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ABSTRACT

Cellular features predicting susceptibility to ferroptosis: insights froancer cellline profiling

Vasanthi Sridhar Viswanathan

Ferroptosis is a novelonapoptotic, oxidative form of regulated cell death that ba
triggered by diverse smatholecule ferroptosis inducerd=INs) and genetic perturbations.
Current lack of insights into the cellular contexts governing sensitivity to ferroptosis has
hindered both translation &1Ns as anticancer agents for specific indications anddiseovery
of physiological contexts where ferroptosis may function as a form of programmed cell death.
This dissertation describes the identification of cellular features predicting susceptibility to
ferroptosis from data generatéltfough a largescale profiling eperiment that screened four
FINs against a panel of 860 omibakcharacterized cancer celinés (Cancer Therapeigcs

Response Portal Version @TRPv2at http://www.broadinstitute.org/ctrp/

Using @rrelativeapproachecorporatingtranscriptomic, metabolomic, proteomic, and
genedependency feature type$ uncover both panlineage and lineagspecific features
mediating ceHline response t&INs. The first key finding from these analyses impksahigh
expression of sulfur @hselenium metabolic pathways @onferring resistance tBINs across
lineages. In contrast the transsulfuratiopathway, which enablede novocysteine synthesis
appears telays a role irferroptosis resistanda a subset of lineageShe secondkey finding
from these studieglentifies cancer cells in a high mesenchymal state as being uniquely primed
to undergo ferroptosis. This susceptibility sgerffom a specific dependencyof high
mesenchymastate cancer cellsnahe lipid hydroperoxide quenching mechanisms inhibited by

FINs and is conserved across cancer cell lines of mesenchymal origin, epileeNa&d cancer


http://www.broadinstitute.org/ctrp/

cell lines that have undergone an epithallamesenchymatransition, and patierderived

cancercells exhibiting mesenchymal stateediated resistance to astincer therapies.

The work presented herein formalizes frameworks for studying small molecule inducers
of cell daath through celline profiling. The resultadvance current mechanistic undemsiag
of the cellular circuitry underlying ferroptosis sensitivity and lay the foundation for a novel

therapeutic approach using ferroptosis inducers to target high mesendtgtaalancer cells.
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CHAPTER 1. INTRODUCTION

CELL DEATH

The field of cell death research faiar today has its roots in dnsightfrom the mid20"
century,that cells die, not only accidentally in response to severe physicochemical stresses, but
through active and highly orchestrated processes executed by biolegitedigied programi$.

At the time, the implications of this concept were profound.

The oO6programmedd deat h o fswereenbtbhysicaig ant t hat
imposed but rather biologicallynposed. Pehaps cells had the capacity to persist indefinitely
but were actively prevented from becoming immortal. Meanwhile, dysregulation of the pscess
governing cellular lifespans could be expected to lead to diseases characterized by inappropriate
cell death oinsufficient cell death. Moreover the role of dedicated cellular machinery in
regulating and carrying out the organized death of cells suggested that the process of cell death
could be intervened upon therapeutically, to alter its cBurse

In the intervening decades sirtbe pioneering work of Lakshin, Saunders, Horvitz and
others'®, remarkable progress has been made inagitej cell death modalities, elucidating

their genetic and molecular bases and translating these findings for therapeutié Henefit

Classification of cell death
Morphological and molecular features

Cell death modalities have historically been classified using morphological helftitics
that take into account parameters such as changes in the size and strusilseantl
organells, the presence of vacuolization, the fragmentation of DNA and integrity of the plasma
membrane. These features were readily accessed with technology available during ttfe late 19
and early 20 centuries through the use of microscopic techniques and vitdfdyese

1



recently, molecular criteria have begun to be incorporated into cell death classification
scheme¥. These include enzymological parameters (e.g. involvement of caspases or
cathepsins), localization and modification of cell death factors (e.g. PARP cleavage or AIFM
release), metabolic features (e.g. ATP levels, innesanondrial membrane potential), and other
biochemical markers (e.g. phosphatidlyserine expoSureXhese molecular features are

typically measured using a combination of immunohistochemical techniques and fluoregenic

assay?¥.

Accidental versus regulated cell death

Cell death variants can also be classifi
cell death routinés.

Regulated cell death is actively executed by genomieaiboded cellular machinéfy*
Importantly, its course can be altered by targeted perturbatitwe ekecuting machinery
downstream of the lethal stimulus. Programmed cell death, most familiar from apoptosis, is a
subset of regulated cell death that plays a role in the dewelat and homeostasis of biological
systems in the absence of exogenous perturbations aimed at inducing c&l"death

Accidental cell death, on the other hand, is induced by physical and mechanical stresses
that result in cellular disintegratith Accidental cell death is not transduced by specific
biological circuits; its course can therefore not be modulated by specific perturbations
downstream of exposure to the lethal stimulasivo, the uncontrolled nature of accidental cell
death, forexample due to traumatic injuries, can lead to local toxicity and immunogenicity, as
the cellular microenvironment becomes exposed to potentialtyaging intracellular

materiat®>*®
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Cell death contexts

As the catalog of distinct cell death modalities rapidly expands, the contexts in which
individual forms of cell death are operant &ecomingmportant classifies'?. The most
pervasive forra of cell death, such as apopsosire likely to act at all stages of development,
homeostasis and @iase. However, for other cell death forms, the contexts may be much more
restricted. For example, necroptosis and ferroptosis may play a role specifically in ischemia
reperfusion injury®, while yet other modalities may require an exogenous perturbation, such as

treatment with artesunate, to uncover cell d&ath

Major forms of cell death

Historically, major forms of cell deathave been categorized into apoj¢Type 1),
autophagic (Type I1) and nedio(Type II) cell deatf®. Current classification schemes place

greater emphasis on regulated vsregulated forms of cell dedth

Apoptosis (Type I)

Apoptosis is a caspasependent form of regulated cell déati. The characteristic
morphological features of apoptosis include cytoplasmic shrinkaggorrhexis(nuclear
fragmentation), chromatin condensation, membitdekbing and finally, the formation of
apoptotic bodieswhich arecondensed corpuscles of cellular debris that retain plasma membrane
integrity*,

Apoptosis is organized into extrinsic and intringiogram$". Canonical extrinsic stimuli
include celldeath inducing cytokines such as Fas Ligand (FasL). Cellular exposure to FasL is
sensed and transduced by the Fas Receptor, leading to thélgsseandeatkinducing

signaling complex (DISC) that incorporates faasociated Death Domain (FADD) and the



initiator caspase, capsa8¥. Autoproteolytic activation of caspase 8 triggers cleavage and
activation of executioner caspas8s-6 and-7 and progression of the apogptacascad®.

Intrinsic apoptosis relies on mitochondrial outer membrane permeabilization (MOMP)
regulated by the interplay between pand antiapoptotic BCL-2 family member proteins that
control pore formation in the outer mitochondrial membfareitiation of MOMP results in
release of cytochrome c from the mitochondria, formation of the apoptosome and activation of
the initiator c@sase9 followed by the executioner caspasg@sind-7"°%° Cellular stressensing
pathways that are known to trigger apoptosis in response to withdrawal of growth factors or
exposure to xenobiotic and genotoxic stressash as ionizing radiatigeonverge on the

intrinsic apptotic pathway to trigger cell dedff?

Autophagy (Type II)

Autophagic cell death is characterized by cytoplasraauwlization through the
formation of doublenembraned autophagosomes that contain cytoplasmic contsvisle the
fusion of autophagosomes with lysosomes is a mechanism for recycling excess or damaged
cellular materials and liberating basic building blocks to survive periods of nutrient stress, this
processarelycan lead to a setfigestive cell deatfi. The role of autophagy in alternatively
promoting either cell survival or cell death makes it a challenging form of cell death to study; the
presence of autophagic hallmarks in a cell cannot necessarisgiieeal to impending cell
deattt?. However, the failure of proper salivary gland development due to insufficient cell death
in autophagydeficientDrosophilamodels underscores the importance of autophagy as a form of
programmed cell death

Autophagy is positive regulated by the autophegjgited gen®, Beclin-1%°, as well as

several other members of the autophegjgted genel complex includinghtgl, Atgl3,



Atg172%. The mTOR pathway, which promotes cellular growth under conditions of nutrient
availability, is a negative regulator of authoptf& Treatment of cells with the mTOR inhibitor

rapamycin is a canonical method for inducing autopffagy

Necrosis (Type IlI)

Type Il cell death, necrosis, has historically corresponded to the vast plethora of
accidental cell death forrfts Inducers of newosis are typically physicochemical stresses such as
elevated temperature, extreme pH, or manual shearing that lead to rupture of the plasma
membrane. In line with the catastrophic nature of necrosis, the kinetics of Type Il cell death are
typically muchmore rapid than those of Type | and Type Il cell death, which are actively
orchestrated by cellular machin&tyCells dying of necrosis do not display the characteristic
morphological features of apoptosis or autaphdut often do exhibit increased cellular volume
(oncosis), organelle swelling and massive oxidative $ttaatile caspase activation, a hallmark
of apoptosis, has not been thought to be involved in necrosis, other proteases, such as cathepsins
may play a role in cellulatisintegratior’.

As efforts to better define necrosis at the biochemical level have advanced, several
necrotic modes of deattave emerged as having regulated feattrr@4? These forms of cell
deathi dubbed regulated necrosikack apoptotic or autophagic hallmarks and exhibit necrotic
featules, but can be modulated through targeted genetic or pharmacological intervertians
This emerging understanding of regulated necrosis, and the possibility ittcagdes the course
of certain subsets of necrosis, has profound therapeutic implications, given the toxic nature of

necrosioccurringin biological systens.

Regulated necrosis



Necroptosis

Perhaps the best example of regulated necirasie that has pioneered establishment of
this new classification itself is necroptosi&™**. Necroptosis is a form of cell death that occurs
when cells that are defective in their ability to undergo apoptosis are exposed to extrinsic
apoptsis-pathway stimuf*®. In necroptosis, the ligation of TNFR by TNFdnd nucleates a
complex, known as complex I, that incorporates TNfSRociated death domain (TRADD) and
RIPK1%**" The internalization of TNFR induces changes in the repertoire of bound proteins
leading to formation of complex I, comprised of RIPK1, RIPK3, TRADD, and components of
the extrinsic apoptotic pathway including caspase 8 and PABDThe liberation of the
necrosom®, a complex containing RIPK1 and RIPK3, from complex Il leads to execution of
necroptosis.

The final death process involves necrdie plasma membrane rupture, cellular
disintegration, dramatic depletion of cellular ATP levels gederation of RO%*:. However,
perturbation of RIPK1 or RIPK3 by a class of small molecules known as necrostatins can
abrogate necroptosfs This capacity for modulation underscores the regulated nature of
necroptosis and differentiates it from classical necto$ls

Since its discovery, necroptosis has been implicated as a mechanism of cell death in
numerous ischemieelaied disease conteXf$” and as a form of programmed cell death that
shapes chondrocyte developniant

Additional forms of regulated necrosis are described below.

MPT-dependent requlated necrosis

MPT-dependent regulated necrosis is a form of cell death resulting from mitochondrial

permeability transition (MPT). MPis a process characterized by abrupt and dramatic changes



in permeability of the inner mitochondrial membrane, causing rapid mitochondrial swelling, loss
of energetics and necrotic de&thrhe reliance of this form of cell death on cylcophiliff £ a

critical component of the permeability transition pore complex (P1Pi8)he basis of its
designation as a regulated form of necrosis. Knockout of cyclophilin D, as well as its inhibition

by cyslophroin A, arsufficient to block MPTdependent cell death

Parthanatos

Parthanatos is a form of regulated necrosis that stems from dramatic loss in cellular
bioenergetic potential due to hyperactivation of the NABensuming DNArepair enzyme
PARPT%*! Following NAD+ depletion, the NADPH oxidase AIFM1 is released from the
mitochondria and is thought to play a role in the execution of parthanatos by facilitating
chromatin degradation through its endonuclease acivityDeletion of PARP1 can block

pathanatos induced by endogenous and exogenous neusxsxivell as ischemia

Ferroptosis

Ferroptosis, the focus of this dissertation, has receetn designated as a form of

regulated necrosis

Cell death features

Ferroptosis is an iredependent and oxidative form of cell death that is controlled by
pathways converging upon the phospholipid glutathione perox{@Gae4)**>*>",

Cell death byferroptosis does not conform to Type I, Il or Il modes of cell death as
evinced by the absence of morphological features characteristic of apoptosis (e.g. chromatin

condensation and membrane blebbing), autophaghic death (e.g. cytoplasmic vaculoaration),

hydrogen peroxidénduced necrosis (e.g. organelle swellitd) Consistent with this,



ferroptosis is not suppressed by inhibitors of caspases, which aredefuiapoptosis, nor

small molecule inhibitors of autophagy. Moreover genetic and pharmacological inhibition of

cyclophilin D and the necrosome do not modufateoptosis, indicating that it is distinct from

MPT-dependent regulated necrosis and necropttsiEhe only defining morphological feature

of ferroptosis involves ultrastctural changes to the mitochondria including decreased organelle

size and increased membrane dendi#t the biochemical level, an increase in intracellular

labile iron and the onset of lipid peroxidation are early events indicative of ferraptosts
Functionally, ferroptosis is defined as cell death that can be suppressed by both lipophilic

antioxidants and iron chelatdfsThis specific modulatory profile is unique to ferroptpsist

only among nosoxidative cell death modalities, but also within oxidative forms of cell Ggath

The basis of this specificity may arisem differences in both the source and localization of

reactive iron and subsequent ROS generation in ferroptosis compared to other oxidative modes

of cell deatfi*. While ROSinducing stimuli most often lead to generation of mitochondrial

ROS” the ROS in ferroptosis appear to be of a-mstochondrial and lipidocalized origin®.

Pehaps related to this, ndarroptotic ROSinducers can be suppressed by hydrophilic

antioxidants but are not suppressed by lipophilic antioxidartkis is also true of iron

dependent oxidative cell death forms that otherwise appear similar to ferrbpfbisis a pair of

simple criteriori suppression by lipophilic @iexidants and iron chelatorsyields a remarkably

specific and discriminating functional definition of ferroptosis.

Ferroptosis inducers (FINS)
Ferroptosis was first identified as a form of cell death induced by erastin, a small
molecule that demonstrated synthetic lethality witikogenidHRAS in an engineered model of

stepwise transformaticfi Repeated synthetic lethal screening of the same model has yielded



several additional structurallyiverse FINs (Fig. 1.2 %. Proteomic approaches as part of early
studies into FIN mechanism of action identified voltaggendent anion channels (VDACS) as

the binding target of several FINlsMore recent functional studies have implicated the action of
FINs at distinct levels of pathways controlling cellular supply of cysteine, the incorporation of
cysteine into glutathione and the use glutathione to quench lipid hydroperoxides through the
actions of GPX4 (Fig.1.23s critical to their lethal effecs FINs that deplete levels of cellular
glutathione are classified as Class | FINs, while FINs that inhibit GPX4 function downstream of
glutathionedepletion are designated as Class Il BIRS Many of the insights into FIN

mechanism of action that have enabled this classification scheme are recent and were uncovered
concurrentlywith the research described in this dissertation. Class | and Class Il FINs are
therefore referr to in this thesis as classes named after their founding menthersrastin

class and RSL-8lass FINs, respectively.

Erastinclass FINs Class IFINSs)

Erastininhibits the function ofhe cystineglutamate antiporter systerg,X>’whichis a
primary regulator of intraellular levels of cysteine aribde cysteinemetabolite glutathione (Fig.
1.2)°.

Critical insights leading to identification of thethal effect oferastin came from noting
striking similariiesbetween the glutamataduced cell death of neursand erastifinduced
ferroptosis®. In glutamateinduced excitotoxicity, high concentratis of extracellular glutamate
block the activity ¥, leading to profound glutathione depletion and an-dependent oxidative

cell death that can be rescued by ferrostatina lipophilic antioxidant that is a
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ML162 and ML210 in this thesis.
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specific inhibitoroff er r opt osi s. | mportantly, the additio
mer captoet hanol ( b ME) t o effeaswfrhighhglutamate byl reducingg s ¢ a
cystine to mixed disulfides of cysteine, whican be imported through alternheg¢d-surface
solute carriers. I n a key exper i nreatetigellsi t was
similarly slethateffect. Theseansights, cobipled with chemoproteomic data,
convincingly identifiedx; as the relevarfunctionaltarget oferastin and established &s a
central node of ferroptosis circuitry. More recently, metabolite profiling analysis of erastin
treated cells has confirmed depletion of cellular glutathione as being the most dramatic and
specific change occurring upon irdion of ferroptosis by erasfih”.

Other FINs also acting onpinclude sulfasalazine and sorafetiity. Buthionine
sulfoximine (BSO) induces glutathione depletion downstreany tfyxnhibiting the glutathione
biosynthetic enzyme gamnagdgutamyl cysteine ligase (GCL@nd induces a pattern oéll death

reminiscent oferroptosis®.

RSL3-class FINs (@ss |l FIN9

RSL3-class FINs have recently been identified as inhibitors opliwspholipid
glutathione peroxidase, GP¥4Direct binding of GPX4 has been demonstrated for RSL3
through a chemoproteomic approach, wbileer RSL3class FINS have been shown to inhibit
the enzymatic activity of GPX4 in lysabased biochemical assaysThe conserved alpha
chloroamide warhead shared by otherwise structurally dissimilar R&is3 FIN2® (Fig. 1.1)
may underlie their ability to specifically targetlenoproteins, such as GPX4, that contain highly
reactive, catalytic selenocysteine residfieBhis unique reactivity profile of alpkehloroamide
containing compounds has been highlighted in the context of glutathitvaesferase omega,

which contains a similarly hypeeactive activesite cyseine®,
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Molecular basis of ferroptosis

Lipid peroxidation

The central role of GPX4, the direct target of R&l&ss FINs and in the indirect target
of erastinclass FINs, in detoxifying lipid hydroperoxides anticipatesiti@ortance of lipid
peroxidation as a key molecular feature of ferroptdsis®

Thelipid peroxidationcycle (Fig. 1.3) involves lipid radicals gerated through hydrogen
abstraction from unsaturated liptdsThese lipid radicals can become peroxédab form lipid
peroxyl radicals that propagate the cycle of hydrogen abstraction from unsaturated lipids. Even
the more stable end products of this cycle continue to be highly réctiied peroxides can
decomposénto lipid oxy radicals and hydroxyl radicals, while secondary products of lipid
per oxi dat i o-unsatirated dldenydesisgchyiroxy-2-nonenal can add to critical
thiols and amino groups on macromolecffles

Lipid peroxidation can be induced through both enzyneeliated (e.g. lipoxygenase)
and norenzymatic (e.g. labile iremediated) process&sUnderstanding which of these may
play a role in ferroptosiassociated lipid peroxidation is an active area of res¥afihe
chemistry of lipid peroxidation however, does provide a strong mechanistic underpinning for
several observations related to ferroptSsiske GPX4, which detoxifies lipid peroxides into
water and lipicalcohols, the ability of lipophilic antioxidants to suppress ferroptosis stems from
their capacity to quench lipid radical intermediates and directly reduce lipid peroxides to lipid
alcohols through hydrogen atom trandfer Th e pr o dunsaturatedaldebyfle U, b

secondary products 6pid peroxiddion also provides a rationale for the ferroptemippressing
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Figure 1.3.Lipid peroxidation cycle. An illustration of lipid radicaimediated lipid
peroxidation Adapted byDr. Tim Vickers fromYoung, I. S. &McEneny, J. Lipoprotein
oxidation and atherosclerosBiochem. Soc. Trang9, 358 362 (2001).
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effects of aldeketo reductase (AKR) family members, which play a role in the reductitmxiof

aldehydes to alcohals™.

Iron-dependence

As indicated by its name, ferroptosis has an absolute requirement for iron; the ability of
iron chelators to suppress ferroptosis is one of the foundational features of this mode of cell
deatti*® The precise nature, form and localization of this iron however, remain poorly
understood. Labile (nonrprotein bound) pools dfon exist within the cytoplasm, mitochondria
and lysosomes of cells lmw butappreciable concentratishi. This iron, unlike iron sequestered
within ferritin or other irorstoring complexes, is redox active and is typically thought thée t
primary culprit in catalyzing toxic ROS formation via Fenton chentistfeactive iron is also a
component of the active site of many enzymes, where it acts to catalyze enzymatic reactions that
are highly analogous to Fenton chemi&trne pertinent example is lipoxygenase, which
carries outipid peroxidation reactions using iron as afactor'*. A model proposing
lipoxygenaseébound iron as the critical iron for ferroptosis would be particularly attractive given
the known mecanistic connections between lipoxygenase, lipid peroxidation and &&atéd
cell deati*"”® However, the inability of iron chelators to discriminate between free and-active
site reactive iron means that current models of fergipt@main ambiguous about the

contribution of enzymatic and n@nzymatic irorcatalyzed reactions toward cell dééth

Physiological context
While ferroptosis has not yet been shown to function as a form of programmed cell death
in development or tissue homeostasis, it is increasingly implicated in a nafrgehologic

contexts encountered by neuronal and renal §8$ti& These include models of neuronal

15



excitotoxicity, oligodendrocyteelated periventricular leukomalacia, huntingaduced
oxidative stress, acute renal ta#, synchronized tubular cell death in renal ischeeyperfusion
injury, and oxalate nephropafty* ">

Meanwhile, understanding the roles and therapeutic applications of ferroptosis in cancer

biology is the focus of thidissertation.
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STUDY OF CELL DEATH

The study of cell death seeks to accomplish the following: catalog cell death modalities,
understand the cellular machinery involved in mediating each form of cell death, illuminate
physiological contexts to which pamilar cell death mechanisms may be pertinent, and develop
effective means to therapeutically perturb specific cell death fdfms

This undertaking is rendered especially challenging by two characteristics of cell death.
The first is that cell death is a transient and ultimately destructive phenomenon, not one that
lends itself to the isolation and study of intermediate steady states.

The second is the tremendous redundancy built into cell death pré§rimscommon
approach for probing cell death is to prevent it from occurring and studying thequmamces.

This was utilizedsuccessfully byHorvitz and colleagues in the discovery of apopfosis
Unfortunately, in most cases, inhibition of a specific cell death mode in a cell dadezlwill be
rescued by execution of an alternate death pathway. For example inhibition of apoptosis by
deletion of essential caspase activators can cause dying cells to shift toward a more necrotic
form of cell deatf?. Likewise cells that argreventedrom undergoing autophagy, will simply

employ apoptotic cell dedth®®
Small molecules as probes of cell death

Small molecules are low molecular weight (less than 2mg/mol), cartataining
compounds that have the potential to engage in highly specific interactions with cellular
macromolectd<?. Over the past several decades, the field of chemical genetics has pioneered
small molecule perturbations as a complement to classical genetic techniques to probe the

function of specific gene products within the context of complex biological systegnedés,
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organisms§##¥4 Such use of small molecules offers a number of advantages over genetic
approaches: reversibility and temporal control,ahgity to be used easily in the demt of
whole organisms, perturbation iotlividual functions ofmultifunctional proteins or complexes,
the opportunity for polypharmacology based on structural similarities of targets, and in certain
casesthe conferral of novel gainf-function (GOF) poperties upon targefs®

It is therefore not surprising that small molecules have contributed treomsndo the
study of cell deatlas specificnducers and modifiers of distinct cell death modalities.
Staurosporine, a broad spectrum kinase inhibitor serves as a probe of affoftiesisTOR
inhibitor rapamycin is a canonical inducer of autopf{atfyand neasstatini, erastin, and
cylclosporin A have galvanized the elucidation of necroptosis, ferroptosis andibpEndent
regulated necrosis, respectivBly

Small molecule libraries also afford a means to screen for new cell death modes. For
example, an oncogenic RAS synthetic lethal screen led to the identifioagoastifn® > while a
screen designed to identify c orxyposadcelsintheh at
presene of caspase inhibitors identified necrostdtif Hits from such screens become probes

of the corresponding novel cell death modes and form the basis of further*tudies

Mechanism of action

However moving from smalmolecule hit to biological mechanism poses a formidable
challeng&. This refers collectively to both the idéiuation of the biomolecule(s) engaged by a
small molecule (target ID) and to the elucidation of how target engagement elicits the cell death
related response of interest (broader mechanism of action).

Traditional approaches for target ID rely on affjpurification methods and

chemoproteomoié& Forstudyingbroader mechanism of action, hypothesis driven approaches

18



may offer a starting point. For example, to study a novel small molecule inducer of cell death,
one may characterizompoundtreated cells to look for morphological and biochemical features
indicative of known cell death mechanisths

Newer genomavide techniques offer a more unbiased framework to characterize small
molecule perturbatiod Geneexpression profiling in response to compound treatment can
point to specific genes or pathways whose expression is ftergtaby the small molecule of
interest’. Functimal shRNA? and ORF screefi$can identify genetic modulators that sensitize
or protect cells from the effects of a given #melecule. Similar modifier screens can be
undertaken with small molecules, but have the disadvantage of yielding modifier hits, that like
the original small molecule, also have an unknown mechanism of action. Nevertheless, this
approach has been empldysuccessfully by the Stockwell Lab at multiple points in the study of

ferroptosig®°>®%4
Cell-line profiling as a systematic method for studying cell death inducers

Cell-line sensitivity profiling has emerged as a systematic method for studying small
molecule inducers of cell death that can illuniniboth narrow and broad aspects of compound
mechanism of actiod *®°. At a high level, this method seeks to collect viability measurements in
response to given small molecule of interest across a large panel of cell lines. The resulting
activity pattern vector can be quite unigue to an individual compound and can serve as its
bi oact i vi téyrhigfihgerprigtean theniba dorfipared to those of other compounds that
aresimilarly profiled to infer relationships of identity and similarity between compddnds

This method was first piloted by the National Cancer Institute as the NCI60, a profiling

effort that neasured compound sensitivity across a panel of 60 cancer cef1itteBhe
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application of pattermatching algorithms to resulting data quickly uncovered insights into
compound rachanisms of actidf"%% For eample, the natural produisalichondrin B was
found to be a novel microtubule disrupting agefit

Following the NCI60, this approach has been expanded upon and formalized in

significant ways.

Informer ses$

An o6informer setd is a collection of Dbiolo
have selective interactions witime or more cellular targets) that is profiled to establish a library
of cellular activity pattern vectors that can be queried with a novel activity pattern corresponding
to a small molecule with unknown mechanf&r Informer sets are optimized to interrogate the
greatest possible number of distinct nodes of cell circuitry while maintaining the important
design principle of redundancy. Multiple compounds targeting the same family of targets
ideally with diverse cheral structure$ are critical for generating robust signals corresponding
to distinct cellular nodes and for correcting for-taffget effects that are idiosyncratic to
individual chemical entiti€&. The application of hierarchical clustey approaches to sensitivity
data generated using a wdbsigned informer set have been shown to yield sufficient granularity
to discriminaé between compounds perturbing the shinkgical target through a shared
mechanism of action, through distinct mechanisms of action, and through indirect
mechanism&'%4 Recently, genetic perturbations (e.g. ShRNAs) have begun to be successfully
incorporated into profiling informer sét4% though comparing sensitivity patterns across
different classes of perturbations (e.g. small molecules versus shRNAS) remains challenging

The profiling of novel, unannotated small molecules within the context of infeseter

has been used successfully to derive compelling insights into small molecule mechanism of
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action®®. Several examples are found in this thesis includininthependenidentification of
GPX4 as the target of RSi@ass FINs, and the identifitan of GPX4 as a relevant indirect

target of HMGCOoA reductase inhibitors.

Omic associations

The increasing prevalence of elfle omic characterization also affords the opportunity
to associate effects of smatiolecule perturbations with cellular feges®*°® Within the
context of cancer cell lines, commoatalogs of omic features include transcriptomic, genomic
alteration (mutation and copy number variation), metabolite and protein abundarite®ddta
Comprehensive association and statistical significance testing of associations between small
molecule sensitivities and individual omic features can uncover diverse insights into compound
mechanisma Thesednsightscan rangdrom identification ofsmall moleculalirect target$o
mechanisms ofompound metabolic activation aimhctivatiort®. For example, within
CTRPv2,bcl2, a target of navitoclax, is found to the most strongly correlated gene expression
transcript with sensitivity to navitocld€. Meanwhile high expression of sulfotransferases is
associated with sensitty to RITA, a putative modulator of p53, which requires sulfonation for
activatiort®®. Finally, high levels of RIPK1, an inducer of necroptosis, are associated with
susceptibility to birinapant, an inhibitor of the RIRK#&gative regulator XIAF®. Several
analogous insights into ferroptosis inducers are described in this thesis.

Smallmolecule sensitivity data can also be correlated with riedtiure vetors, for
example, genexpression signaturt¥s. Likewise, large higidimensional celline profiling data
sets can be mined to identify perturbations that selectively affect cell lines witexgemssion
signatures of interest. For example, one could look for compounds that are effective at killing

cell lines that have high expression of an apoptesstance gene expression signature. A
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similar approach has beemployedn this thesis research to identify compounds uniquely able

to kill cells with a high mesenchymal state gene signature (Chater
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CANCER AND CELL DEATH
Dysregulation of apoptosis

Evasion of apoptosis is a hallmark of can®&”® Cancer cells become impervious to
conditions that would normally provoke cell de#ttough dyresgulation of bogensors ofcell

death stimuli andell deathexecuting machinefy® 2

Sensors

The most common tactic employed by cancer cells to circumvent apoptosis is loss of p53
function**>. P53 plays a critical role as an integrator of cellular stress signals and responds to
overwhelming cellular damage and inappropriate mitogenic signaling by inducing apoptosis
through transcriptional upregulation of papoptotic BCL2 family membets*** For example,
DNA damage signals are transduced by ATR, which phosphorylates p53 directly or via casein
kinase Il to stabilize p5%>*> Meanwhile, hgppropriate mitogenic signaling can lead to
increases in ARF, which in turntiibits MDM2, a negative regulator of p53. P53-inactivating
alterations in cancaaremultifarious and range from deletions, truncations, and mutations to
amplification of MDM22

Other mechanisms dfiactivationof pro-death sensoiis cancer include loss of ARF,
overexpression of FLICE which binds to and sequesters-deatiain containing proteins of the
extrinsic apoptotic patikay, suppression of TNF receptors and loss of bdglwmhich is required

for autophag}f®109-11216.117

Effectors

Like sensors, féectors of cell death ar@sodisabled in cancer cells. Common strategies

111
L

include upregulation of the arapoptotic proteins BCL'2® and BCL-XL*'%, and silencing of

23



apoptosome componesnsuch af\PAF-1'*2 High flux through the PI3K/AKT/PKB pathway
also participates iapoptosis avoidance by phosphorylating and inactivatingapoptotic

factors like BAD and caspase 9, while simultaneously promoting higher levels of Mb¥f2

Chemoresistance

A second aspect of calleath evasion relates to the chemod radieresistance exhibited
by many cancer cells. This is mediated through heightened expression of cellular antioxidant
pathways, which overlap considerably with phase Il (conjugationplamklll (efflux) drug
metabolism processes'?2123124 These programs increase the import of sulfur into the cell and
promote its incorporation into low molecular weight antioxidants (e.g. glutathione)xidant
proteins (e.g. glutathione peroxidases) and the enzymes of phase Il drug metabolism (e.g.
glutathione transferasé) In concert, this cellular network utilizes the unique nucleophilic
properties of sulfur (and selenium) to detoxify xenobiotics as well as endogermus
metabolitege.g. RO$, conjugate them to glutathione and efflux them via Alilling cassette
(ABC) transporter$®?” These actionsenes to both decrease intracellular accumulation of
xenobiotics within cancer cells and also protect cancer cells from high levels of endogenous ROS
and electrophileproduced by mitogenic signaling and radiatn

A number of therapeutic strategies are being explored to deplete thetadad
defenses of cancer céfts Most seek to deplete levels of reduced glutathione through direct
drugGSHinteractions.However, here is a growing understanding that surgical targeting of
critical nodes within antioxidant circuitry (e.g. SLC7A11 or GPX4) may constitute a more

effective means to perturb the redox state of cancer cells and uncover vuliesabifi
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The transformed mesenchymal cell state

Transition of epithelial cancer cellsto a mesenchymatkate viaepitheliatto-
mesenchymalransition (EMT) is a process that seemingly brings together multiple mechanisms
of resistance to cell death: dysregulation of apoptotic programs, heightened xenobiotic
resistance, and insensitivity to inhibition of carcal mitogenic pathways perturbed by current
targeted therapié® 31132

EMT is a transdifferentiation program that occurs as part of development and allows new
morphological structures to arise from existing layers of cells (e.g. gastnjlati
tubulogenesisf® It is characterized bine exchangef epithelial cell polarityffor spindleshaped
morphology/oss of cellcell adhesionincreased motility ath heightenednvasive potentiai all
attributes that one would imagine as being useful to a cancettesfipting to leava tumorin
order to initiatemetastasis”. Indeed, epithelial cancer cells are known to undergo EMT as a
mechanism of acquiring the repertoifdraits necessary to initiate and execute the metastatic
Cascad@2,133,135138.

EMT has also been linked with decreased susceptibility to cell’de&th>***. This is
perhaps not surprising, given that metastatic cells must face harsh conditions including
detachment from ECMjigh oxygen concentration, exposure to xenobiotics, immune
surveillance, and unfamiliar microenvironments durirgjturney to successfully establish a
metastasis at a distant PoThameehanfsisuaderlyiegrthiss t e m
resistance to cell death involve both apoptosis dysregulation and chemoresistance.

EMT transcription factors have bedamonstrated to actively inhibit cell death
program&®%. The overexpression of SNAIL iBaenorhabditis elegartsocksprogrammed cell

death of certain neurot$, whileits overexpression in mammalian cells can protect them from

25



death due to growth factor withdrawal and exposure tedeglth indumg cytokine$*® SLUG is
known to upregulate levels of the aapoptotic proteins BCL2 and BIL and antagonize
transcriptional upraglation of PUMA by P5%* MeanwhileTWIST canperturbsp53 biology
by inhibiting ARF**.

EMT also leads to upregulation of chemoresistance genes including SLC7A11, a
regulator of cellular cysteine levels and binding partner of the cancer stem cell markéf®CD44
and ALDH-class enzymes, which detoxify reactive aldehydes and are also a marker of cancer
stem cell§?°. Finally, cells that have glergone EMT exhibit slowed catlycle progression
making hem preferentially less sensitive to the cytotoxic effects of chemothéraagentshat
target rapidly proliferating ceft§**38147

More recently, EMT has emerged as an important mechanism of both acquics and
novoresistancéo targeted therapies. For example,somall cell lung cancer cells harboring a
drug sensitizing mutation in EGFR can become resistant to EGFR inhiijtaredergoing
EMT, without developing a resistance mutation in EGFR it3elf®*? This capacity of EMTis
not unique to the context of EGFR ibitors and has been showngiay a rolein the resistance

405150 andthe resistance dfreast ancer cells to PI3K

of melanomacellsto BRAF inhibitor
inhibition'*"*** Dysregulation of apoptotic pathways and chemoresistance may play a role in
this phenomenon. However, it appears more likely that epithelial cells tretihdergone EMT
lose dependence @anonical epithelial pathways perturbed by targeted abgriiscoming
reliant onalternativepoorly-understoodnitogenic and survival pathways132148

Thus, EMT seemingly represents a perfect storm of poor prognostic features. This is
borne out by clinical findings that show patient biopsies and circulating tumor cells of relapsed

patients to be enriched in neehymal state cancer céff§°%>? Likewise, the mesenchymal
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signature of treatmeimtaive tumors hasden shown to correspond with worse clinical
Outcomé31'140‘149'15.3

A related problem is posed by mesenchymal cancer cells that are in a high mesenchymal
state not by undergoing EMT, but because they originate from mesenchymatifssile
epithelial cells that have undergone EMT, mesenchymal cancers (sarcomas) are highly
aggressive and metastatic, resistant to typical targeted agents, and are generally cheme and radio
resistant">**¢ Thus, insights into vulnerabilities of the mesenchymal cancer cell ssateh as
those described in this thesithat can be exploited to induce cancer cells in a mesenchymal
stateto undego cell death promise to lay the foundatiom fmvel therapeutic approaches for
targeing epithelial cancer cells that have undergone EMT, as well as mesenaisnived

cancers.
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CHAPTER Il . Omic predictors of cancer-cell response td~INs

Introduction

FourFINs (highlighted in red irFig. 1.1) wereincluded in the Cancer Target Discovery
and Development (CT) smaltmolecule sensitivity profiling effort at the Broduktitute in
Cambridge, MAThese compounds were among a sé8& compounds screened infdéint
dose across ugp 860cancer cell linesThe data generated from tiisreerarefrom here on
referred to ashe Cancer Therapeutics Response Portal Ve&S{@TRPVv2
http://www.broadinstitute.org/ctr@TRPv2}°". Cancer ell linesincludedwithin CTRPv2
represerdd 14 cancer lineages and weaanotated with exomeide geneexpression and
genomic alteratiodata(http://www.broadinstitute.org/ccle/lProteomic, metabolomic and gene
dependency data were also available feulaset of cell line§Table2.1).

Treatment of raw screening ddtegan with logtransformation ohumericalvalues
followed byaveraging of technical replicates and normalization to wiptaee DMSO (vehicle)
wells®®1%” Curves were fit to DMS@ormalized data usg cubic splines as previously
describeda n d a fundér@mncenfratiorresponse ur ved ( AUC) was comput
compouneécell-line combination AUC valuesrange from zero to@, with lower AUCs
reflecing greatercell-line response to compound and highA&lCs reflecing
unresponsivene¥t,

Correlation ofomic features witltontinuousvalues(gene expressiomprotein level,
metabolitesabundancegenedependency) with AUCs was performed udiegrson
correlations. Correlation coefficients derived by this method weered 6000 permutations
of cell-line labels)to accountor differences irthesize and shape of ddtetween analyseg-

scored correlation coefficienketween compound AUCs and each element of an omic data set
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Feature Type Description # of cell lines

Gene-expression data Affymetrix data; 18988 transcripts 860
Mutations Oncomap; 33 genes 860

Hybrid capture sequencing; 1651 genes 860
Copy number variation Affymetrix data; 21211 transcripts 860
Metabolomics LC-MS; 188 polar and non-polar metabolites, 110 lipids 860
Proteomics RPPA,; 80 proteins 113
Gene-dependency ATARIS gene solutions for shRNA data; 9063 genes 139

Table 2.1.Summary of cancer cell lineomic-characterization data Omic characterization

datatypesavailable for cell lines screened as part of CTR&e2described
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can be summarized inkex-andwhisker plof apercentage of elements most strongly correlated

with AUCvaluess6 out | i e r-are expanded iatheevbigkarkthe plotand caroften

shed light oomechanisms underlying cdihe response to the small molecule of interBstary

(e.g.genomic alterationand categorical (e.g. lineage) cellular featuresveealyzed for

association with celine response@singenrichment methodshat r el y upon Fi shel
for significance testind-ierarchical clustering of the CTRPv2 AlEImilarity matrix was

performed using complete linkage based on distancegebrtcompounds defined by the

strength of Parson correlation between their patterns of ACs

Results

Performance of ferroptosis inducers within CTRPv2

Scatterplotgplotting cell-line responses teach of the FINs included in CTRPwdstin,
RSL3, ML210 and ML16pacross360 cell linesreveal the fouFINsto share considerable
similarity in their patterns of activitfFig. 21a). RSL3 and ML162 are nearly indistinguishable
from one another and share high similarity with ML210. Erasén a c t i kess poyentthanh i | e
other FINsandexhibitingsomeuniquepatterns, generally trends with the activity of other FINs
TheserelationshipdbetweerFINs arereinforcedin a hierarchical clustering of the CTRPv2
AUC-similarity matrix(Fig. 21b), which aims to identify compounds having similar patterns of
sensitivity acrosthe full data setThe dense clustering 8fNs within this matrixindicates that
they share greater similarity amongste another than with any of the otd&2 compounds
profiled within CTRPv2. The pattern of sehustering, with RSL3ML210 and ML162 forming
a high-similarity subnode within the FIN clustesuggest that these three compounds likely

share a mechanism of action that is closely relatdaiitadistinct from that of erastifrig. 2.1).
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Figure 2.1.FINs share similar patterns of activity acrossCTRPV2. a, Scatterplots of FIN
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The prevalence of low AUC values in responsEltgs indicates that susceptibility to
ferroptosis is widespread across established canddinesl This isn contrast t@ther inducers
of cell death whosesatl-killing effects arenore narrow (Fig. 2a). However, unlike cytotoxic
agents that aruniformly lethal (Fig. 2),FINs also exhibit a uniquelgroad dynamic range of
effects Thisfeature of FINs suggestisat ferroptosis sensitivity is a regulatgtenotypewith
high dependence on cellular contard supportprevious reports @t have describetkrroptosis

as being uniquely ¢émodul atableodo Z&¥MYared to o

Lineage effects

Lineagewise survey oiensitivity to FINsusing an absolute AUC cuiff*® of 7 (Fig.
2.3a) reveas cancer cell lines derived frohematopoietic and lymphoid, CNS, autonomic
ganglia, ovary, soft tissue, kidney, and bone tigeum the most sensitive. Cell lingsrived
from the oesophagus, upper respiratory tract, stompahcreasbreast, skin and large intestine
aregenerallyinsensitive When broken down by histologgancer cell lines of neepithelial
origin (noncarcinomas) are skingly more sensitive t&INs than cancer cell lines of epithelial
origin (carcinomasiFig. 2.3a).

The use of absolute AUC cutoffs to evaluate linetaggeting effects of compounds can
be confounded by nespecific differencebetweerineages irtheir sensitivilesto compoun
treatment%” For example, cancer cell linebthe hematopoietic and lymphoid lineage have
concentratiofresponse curves that are typically shiftedrard sensitivityoy oneor moredose

point when compared with concentratigsponse curves for the same compound across other
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Stomach, 33

Pancreas, 37
Breast, 39
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Figure 2.3.Survey of FIN sensitivity by lineage and histologya, Summary of FINsensitivity

by lineage and histology, using an absolute AUCGattiof 7 for sensitivity.b, Relative activity

of individual compoundsgfey and coloredots) by lineage. Compounds falling below the
dotted line are preferentially active in the given lineage, while those faltioge the dotteline

are preferentiallynactive in the given lineage. RSL3, ML162 and ML210 are highlighted in red

for emphasis.
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lineage&. This problem can be overcome txyrmalizinglineagespecific differencescross a
large panel of compoundsin this case, akompoundsncluded in CTRPv2Foragiven lineage
(designated a class) median AUC can be computed for each compound across all cell lines
belonging to the class. The median AUC for each compound across all cell lines not belonging to
that class can timesubtracted from the withiadlass median AUC, to yield a del@edian AUC
value. Plotting the deltenedian AUC for each compound within a given lineage (rank ordered
by deltamedian AUC) can reve&lone fiddineagetargeting effects of compounds and eatr
for nonspecific associationarising from g@neral lineage&lriventrends in compound sensitivity.

The application of this method EINs (Fig. 2.3) revealsthat cancer cell lines derived
from bone soft tissugkidney,andovarianlineagesarenot only among the mostIN-sensitive
cell lines within CTRPv2but arealsouniquely targeted bthese compounds. CN&erived
cancer cell lines, while exhibiting ondwerage sensitivity t6INs, are relatively much more
sensitive to these compounds than to any other compounds within CTARRE.other end of
the spectrum, cancer cell lines derived from the oesophagus or daddariquely insensitive
to FINs, with FINs having the least relate efficacyamong all CTRPv2 compoundsthese
lineages

The frequency with which ferroptosis inducers are among the tail out of outlier
compoundsvith lineagespecific effectss a further illustration of thpreviously noted
modulatability andlynamicrangeof cell line responses ®INs**?°. Moreover, theemarkable
stratification of FIN sensitivity by lineage and histological parameters suggedisd¢hge and
histologyrelatedbiological factors may bkeyregulatorsof FIN sensitivity.

To identifymolecularfeatures underlying sensitivity #INs, | performed a range of

analysegorrelating celline response to FINs wittell-line omic features
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Singletranscript correlation

Correlation of gene expression datigth cell line sensitivity to FINsevealedhe levels
of several transcriptto be strongly correlated with cell line respons€lfgs (Fig. 2.4. mRNA
levels of SLC7A1]l a component of the glutamatgstine antiportesystem x and thetarget of
erastin®>’, is a shared outliamorrelate of resistance EINs as well as other inducers of ROS
and electrophilic stress. Several other redox stegsonsive genesesimilarly enriched
among transriptsmost correlated with resistance to feragi$ inducergFig. 2.4. These
include LOC344887a poorlycharacterized pseudogetimat is significantly ceexpressed with
SLC7A11,gammaglutamyl cysteine ligas@gsCLC), the target of the glutathione depleting
agentbuthioninesulfoximine BS0O), glutathione reductase 8R), GPX2,NQO1, OSGIN1,
GST andasinglecytochrome P45&oform CYP4F11The mitochondrial apoptosis inducing
factor, AIFM2,is the single most correlated transcript with resistance tBR#8i-subclass of
FINs,andshows greater correlation to thesenpounds thato erastin or other ROS inducers
(Fig. 2.9.

Transcriptscorrelated withhigh sensitivityto FINsare noable for strong enrichment of
genesncoding zinc finger (ZNFgontaining proteingFig. 24). ZNF-coding transcripts are 10
fold overrepresented among the top ~100 genes correlated with sensitivitygpwhile a
guarterof all ZNF-coding transcriptall within the top 4.8% ofenes correlated with sensitivity
FINs. Also of interest amongenes correlated with high H&énsitivityare severatanonical

mesenchymal genes including fibronectin, vimenZigB-1 and lysl oxidaséike 1 (LOXL1)

(Fig. 2.9.
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Name Symbol correlation correlation
apoptosis-inducing factor 2 AlFM2 9.62 555
solute carrier family 7 member 11 SLC7A11 8.59 7.54
LOC34488 8.47 6.45

solute carrier family 3 member 2 SLC3A2 8.33 6.21
glutamate-cysteine ligase, catalytic subunit GCLC 7.29 5.04
oxidative stress induced growth inhibitor 1 OSGINT 7.25 7.02
cytochrome P450, family 4, subfamily F CYP4F11 717 4.60
glutathione reductase GSR 6.82 442
NAD(P)H dehydrogenase, quinone 1 NQO1 6.69 7.22
serine incorporator 5 SERINCS 6.65 5.71
microsomal glutathione S-transferase 2 MGST2 6.65 3.38
pirin (iron-binding nuclear protein) PIR 6.54 6.79
aldehyde dehydrogenase 3 family, member A2 ALDH3A2 5.39 5.91
vimentin VIM -4.46 -3.14
lysyl oxidase-like 1 LOXL1 -4.78 -4.42
zinc finger E-box binding homeobox 1 ZEBA1 -5.72 -4.42
zinc finger protein 420 ZNF420 -6.12 -3.99
zinc finger protein 529 ZNF529 -6.16 -3.17
zinc fingers and homeoboxes 3 ZHX3 -6.16 -3.42
zinc finger protein 287 ZNF287 -6.30 -4.39
zinc finger protein 627 ZNF627 -6.34 -4.11
zinc finger protein 569 ZNF569 -6.37 -3.32
ZFP28 zinc finger protein ZFP28 -6.38 -3.82
zinc finger protein 583 ZNF583 -6.40 -3.50
zinc finger protein 682 ZNF682 -6.69 -4.03
zinc finger protein 667 ZNF667 -6.79 -5.49
zinc finger protein 599 ZNF599 -6.84 -3.37
zinc finger protein 71 ZNF71 -7.04 -5.61

Figure 2.4. Single-transcript correlates of celkline response to FINsBox-andwhisker plot

of z-scored Pearson correlation coefficients, showihgrid 99' percentile outlier transcripts
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(black and colored dots) whokselsare correlated with cell line sensitivity to FINs. A suliset
significant correlations iexpanded in the table. Nauherent cancer cell lines were excluded

from this analysis.
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Gené signature correlation

Correlating AUCs with gensignatures, rather than single transcripts, can reveal coherent
biological themes amongenecorrelateghatare notreadilyapparent from listof individual
transcripts®. ssGSEA is a methodologyhich estimates theéegree of coordinate upr down
regulation of members of a given gene set within a transcriptionally profiled sample and thereby
allows agenesignature expressiatoreto be calculated fandividual cell lines based on their
geneexpression profiléd>**® Correlation of these scores withmpoundAUCs can identify
genesignatureghat point tobroademiological programsssociated with cellne response to
specificcompoundsThe results of this analysmth FIN AUCs (Fig 2.5) reinforcethe themse
of xerpbiotic and ROSresponsivenetabolismepithelial versus mesenchymal origin and
cellular metastatic potentjandresistance to cisplatin, doxorubicin and apoptosisicersas

determinarg of FIN sensitivity

Associations with genomic alteratiomsotein and metabolites

Significant association between ckitle responses to FINs and genomic alterations,
baselingorotein levels and baseline metabolitedis are summarized in Figs. 2467, 2.8,
respectivelyand Appendix.ISpecific findings of interest are discussed in further deithin

the discussion section
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Figure 2.5. Genesignature correlates ofcell-line response to FINsGene signaturesom the

Broad I nstituteds Mol e ©OB)l(sgmaturd haghesashowrries Dat aba
capitalized text along the lefftand side of the figurayhose baseline expression in cell lines

were found to correlatmost strongly with celline response to FINs are shown. All correlations

meet a minimum {value cutoff of 0.05 after correction for multiple hypothesis testigthin

heatmaps, blueorresponds to low numbers (both AUCs and g@geature expression)hile

red corresponds to high numbexsmn-adherent cancer cell lines were excluded from this

analysis.
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Figure 2.6. Genomic alterations associated with celine response to FINsGenomic
alterations (both mutations and copy number variations) that were found to be most strongly
associated with cellne response to FINs within the indicated lineages are showalored
heatmaps show individuaetll lines étriations) belonging to the indicated lineage, rank ordered
by sensitivity to FINsLower FIN AUCs (blue) correspond to céithe sensitivity, while

increasing FIN AUCs (red) correspond to dele resistanceDark gray bars below colored
heatmaps indida discrete cell lines harboring the genomic alteratidicated to the leftAll

enrichments meet@value cutoff of 0.05 after correction for multiple hypothesis testing.
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Figure 2.7. Protein correlates of cellline response to FINsa, Box-andwhisker plot of z
scored Pearson correlation coefficients, showilgar@ 9¢' percentile outlier proteins (black
and colored dots) whose levels are correlated with cell line sensitivity to FINs. A subset of
significant correlations igxpandedn the tableb, Relationship between levels of the indicated
phosphoproteins and cancer dele sensitivity to FINs within the ovarian linead#ithin
heatmaps, lbe corresponds to low numbers (both AUCs and protein abundance) while red
corresponds thigh numbers.
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® reduced glutathione FIN-AUC
X oxidized glutathione Metabolite correlation

<01 5 glutathione reduced 12.99
= glutathione oxidized 12.94
£ High NADP 12.42
c expression homocysteine 9.48
% 00 41" correlates C34:2PC 8.71
© with NAD 6.98
‘8 - resistance putrescine 7.23
. C40:6 PC -5.27

-10 T C52:5 TAG -5.28
Metabolites C52:4 TAG -5.08

C58:6 TAG -5.12

C54:5 TAG -5.91

ornithine -6.77

choline -9.91

C56:6 TAG -6.15

C50:5 TAG -3.84

2-hydroxyglutarate -4.92

C36:4 PC-B -6.02

C56:4 TAG -6.13

C38:5PC -5.95

C56:5 TAG -6.43

C38:6 PC -5.48

1-methylnicotinamide -7.39

Figure 2.8. Metabolite correlates of cellline response to FINsBox-andwhisker plot of z

scored Pearson correlation coefficients, showinlj arfl 97.8 percentile outlier metabolites
(black and colored dots) whose levels effects are correlated with cell line sensitivity to FINs. A
subsedf significant correlations isxpanded in the table. Nadherent cancer cell lines were

excluded from this analysis.
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Gene dependency correlates

Thefinal featuretype correlatedvith compound sensitivity asgenedepenéncy scores
(cell-line sensitivity to sShRNAS®, to identify ShRNA perturbations that act similardyFINs
The resilts of this analysis (Fig. 2 $howthat e&ll-line sensitivity to RSL3 correlates most
strongly with knockdown of GPX4, known bethe relevant cellular target of GPX4. This
correlation is shared pther RSL3class FINsput is weaker in the case of erastin. Other
correlations of th&®SL3-class FINsnclude dependency on ARSWEhich isalso strongly
correlatedwith erastin sensitity, and dependencies saveral ZNFcontaining genes and
BCL2, which are unique to RStdass FINsErastin sensitivity correlates most strongly with
knockdown ofboth FOX@ and FOXO3band to a lesser degree with knockdown of several
solute carrier¢SLCs). Of note,knockdown of SLC7A11, the target of erastimloes not

phenocopy erastin across this panel@dcell lines.

Discussion
Several biological themes emerge from the results of correlation analysis between

cellular features of canceell lines and their sensitivity to FINs.

Epithelial versus mesenchymal origin

The most striking among these is the influence of epithetigis mesenchymal origi
on ferroptosis sensitivity. Thessociation first becomes apparent fithie breakdown of FIN
sensitivityby lineage and histological parameters, whereeythelial tumors (noscarcinomas)
and specifically tumors derived of mesenciay origin (sarcomas) are uniquely sensitiveitds
(Fig. 23-2.4). The ovarian and renal cancer lineages are seeming exceptions in this regard.

Cancer cell lineslerivedof these lineages exhibit significant sensitivityFids despite their
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Name Symbol RSB-cI?ss Name Symbol erastln-c_lass
correlation correlation
glutathione peroxidase 4 GPX4 4.26 forkhead box O3 FOX03 5.13
zinc finger protein 486 ZNF486 4.16 forkhead box O3B FOX03B 5.13
arylsulfatase E ARSE 3.67 arylsulfatase E ARSE 4.37
heart and neural crest derivatives Fc fragment of 1gG binding protein FCGBP 3.80
expressed 2 HAND2 3.48 F-box protein 3 FBXO3 3.77
sodium bicarbonate cotransporter dopamine beta-hydroxylase DBH 3.77
member5 SLC4A5 341 lysophospholipase-like 1 LYPLAL1 3.68
chromosome 17 open reading frame 85 C170rf85 3.25 zinc transporter, member 8 SLC30A8 3.61
interleukin 10 receptor, beta IL10RB 3,09 nerve growth factor NGF 3.51
glutathione peroxidase 3 (plasma) GPX3 3.08 TNF receptor-associated factor 3
sulfite oxidase SUOX 3.06 interacting protein 1 TRAF3IP1 3.37
mitogen-activated protein kinase 13 ~ MAPK13 2.94 sodium bicarbonate cotransporter SLC4AS 3.30
cytochrome P450, family 3, subfamily ~ CYP3A7 2.93 SCO2 cytochrome c oxidase assembly ~ 5CO2 3.23
fms-related tyrosine kinase 3 FLT3 2.92 serotonin receptor 1E HTRIE 3.20
v-raf-1 murine leukemia viral oncogene RAF1 2.90 v-raf-1murine leukemia viral oncogene
carcinoembryonic antigen-related cell homolog 1 RAF1 3.10
adhesion molecule 1 CEACAM1 277 BR serine/threonine kinase 1 BRSK1 3.08
potassium voltage-gated channel, solute carrier family 16, member 14 SLC16A14 3.03
subfamily H (eag-related), member7  KCNH7 2.70 dihydrouridine synthase 3-like (S.
inositol 1,4,5-trisphosphate receptor  ITPR3 2.68 cerevisiae) DUS3L 2.95
phosphatidylinositol-4-phosphate 5- ADP-ribosylation factor-like 9 ARL9 2.93
kinase-like 1 PIPSKL1 2.67 histone cluster 1, H2bj HIST1H2BI 2.92
endosulfine alpha ENSA 2,66 zinc finger protein 658B, pseudogene  ZNF658B 2.92
zinc finger protein 626 ZNF626 2.66 zinc finger protein 658 ZNF658 2.92
zinc finger protein 420 ZNF420 2.64
zinc finger protein 521 ZNF521 2.63
zinc finger protein 254 ZNF254 2.59

Figure 2.9. Genedependency correlates of celine response to FINsCell-line sensitivity to
FINs was correlated with cdihe genedependency scores (céihe sensitivity to ShRNAs
knocking down each of 9063 gehe® identify ShRNA perturbations that atmilarly to FINs
Box-andwhisker plos showz-scored Pearson correlation coefficiemtith 1 and 99"
percentile outlier shRNAompositegblack aml colored dots) whogeatterns of cell killingare
correlated with cell line sensitivity to FINs. subseDf significant correlations isxpanded in
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the table. Noradherent cancer cell lines were excluded from this analghRNA data were

obtained from the Project Achilles portaldtp://www.bioadinstitute.org/achilles
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formal designation as carcinomas. It is however possible that the common developmental origin
of ovarian and renal tissue from the intermediate mesenchyme confers mesenchymal properties
on epithelialderived tumors of thedmeages®®.

The connectiosibetween developmental original and dele response tEINs are
further reinforced by omic correlation results. Ferroptosssstance is associated witigh
expression oépithelial homeostatigene signature@-ig. 2.9 and high protein Mels of the
epithelial markers fadherin and claudh(Fig. 2.7. FIN-resistancell linesaremore likely
thanFIN-sensitive counterparte harbor genomic alteratig in canonical epithelial receptor
tyrosine kinasg including ERBB2 amplification aniGFR mutatior(Fig. 2.6*°? %2 The
generally high activation of therrespondingpathways irFIN-resistantell lines isfurther
reflected in the higher levels phosphoMEK phospheMAPK andphospheEGFRIn these
cells (Fig. 2.7,

FIN-sensitive cell lines, in contragxhibit lower activity ofthe MAPK pathway evinak
by lower levels of phghoMEK andphosphMAPK and higér protein levels of MI®, a
negative regulator of EGFRmily membergFig. 2.9 Instead, tkse cells are more likely to
have activating mutations aiternate RKTsuch as FGFR@&ig. 26)™*®. FIN-sensitive cell lines
are also characterized by high abundance of mesenchymal markers at both the mRNA
(fibronectn, vimentin and ZEBL) (Fig. 2.4 and protein (snail) levels (Fig.72

Mutant RAS has a historical relationship with ferroptosis, which was initially identified
in engineered dis overexpressing oncogenic RRSWithin CTRPv2 cell lines, RAS mutations
typically occur in epithelial lineages and therefore are associated with ferroptosis insensitivity.
The ovarian lineages an exception, where mutant RAS hastatistically significanassociation

with sensitivity to FINs (Fig. 2)6
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Molecular modulators of ferroptosis

Beyond lineage and histological correlatiomg tesults of omic association also yield

insights into ferroptosis machinery and the mechas@action ofFINSs.

Redox requlairs

>%%is immediately appant from unbiased

The knownROSinducing property ofINS®

omic correlationdy the ability of oxidative and electrophiliestress responggograms to confer
resistance FINsThesecellular featuresnclude high expression of enzymasolved in
xenobiotic responsandantioxidantmetabolsm (Fig. 24-2.5), andthehigh abundance of free
thiol containing metabolites that can be sacrificially alkylated to det&®d (Fig. 28).
Genomic alterations that increase susceptibility to cellular electrophilic deaisnp®rrelate
with heightened sensitivity to ferroptosis inducdiisese include mutations in DNéamage
response pathway members BRCA, MSH6 and WRNcapg number losef FTO which is
importantfor sulfite metabolism (Fig. 2)6

The NRF2KEAP1 pathway is central axis of redox regulation circuffy Under
normal redox homeostasis, KEAP1 acts as a negative regulator of NRF2. Upon conjugation of
electrophilege.g. ROS}o redoxsensing free thiols on KEAP1, NRF2 is liberated from KEAP1
and translocatetothe nucleus where it drives antioxidant gexeression prograrmfs. Not
surprisingly, mutations in KEARhich lead to constitutiveanscriptional activity of NRF2 are
associated with resistanceRtNs (Fig. 26). Cellular hypoxic responseahich also result in
high expression of antioxidant and xenobiotic response progeaengggulated byHL and

HIF1in a manner analogous to NRREAP1'®. Like mutations in KEAP1, mtations in VHL

that drive constitutive activation of hypoxic response correlate with resistance to ferroptosis
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inducergFig. 26). This renders cell lines derived franilmsétumors, where VHL loss is a
germline evertf® among the leastIN-sensitive kidney-derived cancer cell lines. Meanwhile
mutations in HIF1a that impair cellular hypoxic responses increase susceptibility to ferroptosis
(Fig. 2.6.

Cellular pools of labile iron are known to contribute to oxidative stoggpromoting
Fenton reactiomandare uniquely required fderroptosis aseflected inits namé>® While
geneexpression signatures related to iron homeostasis are not generally cowélatl-line
response to FINSNRNA expression oferritin heavy chainETH1) andpirin (PIR), a nuclear
iron-binding proteindo demonstrate relatively strong correlation with resistdRap 24,
Appendix ). FTH1is a master regulator of irttomeostasithatsequesters iron in a ndoxic
state knockoutof FTH1 has been shown to increase labile poolscatidlar susceptibility to
oxidative stres$’. It is likely thathigh levels of FTHland PIRdecrease sensitivity to ferroptosis
through similar mechanisms involving sequestration of iron. Meanwhile the significant and
unusual association between sensitivity to FINs and the expredsioRNA transcripts coding
for zinc-containing proteinsaisesthe qustion of whether changes aellular abundance of zinc
related directly or indirectly to expression of zitantaining proteingmight contribute

chemically to cellular redox imbalances occurring as part of ferroféigis2.4).

Mechanism of action

Beyond general connectisto cellular redox regulation, omic associations also reveal
specific insights into thenechanisms ofaion of FINs. Most notable in this regard is the
suggestion of GPX4 as the target of Rl&ss FINs frongenedependency correlatioriBig.
2.9). GPX4 was recently identified dee relevantarget of RSL3 through chemoproteomic

efforts®. The genedependency data from CTRPs@onglysupportthis chemoproteomic
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finding. Moreover, theysuggest that ML162 and ML210 likely also target GPX4, andale
these three compoundstiavesurprisingly clean and specific effeecross a panel of 139 cell
lines despitecting viacovalent and potentially promiscuous mechanism of acfibe.strong
correlation between cellne response to FINasndsensitivity to knockdown of arylsulfatase E
(ARSE) may indicate that ARSE isa@nserved component of ferroptosis machinerynay be
due to a mesenchymglrgeting property shared ByNs and ARSE®® (Fig. 29).

Genedependency correlation with erastin AUCs reveals a strong link between FOXO3
dependency and erassensitivity(Fig. 29). FOXO3 is known to be critical for cellular survival
in the context of oxidative stress, particularly in sié cells'®®. Moreover, defects due to
FOXO3 lossin vivocan be rescued by supplementation with cysteine (in the form of NAC)
whose edogenous cellular levels are regulated by SLC7A11 and perturbed by8rasitin
protein levels of FOXO3 are correlated with resistancedstia, while levels of the inactive
phosphorylated form of FOXG% are correlated with sensitivighAppendix ). The compelling
computational and biological connections between erastin and FOXO3 raise the question as to
whether loss of FOXO3 induces ferroptosis and whether FOXO may represent a heretofore
unappreciated component of the ferroptosis pathway.

Intriguingly, the correlation of erastin sensitivity with geslependencylatadoes not
identifye r a sknawntérget, SLC7Allas a strong correlate. This is most likely because
protein knockdown of SC7A11 has cytotoxic effects beyond loss of the antiportectfan
inhibited byerastin. However, higher mRNA expressiorbaiC7Allconfess resistance t&INs
(Fig. 2.9 andcopy number loss SLC7Al11ls a sengizing genomic alteratio(Fig. 2.9,

supporting an important role for the gene in regulating ferroptosis.
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The AIFM genes, AIFM1 and AIFM2, have been reported to be required for cell death
downstream of GPX4 inhibitidf, but their involvement in ferroptosis remains controversial due
to ambigwus data (personal correspondence WithWan Yang). My results reveal a strong
association between highiFM2 mRNA expression and resistance to F(Rg. 2.4. The
directionality d this correlation contradicts previous reports claindigM expression to be
necessary foPX4-mediated cell deaffy and instead suggests that the oxidductase activity
of AIFMs may modulate cell respam$o ferroptosis through redox functiolhgpoxygenases
have been similarly proposed to be necessary for ferroptosis as the source of ligthpero
downstream of GSH depletion and GPX4 inhibiffoR Gene expression of lipoxygenase
isoformsacross CTRPv2 have a limited dynamic range and are uninformative, making it difficult
to draw conclusions from this data set about lipoxygenase involvement in ferroptosis. However,
the higher abundance of merand polyunsaturated fatty acids in FHééngive cell lines may
confer these cells with a greater propensity to undergo both enzymatic asdayomatic lipid

peroxidation upon initiation of ferropto§igFig. 2.9.

Relationship to apoptosis

Non-apoptdic forms of cell deathlike ferroptosis have been proposed m&ans to Kill
cancer cells that have become resistant to undergoing apbpBesisral lines of data from my
omic-as®ciation studiegendsupportto this idea. The most compelling among these is the
strong correlation between high protein levels of the @piptotic protein BCL2 and sensitivity
to FINs(Fig. 2.7). The second is the correlatibetweercdl-line sensitivity to FINs, celline
sensitivity to knockdown of BCLZFig. 2.9, andcell-line expression of a gene signature
predcting sensitivity to navitoclaX* (Fig. 2.9, a compound that inhibits afgpoptotic proteins

to restore apoptosis in apoptesesistant cells. Many chemotheeapic agentsre thought to
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kill cancer cell bytriggering apoptostd™**2 Thecorrelationbetween sensitivity to FINs and
gene signatures of resistance to doxorubicin and cisgfagn2.5 is a third indication that the
induction of ferroptosis may be an effective strategy to kill cancer cells that are deficient in their

ability to undergapoptosis.

Activation of PISKKAKT -mTOR pathway

A final theme emerging from omic analyses relates to activation of metabolic programs
converging on the PISKAKT-mTOR pathway. The primary evidence for this comes from
proteomic data where high levels of multiple-BB1 phospho isoformseporters omTOR
activity' 2, are the most strongly correlated protinel biomarkers of sensitivity to FINEig.

2.7). Several additionatomponents of the PI3RKT-mTOR pathway aralsoassociated with
cell-line responses to FINs. €keincludes the positive correlation between sensitivity to FINs
and high protein levels of p70S6K, PDK1 and IRS1, all involved in transducing AHJk
mTOR signals® and the negative correlation between sensitivity to FINs and high protein
levels of INPP4B and PTEN, both negative regulators of the patht&ig. 2.7 Appendix ).

This striking and robust preferential activation of the RIKT-mTOR pathway in FIN
sensitive cells also lends coherence to many of the previous obserdatimesifrom omic
correlation analyses. FOX0O3, shown to be negatively associated with FIN sensitivity is a target
for inactivation by AKT". AKT is also known to inhibit expression of papoptotic proteins
and effectors, rendering celissistanto apoptotic stimuli”®. Through its coordinate actions on
FOXO3 and apoptic regulators, AKT may be actively shifting the balance of cell death
susceptibility from apoptotic cell deathaaidative forms of cell death potentially ferroptosis

in particular.
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PI3K-AKT-mTOR pathway activation may also represent a preferredanech of
mesenchymal cells for engaging survival and mitogenic pathways while bypassing canonical
epithelial signaling cascad&$ This model has been proposed to explain the intrinsic resistance
of many cancer cells in a mesenchymal dellesto agents targeting EGH&nily RTKsand
downstream components of the MAPK path#fay’® Within the context of CTRPv2 datihjs
model of celitype-dependent cellular circuitry reconcilése mesenchymal lineaggpecific

sensitivity to FINs withmolecular correlates of FIN sensitivity.

Materials and methods

Compound treatment

All viability experiments were performed in 158@&Ill format using opaque white plates
(Corning). 24 hours after seeding at optimized densities, cells were exposed taicdsijoo 72
hours. Cellular ATP levels (as a surrogate for viability) were measured using CeBloter
(Promega). FINs were testad16-point 2fold dose series with top doses as foll@nastin

(66.67¢M), RSL3 (33.33gM), ML162 (33.33cM), M

Omic data sets
Geneexpression data (RMfsrocessed, quantile normalize@ncomap mutation data
(processed using Oncomap 3.0ybird capturesequencingnutation dataand DNA copy

number datavere obtained from the CCLE portalkdtp://www.broadinstitute.org/cclshRNA

data and ATARIS gene solutions were obtained from the Project Achilles portal at

http://www.broadinstitute.ovgchilles Unpublished RPPAmpteomicdata was produced by the

laboratory of Gordon Mills (MD Anderson) and made available by CCLE. Unpublished
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metabolomic data were produced by the Broad Metabolite Profiling Platform and made available

by CCLE.

Correlation analyses

AUC values, as a metric of cdihe sensitivity to compound treatmé&¥t were correlated with
cellular features. The number of cell lines used in individual correlation analyses, as well as
specific cellline exclusions (e.g. exclusion of hematopoietic cell lines) are noted in the main text
and figure legends. Correlation datre plotted as-gcores computed from permutation tests

(6000 permutations of céline labels) to account for individual compounds having been exposed
to different numbers of cell lines. Bandwhisker plots and scatter plots were produced in

GraphPadPrism.

Categoryspecific sensitivity determination

For each class assignment (e.g. bone linedlgehumber of cell lines with an AUC below 7
(6sensitived) and the number of cell lines wi
tabulated. Fisar 6 s exact test was used to assess whet
given class assignment varied significarithm the distribution of all other pooled cell lines.

Generally, classes that contained greater than 76% sensitive cells celldiregwvalue cutoff

of 0.05.

Categoryspecific deltamedian AUC calculations

For each class assignment (e.g. bone lineage), a median AUC was computed for each compound
across all cell lines belonging to the class. The median AUC for each compoundchiaelss

lines not belonging to that class was then subtracted from the swittsis median AUC, to yield

a deltamedian AUC value. Suspension cell lines were excluded from this analysis. Significance

54



testing was appl-teseadsumirggnegugl vaaian&t Testseorevaluate AUC
distributions for each compound within a given class assignment (e.g. bone lineage) were
regarded as a family of hypotheses for the purpose of multiple hypetésistorrection.
Compounds within each class are f@dtin rank order of their del@edian AUC (smallest to
largest). Compounds that meet-agdue cutoff of 0.05 after correction for multiple hypothesis

testing are plotted as larger dots than those compounds not meeting the/&l0& qutoff.

Clusteing analysis

Pairwise distances between compounds were computed using Pearson correlation distances
normalized by Fisher'stzansformation to account for pairs of compounds exposed to different
numbers of cell lines in comm8f!’> Normalized correlation-scores were further transformed
using a monatnic doublesigmoid function to emphasize variation in the most relevant part of
the resulting dendrogra?$*”> Suspension cell lines were excluded from the clustering

applicatiort””.
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Advances inidentifying and targeting cancer genotypeand lineageassociated
dependencies have yielded remarkablaithough not always longlasting clinical
responsed’®. The plasticity of cancer cell stateis gaining recognition as an important
engine of tumor phenotypic heterogeneity, giving rise to distinct subpopulations of cells
that can contribute to drug resistance, relapse, andisease progressiol’. Notably,
acquisition of amesenchymal cell statéy epithelial cancer cells (epithelialto-mesenchymal
transition; EMT) has been proposed to underlie metastatic dissemination, cancer stem cell
(CSC) phenotypss, and resistance to targeted therapied'**® Therapeutically exploitable
vulnerabilities among the subset of cancer cells that have undergone EMTmain largely
unknown, with current efforts predominantly focused on targetingregulators of the
transition. A related challenge is posed by cancers derived from mesenchymal tissues,
which suffer a similar dearth of rational therapeutic targets™* Here, we describe for the
first time the vulnerability of cancer cells ina high-mesenchymal cell state to small
molecules that inhibit pathways converging on the phospholipid glutathione peroxidase
GPX4. Direct and indirect inhibitors of GPX4 activity exhibit selectivity for epithelial-
derived cancer cells that have undergone T, as well as cancer cells of mesenchymal
origin. Importantly, GPX4 inhibitors affect a substantial proportion of mesenchymal
cancer cells at lowerconcentrationsthan non-transformed mesenchymal cells, pointing to a
potential therapeutic window for futur e treatments derived from these insightOur results
identify the GPX4 pathway as a novel selective dependency of the transformed
mesenchymal cell state, and more broadly establish a framework for identifyingancercell
state-associated vulnerabilities hat complements current approachesargeting genotype

and lineageassociated vulnerabilitied’®.
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We hypothesized that mining cancer dgie sensitivity data for compounds whose
cytotoxic effects correlate with a geegpression signature of mesenchymal cell state would
illuminate mesenchymal cell stagelective vulnerabilities. To explore this appch, we
computed a mesenchymal score for 470 epithdiaived cancer cell lines (carcinomas) used to
generate sensitivity measurements in the Cancer Therapeutics Response Portal Version 2

(CTRPv2 atvww.broadinstitute.org/ctrpgene expression data obtained from the CCLE portal at

www.broadinstitute.org/cc)e’’ (Supplementary Table 1), by performing sing&mple gene set

enrichment analysis (ssGSE&)using a published gerexpression signature of epitheltal
mesenchymal transition (EM¥}. Correlating these cell line mesenchymal scores withea ar
underthe-curve (AUC) metric of celline sensitivity (from 16 concentrations measured in
duplicate) to each of 481 compounds yielded a range of compound sensigggnchymal
score correlation coefficients (Figla,Appendix I). Similar results wee obtained using two
other published EMT gepexpression signatures (Extended Data Bity, Appendix 1)*3914
Tyrosine kinase inhibitors (TKIs) known to inhibit epithelial cancer cell targets (e.g. epidermal
growth factor receptor; EGFR) were among the compounds most correlated with epithelial cell
state sensitivity, increasing our confidence in this computtyoproach (Fig3.1a). Alsq

ML239, a compound initially identified for its ability to preferentially kill breast cancer cells

induced to undergo EMT®, correlated with mesenchymal esthte sensitivity, further

validating this strategyXppendix I).

Two distinct classes of compounds were the most strongly correlated with selective
killing of epithelial cancederived cell lines with high mesenchymal state gexgression
scores (Fig3.1a). The first class comprises RS?,3VIL210 and ML162%° compounds known

to induce ferroptosts, a norapoptotic, oxidative form of regulated cell death (Bigb). The
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second class comprises Baydroxy-3-methytglutaryCoA redutase(HMGCR) inhibitors
fluvastatin, lovastatin acid, and simvastatin (Fig 1b). We refer to these six compounds

collectively as mesenchymal stagggeting compounds.

The correlation of low protein levels of@adherin, a canonical epithelistate marker
and high protein levels of vimentin, a marker of the mesenchymal state, wilineaknsitivity
to mesenchymal statargeting compoundacross a panel of eight pancreatic and gastric cancer
cell lines provided further validation of tineesenchymal statargeting effect®f these
compoundgFig. 3.1c, Extended Data Fi@.2). Among epithelial cancederived cell lines, the
strength of correlation between mesenchymal score and sensitivity to mesenchymal state
targeting compounds varidxy lineage, with stronger correlations seen in a subset of
gastrointestinal lineages (Extended Data Big). In addition to exhibiting selectivity for
epithelial cancederived cell lines with high expression of mesenchymal state genes, the
ferroptosisinducing class of mesenchymal steggeting compounds also preferentially killed
cancer cell lines of mesenchymal origin (RBd.d). Of potential therapeutic importance, we
observed a window of differential sensitivity between mesenchyeraled cancecells and
norttransformed mesenchymal cells to treatment with ferroptodiscing, mesenchymal state

targeting compounds (Extended Data Big).

To assess the extensibility of our findings, we screened mesenchymdhgiatang
compounds across mulkgpceltine systems modeling epithelial versus mesenchymal cell state.
MCF7 breast cancer cells engineered to express a tamanxifecible estrogen receptdiER)
response elemeifiised form of the EMT transcription factor Sr&iP* became more sensitive to
mesenchymal statiargeting compounds upon stimulation withhydroxytamoxifen (Fig3.2a,

Extended Data Fig.5a). Likewise, HCC4006 nesmall cell lung cancer (NSCLC) cells that

59



have undergone EMT as a mechanafmesistance to gefiniti8? were preferentially sensitive,
compared with parental HCC4006 cells, to mesenchymaltstaethg compounds (Fid.2b,
Extended Data Fid.5b). Finally, tvo patientderived pancreatic cancer cell lines with differing
sensitivityto themesenchymadtate and epithelial stateargeting compounds ML210 and
erlotinib, respectively (Fig3.2c), wereprospectivelyfound to havdevelsof epithelial and
mesenchymal proteimarkerscorrelating in the predicted direction with theempound

sensitivity profiles (Fig.3.2d).

To understand the cellular features underlying sensitivity to the ferrojrosising
subset of mesenchymal staéegeting compounds, we performed a range of analyses correlating
individual celtline features with compound sensitivity. To determine wiféetiures were
specifically connected to mesenchyrstdte sensitivity, we compared the correlates of the
ferroptosisinducing subset of mesenchymal stitegeting compounds with those of diverse
electrophiliestress inducers, such as piperlongumine,ghatv high similarity overall to
ferroptosis inducers in their patterns of delke killing (Fig. 3.3a) but do not exhibit apparent

mesenchymal statiargeting propertiesAppendix I, Extended Data Fig.5).

Singlegene correlation analysis revealed NiRexpression oolute carrier family 7,
member 11SLC7A1} to be a shared outlier correlate of resistance to both ferrojrdsising
and other electrophilic stregsducing compounds (Fi@.3b). As a component of tiggutamate
cystine antiportexCT, SLC7A11 plays a critical role in regulating cellular levels of the
glutathione precursor cysteine, and is inhibited by erastin, a glutattiegieting ferroptosis
inducer®®’. The singular pminence oSLC7A1llexpression in predicting celhe response to

electrophilic stress inducers is a novel finding, underscored by the nearly uniform omission of
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this gene from curated gene sets relating to redox biology and drug response (Extenéegl Data

3.6).

A clear distinction between mesenchymal statgeting and other electrophilic stress
inducers emerged from analyzing the correlation ofloed compound sensitivity with celine
sensitivity to gene knockdown (Fig.3c). From this analysj we found that celine sensitivity
to knockdown of GPX4 was the top correlate of the ferropiosiscing subset of mesenchymal
statetargeting compounds, and correlated with sensitivity to other electrophilic stress inducers in
a manner proportionabtthe strength of their mesenchymal targeting property. This suggested
that the distinguishing feature of mesenchymal stateelated compounds may lie in their
unique ability to inhibit GPX4, a hypothesis that was particularly attractive in light éhthiag

that GPX4 is the relevant direct target of RL3

GPX4, one of 25 selenocysteinentaining proteins encoded in theman genont&®
uses glutathione as a cofactor to reduce allylic lipid hydroperoxidesit@dnesponding
alcohols. Perturbation of GPX4 is known to trigger accumulation oftipiived ROS and
subsequent ferroptotic cell death, which can be rescued by treatment with lipophilic
antioxidant8®. Using a lysatdased assay that reports on the ability of cellular GPX4 to reduce
exogenous phosphatidylcholine hydroperoxide, we were able to confirm for RSL3, and
demonstratéor the first time for ML20 and ML162, that these mesenchymal-taatgeting
compounds do indeed inhibit GPX4 activity (Extended DataF1g. Further strengthening this
functional connection, mesenchymal stetegeting electrophiles, compared witheth

electrophilic stress inducers, were uniquely suppressed by lipophilic antioxidant3.3)g.
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Statins, which are smatholecule inhibitors of HMGCR, are likely to mediate their
selective killing of high mesenchymal state cancer cells &lg)through their effects on
selenoprotein homeosta®is Selenoprotein biosynthesis is a highly specialized process that
involves isopentenylation of the selenocystestharged tRNA as part of selenocysteine tRNA
maturatioi®”. By inhibiting theproduction of isopentenyl pyrophosphate via the mevalonate
pathway, statins are known to inhibit selenoprotein biosyntfésihe adjacent clustering of
statins with direct GPX4 inhibitors in a hierarchical clustering of the CTRPv2-giiarity
matrix'®” (Fig. 3.4a), which aims to identify compounds havingimpatterns of sensitivity
across hundreds of cancer cell lines, supports a mechanism of action for statins that is closely
related to, albeit distinct from, that of direct GPX4 inhibitors. Functionally, treatment of cells
with fluvastatin led to decread expression of GPX4 in a tin@nd concentraticdependent
manner (Fig3.4b), and synergized with subsequentr@atment with the direct GPX4 inhibitor
RSL3 (Fig.3.4c). Unlike the effects of direct GPX4 inhibitors, statin treatment could not be
rescud by lipophilic antioxidants (Extended Data F3), indicating that statins do not induce
classical ferroptosia. However, statin treatmedid lead to elevated levels of cellular lipid
hydroperoxidation (Fig3.4d) consistent with inhibition of GPX4 protein expression. Further,
sensitivity to statins across a panel of 166 cancer cell lines correlated strongly with sensitivity to
knockdown @ selenophosphate synthetas€SEPHS?, a critical regulator of selenoprotein
homeostasis (Extended Data RB@). While statins have long been proposed to havecantier
cell effects through a variety of purported downstream mechalifsmisr results suggest that
the effects of statins on selenoprotein pathways may be an important mechanism underlying their

in vitro anti-cancer cell activity.
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From these data emerges a coherent picture of the circuitry underlying a novel
mesenchymal state dependency (Bde); the dependency centers on GPX4 and is most
vulnerable to direct inhibition of GPX4, but is also sensitive to suppression of GPX4
biosynthesis and distal perturbations of the metabolic pathways regulating level <6t x4
cofactor glutathione. Buthionine sulfoximine (BSO), an inhibitor of glutathione biosynthesis that
was not included in CTRPVZ, has been reported to have a pattern of cell killing similar to
direct GPX4 inhibitor¥. In a prospective validation of our mechanistic hypothesis, we found it
to have mesenchymal stageting ability, albeit less potentiyan direct GPX4 inhibition
(Extended Data Fig®.5). As a bioavailable compound having completed phasals'®®, BSO
may provide a means to test therapeutic hypotheses relating to GPX4 pathway inhibition in
preclinical anctlinical settings. Meanwhile, the diminished mesenchymal-saageting effects
of other compounds known to act on theghway, such as the glutathiem®dulating compound
piperlonguminé®’, may be due to reasons ranging from insufficiently strong glutathione

depleting activity tdona fidemechanistic differences.

The results presented here illustrate an apprtmatife discovery of cancer ceitate
dependencies that can be targeted with smalkcule drugs and thus complements the more
common approach of identifying genotye lineagebased dependencies. Witlspect to the
cancer mesenchymal state, the approach also complements the more common approach of
targeting regulators of the epitheltatmesenchymal transition rather than vulnerabilities of the

mesenchymal state its&lf

Dysregulation of the apoptottascade is characteristic of cells having undergone EMT
and may explain their resistance to undergoing-iftdgced apoptost&®*# Our results suggest

that these same cells have an enhanced ability to undergo ferroptosisg@optotic form of
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regulatedbxidative cell death. The preferential sensitivity of cells in a high mesenchymal state to

an oxidative form of cell death is intriguing, given that cells with a CSC phenotype have
previously been shown to have heightened antioxidant def8h¥8s0ur results, which

consider diverse types of electrophilic stress, underscore the specialized nature of distinct
cellular redox streskandling mechasms,and argue that cells in a high mesenchymal state may
be particularly susceptible to iratependent reactions of lipid hydroperoxides, even while
showing no obvious defects in their ability to weather otben$of oxidative stress. This
specificvulnerability canin turnbe exploited by inhibition of the lipid hydroperoxidase GPX4,
which functionsasa mesenchymatate survival protein to protect cells from lipid

hydroperoxidemediated cell death.

The mechanistic basis of the dependency of highkemchymal state cancer cells on lipid
hydroperoxide scavenging remains to be uncovered. We hypothesize that it may stem from an
increase in cellular lipid content and desaturation, which yield the substrates of oxidative lipid

hydroperoxidegenerating reztions and enable higher flux through GRMXgulated lipid

oxidation pathways, such as those producing

e

messengersd i mpl i ca?t adonvergenomentthese thanes isconsisténa v i o r

with recent data suggesting that ML239 may exert its breast cancer stéangetihg effects by
acting on lipid biosynthetic pathway8 The difference iredian 1Gobetween transformed vs.
non-transformednesenchymal cells to GPX4 pathway inhibition suggests that the cellular
programs giving rise to this dependency may be more strongly associated with the transformed
mesenchymal state. This therapeutic window is perhaps unsurprising, given that ferroptosis
inducing small molecules were initially identified for their ability to kill enginedest

transformed fibroblasts, while sparing isogenic-tramsformed counterpart€? In light of our
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findings, it appears that this screening approach, rather than iden&gsgynthetic lethal
interactiongper se has instead enriched for compounds that report on dependencies of the
transformed mesenchymal state, a transcriptional output not unique to Ras, but common to

diverse oncogenic stimuli.

Transition to a mesenchymal cell state is increasingly appre@ataanechanism
exploited by epithelial cancer cells to escape the effects of conventional theérdpiedur data
suggest that inhibition of the GPX4 pathway including GPX4 itself may provide a means to
target these drugesistant cells. EMriven acquired resistance to EGFR inhibitors in the
setting of NSCLE* presents a particularly compelling clinical context for exploration of
rational combination strategies involving GRKdthway inlibitors. More broadly, we believe
that mesenchymal statargeting compounds fall into a framework for targeted therapies that
transcends traditional classification based on driver oncogenes. Instead, a selection criterion
extending across solid tumor typand defined by low levels of&dherin protein is likely to
constitute an effective approach, encompassing both epithelial cancer cells that have acquired a

mesenchymal state and malignancies of mesenchymal origin.
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Figure 3.1. Genesignature, proteomic- and lineagebased correlation analyses identify

mesenchymal statdargeting compound classesa, Box-andwhisker plot of zscored Pearson

correlation coefficients, showing 3'and 97.8 percentile outlier compounds (black and colored

dots) whose cytotoxic effects are correlated with cell line mesenchymal lsc8neictures of

mesenchymadtatetargetingcompoundsc, Scatter plowith linearregression line (red)

showing the relationship betweeasell-line levels of Ecadherin and sensitivity tormesenchymal

statetargeting compoun{ML210) across a panel of pancreatic and gastric cater@red cell

lines (see Extended Fig.2). d, Ferroptosisnducing subset of mesdmgmal statecorrelated

compounds (red dots) are preferentially active in sarcoma (mesenetigrad) vs. carcinoma



(epitheliatderived), as well as among cancer cell lines derived from individual mesenchymal vs.

epithelial lineages. Dot size indicateatstical significance (see Methods).
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Figure 3.2. Validation of mesenchymalstate-targeting activity in diverse EMT models.

a, Engineered MCH breast cancer cells induced with a small moleculey@oxytamoxifen;
4-OHT) to express high levels 8NAI1 and undergo EMT (red curve), abhdHCC4006 lung
cancer cells that have undergone EMT as a mechanism of resistance to gefitinib (red curve)
exhibit increased sensitivity to mesenchymal stateelated compounds, Two patientderived
pancreaticancer cell lines with differing sensitivity to a mesenchystatetargeting compound
(ML210) vs. an epithelial stateargeting compound (erlotinib) am, found to have expression

of EMT markerscorrelating in the predicted direction with their compaisensitivity profiles.
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Figure 3.3. Single-feature correlations highlight a glutathione-dependent selenoprotein
pathway as determiningsensitivity to the ferroptosisinducing class of mesenchymal state
targeting compounds a, Box-andwhisker plos of z-scored Pearson correlation coefficients,
showing %' and 9%' percentile outlier compoundsléckdots inducers of electrophilic stress in
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correlate among electrophilic strasglucing compounds. Beandwhisker plots of zscored

Pearson correlation coefficients showirtbahd 99" percentile outlier transcripts (black dots)
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whose baseline expression is correlated with compound sensitivity acre88¥%4ancer cell
lines (excludes suspension cell lines)Sensitivity to GPX4 knockdown (red dots) is uniquely
correlated with sensitity to mesenchymal statargeting electrophilic compounds. Bard
whisker plots of zscored Pearson correlation coefficients showihgrid 99" percentile outlier
ShRNA composites (black dots) correlated with compound sensitivity acros393&ner cell
lines (excludes hematopoietic cell linesl). The ferroptosisnducing subset ahesenchymal
targeting compounds can be suppressed by lipophilic antioxifattisopherol, ferrostatii) in

HT-1080 fibrosarcomalerived cells
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Figure 3.4. The statin class of mesenchymaitate-targeting compoundscomprisesindirect
inhibitors of glutathione-dependentselenoprotein function a, Hierarchical clusteringf a

pairwise similarity matrix for 481 compourtd§ where each matrix element represents the
strength of correlation between the sensitivity patterns of two compounds in up to 664 cell lines
(excludessuspensiomell lines)%”. b, Fluvastatin treatment of HT080 cellsdecreases GPX4
protein levels in a timeand concentraticdependent mannet, synergizes vih a direct GPX4
inhibitor (RSL3), andl, leads to accumulation of lipid hydroperoxidesSchematic of the
glutathionedependent selenoprotesircuitry underlying a dependency of high mesenchymal

state cancer cell&lnits inc, are fractional viability normalized to DMSO.
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targeting compound) within different epithet@dérived cancer lineages. Gastrointestinal lineages

showing stronger correlations are demarcated with dashed boxes.
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Extended Data Figure 34 | Relative sensitivity of transformed and nortransformed
mesenchymal cell lines to GPX4 inhibition. aA substantial proportion (57%) of sarcoma
derived cell lines have a lower §€for ML210 compared with the ML210 kg of non
transformed mesenchymal cell lines. A smaller proportion (11%) of sardernaed cell lines

are preferentially sensitive (determined bygGo doxorubicin as compared to ntransformed
mesenchymal cell line€oncentratiorresponse curves foasomaderived cell lines are from
CTRPv2. Concentratioresponse curves for naransformed mesenchymal cell lines represent a
separate experiment and were processed using the same MATLAB code used to analyze
CTRPv2 data.
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Extended Data Figure 3.5 | Relative sensitivity of cell lines modeling EMT to a diverse

panel of compounds. aEngineered MCH breast cancer cells induced with a small molecule
(4-hydroxytamoxifen; 4OHT) to express high levels of SNAI1 and undergo EMT (red cubve).
HCC4006 lung cancer cells that have undergone EMT as a mechanism of resistance to gefitinib
(red curve). Representative graphs of data are shown ( esad. when multiple technical
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PRIMA-1 are electrophiles, trametinib is an epithelial statgeting compound, doxorubicin,

bendamustine and paclitaxel are chemotherapeutic agents.
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Extended Data Figure3.6 | Membership of SLC7A11 in curated redoxelated gene set.
Redox associated genes are listed along the horizontal axis, while curatedssodciated gene
sets are listed along the vertical axis. Membership of a gene in a given gene set is indicated by

solid gray coloring.
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Extended Data Figure 3.8 | Modulation of statins by mevalonate pathway intermediates
and antioxidants. a,The effect of statins on HT080 fibrosarcomalerived cells is rescued by

co-treatment with mevalonic acid, but not lbyco-treatment with antioxidants.
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across 134 cancer cell lines (excluding suspension) (see Methods for description lof 1C).
Schematic illustrating the role of SEPHS2 as a node in glutatidiependentselenoprotein

circuitry.
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Methods summary

Correlatiors of areas under concentrati@sponse curves (AUCs) with cellular features
are plotted as-gcores computed relative to permutation tests (6000 permutations-lafieell
labels) to account fatifferences in the number of cell lines exposed to individual compounds.
Pearson correlation distances were used in clustering appli¢8fjamsl a Loewe additivity
model of compound interactions was assumed for synergy arnfafy8escandwhisker plots,
scatter plots and concentratiogsponse curves were visualizeddraphPadPrism. Cellular
viability experiments were performed in 384l format. Cells were exposed to compounds for
72 hours, after whichellular ATP levels were measured as a surrogate for viability using
CellTiter-Glo (Promega). Compound treatment éD# T-induced MCF7 ER Snait1 cellg®
and gefitinibadapted HCC4006 celfé were performed in the absence efiydroxytamoxifen
(4-OHT) (Sigma) and gefitinib (SelleckChem), respectively. Patienived ells were
developed fom asciteAA01) or pleural fluid(AA02) from patients with metastatic pancreatic
ductal adenocarcinontay theCell Line Factory at the Broad Institute

(http://www.broadinstitute.org/cellfactorysing protocols approved blye DanaFarber Cancer

l nstitute and Br i g hirstituticmal ReviaWBoaedeCélls wekrt cudtypedt a |
usingconditional reprogramming withROCK inhibitor and feeder cells as previously

describe’®. Immunostaining experiments used antibodies ag&mstdherin (BD Biosciences,
BD610181, 1:1000)imentin (CellSignaling, 5741, 1:1000p-actin (Santa&Cruz, se47778,

1:200), andsPX4 (Abcam, ab41787, 1:100@PX4 activity inhibition was measuréy

exposing HF1080 cellstovr e hi cl e (0. 1% DMSO) or 10&gM RSL3,
hours. Lysate from these cells was assayed by LCMS for the ability to reduce exogenous

phosphatigticholine hydroperoxid&. Cellular lipid peroxidation was measured by incubating
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cellswith2 OM BODI PY 5(8fa TeéhAologied)Tot 10 minutes at 37° C followed by

flow cytometric analysis (BD Accuri cytometgt)

Additional Methods

Omic data sets
Geneexpression data (RMfsrocessed, quantile normalized) were obtained from the CCLE
portal athttp:/Avww.broadinstitute.org/ccle. ShRNA data and ATARIS gene solutions were

obtained from the Project Achilles portaldtp:/Avww.broadinstitute.org/dmlles.

Computation of mesenchymal score

Mesenchymascores were computed by singl@mple Gene Set Enrichment Analysis
(ssGSEAJ*® whichestimats the degree of coordinate upr downregulation of members of a
given gene set within a transcriptionally profiled sample. Published EMT gene
signature§*1*%1"8yere analyzed using this method, yielding a single 'mesenchymal score' per

signature for eachpithelal-derived (carcinomagell line.

Category-specific deltamedian AUC calculations (Fig.3.1d)

For each class assignmeap( bone lineage), a median AUC was computed for each compound
across all cell lines belonging to the class. The median AUC for each compound across all cell
lines not belonging to that class was then subtracted from the wigdgs median AUCto yield

a ddta-median AUC valueSuspensional| lines were excluded from this analysis. Signifioan
testing was applied using & &1 d e -testassumibginequal variance. Tests to evaluate AUC
distributions for each compound within a given class assignment ¢a.g.libeage) were

regarded as a family of hypothedesthe purpose of multiple hypothegest correction.
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Compounds within each class are plotted in rank order of theirmeltizan AUC (smallest to
largest). Compounds that meet-agdue cutoff of 0.05 after correction for multiple hypothesis

testing are plotted as larger dots than tlemsepoundsiot meeting the 0.05-ypalue cutoff.

Correlation analyses

AUC values, as a metric of cdihe sensitivity to compound treatmé&¥t were correlated with

cellular featuresgeneexpression, genknockdown sensitivity)ssGSEAderivedcell-line

mesenchymal scoreand with one another (across compound@ke number of cell lines used in
individual correlation analyses, as wellspecificcell-line exclusions€.g.exclusion of

hematopoietic cell lines) are noted in thain text andigurelegends. Grrelation data are

plotted as wcoresithercomputed from permutation tests (6000 permutatidreell-line

labely, or comput ed an a kHrgnsformatidh’Ptyacaouni farigdivilials h e r 6 s
compounds having been exposedlifferent numbers of cell lines. Bandwhiske plotsand

scatter plotsvere produced in GraphPaddgmn.

IC associationscores(Extended Fig.3.9)

The association scores between compound sensitivity anekgenkdown sensitivity profiles
wereestimated using the Information Coefficient (%) The IC wasomputed using kernel

based densitgstimation® of differential mutual information and rescaledie within the [1,

1] interval. The statisticaignificance of eachC score wagomputed via nominal ywalues and
falsediscovery ates (FDR) computed using an empirical permutation test. For additional details

see Konieczkowsleét al.(2014)°°.

Clustering analysis

Antioxidant cetreatment (Fig3. 3e)
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AUCs were computed from concentrati@sponse curves of HI080 cells exposed to lethal
compounds alone, or in combination with the indicated antioxidant. AUCs of compound
antioxidant combinations were subtracted from AUCsamhpound alone. Resulting teeAUCs
were clustered usingearson correlation distances and complete linkage.

CTRPV2 cluste(Fig. 3.4a)

Pairwise distances between compounds were computed using Pearson correlation distances
normalized by Fisher'stzansformation to account for paws§ compounds exposed to different
numbers of cell lines in comm8H!’> Normalzed correlation &cores were further transformed
using amonotonicdoublesigmoid function to mphasizevariation in the most relevant part of
theresulting dendrogram® "> Suspension cell lines were excluded from the clustering

applicatiort”.

Cell lines

HT-1080 fibrosarcoma cells and WI38 lung fibroblasts were purchased from ATCC.
Mesenchymal stem cells (MSCs), human umbilical egidothelial cells (HUVECsand
hematopoietic progenitors (CD34+) cells were obtained from Lddst foreskin fibroblasts
were procured from the Weinberg Lab (Whitehead InstitME€F-7 ER-Snait1 cells® were
obtainal from the Haber Lab (Massachusetts General Hospatad)gefitinib-sensitive and
resistant HCC4006 lung cancer cBifsvere obtained from the Engelman Lab (Massachusetts
General Hospital)AAOL1 and AAQ02 patientlerived cell lines were developed from ascites
(AAO1) or pleural fluid (AA02) of patients with metastatic pancredtictal adenocarcinoma
usinglRB-approved protocols at the DaRarber Cancer Institute and the Brigham and
Womends Hospit al .bytheCdl Lihesactorg at the Broad Institutee d

(http://www.braadinstitute.org/cellfactory)sing conditional reprogramming witlROCK
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inhibitor and feeder cells as previously descrie®riefly, each patiertlerived sample was
placed into culture on a layer of irradiated 3JBfeeder cells in-fedia containing ROCK
inhibitor. At passage number fiveglt pellets wee collected and KRAS mutation status was
confirmed by targeted PGRanger sequencing using isolated genomic DNA. Exome sequencing
later confirmed the purity of the cell i8é99% tumor)and providedietailed mutational and

copy number characterizatiolata. Cells were effectively grown in DMEMbasedmedia

without ROCK inhibitor beyond passage number five.

HT-1080,WI138, MCF7 ER-Snait1l, AAO1 and AAO2 cells were maintained in DMEM,
supplemented with 10% FBS and 1% penicillin/streptomycin (all media components from
Sigma).BJeH cells were maintained in 65% DMERQ% Medium 199 (Sigma), and 198BS
supplemented with 1%%enicillin/streptomgin. HCC4006 cells were cultured in RPMI
supplemented with 10% FBS and 1% pdhidstreptomycin (Sigma)HCC4006 gefitinib

resistant cells were maintained in 10uM gefitinib (SelleckChem), replaced every three days.
MSCs were grown in MSC growth media (iza), HUVECs in EGM2 media (Lonza) and

CD34 cell in serunfree HPGM media (Lonza) supplemented with 25 ng/mL stem cell factor, 50

ng/mL thrombopoietin and 50 ng/mL FEJligand (all cytokines from Peprotech).

Compounds
1S,3RRSL3 was synthesizeatcording to previously published protoc8Isll other
compounds were obtained from Broad Institute Compound Management Platform or glrchase

from SelleckChem or Sigma.

Compound treatment
All viability experiments were performed in 38¢ll format using opaque white plates

(Corning). 24 hourafterseedingat optimized densitiesells were exposed to compounds at
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indicated concentrationsrf@2 hours. Cellular ATP levels (as a surrogate for viability) were
measured using CellTit&lo (Promega). For ctreatment experiments, spent media was
removed 24 hours after celbeding and replaced with media containing a single concentration of
the nodulator of interest (e.@ntioxidant). Compound treatment lbagne hour later.

MCF-7 ERSnail1 cellg® were induced to undergo EMT with 1pMh4/droxytamoxifen (4

OHT, Sigma), replaced every 72 hours, for a total of 120 hours. Induced cells were allowed to
recover from 40HT treatment for 24 hours before being exposed to compounds for 7Zihours
the absece of 40HT). The upregulation of EMTelated genes it-OHT induced cells under

these conditions was confirmed usinglaidigm RealTime PCR systemAppendix IIl).

HCC4006 gefitinibresistant celf? were exposed to compounds in the absence of gefiEinib.
experiments characterizing GPX4 protein levels in fluvastadiated HT1080 cells (Fig3.4b),

spent media was removedery 48 hours and replaced with fresh media containing the indicated

concentration of compound.

RSL3-fluvastatin synergy analysig(Fig. 3.4c)

HT-1080 cells were exposed to the indicated concentrations of fluvastatin for 48 hours. At the
end of thigperiod, fluvastatircontaining media was removed and replaced with media
containing the indicated concentrations of RSL3 and fluvastatin. Deviation fioectex

response was calculatadsuming a Loewe additivity model for compound interactféns

Western blot

Cells were seeded inBell dishes and cultured to 70% confluenRIPA buffer (Thermo
Scientific)supplemented with phosphatase mtar (Thermo Scientific) and protease inhibitor
cocktails (Roche) was used to lyse cells. Lysate was centrifuged at 12,000 rpm for 10 minutes at

4° C, and protein concentration in the supernatant was quantified using ar8radigent (Bie
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rad). Approxmat el y 40eg of protein weadandmiled & d° wi t h s
C for 10 minutes, followed by incubation on ice for five minutes. Samples were separated by
SDSPAGE (Novex 412% BisTris gel, Life Technologies) and transferred to a nitrocellulose
membrane using an iBlot system (Life Technologies). Mendwavere blocked with Odyssey

Blocking Buffer (LFCOR), and incubated with primary antibodies overnight at d43dCLI-

COR secondary antibodies for one hour at room temperature. Membranes were imaged using the
LI-COROdyssey Imaging System and protein Isuweere quantified using ImageJ software.

Antibodies used: antt-cadherin (BD Bioscience§D610181, 1:1000), antiimentin (Cell

Signaling, 5741, 1:1000), artiactin (Sant&ruz, se47778, 1:200), andnt-GPX4 (Abcam,

ab41787, 1:1000).

GPX4 activity assay

GPX4 activitywasassagdas previously describetl Briefly, 20 million HT-1080 cells were
exposed to vehicle (30ML21%or DIMG6230r 1.50hourslSbricktiorR S L
was used to lyse cells and the resulting solu
of cleared lysate ereincubated with phosphatjttholine hydroperoxide and reduced

glutathione for 30 minutes at 37° C. Lipids were extracted from this mixture using a
chloroform:methanol (2:1) solution and evaporated using a Rotavap. The extract was

reconstituted in 100% ethanol and injected into anmakte 3000 Rapid Separation Liquid
Chromatography system (Thermo Scientific) coupled to an amaZon SL ion trap mass

spectrometer (Bruker).

Lipid peroxidation assay
Measuremenof cellular lipid peroxidation was performed as previously desctfbetl-1080

cells were seeded ingell plates athe following densitiess0,000 cells per well for vehicle
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(0. 05% DMSO) and 0. 5cellMperfwelufor aus tfluvastatim,,250,00 @ellsO 0 O

for 2uM and 4puM fluvastatinand 350000 cells for 8uM fluvastatin. Followin@6 hours of
compound exposure, cells were collected, resu
Solution (HBBS; Gibco)andinubat ed with 2O0OM BODIPY 5810591 (
10 minutes at 37° C. Cells were then washed twice in HHBS and analyzed using a C6 flow

cytometry system (BD Accuri cytometer).

90



Acknowledgements

We thank Yotam Drier (Bradley Bernstein Lab) feagents and Drew J. Adams for helpful
conversationsWe are grateful to the Broad CTBancer cell line profiling team for their
contributions:Edmund Price, Matt Coletti, Victor Jones, Anita Vrcic, Nicole Bodycombe; Suk
Yee Hon, Benito Munoz, Joshua Bet and Michelle Palmer. We also gratefully acknowledge
Gregory Kruykov, Mahmoud Ghandievi Garraway Shuba Gopal, Clary Clish, and Gordon B.
Mills for valuable discussions and insights informed by their own reseatuk.pioject has

been supported byrants from the National Cancer Institu@agcer Target Discovery and
Developnent Network grant UO1CA17615%@ S.L.S 5SR01CA097061 and RO1CA1610&i1
B.R.S, UO1CA176058, P50CA12700854CA112962, and PO1CA117969 to W.CNCI-
CA129933 to D.A.H, P50CA12D3to A.J.A) andfrom the Nationalnstitutes of Health
(RO1GM038627 to S.L.SSR01GM0850810 B.R.S) This work was also supported by grant
from New York Stem Cell Science (C026715 to B.RI¥)pe Funds for Cancer Research (to
A.J.A) and Pancreatic CaerAction Network (to A.J.A)S.L.S. and D.A.H are Investigators
with the Howard Hughes Medical Institute. B.R.S is an Early Career Scientist of the Howard

Hughes Medical Institute.

Author contributions

S.L.S, B.R.S., and A.F.S directed the project; V,8.S., A.J.A, K.S., Sh.C.,, P.S.T, W.S.Y.,
M.G.R, J.H.C, Si.C. J.P, C.H. and S.J. performed research; Z.V.B. synthesized compounds;
J.M.C. and B.M.W. collected patient samples; X. W., Y.T., A.J.A and J.S.B. generated patient
derived cell lines. A.T., J.F, D.AH., J.A.EE.,, W.C.H., and P.A.C. contributed reagents and

analytic tools; V.S.V, J.D.K. P.A.C., AF.S., B.R.S,, and S.L.S. wrote the manuscript.

Author information

91



Broad Institute, Center for the Science of Therapeutics, 415 Main Street, Cambridge, MA
02142, USA

Vasanthi S. Viswanathan, Brinton Seashuelow, Shrikanta Chattopadhyay, Matthew G.
Rees, Sixun Chen, Joshiawa Paulk, Zarko V. Boskovic, Cherrie Huang, Joanne [Pakibt,
Clemons Alykhan F. ShamjiStuart L. Schreiber

Broad Institute, 415 Main Street, Cambridge, MA 02142, USA
Andrew J. Aguirre, Pablo S. Tamayo, Xiaoyun Wu, Yieseng, Aviad Tsherniak, Jill P.
Mesirov, Jesse S. Boehm, William C. Hahn

Department of Biological Sciences, Columbia University, 1208 Northwest Corner Builag,
MC4846, 550 West 120th Street, New York, NY 10027, USA
Vasanthi S. Viswanathan, Kenichi Shimada, Wan Seok Yaramt R. Stockwell

Department of Medical Oncology, Dana Farber Cancer Institute, Boston, MA 02115, USA
Andrew J. Aguirre, Brian M. WolpinJames M. Cleary, William C. Hahn

Massachusetts General Hospital Cancer Center, 149 13th St, Charlestown, MA 02129, USA
Shrikanta Chattopadhyay, Sarah Javaid, Cherrie Huang, Daniel A. Haber, Jeffrey A. Engelman

Koch Institute for Integrative Cancer Research, Massachusetts Institute of Technology, 500
Main Street, Building 76 Room 043A, Cambridge, MA 02139
Jaime H. Cheah

Howard Hughes Medical Institute, Massachusetts General Hospital, Boston, MA 02129
Daniel A. Haber

Department of Biological Sciencs, Department of Chemistry, Howard Hughes Medical
Institute, Columbia University, New York, NY, 10027, USA
Brent R. Stockwell

Howard Hughes Medical Institute, Harvard University, Department of Chemistry and
Chemical Biology, 12 Oxford St, Cambridge MA, 0238, USA
Stuart L. Schreiber

Corresponding author

S.L.S. 6tuart schreiber@harvard.gdB.R.S. bstockwell@columbia.eduA.F.S.
(ashamji@broadinstitute.org

Competing interest declaration

92


mailto:stuart_schreiber@harvard.edu
mailto:bstockwell@columbia.edu
mailto:ashamji@broadinstitute.org

The authors declare no competing financial interests.

93



CHAPTER IV . Transsulfuration pathway modulates cellline sensitivity to ferroptosis
inducers
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Cysteine is an amino acid that cancer cells rely upon for protein synthesis,
generation of diverse sulfurcontaining metabolites and for sensing and responding to
xenobiotic and oxidative stres§°. Despite this, it is poorly understood wkther cysteine
metabolic pathways constitute a dependency of cancer cells that can be targeted for
therapeutic benefit-*" 1%, Here we report results of the first largescale survey of cancer
cell-line sensitivity (860 cancer cell lines) to inhibition of cystine impot”’. We find

290t5 be

dependence on import of cystine, the predominant extracellular form of cystein
widespread among cancer cell lines and to be linked to cyst(e)ine auxotrophy. Importantly,
we demonstrate that cyst(e)ine deprivation, like pharmacological inhibition of cystine
import, induces ferroptoss, a nonapoptotic form of regulated cell death. Our results
identify the % (dermvogyseiné dynthesis) patiovaydas a key modulator of
dependency on cystine import. Activation of transsulfuration appears to be regulated
coordinately with aspects of methionine and methylation metabolism, and low protein
levels of the transsulfuration enzyne cystathionine 2 -lyase (CTH) are a potential
biomarker of cancer-cell sensitivity to inhibition of cystine import. Taken together, our
results advance current understanding of cysteine metabolic pathways within the broader
context of cell circuitry, and point to inhibition of critical pathway nodes, including cystine
import, as a means to target a rationallydefined subset of cancers.

Erastin is a small molecule inhibitor 8£ C7A11°, a component ahe
cystine/glutamate antiporteystem X that is responsible for cellular import of cystine, the
predominant extracellar form of cystein€®2% We hypothesized that studying the response of

cancer cell lines to erastin could yield insights into caged#irsensitivity to cyst(e)ine

deprivation, a nutrient stress that cancer cells may encdontienc22%°2%%2% Tq explore this
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premise, we cultured 17 cancer cell lines in media lacking cyst(e)ine and compared their
responses to cyst(e)ine deprivation and erastin. The restifis experiment reveal a high
degree of concordance between-tiek sensitivity to erastin and cyst(e)ine auxotrophy (Fig.
4.1a). The pattern of celine sensitivity to cyst(e)ine deprivation is also specific to erastin,
showing greatest similarity celtline responses to erastin compared to 485 other compounds
profiled in the Cancer Therapeutics Response Portal VerSio(CITRPv2 at

www.broadinstitute.org/ctyp(Fig. 4.1b).

Inhibition of XCT by erastin is known to induce ferroptosis, a-apaptotic form otell
death that is uniquely suppressed by lipophilic antioxidants including ferre$tatRecently,
other inhibitors of XCT have also begmown to induce this same form of regulated cell
deathi’?% The ability of ferrostatins to rescue the effects of cyst(e)épeivation (Fig4.1c)
suggests that cell death due to cyst(e)ine auxotrophy is also ferroptotic. This finding increased
our confidence that insights derived from studying-tie# responses to erastin could inform the
biology of cancer dependencies@ysteine metabolism.

Measurements of celine response to erastin made as part of CTEPv2veal that
sensitivity to inhibition of cystine import is a widespread vulnerability across 860 cancer cell
lines representing 22 somatic lineages (Biga). We have previously shown through a global
analysis of CTRPvthat the top predictors of cdihe response to XCT inhibition include basal
cellular abundance of glutathione, a downstream metabolite of cystine, and mMRNA expression
of SLC7A11a subunit obystem ¥ '°*. However, these features are often poorly predictive of
cell-line responses to XCT inhibition within individual lineages, for examjil@mthe large
intestine and ovarian lineages (M2b), pointing to the existence of additional contgécific

factors regulating sensitivity to xCT inhibition.
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To uncover these features, we undertook adlass comparison analysis, comparing
omicfeatures of the most erastensitive large intestinal cancer cell lines with those of the least
sensitive large intestinal cancer cell lines (Biga). The results of this analysis reveal strong
differential expression of metabolites belonging to thagsulfuration pathway (Fig.3b-c) 2%,
Similar results were obtained in the ovarian lineage (Extended Datd Fig.

The transsulfuration pathway is known to catalgeenovosynthesis of cysteine, utilizing
methionine as a sulfur donor (Fig3c)?°®?°® From this mechanistic understanding arises a
straightforward proposal for the role of transsulfuration in mediating erastin sensitivity: high flux
through the transsulfation pathway bypasses the requirement for exogenous cyst(e)ine, while
defects in transsulfuration induce dependence on cyst(e)ine import for meeting cellular demands
for cysteine. This model is in contrast to alternatives that might have proposedglicitular
requirements for intracellular cysteine as the basis for differing dependence on exogenous
cyst(e)iné”.

To validate the role of the transsulfuration pathway aduating erastin sensitivity, we
focused on two histologgnatched colorectal cell lines, MDST8 and HCT15. MDST8 and
HCT15 exhibit vastly different sensitivities to inhibition of cystine import (Bigd) despite
comparable baseline levels®EC7A1IMRNA (Fig. 4.3e), baseline activity afystem X (Fig.
4.3f) and inhibition ofsystem ¥ activity upon erastin treatment (Fi§3f). When these cells
were characterized for their ability to utilize methionine as a sulfur source for synthesis of
cysteineand its downstream metabolite glutathitifiea striking difference emerged (Fig3g).
Erastinresistant HCT15 cells successfully incorporated methiedéreved sulfur into
glutathione, both at baseline and in the presence of erastin,ytmeagitaining a steady supply

of glutathione even in the presence of erastin. MDSTS8 cells in contrast, showed minimal capacity
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to utilize methioninederived sulfur for glutathione synthesis under both baseline and erastin
treatment conditions (Fig-.3g).

Cystathionineb-synthase (CBS) and cystathiemélyase (CTH) are ratBémiting
enzymes in the incorporation of methionisherived sulfur into cysteine via homocysteine (Fig.
43cY?"?! We hypothesized that the basis of defective transsulfuration in cancer cell lines may
be due to altered expression of these genes. Survey of the mRNA transcript levels of these two
genes across MDST8 and HCT15 cells showed no concordaticéne demonstrated
transsulfuration capacity of the cell lines (Bigla). However, at the protein level, we observed
erastinresistant HCT15 to have significantly higher levels of CTH than erastisitive MDST8
cells (Fig.4.4b). Targeted profilig of CTH across a panel of additional erastmsitive and
resistant cell lines suggests that the relationship between CTH expression and sensitivity to XCT
inhibition may bemorebroadly conserved (Extended Data F@). Functionally, the
consequencef differing CTH protein levels in MDST8 and HCT15 cells was seen in the ability
of cystathionine, which requires CTH for its conversion to cysteine, to rescue the effects of
cyst(e)ine deprivation in HCT15 cells but not in MDSTS cells (&igc)*®

We next sought to understand whether changes in CTH might underlie acquired
resistance to xCT inhibition in a manner analogous to its role in confelgingvaesistance to
erastin.Isogenic cells differing in expression of voltagated anion channel 3 (VDAC3) have
dramatically different sensitivity to xCT inhibition through an unknown mechafism
Metabolite profiling of these isogenic cell lines revealed cystathionine to be among the top
metabolites downregulated in resistant-HI80 VDAC3knockdown cells compared to control
HT-1080 cell® (Fig. 4.4d). This result suggested that 4080 VDAC3knockdown cells had

acquired the ability to metabolize cystathionioeysteine and this capacity may underlie their
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resistance to inhibition of cystine import. Indeed, by examining protein expression of the
isogenic pair of HT1080 cells, we were able to confirm higher protein levels of CTH in erastin
resistant HF1080 VDAC3-knockdown cells compared to control cells (Hdke). The
mechanisms by which knockdown of VDAC3 induces this change remain a topic of
investigation.

Characterization of CBS protein levels across xd@pendent andndependent cells
yielded a more sulke insight. Here, we noticed high molecular weight CBS bands to be present
in resistant cells at baseline, and to be induced in sensitive cell lines upon xCT inhibition (Fig.
4.5a). Immunohistochemical interrogation of immunoprecipitated CBS with a:3aMiO1
antibody identified these bands to be SUMOylated forms of CBS4M/ig). SUMOylation is
thought to be an activating mark that recruits CBS to the nuclear membrane and promotes its
incorporation into active homotetramers

A related but unexpected feature of cyst(e)ine auxotrophic cells that we uncovered relates
to their decreased sensitivity to methionine deprivation in cosgratd XCT inhibitiorresistant
cells (Fig.4.6a). We hypothesized that this inverse relationship between cyst(e)ine and
methionine auxotrophy may be due to a higher propensity ofd€pendent cells to methylate
homocysteine to regenerate methionine,aathan commit homocysteine to transsulfuration via
its conversion to cystathioniffe. The ability of lomocysteine supplementation to rescue the
effects of methionine deprivation, uniquely in cystieéant cells, and the higher baseline
concentrationsf methionine in these cellseaboth supportive of this model (Figgsaf°>** In
light of this result, we wondered whether the tendency toward methionine preservation and
decreased transsulfuration flux in x@€&pendent cells magnpact on Sadenosylmethioninre

linked processes and affect transmethylation potéftfaf2>4*N-nicatinamide
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methyltransferase (NNMT) is an enzyme whose expression and activity have recently emerged
as critical markers of cell states characterized by low methylation potEhl examining the
levels of NNMT protein and abundance eimkthylniotinamide (tMNA), the metabolite
product of NNMT, we found xCTependent cells to have elevated levels of both &%),
indicating that these cells are likely to have lower methylation potential thasind@pendent
cells'®”?1> While preliminary, these findings suggest that the suppression of transsulfuration in
cyst(e)ine auxotrophic #e may be functionally linked to methionine and methylation
homeostasis, and through them, to chromatin biology, epigenetic regulation and other aspects of
cellular circuitry**#>

Cysteine auxotrophy has long been recognized as a metabolic phenotype of certain cancer
cells'®®2% The observation, however, has remained largely restricted to cancers of hematopoietic
origin and efforts to target cysteine auxotrophy therapeutically have been hindered by the lack of
specific and selectiveyst(e)ine import inhibitors®2°2204216 The recent discovery and
development of erastin, an inhibitor of the toys/glutamate antiportexystem X , promises to
galvanize both systematic survey of dependence on cystine import across a broad range of tumor
types and evaluation of xCT inhibition as an aaticer therapeutic stratégy’. By using
erastin in a large scale cancer digle small molecule sensitivity profiling experimé&Ht we find
that dependence on cystine import is a recurrent and widespread characteristic of cancer cell
lines derived from diverse lineagesn no way limited to the hematopoietic lirgga Moreover,
its association with specific oncogenomic features suggests that it is actively established and
maintained as part of cellular metabolism rather than being a metabolic phenotype that is

inherited within certain lineages as had been previdghslyght®.
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Our results identifying the transsulfuration pathway as a key mediator of dependence on
cystine import advance current understanding of this inteéff|&yby pointing to a complex
regulatory landscape governing transsulfuration pathway activity. The lack of correlation
between protein levels and mRNvwnscript abundance QfTH andCBSraises fundamental
guestions about the nature of posinscriptional regulation that these genes are subject to. It
also indicates that gerexpressiorbased metabolic pathway models that are frequently used to
studycancer metabolic dependencies are unlikely to be informative with regard to the
transsulfuration pathway. Meanwhile, the relationship between response to xCT inhibition and
levels of SUMOylated CBS is a critical functional implication of this poorly urtdedsform of
CBS in countering cyst(e)ine deprivatfdh

Novel insights into the biology of transsulfuration enzymes hold importasyeenid the
realm of cancer. For example certain germline mutations in CBS give rise to inborn errors of
metabolism despite coding for proteins that retain wildtype enzymatic attivity These
mutations are now being recogrizas Ikely altering CBS SUMOylation, thanks the
identification of SUMOylation as a pestinslation modification of CBS, and the growing
understanding of SUMOylation in facilitating adaptive responses of €8S Likewise, our
finding that cystein@uxotrophic cells undergo ferroptosis, rather than other forms of oxidative
cell death, arges that the use of a ferrostafif*’* "o combat oxidative stress in patients
harboring transsulfuration detsamay afford a more surgical and effective therapeutic
intervention than the use of&tetylcysteing@®%8

We have previously shown that cancer cells that have undergone an egithelial
mesenchymal transition (EMT) are preferentially sensitive to ferroptosis induced by

perturbations to cysteine and glutathiersated pathway¥”. In a manner reminiscent tife
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ovarian and colorectal lineages described in this paper4Rig), neither differential expression

of SLC7A1ImRNA nor differences in baseline abundance of glutathione appear to be associated
with EMT-induced sensitivity to ferroptosisThisparallel between the two contexts raises the
possibility that metabolic mechanisms related to transsulfuration may underlie the vulnerability
of high mesenchymal state cells to cysteimetabolic perturbations. Altered transsulfuration
pathway activity hapreviously been reported to accompany the emergence cfesisgant
populations through mechanisms related to EM3*° Furthermore, the strong association
between high levels of MNA and high mesenchymal geegpression signature within

CTRPv2 (Extended Data Figure 3) provides a prelinyimadication that the cellular circuitry

we have described in xCdependent cells may be conserved in the transformed mesenchymal
state. Experiments to explore this possibility are currently underway.

Taken together, our results begin to lay the founddtioa therapeutic approach using
small molecule xCT inhibitors to target cancer cells with defective transsulfuration due to low
protein levels of CTH. For advancing this concept further, several key questions must be
addressed. The most important amdregse relates to whether dependence on cystine import is
maintained in thén vivo context, which differs dramatically from vitro conditions with regard
to oxygen concentration and reducing potetiiaPreliminary indications suggest that cancer
cells that are dependent on cystine imjoktitro remain dependent on cystine inpio
vive>>*% Our studés of CBS and CTH also provide insights into the metabolic plasticity intrinsic
to cyst(e)ine auxotrophy. While CBS rapidly undergoes adaptive modification in response to
cysteine deprivation (Figt.5), increased expression of CTH could not be achidwedigh

gradual adaption to low cysteine concentrations, and required targeted genetic perturbation (Fig.
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4 4ef, and unpublished data). This stable nature of CTH suppression in transsulfuration

defective cells is encouraging and supports its use as tiseobastherapeutic strategy.
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Figure 4.1. Cyst(e)ine deprivation phenocopies xCT inhibition and induces ferroptosis. a,
Scatterplot showing the correlation between canceflinellsensitivity to erastin and cdihe

sensitivity to cyst(e)ine deprivations, Box-andwhisker plot of zscored Pearson correlation
coefficients, showing 2"5and 97.5' outlier compounds (btk dots) whose cytotoxic effects
correlate with cancer celine sensitivity to cyst(e)ine deprivation across 17 cell lings.

Ferrostatinl suppresses and glutathione rescues the effects of cyst(e)ine deprivation. AUC, area
undercurve.
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Figure 4.2. Patterns of cancer ceHline sensitivity to XCT inhibition. a, Pie charts

summarizing sensitivity of cancer cell lines to XCT inhibition by lineage (left) and histology
(right). The number of cell lines giving rise to sensitivity classifications (seeoagtlare shown

adjacent to lineage labels, Box-andwhisker plot of zscored Pearson correlation coefficients,

showing f'and od' percentile outlier genes (upper plot) and™aBd 97.8 outlier metabolites

(lower plot) whose cytotoxic effects cora& with sensitivity to xCT inhibition within the

indicated lineages.
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Figure 4.3. Abundance of transsulfuration pathway metabolites correlates with sensitivity
to XCT inhibition. a, Doser esponse curves of O0sensitived (gr
cancer cell lines exposed to erasipnSummary statistics for metabolites whose levels are

significantly associated with sensitive versus resistant cedl fiioe a. ¢, Schematic of
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