrial biogenesis or reduction of mitochondrial degradation. The analysis of
integrated density at single cell level demonstrated the same tendency of increase observed in
populational analysis (Fig S1b). We did not observed differences in mitophagy levels (Fig S1e and

S1f). The treatment also increased the heterogeneity of population, once the coefficient of variation



increased from 0.5 to 0.7 in A172™M©°GFP (Fig 1d). To our surprise, the range of increase in integrated
density is not related with the fitness after TMZ (Fig S1g).

Additionally, single cell tracking revealed that cells continue to proliferate until 24 hours after
treatment, and the time to cell death was variable, with the peak of death near to the increase
observed in mitochondrial mass (data not shown). This generated a cumulative population doubling
with an initial stability and subsequent decrease (Fig S1d) and indicate that could be a link between

the two phenotypes.
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3.2 Morphological changes in the mitochondrial network

Besides altering the amount of mitochondria, TMZ treatment also produced considerable
morphological changes. The most striking was the appearance of round structures (Fig 2a) with a
size ranging between 1 to 6 uM (Fig 2b) that are fluorescent in the A172M®6"FP byt not in the A1726
cells (Fig S3c). The proportion of cells containing round structures increased with time until reaching
a plateau around 10 days after treatment (Fig 2c and S2b). Additionally, single cell tracking until 13
days after treatment revealed that almost every cell presented,at same point, these round structures
(Fig S2e). Interestingly, in this instance, cells that evaded therapy had a mitochondrial mass and
morphology similar to untreated cells (Fig S2a). The dynamic of nuclear increase after TMZ
treatment [9] is similar to the dynamic of the appearance of round structures (Fig 2c). Therefore, we
investigate if there was a relation between the two phenotypes. Indeed, cells categorized as 0 (see
section 2.5) had a smaller nuclear size (Fig 2d). We also investigated if there was a genetic
component to the appearance of round structures by imaging colonies and comparing it to random
grouped cells. The results were similar among colonies versus randomly assembles cells (Fig S2d),
indicating that the appearance of structures is not conserved in colonies and that the probability of
appearance of structures is not transmitted from mother to daughter cells.

To verify if such structures are stress granules, we evaluate the dynamic of appearance of
round structures. Stress granules are known to increase in size after formed, by the addition of new
content or by the fusion of granules [21]. Cells were imaged after 10 days of treatment every 2
minutes for 1 hour. We observed that the round structures decreased in size until disappearing (Fig
2e and 2f), while time to reduction to half of the initial size (t0.5) were highly variable (Fig 2e red
dots), including structures that remained over the time of analysis (Fig 2e, gray line without red dot).
The fluorescence of mitochondrial network demonstrated just a slight reduction in fluorescence,
indicating that the disappearing of round structure were not caused by photo benchling (S2f).
Besides that, we did not observe fusion or fission between round structures (Fig S2g), suggesting
that these structures are not stress granules. Round structures were also observed in cells
transduced with the mitophagy plasmid (Fig S3b). This indicate that these structures are not located
in autolysosomes as would be if the round structures were visualized just in the red channel, since
the green fluorescence from GFP is lost when expose to low pH. When A172™Mt°6FP ce|ls were stained
with mitotracker red we did not observe round structures in the red channel (Fig S3a) suggesting

that the round structures are dysfunctional mitochondria.
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Figure 2. A172MitoGFPHZB hragent alterations in mitochondrial network after 8 days of treatment, with the presence of
round structures (a). Size of round structures observed in cells 10 days after treatment with TMZ 50uM 3hrs (top) and
same examples (bottom) (b). Percentage of cells with round structures (blue line) and the nuclear size (black line)
increase over time (c). Relation between nuclear area and category of round structure (see section 2.5), the color’s dot
represents the day after treatment (d). Dynamic of size, where the time to reduce to half of the maximum size are shown
as a red dot, (e) and an example (f) since the appearance until disappearance of round structure, observed from 4 cells

analyzed.

3.3 Impact of mitochondrial mass on the cell fitness

As fitness is a dynamic feature [22], we asked if cells could divide asymmetrically their
mitochondrial content and have different fitness as a consequence. The partition of mitochondria
was considered as asymmetric when the ratio between sisters was an outlier from population and
represented 9.4% of the mitosis (Fig 3a and 3b). Additionally, we tracked the descendant of sister
cells that had an asymmetry regarding the integrated density (Fig 3c). Cell with bigger integrated
density had a higher fitness in control situation (Fig 3c and S4a), but fewer after treatment (Fig 3c).
The tracking of single cell also revealed that the mitochondrial mass is dynamic (Fig 3c).

To further support these findings, we sorted cells with high and low mitochondrial mass (Fig 3d).
Sorting of A172M6FP cells indicated that cells with high mitochondrial content grew faster than low
mitochondrial content cells in control conditions (Fig 3e). Interestingly, the fluorescent intensities
were quickly restored, but the high fluorescent cells were faster in returning to the average
fluorescent that the low fluorescent cells, in support of the faster growth rate of the high mito-GFP
cells (Fig S4b, S4c and S4d). On the other hand, in the presence of TMZ, the cells with low mito-GFP
exhibited a higher fitness (Fig 3f). Furthermore, sorted cells had no difference in cell size, indicating
that the difference of fitness observed were a consequence of mitochondrial content and not cell

size.
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after sorting with microscopy. Cell size of high and low fluorescence population after sorting (g).



4, Discussion

The interference of mitochondrial content on fitness of cells in control condition reported here
agrees with previous results, once it was observed that cells with higher mitochondrial content have
higher transcription rate and lower length of cell cycle[23,24]. Cells with high mitochondria content
also presented higher sensitivity to TRAIL, a treatment not used in patients[25].

Asymmetric mitosis contribute to resistance of bacteria [26] and glioma cells [27] through the
asymmetric partition of efflux pump and surface receptors respectively. Besides that, it is possible
that this phenomenon be related to the generation of tumoral heterogeneity [28], that is a major
problem to be overcome in glioblastoma. Asymmetric partition of aged or dysfunctional
mitochondria are related with phenotypic memory [29,30], and here we ask if asymmetric partition
of mitochondrial content could interfere in cell fitness. We find that almost 10% of mitosis were
asymmetric in integrated density, and the impact on the fitness were analyzed through manual
tracking of asymmetric sisters and further through cell sorting of high and low fluorescent cells.

Even though the area of the cell is an important component in the integrated density calculation,
we do not observed difference in cell size between high and low fluorescence sorted cells. This
indicate that mitochondria have an impact on fitness independently of the cell size.

Additionally, our findings describe alterations in mitochondrial network including the
appearance of round structures, which was never reported before, but why they are formed and its
composition remained to be further explored. Taken together with the increase in mitochondrial
mass, the results indicate that mitochondrial network play a role in the chronic answer to TMZ. If
this knowledge could be applied to new therapeutic approaches remained an open question. It is

possible that a pre-treatment that induces mitochondrial biogenesis could increase TMZ toxicity.

5. Conclusions

The results observed here demonstrate that mitochondria amount have a role in the fitness of
glioma cells, and the asymmetric partition of the mitochondria contributes to the heterogeneity and
therefore to tumor evolution. TMZ treatment induces chronic alterations in mitochondrial mass, we
guote the amount and the appearance of round structures. The biological significance of such

alterations remains to be further explored.
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2.5 (c). Expected presence of cells with round structures according to the percentage observed in hole population at day
9 after treatment to groups of different sizes (blue dots), and the number of cells with round structures observed in
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Figure S3. A172MitoGFP-H2B tained with mitotracker red 8 days after treatment with TMZ (a). A172 cells transduced with

the mitophagy reporter 7 days after treated with TMZ (b). A172S control cells 11 days after treatment with TMZ (c).
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DISCUSSOES INTEGRADAS

A presente tese teve como principal objetivo identificar fenotipos dindmicos que
contribuem para a tolerancia de células tumorais e que levam a diferentes respostas
mesmo em células geneticamente identicas. No capitulo I, demonstramos que células
irmds ja apresentam diferengas quanto a atividade de ERK e ao numero de
descendentes. Adicionalmente, no capitulo Il n6s demonstramos a ocorréncia de
particdo assimétrica de mitocondrias em 9,4% das mitoses, medida pela razdo da
densidade integrada, que leva em consideracdo o tamanho celular e a média de
fluorescéncia. Assim as mitoses assimétricas contribuem para o aumento da
heterogenidade (HUH & PAULSSON 2011), que € um dos grandes desafios para o
tratamento de gliomas.

As células com mais massa mitocondrial tiveram um fitness maior em relacao
as células com menos mitocondrias em situacdo controle, e menor apods o tratamento
com TMZ, indicando que mitoses assimétricas podem ser um importante fator para o
fitness de células tumorais e contribuir para a flutuacdo deste fenotipo. Embora a
massa mitocondrial ndo tenha correlacdo com a funcionalidade mitocondrial
(MIETTINEN & BJORKLUND 2016), resultados prévios indicam que apos tratamento
com TMZ as células adotam um metabolismo mais oxidativo ao invés de glicolitico
(BUENO E SILVA, 2016, RABE et al 2020). Como ja mencionado na discuss&o do
manuscrito encontrado no capitulo Ill, esses resultados estdo de acordo com outros
estudos que demonstraram que células com mais mitocéndrias tem menor tamanho
do ciclo celular (NEVES et al 2010), maiores taxas de transcricdo (GUANTES et al
2015) e sensibilidade ao TRAIL (JURADO et al 2018). Isso sugere que além de
contribuir para o fitness diferencial e a heterogenidade da organela, a particdo
assimétrica de mitocéndrias deve contribuir indiretamente para a heterogenidade entre
células irmas de processos como a sintese protéica e a dinamica de proteinas pré e
anti-apoptéticas. Mesmo que os resultados anteriores ja sugeriam que células com

mais mitocondrias teriam fithness aumentado por ter um menor ciclo celular e maior
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producdo protéica, o acompanhamento de descendentes de irmads assimétricas
demonstrou que essa tendéncia gera um impacto que vai além da primeira geracao
(tempo de ciclo das células irmas).

Os motivos que levaram a maior sensibilidade de células com mais mitocondrias
podem ser variados. A abundancia de proteinas pré-apoptéticas, que se correlaciona
com a massa mitocondrial, é responsavel pela maior sensibilidade ao TRAIL (JURADO
et al 2018), e pode ser importante na resposta a TMZ. E possivel que as ROS também
tenham um papel na toxicidade, uma vez que elas estao relacionadas com a massa
mitocondrial (BUENO E SILVA, 2016). O menor tempo de ciclo em células com mais
mitocondrias (NEVES et al 2010) também indica menor presenca de células de
proliferacdo lenta, que estdo descritas como sendo mais resistentes a quimioterapia
(HOANG-MINH et al 2018). Entretanto, todas essas possibilidades devem ser testadas
futuramente. Adicionalmente, a linhagem Al172 ndo expressa a proteina MGMT
(CHAHAL et al 2012) e é considerada sensivel a TMZ. Avaliar a resposta mitocéndrial
em outras linhagens com estado do MGMT diferente é importante e deve apresentar
resultados distintos, uma vez que este € o principal mecanismo de resisténcia descrito
para a TMZ (ESTELLER et al 2000).

Embora nds tenhamos observado que células com maior massa mitocondrial
tem mais sensibilidade, n6s ndo observamos relacdo entre o delta da massa
mitocondrial antes e ap6s TMZ com a sensibilidade ao tratamento. Esse resultado foi
surpreendente, uma vez que esperdvamos que 0 aumento nas mitocéndrias poderia
ser um mecanismo induzido para adaptacao ao tratamento. Outra surpresa foi que a
presenca das estruturas redondas e sua dindmica também néo tiveram relacdo com o
fitness (dados ndo mostrados). Estas questdes merecem ser revistas, uma vez que
nestes experimentos ndo apareceram subpopulacdes que retomaram o crescimento
(CPD Fig S1d) como observado em estudos prévios (SILVA et al 2016). Isso pode ter
sido decorréncia de toxicidade provocada pelas sequéncia de fotos, ja que proteinas
fluorescentes produzem ROS quando absorvem luz (ONUKWUFOR et al 2020). Fotos
mais espacadas podem resolver essa questdo, porém se tornam um desafio para o

acompanhamento de células Unicas. Sobre a identidade das estruturas redondas,
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nossos dados indicam que elas sdo mitocondrias disfuncionais, uma vez que elas sao
formadas nos dois marcadores mitocondriais transduzidos (MCU-GFP e Cox8-EGFP-
mCherry) mas néo sao coradas pelo mitotracker. Entretanto, esses resultados devem
ser futuramente comprovados por imunocitoquimica com anticorpos contra proteinas
mitocondriais.

Recentemente foi descrito que células de glioma apresentam um estado de
transicdo entre sensivel e resistente a TMZ com aumento na atividade mitocondrial,
mas que essa caracteristica é revertida nas células resistentes (RABE et al 2020).
Entretanto, os autores ndo consideraram que a populacdo de células consideradas
transitorias poderiam ter sofrido uma selecédo negativa. Dados de acompanhamento
de células Unicas poderiam responder essa questdo. Nesta tese, esta questao néo foi
respondida porque as células acompanhadas ndo apresentaram a retomada do
crescimento, embora nés observamos que células de outros campos que néo foram
fotogrados e que retomaram o0 crescimento apresentavam tamanho e massa
mitocondrial iguais as células néo tratadas. Por outro lado, OLIVA et al 2011 mostraram
resultados contraditérios, em que as células resistentes a TMZ tinham maior
metabolismo mitocondrial. Essas diferencas podem ser consequéncia dos diferentes
tempos e concentracfes da droga utilizada: enquanto o primeiro estudo e o0s
resultados apresentados nesta tese eram com 50 a 100 yM por nao mais do que 15
dias, o estudo dos demais eram com aumentos progressivos na concentracéo de TMZ
por 6 meses, até atingir ImM. Em resumo, nds demonstramos que a populacao e
células unicas aumentam a fluorescéncia mitocondrial, o que pode ocorrer através da
inibicdo da mitofagia e / ou aumento da biogénese. Porém ndo sabemos se as células
que retomam o crescimento tem massa mitocondrial menor porque passaram por um
processo de alteracdes metabodlicas como uma forma de toleréncia e tiveram o fenotipo
revertido, ou se elas tiveram uma vantagem seletiva em relacdo as células que tiveram
aumento da massa mitocondrial.

O esclarecimento do ponto acima é importante porque caso as alteracdes na
rede mitocondrial e metabolismo sejam uma adaptacéo, este mecanismo refletiria uma

inducéo lamarckista, e um co-tratamento com um bloqueador dessa dindmica poderia
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prevenir o surgimento das células resistentes. Embora nés tenhamos feito tentativas
de responder essa questdo com o uso de metformina (uma droga utilizada no
tratamento de diabetes (AMERICAN DIABETES ASSOCIATION, 2019) que bloqueia o
complexo | da cadeia transportadora de elétrons (OWEN et al 2000, WHEATON et al
2014)), na presente tese ndo foi possivel apresentar dados para responder essa
guestao devido a pandemia. Alguns estudos ja indicam o co-tratamento de metformina
e TMZ (SESEN et al 2015, YU et al 2016, VALTORTA et al 2017), porém nenhum deles
usou a droga em uma concentragcdo similar a encontrada no sangue de pacientes
(LALAU et al 2011).

Outra possibilidade seria bloquear a biogénese mitocondrial ou aumentar a
mitofagia. Nossos resultados ndo mostraram alteracdes na mitofagia, indicando que o
aumento na massa mitocondrial se da pela biogénese. Embora a metodologia utilizada
para medir a mitofagia é pouco sensivel, se tivéssemos observado a reducdo da
mitofagia este resultado seria surpreendente ja que a TMZ provoca aumento da
autofagia (FILIPPI-CHIELA et al 2015). Essa conclusao leva a inferéncia de que o
aumento na massa mitocondrial seria decorréncia do aumento na biogénese. Embora
resultados prévios do nosso laboratério ndo tenham identificado aumento da
expressdo de PGC-la (BUENO E SILVA, 2016), PGC-18 e PCR podem estar
envolvidos (SCARPULLA 2008).

Uma terceira possibilidade terapéutica seria o emprego da metodologia
conhecida como armadilha evolutiva. Nesse caso sdo feito dois tratamentos
sequenciais com drogas diferentes, sendo que a primeira favorece células com um
fendtipo especifico, aumentando sua presenca na populacéo, e a segunda droga tem
como alvo este mesmo fenétipo (CHEN et al 2014, LIN et al 2020). E provavel que
esse conceito se aplique tanto a um fenotipo selecionado quando a um fendtipo
induzido. Como vimos que células com mais mitocdndrias tem maior sensibilidade, é
possivel que um tratamento prévio que mate células com poucas mitocdndrias, ou que
induza o aumento da massa mitocondrial possa aumentar a citotoxicidade da TMZ.

Essa hipdtese pode ser testada forcando as células a adotarem um metabolismo
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oxidativo previamente a TMZ, por substituicdo da glicose do meio de cultura por
glutamina.

As mitocdndrias possivelmente estdo relacionadas a flutuagdo do fitness,
descrita no capitulo I, em especial porque, como ja dito, elas sdo organelas
extremamente dindmicas e passam por particdo assimétrica na mitose. NOs
demonstramos que a flutuacdo no fithess € um fenémeno que ocorre tanto em células
tumorais quanto em células ndo transformadas (fibroblastos). De fato, tanto células
tumorais quanto normais tem genes com expressao clonal (herdavel) e outros ndo
(MEIR et al 2020). Um fato que deve ser levando em consideracéo é que o estudo do
capitulo | foi feito com células isogénicas, em um modelo 2D com condi¢cdes
controladas e estaveis, diferente do que é encontrado em um organismo vivo, em que
as ceélulas estdo inseridas em um ambiente 3D altamente dindmico. Como o
microambiente tem um grande impacto sobre as células tumorais (QUAIL & JOYCE
2013), é esperado que a instabilidade fenotipica in vivo, pelo menos em células
tumorais, seja ainda maior do que o reportado aqui.

As células saudaveis de organismos eucarioticos adotam estratégias para
manter fendétipos e portanto reduzir a instabilidade, entre eles estdo o controle
epigenético (ALLIS & JENUWEIN 2016) e multi regibes regulatérias para a expressao
de um gene (o numero médio para organismos pluricelulares € seis), que reduz a
probabilidade de ativacao indevida (NELSON & COX, 2014). Adicionalmente, quanto
maior a expressdo de um gene menor o ruido sobre essa transcricdo (ELOWITZ et al
2002), e provavelmente menor sua instabilidade. A remocdo dessas barreiras de
controle aumentariam a instabilidade fenotipica, j& que os sistemas tendem a
desordem, e impossibilitariam a vida. Por outro lado, a instabilidade fenotipica abre
espaco para a evolucdo. De fato a plasticidade fenotipica esta relacionada a
resisténcia em situacdes adversas em diferentes classes de organismos (HORVATH
JR et al 2011, RICHTER et al 2012, YU et al 2017, HORN et al 2020).

Embora ndés tenhamos demonstrado mecanismos dindmicos que estao
envolvidos com a flutuacéo no fitness (atividade de ERK, dessincronizacéo de ciclo

celular, dano ao DNA), o impacto de cada um é uma questao dificil de ser respondida
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e tema para muitas pesquisas futuras. O que ja sabemos, é que existem tantos genes
que apresentam herdabilidade quanto os que ndo apresentam (MEIR et al 2020,
SHAFFER et al 2020), e genes que apresentam grande correlagéo entre irmas perdem
a memoria transcricional depois de 17 geragdes (PHILLIPS et al 2019). A origem da
oscilacdo nas taxas de transcricdo e demais fendtipos também merece atencéao, e
envolvem diversos processos tais como os citados no capitulo Il.

A descri¢do da dinamica fenotipica s6 € possivel gracas as analises em células
Unicas. No céncer, células Unicas sao centrais para a progressao da doenc¢a, uma vez
gue a origem tanto do tumor priméario quanto de metastases € clonal (NOWEL 1976,
TALMADGE et al 1982). Portanto, a investigacao de efeitos nas células Unicas deveria
ser a preocupacao central nos estudos sobre essa doenca. Embora a metodologia de
células Unicas mais utilizada seja o0 sequenciamento de RNA e, e este permitiu grandes
avancos como a identificacdo de subpopula¢ds fenotipicas distintas em um Unico
tumor (PATEL et al 2014), ele ndo permite a avaliacdo da dinamica celular por nao
utilizar células vivas. Nesta tese foram estabelecidas marcagfes fluorescentes
celulares que possibilitaram avaliar em células Unicas fen6tipos como a progresséo do
ciclo celular e a massa/morfologia mitocondrial. Através da marcacdo do locus
enddgeno do gene que codifica apara a proteina Ki67 por CRISPR, e ao lado de
células transduzidas com o indicador de ciclo celular FUCCI, nés demonstramos que
células clonais perdem a sincronizacao do ciclo celular pela metade em menos de 4
geracdes. Esse achado é importante pois diversos fenétipos celulares variam de
acordo com o ciclo celular, entre eles a morfologia mitocondrial (KASHATUS et al
2011), e por isso € esperado que a simples dessincronizacao de células clonais pode
contribuir para a morte fracionada em células geneticamente idénticas.

Ainstabilidade fenotipica no fithess observada quando as células foram tratadas
representa um desafio para a terapia alvo-especifica. Um exemplo disso € a resposta
de tumores com BRAFV600E ao vemurafenibe, que tem como alvo-especifico a
proteina mutada. Esta via promove o crescimento celular, e ao ser tratada com
vemurafenibe € inibida. Porém a via ndo é uma estrutura estatica, e ao ser inibida ela

se remodela e os mecanismos de retroalimentacdo negativa também séo reduzidos.



108

Isso torna a via mais sensivel a ativacéo e pode resultar em crescimento celular. (LITO
et al 2012, GEROSA et al 2019). Se a flutuagéo fenotipica pode ser modelada é uma
guestao ainda a ser explorada, entretanto nossos resultados sugerem que sim.

Por fim, ainda sobre o capitulo | dessa tese, n6s descrevemos uma nova
metodologia para quantificar a dinamica do fitness celular, a qual tem como grande
vantagem o baixo custo de aplicacdo, o que a torna de facil acesso mesmo para
laboratorios pequenos e de baixo orgamento, como € o caso de muitos laboratdrios de
pesquisa brasileiros. Embora o racional por trds da metodologia possa ser aplicado
também para outros fenoétipos, a avaliagdo da dinamica do fithess em células Unicas &
inovadora, uma vez que ao alcance do nosso conhecimento ndo havia outra
metodologia que permitisse tal avaliag&o.

A visualizacao do cancer como uma doenca dinamica, em que células Unicas
sdo capazes de alteracBes fenotipicas e mesmo de adaptacdo € essencial para a
melhora dos tratamentos disponiveis. Na presente tese foi demonstrado que células
clonais apresentam flutua¢des fenotipicas, que comprovamos serem adicionadas pela
mitose, atraves da particdo assimétrica de mitocondrias, mas também devem ter o
tempo como um fator importante. Eventos de baixa frequéncia podem ter um impacto
significativo em uma doenca que é dirigida por alteragcdes em células Unicas, como o
cancer. Nesse caso, a particdo assimétrica de mitocondrias, a qual ocorre em 9,4%
das mitoses, representa 9,4.107 células para um tumor com 1cm? (DEL MONTE 2009).
Ou seja, a particdo assimétrica de mitocéndrias, uma vez que altera a probabilidade
de morte por TMZ, representa 9,4.10° chances de surgimento da tolerancia e
consequente resisténcia. Estas descobertas representam desafios para as terapias
atuais, incluindo as terapias alvo-especificas, e deverao ser levadas em conta para as

estratégias terapéuticas que serdo desenvolvidas futuramente.
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CONCLUSOES

Os principais achados da presente tese foram os seguintes:

Células clonais apresentam instabilidade no fitness, e esta ndo € uma
caracteristica exclusiva de células tumorais;

Células irmas apresentam variabilidade quanto a dindmica de ERK e fitness;
Células em coldnias tem uma reducao pela metade na sincronia do ciclo celular
em apenas 4 geracdes, e sdo variadas em relacdo ao dano no DNA;

O fitness também flutua entre geracdes quando as células sao tratadas, de uma
maneira tratamento-especifica, e o tratamento com moduladores epigenéticos
reduz essa flutuacédo, reduzindo o fenbmeno de morte fractional;

O tratamento com TMZ induz alterac6es na massa mitocondrial,

Células com mais mitocondrias tem fitness maior em situagdo controle e menor
em situacao tratada em relacé@o as células com menos mitocéndrias;

Particdo assimétrica de mitocondrias acontecem em 9,4% das mitoses, e
contribuem para a heterogenidade, fitness diferencial e flutuacdo fenotipica
clonal.

A flutuacao do fitness reportada é importante para a biologia tumoral uma vez

que esta € a caracteristica que ir4 determiner se o cancer ir4 progredir ou regredir. A

flutuacédo fenotipica demonstra que processos ndo hereditarios contribuem para a

tolerancia e resisténcia. Assim, os resultados reafirmam que a evolucdo darwiniana,

embora muito importante, ndo é suficiente para explicar 0 processo de resisténcia

tumoral. Como perspetiva futura sdo apresentados os tdpicos abaixo:

Investigacdo de outros processos responsaveis pela flutuacéo do fitness;

Se processos do modelo lamarckista (inducdo e fixacdo de fendtipos)
contribuem para a variabilidade clonal e o surgimento da tolerancia;

Identificar qual mecanismo leva as alteragbes na massa mitocondrial

observados e promovem a particdo assimétrica mitocondrial;
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Testar as hipéteses, formuladas a partir do que foi observado em relacao as
mitocondrias, para aumento da citotoxidade da TMZ: bloquear a dinamica de
aumento da massa mitocondrial por (1) bloqueadores da funcdo mitocondrial,
ou (2) por modulacdo da biogénese e mitofagia; (3) aumentar a massa

mitocondrial previamente a TMZ.
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