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ABSTRACT 

 

 

Cellular features predicting susceptibility to ferroptosis: insights from cancer cell-line profiling 

 

 

Vasanthi Sridhar Viswanathan 

 

 

Ferroptosis is a novel non-apoptotic, oxidative form of regulated cell death that can be 

triggered by diverse small-molecule ferroptosis inducers (FINs) and genetic perturbations. 

Current lack of insights into the cellular contexts governing sensitivity to ferroptosis has 

hindered both translation of FINs as anti-cancer agents for specific indications and the discovery 

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 generated through a large-scale profiling experiment that screened four 

FINs against a panel of 860 omically-characterized cancer cell lines (Cancer Therapeutics 

Response Portal Version 2; CTRPv2 at http://www.broadinstitute.org/ctrp/). 

Using correlative approaches incorporating transcriptomic, metabolomic, proteomic, and 

gene-dependency feature types, I uncover both pan-lineage and lineage-specific features 

mediating cell-line response to FINs. The first key finding from these analyses implicates high 

expression of sulfur and selenium metabolic pathways in conferring resistance to FINs across 

lineages. In contrast, the transsulfuration pathway, which enables de novo cysteine synthesis, 

appears to plays a role in ferroptosis resistance in a subset of lineages. The second key finding 

from these studies identifies cancer cells in a high mesenchymal state as being uniquely primed 

to undergo ferroptosis. This susceptibility stems from a specific dependency of high 

mesenchymal-state cancer cells on the lipid hydroperoxide quenching mechanisms inhibited by 

FINs and is conserved across cancer cell lines of mesenchymal origin, epithelial-derived cancer 

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


cell lines that have undergone an epithelial-to-mesenchymal-transition, and patient-derived 

cancer cells exhibiting mesenchymal state-mediated resistance to anti-cancer therapies. 

The work presented herein formalizes frameworks for studying small molecule inducers 

of cell death through cell-line profiling. The results advance current mechanistic understanding 

of the cellular circuitry underlying ferroptosis sensitivity and lay the foundation for a novel 

therapeutic approach using ferroptosis inducers to target high mesenchymal-state cancer cells. 
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CHAPTER 1. INTRODUCTION  

CELL DEATH  

The field of cell death research familiar today has its roots in an insight from the mid-20
th
 

century, that cells die, not only accidentally in response to severe physicochemical stresses, but 

through active and highly orchestrated processes executed by biologically-encoded programs
1ï6

. 

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

The óprogrammedô death of cells meant that cellular lifespans were not physically 

imposed but rather biologically imposed
2
. Perhaps cells had the capacity to persist indefinitely 

but were actively prevented from becoming immortal. Meanwhile, dysregulation of the processes 

governing cellular lifespans could be expected to lead to diseases characterized by inappropriate 

cell death or insufficient 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 course
6
. 

In the intervening decades since the pioneering work of Lockshin, Saunders, Horvitz and 

others
1ï6

, remarkable progress has been made in cataloging cell death modalities, elucidating 

their genetic and molecular bases and translating these findings for therapeutic benefit
7ï10

. 

 

Classification of cell death 
 

Morphological and molecular features 

Cell death modalities have historically been classified using morphological heuristics
10,11

 

that take into account parameters such as changes in the size and structure of cells and 

organelles, the presence of vacuolization, the fragmentation of DNA and integrity of the plasma 

membrane. These features were readily accessed with technology available during the late 19
th
 

and early 20
th
 centuries through the use of microscopic techniques and vital dyes

11
. More 
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recently, molecular criteria have begun to be incorporated into cell death classification 

schemes
11

. 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, inner mitochondrial membrane potential), and other 

biochemical markers (e.g. phosphatidlyserine exposure)
10,11

. These molecular features are 

typically measured using a combination of immunohistochemical techniques and fluoregenic 

assays
10

.  

 

Accidental versus regulated cell death  

Cell death variants can also be classified as belonging to either óregulatedô or óaccidentalô 

cell death routines
12

.  

Regulated cell death is actively executed by genomically-encoded cellular machinery
12,13

. 

Importantly, its course can be altered by targeted perturbation of the executing 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 development and homeostasis of biological 

systems in the absence of exogenous perturbations aimed at inducing cell death
12,13

.  

Accidental cell death, on the other hand, is induced by physical and mechanical stresses 

that result in cellular disintegration
12

. 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 stimulus. In vivo, the uncontrolled nature of accidental cell 

death, for example due to traumatic injuries, can lead to local toxicity and immunogenicity, as 

the cellular microenvironment becomes exposed to potentially-damaging intracellular 

material
12,13

.  
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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 are becoming important classifiers
12

. The most 

pervasive forms of cell death, such as apoptosis, are likely to act at all stages of development, 

homeostasis and disease. 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
14

, while yet other modalities may require an exogenous perturbation, such as 

treatment with artesunate, to uncover cell death
15

. 

Major forms of cell death 

 

Historically,  major forms of cell death have been categorized into apoptotic (Type I), 

autophagic (Type II) and necrotic (Type II) cell death
12

. Current classification schemes place 

greater emphasis on regulated vs. un-regulated forms of cell death
12

. 

 

Apoptosis (Type I) 

Apoptosis is a caspase-dependent form of regulated cell death
16,17

. The characteristic 

morphological features of apoptosis include cytoplasmic shrinkage, karyorrhexis (nuclear 

fragmentation), chromatin condensation, membrane blebbing and finally, the formation of 

apoptotic bodies, which are condensed corpuscles of cellular debris that retain plasma membrane 

integrity
13

.  

Apoptosis is organized into extrinsic and intrinsic programs
11

. Canonical extrinsic stimuli 

include cell-death inducing cytokines such as Fas Ligand (FasL). Cellular exposure to FasL is 

sensed and transduced by the Fas Receptor, leading to the assembly of a death-inducing 

signaling complex (DISC) that incorporates Fas-associated Death Domain (FADD) and the 
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initiator caspase, capsase-8
18

. Autoproteolytic activation of caspase 8 triggers cleavage and 

activation of executioner caspases -3, -6 and -7 and progression of the apoptotic cascade
16

.  

Intrinsic apoptosis relies on mitochondrial outer membrane permeabilization (MOMP) 

regulated by the interplay between pro- and anti-apoptotic BCL-2 family member proteins that 

control pore formation in the outer mitochondrial membrane
19

. Initiation of MOMP results in 

release of cytochrome c from the mitochondria, formation of the apoptosome and activation of 

the initiator capsase-9 followed by the executioner caspases -3 and -7
19,20

. Cellular stress-sensing 

pathways that are known to trigger apoptosis in response to withdrawal of growth factors or 

exposure to xenobiotic and genotoxic stresses, such as ionizing radiation, converge on the 

intrinsic apoptotic pathway to trigger cell death
12,21,22

. 

 

Autophagy (Type II) 

Autophagic cell death is characterized by cytoplasmic vacuolization through the 

formation of double-membraned autophagosomes that contain cytoplasmic contents
23

. While 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 

process rarely can lead to a self-digestive cell death
23

. 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 necessarily be ascribed to impending cell 

death
12

. However, the failure of proper salivary gland development due to insufficient cell death 

in autophagy-deficient Drosophila models underscores the importance of autophagy as a form of 

programmed cell death
24

. 

Autophagy is positive regulated by the autophagy-related gene-6, Beclin-1
25

, as well as 

several other members of the autophagy-related gene-1 complex including Atg1, Atg13, 
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Atg17 
23

. The mTOR pathway, which promotes cellular growth under conditions of nutrient 

availability, is a negative regulator of authophay
26,27

. Treatment of cells with the mTOR inhibitor 

rapamycin is a canonical method for inducing autophagy
28

. 

 

Necrosis (Type III) 

Type III cell death, necrosis, has historically corresponded to the vast plethora of 

accidental cell death forms
29

. Inducers of necrosis 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 III cell death are 

typically much more rapid than those of Type I and Type II cell death, which are actively 

orchestrated by cellular machinery
30

. Cells dying of necrosis do not display the characteristic 

morphological features of apoptosis or autophagy, but often do exhibit increased cellular volume 

(oncosis), organelle swelling and massive oxidative stress
29

. While 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 cellular disintegration
31

. 

As efforts to better define necrosis at the biochemical level have advanced, several 

necrotic modes of death have emerged as having regulated features
12,30,32

. These forms of cell 

death ï dubbed regulated necrosis - lack apoptotic or autophagic hallmarks and exhibit necrotic 

features, but can be modulated through targeted genetic or pharmacological interventions
12,30,32

. 

This emerging understanding of regulated necrosis, and the possibility it raises to alter the course 

of certain subsets of necrosis, has profound therapeutic implications, given the toxic nature of 

necrosis occurring in biological systems
32

. 

 

Regulated necrosis 
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Necroptosis 

Perhaps the best example of regulated necrosis ï one that has pioneered establishment of 

this new classification itself ï is necroptosis
33,34

. Necroptosis is a form of cell death that occurs 

when cells that are defective in their ability to undergo apoptosis are exposed to extrinsic 

apoptosis-pathway stimuli
32,35

. In necroptosis, the ligation of TNFR by TNF ligand nucleates a 

complex, known as complex I, that incorporates TNFR-associated death domain (TRADD) and 

RIPK1
36,37

. The internalization of TNFR  induces changes in the repertoire of bound proteins 

leading to formation of complex II, comprised of RIPK1, RIPK3, TRADD, and components of 

the extrinsic apoptotic pathway including caspase 8 and FADD
37,38

. The liberation of the 

necrosome
39

, a complex containing RIPK1 and RIPK3, from complex II leads to execution of 

necroptosis.  

The final death process involves necrosis-like plasma membrane rupture, cellular 

disintegration, dramatic depletion of cellular ATP levels and generation of ROS
40,41

. However, 

perturbation of RIPK1 or RIPK3 by a class of small molecules known as necrostatins can 

abrogate necroptosis
33

. This capacity for modulation underscores the regulated nature of 

necroptosis and differentiates it from classical necrosis
42,43

.  

 Since its discovery, necroptosis has been implicated as a mechanism of cell death in 

numerous ischemia-related disease contexts
33,44

 and as a form of programmed cell death that 

shapes chondrocyte development
45

.  

Additional forms of regulated necrosis are described below. 

 

MPT-dependent regulated necrosis 

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

permeability transition (MPT). MPT is a process characterized by abrupt and dramatic changes 
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in permeability of the inner mitochondrial membrane, causing rapid mitochondrial swelling, loss 

of energetics and necrotic death
46

. The reliance of this form of cell death on cylcophilin D
47,48

, a 

critical component of the permeability transition pore complex (PTPC)
49

, is the basis of its 

designation as a regulated form of necrosis. Knockout of cyclophilin D, as well as its inhibition 

by cyslophroin A, are sufficient to block MPT-dependent cell death
32

. 

 

Parthanatos 

Parthanatos is a form of regulated necrosis that stems from dramatic loss in cellular 

bioenergetic potential due to hyperactivation of the NAD+ -consuming DNA-repair enzyme 

PARP1
50,51

. 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 activity
32,52

. Deletion of PARP1 can block 

parthanatos induced by endogenous and exogenous neurotoxins as well as ischemia
53

. 

Ferroptosis 
 

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

regulated necrosis
12

.  

Cell death features  

Ferroptosis is an iron-dependent and oxidative form of cell death that is controlled by 

pathways converging upon the phospholipid glutathione peroxidase (GPX4)
14,54ï57

.  

Cell death by ferroptosis does not conform to Type I, II or III 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 vaculoziation), or 

hydrogen peroxide-induced necrosis (e.g. organelle swelling)
5,55

.  Consistent with this, 
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ferroptosis is not suppressed by inhibitors of caspases, which are required for apoptosis, nor 

small molecule inhibitors of autophagy
5,55

. Moreover genetic and pharmacological inhibition of 

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

MPT-dependent regulated necrosis and necroptosis
5,12

. The only defining morphological feature 

of ferroptosis involves ultrastructural changes to the mitochondria including decreased organelle 

size and increased membrane density
55

. At the biochemical level, an increase in intracellular 

labile iron and the onset of lipid peroxidation are early events indicative of ferroptosis
55,56,58

.  

Functionally, ferroptosis is defined as cell death that can be suppressed by both lipophilic 

antioxidants and iron chelators
58

. This specific modulatory profile is unique to ferroptosis, not 

only among non-oxidative cell death modalities, but also within oxidative forms of cell death
55

. 

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

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

of cell death
14

. While ROS-inducing stimuli most often lead to generation of mitochondrial 

ROS
59

, the ROS in ferroptosis appear to be of a non-mitochondrial and lipid-localized origin
55

. 

Perhaps related to this, non-ferroptotic ROS-inducers can be suppressed by hydrophilic 

antioxidants but are not suppressed by lipophilic antioxidants
55

. This is also true of iron-

dependent oxidative cell death forms that otherwise appear similar to ferroptosis
15

. Thus a pair of 

simple criterion ï suppression by lipophilic antioxidants and iron chelators ï yields 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 with oncogenic HRAS in an engineered model of 

stepwise transformation
58

. Repeated synthetic lethal screening of the same model has yielded 
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several additional structurally-diverse FINs (Fig. 1.1)
60ï63

. Proteomic approaches as part of early 

studies into FIN mechanism of action identified voltage-dependent anion channels (VDACs) as 

the binding target of several FINs
58

. More 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.1.2) as critical to their lethal effects
56

. FINs that deplete levels of cellular 

glutathione are classified as Class I FINs, while FINs that inhibit GPX4 function downstream of 

glutathione depletion are designated as Class II FINs
55,56

. Many of the insights into FIN 

mechanism of action that have enabled this classification scheme are recent and were uncovered 

concurrently with the research described in this dissertation. Class I and Class II FINs are 

therefore referred to in this thesis as classes named after their founding members - the erastin-

class and RSL3-class FINs, respectively. 

  

Erastin-class FINs (Class I FINs) 

Erastin inhibits the function of the cystine-glutamate antiporter system xc
-
,
55,57

 which is a 

primary regulator of intra-cellular levels of cysteine and the cysteine metabolite glutathione (Fig. 

1.2)
55

.  

Critical insights leading to identification of the lethal effect of erastin came from noting 

striking similarities between the glutamate-induced cell death of neurons and erastin-induced 

ferroptosis
55

. In glutamate-induced excitotoxicity, high concentrations of extracellular glutamate 

block the activity xc
-
, leading to profound glutathione depletion and an iron-dependent oxidative 

cell death that can be rescued by ferrostatin-1
55

, a lipophilic antioxidant that is a  
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Figure 1.1.  Structures of FINs. Reproduced with permission from Yang, W. S. et al. 

Regulation of ferroptotic cancer cell death by GPX4. Cell 156, 317ï331 (2014). Compounds 

with names highlighted in red were included in CTRPv2. DPI7 and DPI10 are referred to as 

ML162 and ML210 in this thesis. 
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Figure 1.2.  Ferroptosis pathway. Illustration of the key pathway regulating ferroptotic cell 

death. Abbreviations are defined on page viii .  
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specific inhibitor of ferroptosis. Importantly, the addition of reducing agents such a ɓ-

mercaptoethanol (ɓME) to neuronal cultures can rescue the effects of high glutamate by reducing 

cystine to mixed disulfides of cysteine, which can be imported through alternhate cell-surface 

solute carriers. In a key experiment, it was found that addition of ɓME to erastin-treated cells 

similarly rescued erastinôs lethal effects
55

. These insights, coupled with chemoproteomic data, 

convincingly identified xc
-
  as the relevant functional target of erastin and established xc

-
 as 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 induction of ferroptosis by erastin
56,57

. 

Other FINs also acting on xc
-
 include sulfasalazine and sorafenib

55,57
. Buthionine 

sulfoximine (BSO) induces glutathione depletion downstream of xc
-
 by inhibiting the glutathione 

biosynthetic enzyme gamma-glutamyl cysteine ligase (GCLC) and induces a pattern of cell death 

reminiscent of ferroptosis
56

. 

 

RSL3-class FINs (Class II FINs) 

RSL3-class FINs have recently been identified as inhibitors of the phospholipid 

glutathione peroxidase, GPX4
56

. Direct binding of GPX4 has been demonstrated for RSL3 

through a chemoproteomic approach, while other RSL3-class FINS have been shown to inhibit 

the enzymatic activity of GPX4 in lysate-based biochemical assays
56

. The conserved alpha-

chloroamide warhead shared by otherwise structurally dissimilar RSL3-class FINs
56

 (Fig. 1.1) 

may underlie their ability to specifically target selenoproteins, such as GPX4, that contain highly 

reactive, catalytic selenocysteine residues
64

. This unique reactivity profile of alpha-chloroamide-

containing compounds has been highlighted in the context of glutathione-s-transferase omega, 

which contains a similarly hyper-reactive active-site cysteine
65

. 
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Molecular basis of ferroptosis 

 

 Lipid peroxidation 

The central role of GPX4, the direct target of RSL3-class FINs and in the indirect target 

of erastin-class FINs, in detoxifying lipid hydroperoxides anticipates the importance of lipid 

peroxidation as a key molecular feature of ferroptosis
55,56,66

.  

The lipid peroxidation cycle (Fig. 1.3) involves lipid radicals generated through hydrogen 

abstraction from unsaturated lipids
67

. These lipid radicals can become peroxidated to 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 reactive
68

. Lipid peroxides can 

decompose into lipid oxy radicals and hydroxyl radicals, while secondary products of lipid 

peroxidation, including Ŭ,ɓ-unsaturated aldehydes such 4-hydroxy-2-nonenal can add to critical 

thiols and amino groups on macromolecules
68

. 

Lipid peroxidation can be induced through both enzyme-mediated (e.g. lipoxygenase) 

and non-enzymatic (e.g. labile iron-mediated) processes
69

. Understanding which of these may 

play a role in ferroptosis-associated lipid peroxidation is an active area of research
54

. The 

chemistry of lipid peroxidation however, does provide a strong mechanistic underpinning for 

several observations related to ferroptosis
54

. Like GPX4, which detoxifies lipid peroxides into 

water and lipid alcohols, 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 transfer
54
. The production of Ŭ,ɓ-unsaturated aldehyde 

secondary products of lipid peroxidation also provides a rationale for the ferroptosis-suppressing  
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Figure 1.3. Lipid peroxidation cycle. An illustration of lipid radical-mediated lipid 

peroxidation. Adapted by Dr. Tim Vickers from Young, I. S. & McEneny, J. Lipoprotein 

oxidation and atherosclerosis. Biochem. Soc. Trans. 29, 358ï362 (2001). 
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effects of aldo-keto reductase (AKR) family members, which play a role in the reduction of toxic 

aldehydes to alcohols
57,70

.  

 

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 

death
55,58

. The precise nature, form and localization of this iron however, remain poorly 

understood
71

. Labile (non-protein bound) pools of iron exist within the cytoplasm, mitochondria 

and lysosomes of cells at low but appreciable concentrations
71

. This iron, unlike iron sequestered 

within ferritin or other iron-storing complexes, is redox active and is typically thought to be the 

primary culprit in catalyzing toxic ROS formation via Fenton chemistry
14

. Reactive 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 chemistry
14

. One pertinent example is lipoxygenase, which 

carries out lipid peroxidation reactions using iron as a co-factor
71

. A model proposing 

lipoxygenase-bound iron as the critical iron for ferroptosis would be particularly attractive given 

the known mechanistic connections between lipoxygenase, lipid peroxidation and GPX4-related 

cell death
72,73

. However, the inability of iron chelators to discriminate between free and active-

site reactive iron means that current models of ferroptosis remain ambiguous about the 

contribution of enzymatic and non-enzymatic iron-catalyzed reactions toward cell death
14

. 

 

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 number of pathologic 

contexts encountered by neuronal and renal tissue
54,74,75

. These include models of neuronal 
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excitotoxicity, oligodendrocyte-related periventricular leukomalacia, huntingin-induced 

oxidative stress, acute renal failure, synchronized tubular cell death in renal ischemia-reperfusion 

injury, and oxalate nephropathy
54,74,75

. 

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

biology is the focus of this dissertation. 
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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 particular cell death mechanisms may be pertinent, and develop 

effective means to therapeutically perturb specific cell death forms
6,11

.  

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 programs
76ï78

. A common 

approach for probing cell death is to prevent it from occurring and studying the consequences. 

This was utilized successfully by Horvitz and colleagues in the discovery of apoptosis
4
. 

Unfortunately, in most cases, inhibition of a specific cell death mode in a cell fated to die will 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 death
79

. Likewise cells that are prevented from undergoing autophagy, will simply 

employ apoptotic cell death
80,81

.  

 

Small molecules as probes of cell death 

 

Small molecules are low molecular weight (less than 2mg/mol), carbon-containing 

compounds that have the potential to engage in highly specific interactions with cellular 

macromolecules
82

. 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 systems (e.g. cells, 
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organisms) 
6,82,83,84

. Such use of small molecules offers a number of advantages over genetic 

approaches: reversibility and temporal control, the ability to be used easily in the context of 

whole organisms, perturbation of individual functions of multifunctional proteins or complexes, 

the opportunity for polypharmacology based on structural similarities of targets, and in certain 

cases, the conferral of novel gain-of-function (GOF) properties upon targets
82,83

.  

 It is therefore not surprising that small molecules have contributed tremendously to the 

study of cell death as specific inducers and modifiers of distinct cell death modalities. 

Staurosporine, a broad spectrum kinase inhibitor serves as a probe of apoptosis
85

, the mTOR 

inhibitor rapamycin is a canonical inducer of autophagy
86,87

, and necrostatin-1, erastin, and 

cylclosporin A have galvanized the elucidation of necroptosis, ferroptosis and MTP-dependent 

regulated necrosis, respectively
32

.  

 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 identification of erastin
34,58

, while a 

screen designed to identify compounds that could block the death of TNFŬ-exposed cells in the 

presence of caspase inhibitors identified necrostatin-1
18

. Hits from such screens become probes 

of the corresponding novel cell death modes and form the basis of further studies
33

. 

 

Mechanism of action 

However, moving from small-molecule hit to biological mechanism poses a formidable 

challenge
88

. This refers collectively to both the identification 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 affinity purification methods and 

chemoproteomoics
88

. For studying broader mechanism of action, hypothesis driven approaches 
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may offer a starting point. For example, to study a novel small molecule inducer of cell death, 

one may characterize compound-treated cells to look for morphological and biochemical features 

indicative of known cell death mechanisms
89

.  

Newer genome-wide techniques offer a more unbiased framework to characterize small 

molecule perturbations
90

. Gene-expression profiling in response to compound treatment can 

point to specific genes or pathways whose expression is most altered by the small molecule of 

interest
91

. Functional shRNA
92

 and ORF screens
93

 can identify genetic modulators that sensitize 

or protect cells from the effects of a given small molecule. 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 employed successfully by the Stockwell Lab at multiple points in the study of 

ferroptosis
55,58,94

. 

 

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 illuminate both narrow and broad aspects of compound 

mechanism of action
95ï100

. At a high level, this method seeks to collect viability measurements in 

response to a given small molecule of interest across a large panel of cell lines. The resulting 

activity pattern vector can be quite unique to an individual compound and can serve as its 

bioactivity ófingerprintô
6
. This fingerprint can then be compared to those of other compounds that 

are similarly profiled to infer relationships of identity and similarity between compounds
95

.  

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

effort that measured compound sensitivity across a panel of 60 cancer cell lines
96,101

. The 
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application of pattern-matching algorithms to resulting data quickly uncovered insights into 

compound mechanisms of action
101102

. For example, the natural product halichondrin B was 

found to be a novel microtubule disrupting agent
6,103

. 

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

significant ways.  

 

Informer sets 

An óinformer setô is a collection of biologically annotated tool compounds (known to 

have selective interactions with one 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 mechanism
88,98

. 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 ï 

ideally with diverse chemical structures ï are critical for generating robust signals corresponding 

to distinct cellular nodes and for correcting for off-target effects that are idiosyncratic to 

individual chemical entities
98

. The application of hierarchical clustering approaches to sensitivity 

data generated using a well-designed informer set have been shown to yield sufficient granularity 

to discriminate between compounds perturbing the same biological target through a shared 

mechanism of action, through distinct mechanisms of action, and through indirect 

mechanisms
98,104

. Recently, genetic perturbations (e.g. shRNAs) have begun to be successfully 

incorporated into profiling informer sets
104,105

, 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 informer-sets 

has been used successfully to derive compelling insights into small molecule mechanism of 
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action
106

. Several examples are found in this thesis including the independent identification of 

GPX4 as the target of RSL3-class FINs, and the identification of GPX4 as a relevant indirect 

target of HMG-CoA reductase inhibitors.  

 

Omic associations 

The increasing prevalence of cell-line omic characterization also affords the opportunity 

to associate effects of small-molecule perturbations with cellular features
98,106

. Within the 

context of cancer cell lines, common catalogs of omic features include transcriptomic, genomic 

alteration (mutation and copy number variation), metabolite and protein abundance data
97,98,107

. 

Comprehensive association and statistical significance testing of associations between small 

molecule sensitivities and individual omic features can uncover diverse insights into compound 

mechanisms. These insights can range from identification of small molecule direct targets to 

mechanisms of compound metabolic activation and inactivation
106

. For example, within 

CTRPv2, bcl2, a target of navitoclax, is found to the most strongly correlated gene expression 

transcript with sensitivity to navitoclax
106

. Meanwhile high expression of sulfotransferases is 

associated with sensitivity to RITA, a putative modulator of p53, which requires sulfonation for 

activation
106

. Finally, high levels of RIPK1, an inducer of necroptosis, are associated with 

susceptibility to birinapant, an inhibitor of the RIPK1-negative regulator XIAP
106

. Several 

analogous insights into ferroptosis inducers are described in this thesis.  

Small-molecule sensitivity data can also be correlated with multi-feature vectors, for 

example, gene-expression signatures
105

. Likewise, large high-dimensional cell-line profiling data 

sets can be mined to identify perturbations that selectively affect cell lines with gene-expression 

signatures of interest. For example, one could look for compounds that are effective at killing 

cell lines that have high expression of an apoptosis-resistance gene expression signature. A 
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similar approach has been employed in this thesis research to identify compounds uniquely able 

to kill cells with a high mesenchymal state gene signature (Chapter III). 
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CANCER AND CELL DEATH  

 

Dysregulation of apoptosis 

 

Evasion of apoptosis is a hallmark of cancer
108,109

. Cancer cells become impervious to 

conditions that would normally provoke cell death through dyresgulation of both sensors of  cell 

death stimuli and cell death-executing machinery
110ï112

.  

 

Sensors 

The most common tactic employed by cancer cells to circumvent apoptosis is loss of p53 

function
112

. 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 pro-apoptotic BCL2 family members
113,114

. For example, 

DNA damage signals are transduced by ATR, which phosphorylates p53 directly or via casein 

kinase II to stabilize p53
112,115

. Meanwhile, inappropriate mitogenic signaling can lead to 

increases in ARF, which in turn inhibits MDM2, a negative regulator of p53
115

. P53 -inactivating 

alterations in cancer are multifarious and range from deletions, truncations, and mutations to 

amplification of MDM2
112

.  

Other mechanisms of inactivation of pro-death sensors in cancer include loss of ARF, 

overexpression of FLICE which binds to and sequesters death-domain containing proteins of the 

extrinsic apoptotic pathway, suppression of TNF receptors and loss of beclin-1, which is required 

for autophagy
108,109,112,116,117

. 

 

Effectors 

Like sensors, effectors of cell death are also disabled in cancer cells. Common strategies 

include upregulation of the anti-apoptotic proteins BCL2
118

 and BCL-XL
111

, and silencing of 
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apoptosome components such as APAF-1
112

. High flux through the PI3K/AKT/PKB pathway 

also participates in apoptosis avoidance by phosphorylating and inactivating pro-apoptotic 

factors like BAD and caspase 9, while simultaneously promoting higher levels of MDM2
119,120

. 

 

Chemoresistance 

 

A second aspect of cell-death evasion relates to the chemo- and radio-resistance exhibited 

by many cancer cells. This is mediated through heightened expression of cellular antioxidant 

pathways, which overlap considerably with phase II (conjugation) and phase III (efflux) drug 

metabolism processes
121,122,123,124

. These programs increase the import of sulfur into the cell and 

promote its incorporation into low molecular weight antioxidants (e.g. glutathione), antioxidant 

proteins (e.g. glutathione peroxidases) and the enzymes of phase II drug metabolism (e.g. 

glutathione transferases)
125

. In concert, this cellular network utilizes the unique nucleophilic 

properties of sulfur (and selenium) to detoxify xenobiotics as well as endogenous toxic 

metabolites (e.g. ROS), conjugate them to glutathione and efflux them via ATP-binding cassette 

(ABC) transporters
126,127

. These actions serves to both decrease intracellular accumulation of 

xenobiotics within cancer cells and also protect cancer cells from high levels of endogenous ROS 

and electrophiles produced by mitogenic signaling and radiation
128

. 

A number of therapeutic strategies are being explored to deplete the sulfur-based 

defenses of cancer cells
127

. Most seek to deplete levels of reduced glutathione through direct 

drug-GSH interactions.  However, there 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 vulnerabilities
129,130

. 
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The transformed mesenchymal cell state 

 

Transition of epithelial cancer cells into a mesenchymal state via epithelial-to-

mesenchymal-transition (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 canonical mitogenic pathways perturbed by current 

targeted therapies
126,131,132

.  

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. gastrulation, 

tubulogenesis)
133

. It is characterized by the exchange of epithelial cell polarity for spindle-shaped 

morphology, loss of cell-cell adhesion, increased motility and  heightened invasive potential ï all 

attributes that one would imagine as being useful to a cancer cell attempting to leave a tumor in 

order to initiate metastasis
134

. Indeed, epithelial cancer cells are known to undergo EMT as a 

mechanism of acquiring the repertoire of traits necessary to initiate and execute the metastatic 

cascade
132,133,135ï138

. 

EMT has also been linked with decreased susceptibility to cell death
131,132,139ï141

. This is 

perhaps not surprising, given that metastatic cells must face harsh conditions including 

detachment from ECM, high oxygen concentration, exposure to xenobiotics, immune 

surveillance, and unfamiliar microenvironments during the journey to successfully establish a 

metastasis at a distant locale (ñcancer stem cellò phenotype)
132

. The mechanisms underlying this 

resistance to cell death involve both apoptosis dysregulation and chemoresistance.  

 EMT transcription factors have been demonstrated to actively inhibit cell death 

programs
134

. The overexpression of SNAIL in Caenorhabditis elegans blocks programmed cell 

death of certain neurons
142

, while its overexpression in mammalian cells can protect them from 
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death due to growth factor withdrawal and exposure to cell-death inducing cytokines
143

. SLUG is 

known to upregulate levels of the anti-apoptotic proteins BCL2 and Bcl-XL and antagonize 

transcriptional upregulation of PUMA by P53
144

. Meanwhile TWIST can perturbs p53 biology 

by inhibiting ARF
145

. 

 EMT also leads to upregulation of chemoresistance genes including SLC7A11, a 

regulator of cellular cysteine levels and binding partner of the cancer stem cell marker CD44
146

, 

and ALDH-class enzymes, which detoxify reactive aldehydes and are also a marker of cancer 

stem cells
126

. Finally, cells that have undergone EMT exhibit slowed cell-cycle progression 

making them preferentially less sensitive to the cytotoxic effects of chemotherapeutic agents that 

target rapidly proliferating cells
134,138,147

.  

More recently, EMT has emerged as an important mechanism of both acquired and de 

novo resistance to targeted therapies. For example, non-small cell lung cancer cells harboring a 

drug sensitizing mutation in EGFR can become resistant to EGFR inhibitors by undergoing 

EMT, without developing a resistance mutation in EGFR itself
131,148,149

. This capacity of EMT is 

not unique to the context of EGFR inhibitors and has been shown to play a role in the resistance 

of melanoma cells to BRAF inhibitors
105,150

, and the resistance of breast cancer cells to PI3K 

inhibition
141,151

. Dysregulation of apoptotic pathways and chemoresistance may play a role in 

this phenomenon. However, it appears more likely that epithelial cells that have undergone EMT 

lose dependence on canonical epithelial pathways perturbed by targeted agents by becoming 

reliant on alternative poorly-understood mitogenic and survival pathways
131,132,148

. 

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 mesenchymal state cancer cells
149,150,152

. Likewise, the mesenchymal 
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signature of treatment-naive tumors has been shown to correspond with worse clinical 

outcome
131,140,149,153

. 

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 mesenchymal tissue
154

. Like 

epithelial cells that have undergone EMT, mesenchymal cancers (sarcomas) are highly 

aggressive and metastatic, resistant to typical targeted agents, and are generally chemo and radio-

resistant
155,156

. Thus, insights into vulnerabilities of the mesenchymal cancer cell state -  such as 

those described in this thesis - that can be exploited to induce cancer cells in a mesenchymal 

state to undergo cell death promise to lay the foundation for novel therapeutic approaches for 

targeting epithelial cancer cells that have undergone EMT, as well as mesenchymal-derived 

cancers. 
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CHAPTER II . Omic predictors of cancer-cell response to FINs 

 

Introduction  

Four FINs (highlighted in red in Fig. 1.1) were included in the Cancer Target Discovery 

and Development (CTD
2
) small-molecule sensitivity profiling effort at the Broad Institute in 

Cambridge, MA. These compounds were among a set of 486 compounds screened in 16-point 

dose across up to 860 cancer cell lines. The data generated from this screen are from here on 

referred to as the Cancer Therapeutics Response Portal Version 2 (CTRPv2; 

http://www.broadinstitute.org/ctrp/CTRPv2)
107

. Cancer cell lines included within CTRPv2 

represented 14 cancer lineages and were annotated with exome-wide gene-expression and 

genomic alteration data (http://www.broadinstitute.org/ccle/). Proteomic, metabolomic and gene-

dependency data were also available for a subset of cell lines (Table 2.1).  

Treatment of raw screening data began with log-transformation of numerical values, 

followed by averaging of technical replicates and normalization to within-plate DMSO (vehicle) 

wells
98,107

. Curves were fit to DMSO-normalized data using cubic splines as previously 

described, and an óarea-under-concentration-response-curveô (AUC) was computed for each 

compound-cell-line combination. AUC values range from zero to 16, with lower AUCs 

reflecting greater cell-line response to compound and higher AUCs reflecting 

unresponsiveness
107

.  

Correlation of omic features with continuous values (gene expression, protein level, 

metabolites abundance, gene-dependency) with AUCs was performed using Pearson 

correlations. Correlation coefficients derived by this method were z-scored (6000 permutations 

of cell-line labels) to account for differences in the size and shape of data between analyses. Z-

scored correlation coefficients between compound AUCs and each element of an omic data set  
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Table 2.1. Summary of cancer cell line omic-characterization data. Omic characterization 

data types available for cell lines screened as part of CTRPv2 are described. 

  

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 solultions for shRNA data; 9063 genes 139
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can be summarized in a box-and-whisker plot; a percentage of elements most strongly correlated 

with AUC values - óoutlier correlatesô - are expanded in the whiskers of the plot and can often 

shed light on mechanisms underlying cell-line response to the small molecule of interest. Binary 

(e.g. genomic alteration) and categorical (e.g. lineage) cellular features were analyzed for 

association with cell-line response using enrichment methods that rely upon Fisherôs exact test 

for significance testing. Hierarchical clustering of the CTRPv2 AUC-similarity matrix was 

performed using complete linkage based on distances between compounds defined by the 

strength of Pearson correlation between their patterns of AUCs
107

. 

 

Results 

 

Performance of ferroptosis inducers within CTRPv2 

Scatterplots plotting cell-line responses to each of the FINs included in CTRPv2 (erastin, 

RSL3, ML210 and ML162) across 860 cell lines reveal the four FINs to share considerable 

similarity in their patterns of activity (Fig. 2.1a). RSL3 and ML162 are nearly indistinguishable 

from one another and share high similarity with ML210. Erastinôs activity, while less potent than 

other FINs and exhibiting some unique patterns, generally trends with the activity of other FINs. 

These relationships between FINs are reinforced in a hierarchical clustering of the CTRPv2 

AUC-similarity matrix (Fig. 2.1b), which aims to identify compounds having similar patterns of 

sensitivity across the full data set. The dense clustering of FINs within this matrix indicates that 

they share greater similarity amongst one another than with any of the other 482 compounds 

profiled within CTRPv2. The pattern of sub-clustering, with RSL3, ML210 and ML162 forming 

a high-similarity sub-node within the FIN cluster, suggests that these three compounds likely 

share a mechanism of action that is closely related to, but distinct from that of erastin (Fig. 2.1b).  
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Figure 2.1. FINs share similar patterns of activity across CTRPv2. a, Scatterplots of FIN 

AUCs from CTRPv2. b, FIN-containing cluster within hierarchical clustering of CTRPv2 

similarity matrix. Red matrix elements represent high correlation in the patterns of cell-line 

sensitivity between a given pair of compounds; blue matrix elements represent high anti-

correlation between patterns of cell-line sensitivity. 
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The prevalence of low AUC values in response to FINs indicates that susceptibility to 

ferroptosis is widespread across established cancer cell lines. This is in contrast to other inducers 

of cell death whose cell-killing effects are more narrow (Fig. 2.2a). However, unlike cytotoxic 

agents that are uniformly lethal (Fig. 2), FINs also exhibit a uniquely broad dynamic range of 

effects. This feature of FINs suggests that ferroptosis sensitivity is a regulated phenotype with 

high dependence on cellular context and supports previous reports that have described ferroptosis 

as being uniquely ómodulatableô compared to other forms of oxidative cell death
94,129,157

. 

 

Lineage effects  

Lineage-wise survey of sensitivity to FINs using an absolute AUC cut-off
98

 of 7 (Fig. 

2.3a) reveals cancer cell lines derived from hematopoietic and lymphoid, CNS, autonomic 

ganglia, ovary, soft tissue, kidney, and bone tissue to be the most sensitive. Cell lines derived 

from the oesophagus, upper respiratory tract, stomach, pancreas, breast, skin and large intestine 

are generally insensitive. When broken down by histology, cancer cell lines of non-epithelial 

origin (non-carcinomas) are strikingly more sensitive to FINs than cancer cell lines of epithelial 

origin (carcinomas) (Fig. 2.3a).  

The use of absolute AUC cutoffs to evaluate lineage-targeting effects of compounds can 

be confounded by non-specific differences between lineages in their sensitivities to compound 

treatment
98,107

. For example, cancer cell lines of the hematopoietic and lymphoid lineage have 

concentration-response curves that are typically shifted toward sensitivity by one or more dose 

point when compared with concentration-response curves for the same compound across other  
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Figure 2.2. Comparison of FIN-activity profiles with those of other lethal compounds. a, 

Histograms of ML210 (a FIN) and JQ-1 AUCs. Cancer cell-line sensitivity to JQ-1 is much more 

limited than cancer cell-line sensitivity to ML210. b, Histogram of doxorubicin AUCs, which 

show a relatively narrow distribution compared to ML210 AUCs. 
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Figure 2.3. Survey of FIN sensitivity by lineage and histology. a, Summary of FIN sensitivity 

by lineage and histology, using an absolute AUC cut-off of 7 for sensitivity. b, Relative activity 

of individual compounds (grey and colored dots) by lineage. Compounds falling below the 

dotted line are preferentially active in the given lineage, while those falling above the dotted line 

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

for emphasis. 
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lineages
98

. This problem can be overcome by normalizing lineage-specific differences across a 

large panel of compounds ï in this case, all compounds included in CTRPv2. For a given lineage 

(designated a class), a 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 then subtracted from the within-class median AUC, to yield a delta-median AUC 

value. Plotting the delta-median AUC for each compound within a given lineage (rank ordered 

by delta-median AUC) can reveal bone fide lineage-targeting effects of compounds and correct 

for non-specific associations arising from general lineage-driven trends in compound sensitivity. 

The application of this method to FINs (Fig. 2.3b) reveals that cancer cell lines derived 

from bone, soft tissue, kidney, and ovarian lineages are not only among the most FIN-sensitive 

cell lines within CTRPv2, but are also uniquely targeted by these compounds. CNS-derived 

cancer cell lines, while exhibiting only average sensitivity to FINs, are relatively much more 

sensitive to these compounds than to any other compounds within CTRPv2. At the other end of 

the spectrum, cancer cell lines derived from the oesophagus or bladder are uniquely insensitive 

to FINs, with FINs having the least relative efficacy among all CTRPv2 compounds in these 

lineages.  

The frequency with which ferroptosis inducers are among the tail out of outlier 

compounds with lineage-specific effects is a further illustration of the previously noted 

modulatability and dynamic range of cell line responses to FINs
94,129

. Moreover, the remarkable 

stratification of FIN sensitivity by lineage and histological parameters suggests that lineage- and 

histology-related biological factors may be key regulators of FIN sensitivity.  

To identify molecular features underlying sensitivity to FINs, I performed a range of 

analyses correlating cell-line response to FINs with cell-line omic features.  
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Single-transcript correlation 

Correlation of gene expression data with cell line sensitivity to FINs revealed the levels 

of several transcripts to be strongly correlated with cell line response to FINs (Fig. 2.4). mRNA 

levels of SLC7A11, a component of the glutamate-cystine antiporter system xc
-
 and the target of 

erastin
55,57

, is a shared outlier correlate of resistance to FINs as well as other inducers of ROS 

and electrophilic stress. Several other redox stress-responsive genes are similarly enriched 

among transcripts most correlated with resistance to ferroptosis inducers (Fig. 2.4). These 

include LOC344887, a poorly-characterized pseudogene that is significantly co-expressed with 

SLC7A11, gamma-glutamyl cysteine ligase (GCLC), the target of the glutathione depleting 

agent buthionine-sulfoximine (BSO), glutathione reductase (GSR), GPX2, NQO1, OSGIN1, 

GST and a single cytochrome P450 isoform CYP4F11. The mitochondrial apoptosis inducing 

factor, AIFM2, is the single most correlated transcript with resistance to the RSL3-subclass of 

FINs, and shows greater correlation to these compounds than to erastin or other ROS inducers 

(Fig. 2.4).  

Transcripts correlated with high sensitivity to FINs are notable for strong enrichment of 

genes encoding zinc finger (ZNF)-containing proteins (Fig. 2.4). ZNF-coding transcripts are 10-

fold over-represented  among the top ~100 genes correlated with sensitivity to FINs, while a 

quarter of all ZNF-coding transcripts fall within the top 4.8% of genes correlated with sensitivity 

FINs. Also of interest among genes correlated with high FIN-sensitivity are several canonical 

mesenchymal genes including fibronectin, vimentin, ZEB-1 and lysl oxidase-like 1 (LOXL1) 

(Fig. 2.4). 
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Figure 2.4.  Single-transcript correlates of cell-line response to FINs. Box-and-whisker plot 

of z-scored Pearson correlation coefficients, showing 1
st
 and 99

th
 percentile outlier transcripts 



38 
 

(black and colored dots) whose levels are correlated with cell line sensitivity to FINs. A subset of 

significant correlations is expanded in the table. Non-adherent cancer cell lines were excluded 

from this analysis. 
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Geneïsignature correlation 

Correlating AUCs with gene signatures, rather than single transcripts, can reveal coherent 

biological themes among gene correlates that are not readily apparent from lists of individual 

transcripts
105

. ssGSEA is a methodology which estimates the degree of coordinate up- or down-

regulation of members of a given gene set within a transcriptionally profiled sample and thereby 

allows a gene-signature expression score to be calculated for individual cell lines based on their 

gene-expression profiles
105,158

. Correlation of these scores with compound AUCs can identify 

gene signatures that point to broader biological programs associated with cell-line response to 

specific compounds. The results of this analysis with FIN AUCs (Fig 2.5) reinforce the themes 

of xenobiotic and ROS-responsive metabolism, epithelial versus mesenchymal origin and 

cellular metastatic potential, and resistance to cisplatin, doxorubicin and apoptosis-inducers as 

determinants of FIN sensitivity.  

 

Associations with genomic alterations, protein and metabolites 

Significant association between cell-line responses to FINs and genomic alterations, 

baseline protein levels and baseline metabolite levels are summarized in Figs. 2.6, 2.7, 2.8, 

respectively, and Appendix I. Specific findings of interest are discussed in further detail within 

the discussion section. 
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Figure 2.5.  Gene-signature correlates of cell-line response to FINs. Gene signatures from the 

Broad Instituteôs Molecular Signatures Database (MSigDB) (signature names shown in 

capitalized text along the left-hand side of the figure) whose baseline expression in cell lines 

were found to correlate most strongly with cell-line response to FINs are shown. All correlations 

meet a minimum p-value cut-off of 0.05 after correction for multiple hypothesis testing. Within 

heatmaps, blue corresponds to low numbers (both AUCs and gene-signature expression) while 

red corresponds to high numbers. Non-adherent cancer cell lines were excluded from this 

analysis.  
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Figure 2.6.  Genomic alterations associated with cell-line response to FINs. Genomic 

alterations (both mutations and copy number variations) that were found to be most strongly 

associated with cell-line response to FINs within the indicated lineages are shown. Colored 

heatmaps show individual cell lines (striations) belonging to the indicated lineage, rank ordered 

by sensitivity to FINs. Lower FIN AUCs (blue) correspond to cell-line sensitivity, while 

increasing FIN AUCs (red) correspond to cell-line resistance. Dark gray bars below colored 

heatmaps indicate discrete cell lines harboring the genomic alteration indicated to the left. All 

enrichments meet a p-value cut-off of 0.05 after correction for multiple hypothesis testing.   
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Figure 2.7.  Protein correlates of cell-line response to FINs. a, Box-and-whisker plot of z-

scored Pearson correlation coefficients, showing 10
th
 and 90

th
 percentile outlier proteins (black 

and colored dots) whose levels are correlated with cell line sensitivity to FINs. A subset of 

significant correlations is expanded in the table. b, Relationship between levels of the indicated 

phosphoproteins and cancer cell-line sensitivity to FINs within the ovarian lineage. Within 

heatmaps, blue corresponds to low numbers (both AUCs and protein abundance) while red 

corresponds to high numbers. 
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Figure 2.8.  Metabolite correlates of cell-line response to FINs. Box-and-whisker plot of z-

scored Pearson correlation coefficients, showing 2.5
th
 and 97.5

th
 percentile outlier metabolites 

(black and colored dots) whose levels effects are correlated with cell line sensitivity to FINs. A 

subset of significant correlations is expanded in the table. Non-adherent cancer cell lines were 

excluded from this analysis. 
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Gene dependency correlates 

The final feature type correlated with compound sensitivity was gene-dependency scores 

(cell-line sensitivity to shRNAs)
100

, to identify shRNA perturbations that act similarly to FINs. 

The results of this analysis (Fig. 2.9) show that cell-line sensitivity to RSL3 correlates most 

strongly with knockdown of GPX4, known to be the relevant cellular target of GPX4. This 

correlation is shared by other RSL3-class FINs, but is weaker in the case of erastin. Other 

correlations of the RSL3-class FINs include dependency on ARSE, which is also strongly 

correlated with erastin sensitivity, and dependencies on several ZNF-containing genes and 

BCL2, which are unique to RSL3-class FINs. Erastin sensitivity correlates most strongly with 

knockdown of both FOXO3 and FOXO3b, and to a lesser degree with knockdown of several 

solute carriers (SLCs). Of note, knockdown of SLC7A11, the target of erastin
55

, does not 

phenocopy erastin across this panel of 139 cell lines. 

 

Discussion 

Several biological themes emerge from the results of correlation analysis between 

cellular features of cancer cell lines and their sensitivity to FINs. 

 

Epithelial versus mesenchymal origin 

The most striking among these is the influence of epithelial versus mesenchymal origin 

on ferroptosis sensitivity. This association first becomes apparent from the breakdown of FIN 

sensitivity by lineage and histological parameters, where non-epithelial tumors (non-carcinomas) 

and specifically tumors derived of mesenchymal origin (sarcomas) are uniquely sensitive to FINs 

(Fig. 2.3-2.4). The ovarian and renal cancer lineages are seeming exceptions in this regard. 

Cancer cell lines derived of these lineages exhibit significant sensitivity to FINs despite their  
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Figure 2.9.  Gene-dependency correlates of cell-line response to FINs. Cell-line sensitivity to 

FINs was correlated with cell-line gene-dependency scores (cell-line sensitivity to shRNAs 

knocking down each of 9063 genes), to identify shRNA perturbations that act similarly to FINs. 

Box-and-whisker plots show z-scored Pearson correlation coefficients, with 1
st
 and 99

th
 

percentile outlier shRNA composites (black and colored dots) whose patterns of cell killing are 

correlated with cell line sensitivity to FINs. A subset of significant correlations is expanded in 
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the table. Non-adherent cancer cell lines were excluded from this analysis.  shRNA data were 

obtained from the Project Achilles portal at http://www.broadinstitute.org/achilles. 

  

http://www.broadinstitute.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 epithelial-derived tumors of these lineages
159

. 

The connections between developmental original and cell-line response to FINs are 

further reinforced by omic correlation results. Ferroptosis resistance is associated with high 

expression of epithelial homeostatic gene signatures (Fig. 2.5) and high protein levels of the 

epithelial markers E-cadherin and claudin7 (Fig. 2.7). FIN-resistant cell lines are more likely 

than FIN-sensitive counterparts to harbor genomic alterations in canonical epithelial receptor 

tyrosine kinases including ERBB2 amplification and EGFR mutation (Fig. 2.6)
160ï162

. The 

generally high activation of the corresponding pathways in FIN-resistant cell lines is further 

reflected in the higher levels of phosphoMEK, phospho-MAPK and phospho-EGFR in these 

cells (Fig. 2.7)
161

. 

FIN-sensitive cell lines, in contrast, exhibit lower activity of the MAPK pathway evinced 

by lower levels of phosphoMEK and phosphMAPK and higher protein levels of MIG6, a 

negative regulator of EGFR-family members (Fig. 2.7)
163

. Instead, these cells are more likely to 

have activating mutations in alternate RKTs such as FGFR4 (Fig. 2.6)
148

. FIN-sensitive cell lines 

are also characterized by high abundance of mesenchymal markers at both the mRNA 

(fibronectin, vimentin and ZEB-1) (Fig. 2.4) and protein (snail) levels (Fig. 2.7) 

Mutant RAS has a historical relationship with ferroptosis, which was initially identified 

in engineered cells overexpressing oncogenic RAS
58

. Within CTRPv2 cell lines, RAS mutations 

typically occur in epithelial lineages and therefore are associated with ferroptosis insensitivity. 

The ovarian lineage is an exception, where mutant RAS has a statistically significant association 

with sensitivity to FINs (Fig. 2.6).  



48 
 

 

Molecular modulators of ferroptosis 

Beyond lineage and histological correlations, the results of omic association also yield 

insights into ferroptosis machinery and the mechanisms of action of FINs. 

 

Redox regulators 

The known ROS-inducing property of FINs
55,56

 is immediately apparent from unbiased 

omic correlations by the ability of oxidative- and electrophilic-stress response programs to confer 

resistance FINs.  These cellular features include high expression of enzymes involved in 

xenobiotic response and antioxidant metabolism (Fig. 2.4-2.5), and the high abundance of free-

thiol containing metabolites that can be sacrificially alkylated to detoxify ROS (Fig. 2.8). 

Genomic alterations that increase susceptibility to cellular electrophilic damage also correlate 

with heightened sensitivity to ferroptosis inducers. These include mutations in DNA-damage 

response pathway members BRCA, MSH6 and WRN, and copy number loss of FTO which is 

important for sulfite metabolism (Fig. 2.6).  

The NRF2-KEAP1 pathway is a central axis of redox regulation circuitry
164

. Under 

normal redox homeostasis, KEAP1 acts as a negative regulator of NRF2. Upon conjugation of 

electrophiles (e.g. ROS) to redox-sensing free thiols on KEAP1, NRF2 is liberated from KEAP1 

and translocates to the nucleus where it drives antioxidant gene-expression programs
164

. Not 

surprisingly, mutations in KEAP1, which lead to constitutive transcriptional activity of NRF2 are 

associated with resistance to FINs (Fig. 2.6). Cellular hypoxic responses, which also result in 

high expression of antioxidant and xenobiotic response programs, are regulated by VHL and 

HIF1 in a manner analogous to NRF2-KEAP1
165

.  Like mutations in KEAP1, mutations in VHL 

that drive constitutive activation of hypoxic response correlate with resistance to ferroptosis 
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inducers (Fig. 2.6). This renders cell lines derived from Wilmsô tumors, where VHL loss is a 

germline event
166

, among the least FIN-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 stress by promoting 

Fenton reactions and are uniquely required for ferroptosis as reflected in its name
55,58

. While 

gene-expression signatures related to iron homeostasis are not generally correlated with cell-line 

response to FINs, mRNA expression of ferritin heavy chain (FTH1) and pirin (PIR), a nuclear 

iron-binding protein, do demonstrate relatively strong correlation with resistance (Fig. 2.4, 

Appendix I). FTH1 is a master regulator of iron homeostasis that sequesters iron in a non-toxic 

state; knockout of FTH1 has been shown to increase labile pools and cellular susceptibility to 

oxidative stress
167

. It is likely that high levels of FTH1 and PIR decrease sensitivity to ferroptosis 

through similar mechanisms involving sequestration of iron. Meanwhile the significant and 

unusual association between sensitivity to FINs and the expression of mRNA transcripts coding 

for zinc-containing proteins raises the question of whether changes in cellular abundance of zinc, 

related directly or indirectly to expression of zinc-containing proteins, might contribute 

chemically to cellular redox imbalances occurring as part of ferroptosis (Fig. 2.4c).  

 

Mechanism of action 

Beyond general connections to cellular redox regulation, omic associations also reveal 

specific insights into the mechanisms of action of FINs. Most notable in this regard is the 

suggestion of GPX4 as the target of RSL3-class FINs from gene-dependency correlations (Fig. 

2.9). GPX4 was recently identified as the relevant target of RSL3 through chemoproteomic 

efforts
56

. The gene-dependency data from CTRPv2 strongly support this chemoproteomic 
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finding. Moreover, they suggest that ML162 and ML210 likely also target GPX4, and reveal 

these three compounds to have surprisingly clean and specific effects across a panel of 139 cell 

lines despite acting via covalent and potentially promiscuous mechanism of action. The strong 

correlation between cell-line response to FINs and sensitivity to knockdown of arylsulfatase E 

(ARSE) may indicate that ARSE is a conserved component of ferroptosis machinery, or may be 

due to a mesenchymal-targeting property shared by FINs and ARSE
168

 (Fig. 2.9). 

Gene-dependency correlation with erastin AUCs reveals a strong link between FOXO3 

dependency and erastin sensitivity (Fig. 2.9). FOXO3 is known to be critical for cellular survival 

in the context of oxidative stress, particularly in stem-like cells
169

. Moreover, defects due to 

FOXO3 loss in vivo can be rescued by supplementation with cysteine (in the form of NAC)
170

 

whose endogenous cellular levels are regulated by SLC7A11 and perturbed by erastin
55

. High 

protein levels of FOXO3 are correlated with resistance to erastin, while levels of the inactive 

phosphorylated form of FOXO3
170

 are correlated with sensitivity (Appendix I). 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 gene-dependency data does not 

identify erastinôs known target, SLC7A11, as a strong correlate. This is most likely because 

protein knockdown of SLC7A11 has cytotoxic effects beyond loss of the antiporter function 

inhibited by erastin. However, higher mRNA expression of SLC7A11 confers resistance to FINs 

(Fig. 2.4) and copy number loss of SLC7A11 is a sensitizing genomic alteration (Fig. 2.6), 

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 inhibition
73

, but their involvement in ferroptosis remains controversial due 

to ambiguous data (personal correspondence with Dr. Wan Yang). My results reveal a strong 

association between high AIFM2 mRNA expression and resistance to FINs (Fig. 2.4). The 

directionality of this correlation contradicts previous reports claiming AIFM expression to be 

necessary for GPX4-mediated cell death
73

, and instead suggests that the oxido-reductase activity 

of AIFMs may modulate cell response to ferroptosis through redox functions. Lipoxygenases 

have been similarly proposed to be necessary for ferroptosis as the source of lipid peroxidation 

downstream of GSH depletion and GPX4 inhibition
73,75

. Gene expression of lipoxygenase 

isoforms across 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 mono- and poly-unsaturated fatty acids in FIN-sensitive cell lines may 

confer these cells with a greater propensity to undergo both enzymatic and non-enzymatic lipid 

peroxidation upon initiation of ferroptosis
67

 (Fig. 2.8). 

 

Relationship to apoptosis 

Non-apoptotic forms of cell death, like ferroptosis, have been proposed as means to kill 

cancer cells that have become resistant to undergoing apoptosis
8
. Several lines of data from my 

omic-association studies lend support to this idea. The most compelling among these is the 

strong correlation between high protein levels of the anti-apoptotic protein BCL2 and sensitivity 

to FINs (Fig. 2.7). The second is the correlation between cell -line sensitivity to FINs, cell-line 

sensitivity to knockdown of BCL2 (Fig. 2.9), and cell-line expression of a gene signature 

predicting sensitivity to navitoclax
171

 (Fig. 2.5), a compound that inhibits anti-apoptotic proteins 

to restore apoptosis in apoptosis-resistant cells.  Many chemotherapeutic agents are thought to 
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kill cancer cell by triggering apoptosis
131,132

. The correlation between sensitivity to FINs and 

gene signatures of resistance to doxorubicin and cisplatin (Fig. 2.5) 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 undergo apoptosis.  

 

Activation of PI3K-AKT-mTOR pathway 

A final theme emerging from omic analyses relates to activation of metabolic programs 

converging on the PI3K-AKT-mTOR pathway. The primary evidence for this comes from 

proteomic data where high levels of multiple 4E-BP1 phospho isoforms, reporters of mTOR 

activity
172

, are the most strongly correlated protein-level biomarkers of sensitivity to FINs (Fig. 

2.7). Several additional components of the PI3K-AKT-mTOR pathway are also associated with 

cell-line responses to FINs. These includes the positive correlation between sensitivity to FINs 

and high protein levels of p70S6K, PDK1 and IRS1, all involved in transducing PI3K-AKT-

mTOR signals
172

, and the negative correlation between sensitivity to FINs and high protein 

levels of INPP4B and PTEN, both negative regulators of the pathway
172

 (Fig. 2.7, Appendix I).  

This striking and robust preferential activation of the PI3K-AKT-mTOR pathway in FIN-

sensitive cells also lends coherence to many of the previous observations derived from omic 

correlation analyses. FOXO3, shown to be negatively associated with FIN sensitivity is a target 

for inactivation by AKT
173

. AKT is also known to inhibit expression of pro-apoptotic proteins 

and effectors, rendering cells resistant to apoptotic stimuli
173

. Through its coordinate actions on 

FOXO3 and apoptotic regulators, AKT may be actively shifting the balance of cell death 

susceptibility from apoptotic cell death to oxidative forms of cell death -- potentially ferroptosis 

in particular. 
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PI3K-AKT-mTOR pathway activation may also represent a preferred mechanism of 

mesenchymal cells for engaging survival and mitogenic pathways while bypassing canonical 

epithelial signaling cascades
141

. This model has been proposed to explain the intrinsic resistance 

of many cancer cells in a mesenchymal cell state to agents targeting EGFR-family RTKs and 

downstream components of the MAPK pathway
141,174

. Within the context of CTRPv2 data, this 

model of cell-type-dependent cellular circuitry reconciles the mesenchymal lineage-specific 

sensitivity to FINs with molecular correlates of FIN sensitivity. 

 

Materials and methods 

 

Compound treatment 

All viability experiments were performed in 1536-well format using opaque white plates 

(Corning). 24 hours after seeding at optimized densities, cells were exposed to compounds for 72 

hours. Cellular ATP levels (as a surrogate for viability) were measured using CellTiter-Glo 

(Promega). FINs were tested in 16-point 2-fold dose series with top doses as follow: erastin 

(66.67ɛM), RSL3 (33.33ɛM), ML162 (33.33ɛM), ML210 (33.33ɛM). 

 

Omic data sets 

Gene-expression data (RMA-processed, quantile normalized), Oncomap mutation data 

(processed using Oncomap 3.0), Hybrid capture sequencing mutation data and DNA copy 

number data were obtained from the CCLE portal at http://www.broadinstitute.org/ccle. shRNA 

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

http://www.broadinstitute.org/achilles. Unpublished RPPA proteomic data was produced by the 

laboratory of Gordon Mills (MD Anderson) and made available by CCLE. Unpublished 

http://www.broadinstitute.org/ccle
http://www.broadinstitute.org/achilles
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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 cell-line sensitivity to compound treatment
107

, were correlated with 

cellular features. The number of cell lines used in individual correlation analyses, as well as 

specific cell-line exclusions (e.g. exclusion of hematopoietic cell lines) are noted in the main text 

and figure legends. Correlation data are plotted as z-scores computed from permutation tests 

(6000 permutations of cell-line labels) to account for individual compounds having been exposed 

to different numbers of cell lines. Box-and-whisker plots and scatter plots were produced in 

GraphPad Prism.  

 

Category-specific sensitivity determination 

For each class assignment (e.g. bone lineage), the number of cell lines with an AUC below 7 

(ósensitiveô) and the number of cell lines with an AUC equal to or above 7 (óinsensitiveô) were 

tabulated. Fisherôs exact test was used to assess whether the distribution of AUCs within the 

given class assignment varied significantly from the distribution of all other pooled cell lines. 

Generally, classes that contained greater than 76% sensitive cells cell lines met a p-value cut-off 

of 0.05. 

  

Category-specific delta-median 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 compound across all cell 

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

a delta-median AUC value. Suspension cell lines were excluded from this analysis. Significance 
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testing was applied using a Studentôs t-test assuming unequal variance. Tests to evaluate 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 hypothesis-test correction. 

Compounds within each class are plotted in rank order of their delta-median AUC (smallest to 

largest). Compounds that meet a p-value cut-off of 0.05 after correction for multiple hypothesis 

testing are plotted as larger dots than those compounds not meeting the 0.05 p-value cut-off. 

 

Clustering analysis 

Pairwise distances between compounds were computed using Pearson correlation distances 

normalized by Fisher's z-transformation to account for pairs of compounds exposed to different 

numbers of cell lines in common
107,175

. Normalized correlation z-scores were further transformed 

using a monotonic double-sigmoid function to emphasize variation in the most relevant part of 

the resulting dendrograms
107,175

. Suspension cell lines were excluded from the clustering 

application
107

. 
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CHAPTER III
*
. Transformed mesenchymal state induces sensitivity to FINs 

*
At the time of submission of this dissertation, the work presented in this chapter has been 

prepared as a manuscript and submitted to Nature: 
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Advances in identifying and targeting cancer genotype- and lineage-associated 

dependencies have yielded remarkable although not always long-lasting clinical 

responses
176

. The plasticity of cancer cell states is gaining recognition as an important 

engine of tumor phenotypic heterogeneity, giving rise to distinct subpopulations of cells 

that can contribute to drug resistance, relapse, and disease progression
177

. Notably, 

acquisition of a mesenchymal cell state by epithelial cancer cells (epithelial-to-mesenchymal 

transition; EMT) has been proposed to underlie metastatic dissemination, cancer stem cell 

(CSC) phenotypes, and resistance to targeted therapies
131,136

. Therapeutically exploitable 

vulnerabilities among the subset of cancer cells that have undergone EMT remain largely 

unknown, with current efforts predominantly focused on targeting regulators of the 

transition . A related challenge is posed by cancers derived from mesenchymal tissues, 

which suffer a similar dearth of rational therapeutic targets
154

. Here, we describe for the 

first time the vulnerability of cancer cells in a 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 EMT, as well as cancer cells of mesenchymal 

origin. Importantly, GPX4 inhibitors affect a substantial proportion of  mesenchymal 

cancer cells at lower concentrations than non-transformed mesenchymal cells, pointing to a 

potential therapeutic window for futur e treatments derived from these insights. Our results 

identify the GPX4 pathway as a novel selective dependency of the transformed 

mesenchymal cell state, and more broadly establish a framework for identifying cancer cell 

state-associated vulnerabilities that complements current approaches targeting genotype- 

and lineage-associated vulnerabilities
176

. 
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We hypothesized that mining cancer cell-line sensitivity data for compounds whose 

cytotoxic effects correlate with a gene-expression signature of mesenchymal cell state would 

illuminate mesenchymal cell state-selective vulnerabilities. To explore this approach, we 

computed a mesenchymal score for 470 epithelial-derived cancer cell lines (carcinomas) used to 

generate sensitivity measurements in the Cancer Therapeutics Response Portal Version 2 

(CTRPv2 at www.broadinstitute.org/ctrp; gene expression data obtained from the CCLE portal at 

www.broadinstitute.org/ccle)
107

 (Supplementary Table 1), by performing single-sample gene set 

enrichment analysis (ssGSEA)
158

 using a published gene-expression signature of epithelial-to-

mesenchymal transition (EMT)
178

. Correlating these cell line mesenchymal scores with an area-

under-the-curve (AUC) metric of cell-line sensitivity (from 16 concentrations measured in 

duplicate) to each of 481 compounds yielded a range of compound sensitivity-mesenchymal 

score correlation coefficients (Fig. 3.1a, Appendix II). Similar results were obtained using two 

other published EMT gene-expression signatures (Extended Data Fig. 3.1, Appendix II)
139,140

. 

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 computational approach (Fig. 3.1a). Also, 

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

induced to undergo EMT
179

, correlated with mesenchymal cell-state sensitivity, further 

validating this strategy (Appendix II).  

Two distinct classes of compounds were the most strongly correlated with selective 

killing of epithelial cancer-derived cell lines with high mesenchymal state gene-expression 

scores (Fig. 3.1a). The first class comprises RSL3
56

, ML210 and ML162
180

,
 
compounds known 

to induce ferroptosis
55

, a non-apoptotic, oxidative form of regulated cell death (Fig. 3.1b). The 

http://www.broadinstitute.org/ctrp
http://www.broadinstitute.org/ccle
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second class comprises the 3-hydroxy-3-methyl-glutaryl-CoA reductase (HMGCR) inhibitors 

fluvastatin, lovastatin acid, and simvastatin (Fig 1b). We refer to these six compounds 

collectively as mesenchymal state-targeting compounds.  

The correlation of low protein levels of E-cadherin, a canonical epithelial-state marker, 

and high protein levels of vimentin, a marker of the mesenchymal state,  with cell-line sensitivity 

to mesenchymal state-targeting compounds across a panel of eight pancreatic and gastric cancer 

cell lines provided further validation of the mesenchymal state-targeting effects of these 

compounds (Fig. 3.1c, Extended Data Fig. 3.2).  Among epithelial cancer-derived cell lines, the 

strength of correlation between mesenchymal score and sensitivity to mesenchymal state-

targeting compounds varied by lineage, with stronger correlations seen in a subset of 

gastrointestinal lineages (Extended Data Fig. 3.3). In addition to exhibiting selectivity for 

epithelial cancer-derived cell lines with high expression of mesenchymal state genes, the 

ferroptosis-inducing class of mesenchymal state-targeting compounds also preferentially killed 

cancer cell lines of mesenchymal origin (Fig. 3.1d). Of potential therapeutic importance, we 

observed a window of differential sensitivity between mesenchymal-derived cancer cells and 

non-transformed mesenchymal cells to treatment with ferroptosis-inducing, mesenchymal state-

targeting compounds (Extended Data Fig. 3.4). 

To assess the extensibility of our findings, we screened mesenchymal state-targeting 

compounds across multiple cell-line systems modeling epithelial versus mesenchymal cell state. 

MCF7 breast cancer cells engineered to express a tamoxifen-inducible estrogen receptor (ER) 

response element-fused form of the EMT transcription factor Snail-1
181

 became more sensitive to 

mesenchymal state-targeting compounds upon stimulation with 4-hydroxytamoxifen (Fig. 3.2a, 

Extended Data Fig. 3.5a). Likewise, HCC4006 non-small cell lung cancer (NSCLC) cells that 
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have undergone EMT as a mechanism of resistance to gefinitib
182

 were preferentially sensitive, 

compared with parental HCC4006 cells, to mesenchymal state-targeting compounds (Fig. 3.2b, 

Extended Data Fig. 3.5b). Finally, two patient-derived pancreatic cancer cell lines with differing 

sensitivity to the mesenchymal state- and epithelial state-targeting compounds ML210 and 

erlotinib, respectively (Fig. 3.2c), were prospectively found to have levels of epithelial and 

mesenchymal protein markers correlating in the predicted direction with their compound 

sensitivity profiles (Fig. 3.2d).   

To understand the cellular features underlying sensitivity to the ferroptosis-inducing 

subset of mesenchymal state-targeting compounds, we performed a range of analyses correlating 

individual cell-line features with compound sensitivity. To determine which features were 

specifically connected to mesenchymal-state sensitivity, we compared the correlates of the 

ferroptosis-inducing subset of mesenchymal state-targeting compounds with those of diverse 

electrophilic-stress inducers, such as piperlongumine, that show high similarity overall to 

ferroptosis inducers in their patterns of cell-line killing (Fig. 3.3a) but do not exhibit apparent 

mesenchymal state-targeting properties (Appendix II, Extended Data Fig. 3.5).  

Single-gene correlation analysis revealed mRNA expression of solute carrier family 7, 

member 11 (SLC7A11) to be a shared outlier correlate of resistance to both ferroptosis-inducing 

and other electrophilic stress-inducing compounds (Fig. 3.3b). As a component of the glutamate-

cystine antiporter xCT, SLC7A11 plays a critical role in regulating cellular levels of the 

glutathione precursor cysteine, and is inhibited by erastin, a glutathione-depleting ferroptosis 

inducer
55,57

. The singular prominence of SLC7A11 expression in predicting cell-line 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 (Extended Data Fig. 

3.6).  

A clear distinction between mesenchymal state-targeting and other electrophilic stress 

inducers emerged from analyzing the correlation of cell-line compound sensitivity with cell-line 

sensitivity to gene knockdown (Fig. 3.3c). From this analysis, we found that cell-line sensitivity 

to knockdown of GPX4 was the top correlate of the ferroptosis-inducing subset of mesenchymal 

state-targeting compounds, and correlated with sensitivity to other electrophilic stress inducers in 

a manner proportional to the strength of their mesenchymal targeting property. This suggested 

that the distinguishing feature of mesenchymal state-correlated compounds may lie in their 

unique ability to inhibit GPX4, a hypothesis that was particularly attractive in light of the finding 

that GPX4 is the relevant direct target of RSL3
56

.  

GPX4, one of  25 selenocysteine-containing proteins encoded in the human genome
183

, 

uses glutathione as a cofactor to reduce allylic lipid hydroperoxides to their corresponding 

alcohols. Perturbation of GPX4 is known to trigger accumulation of lipid-derived ROS and 

subsequent ferroptotic cell death, which can be rescued by treatment with lipophilic 

antioxidants
56

. Using a lysate-based assay that reports on the ability of cellular GPX4 to reduce 

exogenous phosphatidylcholine hydroperoxide, we were able to confirm for RSL3, and 

demonstrate for the first time for ML20 and ML162, that these mesenchymal state-targeting 

compounds do indeed inhibit GPX4 activity (Extended Data Fig. 3.7). Further strengthening this 

functional connection, mesenchymal state-targeting electrophiles, compared with other 

electrophilic stress inducers, were uniquely suppressed by lipophilic antioxidants (Fig. 3.3d).  
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Statins, which are small-molecule inhibitors of HMGCR, are likely to mediate their 

selective killing of high mesenchymal state cancer cells (Fig. 3.1a) through their effects on 

selenoprotein homeostasis
184

. Selenoprotein biosynthesis is a highly specialized process that 

involves isopentenylation of the selenocysteine-charged tRNA as part of selenocysteine tRNA 

maturation
184

. By inhibiting the production of isopentenyl pyrophosphate via the mevalonate 

pathway, statins are known to inhibit selenoprotein biosynthesis
184

. The adjacent clustering of 

statins with direct GPX4 inhibitors in a hierarchical clustering of the CTRPv2 AUC-similarity 

matrix
107

  (Fig. 3.4a), which aims to identify compounds having similar patterns 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 decreased expression of GPX4 in a time- and concentration-dependent 

manner (Fig. 3.4b), and synergized with subsequent co-treatment with the direct GPX4 inhibitor 

RSL3 (Fig. 3.4c). Unlike the effects of direct GPX4 inhibitors, statin treatment could not be 

rescued by lipophilic antioxidants (Extended Data Fig. 3.8), indicating that statins do not induce 

classical ferroptosis
55

. However, statin treatment did lead to elevated levels of cellular lipid 

hydroperoxidation (Fig. 3.4d) 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 of selenophosphate synthetase 2 (SEPHS2), a critical regulator of selenoprotein 

homeostasis (Extended Data Fig. 3.9). While statins have long been proposed to have anti-cancer 

cell effects through a variety of purported downstream mechanisms
185

, our 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 (Fig. 3.4e); 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 levels of the GPX4 

cofactor glutathione. Buthionine sulfoximine (BSO), an inhibitor of glutathione biosynthesis that 

was not included in CTRPv2
107

, has been reported to have a pattern of cell killing similar to 

direct GPX4 inhibitors
56

. In a prospective validation of our mechanistic hypothesis, we found it 

to have mesenchymal state-targeting ability, albeit less potently than direct GPX4 inhibition 

(Extended Data Fig. 3.5). As a bioavailable compound having completed phase-I trials
186

, BSO 

may provide a means to test therapeutic hypotheses relating to GPX4 pathway inhibition in 

preclinical and clinical settings. Meanwhile, the diminished mesenchymal state-targeting effects 

of other compounds known to act on this pathway, such as the glutathione-modulating compound 

piperlongumine
187

, may be due to reasons ranging from insufficiently strong glutathione-

depleting activity to bona fide mechanistic differences.  

The results presented here illustrate an approach to the discovery of cancer cell-state 

dependencies that can be targeted with small-molecule drugs and thus complements the more 

common approach of identifying genotype- or lineage-based dependencies. With respect to the 

cancer mesenchymal state, the approach also complements the more common approach of 

targeting regulators of the epithelial-to-mesenchymal transition rather than vulnerabilities of the 

mesenchymal state itself
5
.  

Dysregulation of the apoptotic cascade is characteristic of cells having undergone EMT 

and may explain their resistance to undergoing drug-induced apoptosis
132,188

. Our results suggest 

that these same cells have an enhanced ability to undergo ferroptosis, a non-apoptotic form of 
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regulated oxidative 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 defenses
189,190

. Our results, which 

consider diverse types of electrophilic stress, underscore the specialized nature of distinct 

cellular redox stress-handling mechanisms, and argue that cells in a high mesenchymal state may 

be particularly susceptible to iron-dependent reactions of lipid hydroperoxides, even while 

showing no obvious defects in their ability to weather other forms of oxidative stress. This 

specific vulnerability can in turn be exploited by inhibition of the lipid hydroperoxidase GPX4, 

which functions as a mesenchymal state survival protein to protect cells from lipid 

hydroperoxide-mediated cell death. 

The mechanistic basis of the dependency of high mesenchymal 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 

hydroperoxide-generating reactions and enable higher flux through GPX4-regulated lipid 

oxidation pathways, such as those producing eicosanoids and other complex lipid ósecond 

messengersô implicated in metastatic behavior
191

. A convergence on these themes is consistent 

with recent data suggesting that ML239 may exert its breast cancer stem cell-targeting effects by 

acting on lipid biosynthetic pathways
106

. The difference in median IC50 between transformed vs. 

non-transformed mesenchymal 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 engineered Ras-

transformed fibroblasts, while sparing isogenic non-transformed counterparts
55,62

. In light of our 
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findings, it appears that this screening approach, rather than identifying Ras-synthetic lethal 

interactions per 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 appreciated as a mechanism 

exploited by epithelial cancer cells to escape the effects of conventional therapies
131,136

. Our data 

suggest that inhibition of the GPX4 pathway including GPX4 itself may provide a means to 

target these drug-resistant cells. EMT-driven acquired resistance to EGFR inhibitors in the 

setting of NSCLC
149

 presents a particularly compelling clinical context for exploration of 

rational combination strategies involving GPX4-pathway inhibitors. More broadly, we believe 

that mesenchymal state-targeting compounds fall into a framework for targeted therapies that 

transcends traditional classification based on driver oncogenes. Instead, a selection criterion 

extending across solid tumor types and defined by low levels of E-cadherin 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. Gene-signature, proteomic- and lineage-based correlation analyses identify 

mesenchymal state-targeting compound classes. a, Box-and-whisker plot of z-scored Pearson 

correlation coefficients, showing 2.5
th
 and 97.5

th
 percentile outlier compounds (black and colored 

dots) whose cytotoxic effects are correlated with cell line mesenchymal score. b, Structures of 

mesenchymal state-targeting compounds. c,  Scatter plot with linear-regression line (red) 

showing the relationship between cell-line levels of E-cadherin and sensitivity to a mesenchymal 

state-targeting compound (ML210) across a panel of pancreatic and gastric cancer-derived cell 

lines (see Extended Fig. 3.2).  d, Ferroptosis-inducing subset of mesenchymal state-correlated 

compounds (red dots) are preferentially active in sarcoma (mesenchymal-derived) vs. carcinoma 



67 
 

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

epithelial lineages. Dot size indicates statistical significance (see Methods). 
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Figure 3.2. Validation of mesenchymal state-targeting activity in diverse EMT models.  

a,  Engineered MCF-7 breast cancer cells induced with a small molecule (4-hydroxytamoxifen; 

4-OHT) to express high levels of SNAI1 and undergo EMT (red curve), and b, HCC4006 lung 

cancer cells that have undergone EMT as a mechanism of resistance to gefitinib (red curve) 

exhibit increased sensitivity to mesenchymal state-correlated compounds. c, Two patient-derived 

pancreatic cancer cell lines with differing sensitivity to a mesenchymal state-targeting compound 

(ML210) vs. an epithelial state-targeting compound  (erlotinib) are  d, found to have expression 

of EMT markers correlating in the predicted direction with their compound-sensitivity profiles.   

  



69 
 

 

Figure 3.3. Single-feature correlations highlight a glutathione-dependent selenoprotein 

pathway as determining sensitivity to the ferroptosis-inducing class of mesenchymal state-

targeting compounds. a, Box-and-whisker plots of z-scored Pearson correlation coefficients, 

showing 5
th
 and 95

th
 percentile outlier compounds (black dots; inducers of electrophilic stress in 

shades of orange) that share a similar pattern of cell killing with RSL3 across 663 tested cell 

lines (excludes suspension cell lines). b, SLC7A11 (red dots) is a shared gene-expression outlier 

correlate among electrophilic stress-inducing compounds. Box-and-whisker plots of z-scored 

Pearson correlation coefficients showing 1
st
 and 99

th
 percentile outlier transcripts (black dots) 
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whose baseline expression is correlated with compound sensitivity across 640-663 cancer cell 

lines (excludes suspension cell lines). c, Sensitivity to GPX4 knockdown (red dots) is uniquely 

correlated with sensitivity to  mesenchymal state-targeting electrophilic compounds. Box-and-

whisker plots of z-scored Pearson correlation coefficients showing 1
st
 and 99

th
 percentile outlier 

shRNA composites (black dots) correlated with compound sensitivity across 136-139 cancer cell 

lines (excludes hematopoietic cell lines).  d, The ferroptosis-inducing  subset of mesenchymal-

targeting compounds can be suppressed by lipophilic antioxidants (Ŭ-tocopherol, ferrostatin-1) in 

HT-1080 fibrosarcoma-derived cells.  
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Figure 3.4. The statin class of mesenchymal state-targeting compounds comprises indirect 

inhibitors of glutathione-dependent selenoprotein function. a, Hierarchical clustering of a 

pairwise similarity matrix for 481 compounds
107

, where each matrix element represents the 

strength of correlation between the sensitivity patterns of two compounds in up to 664 cell lines 

(excludes suspension cell lines)
107

. b, Fluvastatin treatment of HT-1080 cells decreases  GPX4 

protein levels in a time- and concentration-dependent manner  c, synergizes with a direct GPX4 

inhibitor (RSL3), and d, leads to accumulation of lipid hydroperoxides. e, Schematic of the 

glutathione-dependent selenoprotein circuitry underlying a dependency of high mesenchymal 

state cancer cells. Units in c, are fractional viability normalized to DMSO. 
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Extended Data Figure 3.1 | Compound AUC-mesenchymal score correlations. Box-and-

whisker plots of z-scored Pearson correlation coefficients, showing 2.5
th
 and 97.5

th
 percentile 

outlier compounds (black and colored dots) whose cytotoxic effects are correlated with three 

distinct mesenchymal scores derived from Groger
8
, Byers

10
 and Taube

9
 EMT gene signatures.  

Correlations computed across 513 carcinoma-derived cell lines. 
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Extended Data Figure 3.2 | Correlation of cell-line E-cadherin and vimentin protein levels 

with sensitivity to mesenchymal state-targeting compounds. a, Pancreatic and gastric cancer 

cell lines with low E-cadherin protein levels have high levels of vimentin and are b, 

preferentially sensitive to ML210, a mesenchymal state-targeting compound. Concentration-

response curves are from CTRPv2. 
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Extended Data Figure 3.3 | Lineage-specific AUC- mesenchymal score correlations. Scatter 

plots with linear regression line (red) show the relationship between cancer cell-line 

mesenchymal score and cell-line sensitivity to ML210 (ferroptosis-inducing, mesenchymal state-
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targeting compound) within different epithelial-derived cancer lineages. Gastrointestinal lineages 

showing stronger correlations are demarcated with dashed boxes. 
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Extended Data Figure 3.4 | Relative sensitivity of transformed and non-transformed 

mesenchymal cell lines to GPX4 inhibition.  a, A substantial proportion (57%) of sarcoma-

derived cell lines have a lower IC50 for ML210 compared with the ML210 IC50 of non-

transformed mesenchymal cell lines. A smaller proportion (11%) of sarcoma-derived cell lines 

are preferentially sensitive (determined by IC50) to doxorubicin as compared to non-transformed 

mesenchymal cell lines. Concentration-response curves for sarcoma-derived cell lines are from 

CTRPv2. Concentration-response curves for non-transformed 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.  a, Engineered MCF-7 breast cancer cells induced with a  small molecule 

(4-hydroxytamoxifen; 4-OHT) to express high levels of SNAI1 and undergo EMT (red curve). b, 

HCC4006 lung cancer cells that have undergone EMT as a mechanism of resistance to gefitinib 

(red curve). Representative graphs of data are shown (mean  s.d. when multiple technical 

replicates are plotted). Erastin and BSO are ferroptosis inducers, piperlongumine, PX-12 and 

PRIMA-1 are electrophiles, trametinib is an epithelial state-targeting compound, doxorubicin, 

bendamustine and paclitaxel are chemotherapeutic agents.  
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Extended Data Figure 3.6 | Membership of SLC7A11 in curated redox-related gene set. 

Redox associated genes are listed along the horizontal axis, while curated redox-associated 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 3.7 | Effect of RSL3, ML162 and ML210 on lysate GPX4 activity. 

Treatment of cells with RSL3, ML162 or ML210 inhibits the ability of cellular lysate to reduce 

exogenous phosphatidylcholine hydroperoxide (m/z of 790.6)  
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Extended Data Figure 3.8 | Modulation of statins by mevalonate pathway intermediates 

and antioxidants. a, The effect of statins on HT-1080 fibrosarcoma-derived cells is rescued by 

co-treatment with mevalonic acid, but not by b, co-treatment with antioxidants. 
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Extended Data Figure 3.9 | Correlation of cell-line fluvastatin sensitivity with cell-line 

sensitivity to knockdown of SEPHS2. a, Cell-line sensitivity to fluvastatin is strongly 

correlated with cell-line sensitivity to knockdown of selenophosphate synthase 2 (SEPHS2), a 

critical regulator of selenoprotein biosynthesis. Information coefficients (IC) computed from 
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across 134 cancer cell lines (excluding suspension) (see Methods for description of IC). b, 

Schematic illustrating the role of SEPHS2 as a node in glutathione-dependent selenoprotein 

circuitry. 
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Methods summary 

Correlations of areas under concentration-response curves (AUCs) with cellular features 

are plotted as z-scores computed relative to permutation tests (6000 permutations of cell-line 

labels) to account for differences in the number of cell lines exposed to individual compounds. 

Pearson correlation distances were used in clustering applications
107

, and a Loewe additivity 

model of compound interactions was assumed for synergy analyses
192

. Box-and-whisker plots, 

scatter plots and concentration-response curves were visualized in GraphPad Prism. Cellular 

viability experiments were performed in 384-well format. Cells were exposed to compounds for 

72 hours, after which cellular ATP levels were measured as a surrogate for viability using 

CellTiter-Glo (Promega). Compound treatment of 4-OHT-induced MCF-7 ER-Snail-1 cells
181

 

and gefitinib-adapted HCC4006 cells
182

 were performed in the absence of 4-hydroxytamoxifen 

(4-OHT) (Sigma) and gefitinib (SelleckChem), respectively. Patient-derived cells were 

developed from ascites (AA01) or pleural fluid (AA02) from patients with metastatic pancreatic 

ductal adenocarcinoma by the Cell Line Factory at the Broad Institute 

(http://www.broadinstitute.org/cellfactory) using protocols approved by the Dana-Farber Cancer 

Institute and Brigham and Womenôs Hospital Institutional Review Boards. Cells were cultured 

using conditional reprogramming with a ROCK inhibitor and feeder cells as previously 

described
193

. Immunostaining experiments used antibodies against E-cadherin (BD Biosciences, 

BD610181, 1:1000), vimentin (Cell Signaling, 5741, 1:1000), ɓ-actin (Santa Cruz, sc-47778, 

1:200), and GPX4 (Abcam, ab41787, 1:1000). GPX4 activity inhibition was measured by 

exposing HT-1080 cells to vehicle (0.1% DMSO) or 10ɛM RSL3, ML210 or ML162 for 1.5 

hours. Lysate from these cells was assayed by LCMS for the ability to reduce exogenous 

phosphatidylcholine hydroperoxide
56

. Cellular lipid peroxidation was measured by incubating 

http://www.broadinstitute.org/cellfactory
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cells with 2ÕM BODIPY 581ù591 C11 (Life Technologies) for 10 minutes at 37° C followed by 

flow cytometric analysis (BD Accuri cytometer)
56

. 

 

Additional Methods 

 

Omic data sets 

Gene-expression data (RMA-processed, quantile normalized) were obtained from the CCLE 

portal at http://www.broadinstitute.org/ccle. shRNA data and ATARiS gene solutions were 

obtained from the Project Achilles portal at http://www.broadinstitute.org/achilles.  

 

Computation of mesenchymal score 

Mesenchymal scores were computed by single-sample Gene Set Enrichment Analysis 

(ssGSEA)
158

, which estimates the degree of coordinate up- or down-regulation of members of a 

given gene set within a transcriptionally profiled sample. Published EMT gene 

signatures
139,140,178

 were analyzed using this method, yielding a single 'mesenchymal score' per 

signature for each epithelial-derived (carcinoma) cell line. 

 

Category-specific delta-median AUC calculations (Fig. 3.1d) 

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 compound across all cell 

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

a delta-median AUC value. Suspension cell lines were excluded from this analysis. Significance 

testing was applied using a Studentôs t-test assuming unequal variance. Tests to evaluate 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 hypothesis-test correction. 
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Compounds within each class are plotted in rank order of their delta-median AUC (smallest to 

largest). Compounds that meet a p-value cut-off of 0.05 after correction for multiple hypothesis 

testing are plotted as larger dots than those compounds not meeting the 0.05 p-value cut-off.  

 

Correlation analyses 

AUC values, as a metric of cell-line sensitivity to compound treatment
107

, were correlated with 

cellular features (gene-expression, gene-knockdown sensitivity), ssGSEA-derived cell-line 

mesenchymal scores, and with one another (across compounds). The number of cell lines used in 

individual correlation analyses, as well as specific cell-line exclusions (e.g. exclusion of 

hematopoietic cell lines) are noted in the main text and figure legends. Correlation data are 

plotted as z-scores either computed from permutation tests (6000 permutations of cell-line 

labels), or computed analytically using Fisherôs z-transformation
175

 to account for individual 

compounds having been exposed to different numbers of cell lines. Box-and-whisker plots and 

scatter plots were produced in GraphPad Prism.  

 

IC association scores (Extended Fig. 3.9) 

The association scores between compound sensitivity and gene-knockdown sensitivity profiles 

were estimated using the Information Coefficient (IC)
194

. The IC was computed using kernel-

based density estimation
195

 of differential mutual information and rescaled to lie within the [-1, 

1] interval. The statistical significance of each IC score was computed via nominal p-values and 

false-discovery rates (FDR) computed using an empirical permutation test. For additional details 

see Konieczkowski et al. (2014)
105

. 

 

Clustering analysis 

Antioxidant co-treatment (Fig.3. 3e) 
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AUCs were computed from concentration-response curves of HT-1080 cells exposed to lethal 

compounds alone, or in combination with the indicated antioxidant. AUCs of compound-

antioxidant combinations were subtracted from AUCs of compound alone. Resulting delta-AUCs 

were clustered using Pearson correlation distances and complete linkage. 

CTRPv2 cluster (Fig. 3.4a) 

Pairwise distances between compounds were computed using Pearson correlation distances 

normalized by Fisher's z-transformation to account for pairs of compounds exposed to different 

numbers of cell lines in common
107,175

. Normalized correlation z-scores were further transformed 

using a monotonic double-sigmoid function to emphasize variation in the most relevant part of 

the resulting dendrograms
107,175

. Suspension cell lines were excluded from the clustering 

application
107

. 

 

Cell lines 

HT-1080 fibrosarcoma cells and WI38 lung fibroblasts were purchased from ATCC. 

Mesenchymal stem cells (MSCs), human umbilical vein endothelial cells (HUVECs), and 

hematopoietic progenitors (CD34+) cells were obtained from Lonza. BJeH foreskin fibroblasts 

were procured from the Weinberg Lab (Whitehead Institute), MCF-7 ER-Snail-1 cells
181

 were 

obtained from the Haber Lab (Massachusetts General Hospital), and gefitinib-sensitive and -

resistant HCC4006 lung cancer cells
182

 were obtained from the Engelman Lab (Massachusetts 

General Hospital). AA01 and AA02 patient-derived cell lines were developed from ascites 

(AA01) or pleural fluid (AA02) of patients with metastatic pancreatic ductal adenocarcinoma 

using IRB-approved protocols at the Dana-Farber Cancer Institute and the Brigham and 

Womenôs Hospital.  Cells were cultured by the Cell Line Factory at the Broad Institute 

(http://www.broadinstitute.org/cellfactory) using conditional reprogramming with a ROCK 
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inhibitor and feeder cells as previously described
193

. Briefly, each patient-derived sample was 

placed into culture on a layer of irradiated 3T3-J2 feeder cells in F-media containing ROCK 

inhibitor. At passage number five, cell pellets were collected and KRAS mutation status was 

confirmed by targeted PCR-Sanger sequencing using isolated genomic DNA. Exome sequencing 

later confirmed the purity of the cell lines (99% tumor) and provided detailed mutational and 

copy number characterization data.  Cells were effectively grown in DMEM-based media 

without ROCK inhibitor beyond passage number five. 

HT-1080, WI38, MCF-7 ER-Snail-1, AA01 and AA02 cells were maintained in DMEM, 

supplemented with 10% FBS and 1% penicillin/streptomycin (all media components from 

Sigma). BJeH cells were maintained in 65% DMEM, 20% Medium 199 (Sigma), and 15% FBS 

supplemented with 1% penicillin/streptomycin. HCC4006 cells were cultured in RPMI 

supplemented with 10% FBS and 1% penicillin/streptomycin (Sigma). HCC4006 gefitinib-

resistant cells were maintained in 10µM gefitinib (SelleckChem), replaced every three days. 

MSCs were grown in MSC growth media (Lonza), HUVECs in EGM-2 media (Lonza) and 

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

ng/mL thrombopoietin and 50 ng/mL FLT-3 ligand (all cytokines from Peprotech).  

 

Compounds 

1S,3R-RSL3 was synthesized according to previously published protocols
56

. All other 

compounds were obtained from Broad Institute Compound Management Platform or purchased 

from SelleckChem or Sigma. 

  

Compound treatment 

All viability experiments were performed in 384-well format using opaque white plates 

(Corning). 24 hours after seeding at optimized densities, cells were exposed to compounds at 



88 
 

indicated concentrations for 72 hours. Cellular ATP levels (as a surrogate for viability) were 

measured using CellTiter-Glo (Promega). For co-treatment experiments, spent media was 

removed 24 hours after cell seeding and replaced with media containing a single concentration of 

the modulator of interest (e.g. antioxidant). Compound treatment began one hour later.  

MCF-7 ER-Snail-1 cells
181

 were induced to undergo EMT with 1µM 4-hydroxytamoxifen (4-

OHT, Sigma), replaced every 72 hours, for a total of 120 hours. Induced cells were allowed to 

recover from 4-OHT treatment for 24 hours before being exposed to compounds for 72 hours (in 

the absence of 4-OHT). The upregulation of EMT-related genes in 4-OHT induced cells under 

these conditions was confirmed using a Fluidigm Real-Time PCR system (Appendix III). 

HCC4006 gefitinib-resistant cells
182

 were exposed to compounds in the absence of gefitinib. For 

experiments characterizing GPX4 protein levels in fluvastatin-treated HT-1080 cells (Fig. 3.4b), 

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

concentration of compound.  

 

RSL3-fluvastatin synergy analysis (Fig. 3.4c) 

HT-1080 cells were exposed to the indicated concentrations of fluvastatin for 48 hours. At the 

end of this period, fluvastatin-containing media was removed and replaced with media 

containing the indicated concentrations of RSL3 and fluvastatin. Deviation from expected 

response was calculated assuming a Loewe additivity model for compound interactions
192

.  

 

Western blot 

Cells were seeded in 6-well dishes and cultured to 70% confluence. RIPA buffer (Thermo 

Scientific) supplemented with phosphatase inhibitor (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 a Bradford reagent (Bio-
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rad).  Approximately 40ɛg of protein were mixed with sample buffer (Bio-rad) and boiled at 95° 

C for 10 minutes, followed by incubation on ice for five minutes. Samples were separated by 

SDS-PAGE (Novex 4ï12% Bis-Tris gel, Life Technologies) and transferred to a nitrocellulose 

membrane using an iBlot system (Life Technologies). Membranes were blocked with Odyssey 

Blocking Buffer (LI-COR), and incubated with primary antibodies overnight at 4° C and LI-

COR secondary antibodies for one hour at room temperature. Membranes were imaged using the 

LI-COR Odyssey Imaging System and protein levels were quantified using ImageJ software. 

Antibodies used: anti-E-cadherin (BD Biosciences, BD610181, 1:1000), anti-vimentin (Cell 

Signaling, 5741, 1:1000), anti-ɓ-actin (Santa Cruz, sc-47778, 1:200), and anti-GPX4 (Abcam, 

ab41787, 1:1000).  

 

GPX4 activity assay 

GPX4 activity was assayed as previously described
56

. Briefly, 20 million HT-1080 cells were 

exposed to vehicle (0.1% DMSO) or 10ɛM RSL3, ML210 or ML162 for 1.5 hours. Sonication 

was used to lyse cells and the resulting solution was centrifuged at 14,000 rpm for 10 min. 200ɛg 

of cleared lysate were incubated with phosphatidylcholine 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 an Ultimate 3000 Rapid Separation Liquid 

Chromatography system (Thermo Scientific) coupled to an amaZon SL ion trap mass 

spectrometer (Bruker).  

 

Lipid peroxidation assay 

Measurement of cellular lipid peroxidation was performed as previously described
56

. HT-1080 

cells were seeded in 6-well plates at the following densities: 50,000 cells per well for vehicle 



90 
 

(0.05% DMSO) and 0.5ɛM fluvastatin, 150,000 cells per well for 1µM fluvastatin, 250,000 cells 

for 2µM and 4µM fluvastatin, and 350,000 cells for 8µM fluvastatin. Following 96 hours of 

compound exposure, cells were collected, resuspended in 500uL of Hankôs Balanced Salt 

Solution (HBBS; Gibco) and incubated with 2ÕM BODIPY 581ù591 C11 (Life Technologies) for 

10 minutes at 37° C. Cells were then washed twice in HHBS and analyzed using a C6 flow 

cytometry system (BD Accuri cytometer). 
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CHAPTER IV . Transsulfuration pathway modulates cell-line sensitivity to ferroptosis 

inducers 

*At the time of submission of this dissertation, the work presented in this chapter is being 

prepared as a manuscript for publication entitled: 
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Cysteine is an amino acid that cancer cells rely upon for protein synthesis, 

generation of diverse sulfur-containing metabolites and for sensing and responding to  

xenobiotic and oxidative stress
196

. Despite this, it is poorly understood whether cysteine 

metabolic pathways constitute a dependency of cancer cells that can be targeted for 

therapeutic benefit
197ï199

. Here we report results of the first large-scale survey of cancer 

cell-line sensitivity (860 cancer cell lines) to inhibition of cystine import
107

. We find 

dependence on import of cystine, the predominant extracellular form of cysteine
198,200

 to be 

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 ferroptosis, a non-apoptotic form of regulated cell death. Our results 

identify the ótranssulfurationô
201

 (de novo cysteine synthesis) pathway as 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 enzyme cystathionine- ɔ -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 rationally-defined subset of cancers.  

Erastin is a small molecule inhibitor of SLC7A11
55

, a component of the 

cystine/glutamate antiporter system xc
-
 that is responsible for cellular import of cystine, the 

predominant extracellular form of cysteine
198,200

. We hypothesized that studying the response of 

cancer cell lines to erastin could yield insights into cancer-cell sensitivity to cyst(e)ine 

deprivation, a nutrient stress that cancer cells may encounter in vivo
198,200,202ï204

. To 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 results of this experiment reveal a high 

degree of concordance between cell-line sensitivity to erastin and cyst(e)ine auxotrophy (Fig. 

4.1a). The pattern of cell-line sensitivity to cyst(e)ine deprivation is also specific to erastin, 

showing greatest similarity to cell-line responses to erastin compared to  485 other compounds 

profiled in the Cancer Therapeutics Response Portal Version 2
107

 (CTRPv2 at 

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

Inhibition of xCT by erastin is known to induce ferroptosis, a non-apoptotic form of cell 

death that is uniquely suppressed by lipophilic antioxidants including ferrostatin-1
55

. Recently, 

other inhibitors of xCT have also been shown to induce this same form of regulated cell 

death
57,205

. The ability of ferrostatins to rescue the effects of cyst(e)ine deprivation (Fig. 4.1c) 

suggests that cell death due to cyst(e)ine auxotrophy is also ferroptotic. This finding increased 

our confidence that insights derived from studying cell-line responses to erastin could inform the 

biology of cancer dependencies on cysteine metabolism. 

Measurements of cell-line response to erastin made as part of CTRPv2
107

  reveal that 

sensitivity to inhibition of cystine import is a widespread vulnerability across 860 cancer cell 

lines representing 22 somatic lineages (Fig. 4.2a). We have previously shown through a global 

analysis of CTRPv2
 
that the top predictors of cell-line response to xCT inhibition include basal 

cellular abundance of glutathione, a downstream  metabolite of cystine, and mRNA expression 

of SLC7A11, a subunit of system xc
-
 
104

. However, these features are often poorly predictive of 

cell-line responses to xCT inhibition within individual lineages, for example within the large 

intestine and ovarian lineages (Fig. 4.2b), pointing to the existence of additional context-specific 

factors regulating sensitivity to xCT inhibition.  

http://www.broadinstitute.org/ctrp
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To uncover these features, we undertook a two-class comparison analysis, comparing 

omic features of the most erastin-sensitive large intestinal cancer cell lines with those of the least 

sensitive large intestinal cancer cell lines (Fig. 4.3a). The results of this analysis reveal strong 

differential expression of metabolites belonging to the transsulfuration pathway (Fig. 4.3b-c) 
206

. 

Similar results were obtained in the ovarian lineage (Extended Data Fig. 4.1). 

The transsulfuration pathway is known to catalyze de novo synthesis of cysteine, utilizing 

methionine as a sulfur donor (Fig. 4.3c) 
206ï208

. From this mechanistic understanding arises a 

straightforward proposal for the role of transsulfuration in mediating erastin sensitivity: high flux 

through the transsulfuration 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 proposed differing cellular 

requirements for intracellular cysteine as the basis for differing dependence on exogenous 

cyst(e)ine
209

. 

To validate the role of the transsulfuration pathway in modulating erastin sensitivity, we 

focused on two histology-matched colorectal cell lines, MDST8 and HCT15. MDST8 and 

HCT15 exhibit vastly different sensitivities to inhibition of cystine import (Fig. 4.3d) despite 

comparable baseline levels of SLC7A11 mRNA (Fig. 4.3e), baseline activity of system xc
-
  (Fig. 

4.3f) and inhibition of system xc
-
 activity upon erastin treatment (Fig. 4.3f). When these cells 

were characterized for their ability to utilize methionine as a sulfur source for synthesis of 

cysteine and its downstream metabolite glutathione
210

, a striking difference emerged (Fig. 4.3g). 

Erastin-resistant HCT15 cells successfully incorporated methionine-derived sulfur into 

glutathione, both at baseline and in the presence of erastin, thereby maintaining a steady supply 

of glutathione even in the presence of erastin. MDST8 cells in contrast, showed minimal capacity 



98 
 

to utilize methionine-derived sulfur for glutathione synthesis under both baseline and erastin-

treatment conditions (Fig. 4.3g).  

Cystathionine-ɓ-synthase (CBS) and cystathione-ɔ ïlyase (CTH) are rate-limiting 

enzymes in the incorporation of methionine-derived sulfur into cysteine via homocysteine (Fig. 

4.3c)
207,211

. 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 concordance with the demonstrated 

transsulfuration capacity of the cell lines (Fig.4. 4a).  However, at the protein level, we observed 

erastin-resistant HCT15 to have significantly higher levels of CTH than erastin-sensitive MDST8 

cells (Fig. 4.4b). Targeted profiling of CTH across a panel of additional erastin-sensitive and ï

resistant cell lines suggests that the relationship between CTH expression and sensitivity to xCT 

inhibition may be more broadly conserved (Extended Data Fig. 4.2). Functionally, the 

consequence of 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 MDST8 cells (Fig. 4.4c)
203

.  

We next sought to understand whether changes in CTH might underlie acquired 

resistance to xCT inhibition in a manner analogous to its role in conferring de novo resistance to 

erastin. Isogenic cells differing in expression of voltage-gated anion channel 3 (VDAC3) have 

dramatically different sensitivity to xCT inhibition through an unknown mechanism
58

. 

Metabolite profiling of these isogenic cell lines revealed cystathionine to be among the top 

metabolites downregulated in resistant HT-1080 VDAC3-knockdown cells compared to control 

HT-1080 cells
56

 (Fig. 4.4d). This result suggested that HT-1080 VDAC3-knockdown cells had 

acquired the ability to metabolize cystathionine to cysteine 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 HT-1080 cells, we were able to confirm higher protein levels of CTH in erastin-

resistant HT-1080 VDAC3-knockdown cells compared to control cells (Fig. 4.4e). The 

mechanisms by which knockdown of VDAC3 induces this change remain a topic of 

investigation.  

Characterization of CBS protein levels across xCT-dependent and -independent cells 

yielded a more subtle 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 an anti-SUMO1 

antibody identified these bands to be SUMOylated forms of CBS (Fig. 4.5b). SUMOylation is 

thought to be an activating mark that recruits CBS to the nuclear membrane and promotes its 

incorporation into active homotetramers
212

.  

A related but unexpected feature of cyst(e)ine auxotrophic cells that we uncovered relates 

to their decreased sensitivity to methionine deprivation in comparison to xCT inhibition-resistant 

cells (Fig. 4.6a). We hypothesized that this inverse relationship between cyst(e)ine and 

methionine auxotrophy may be due to a higher propensity of xCT-dependent cells to methylate 

homocysteine to regenerate methionine, rather than commit homocysteine to transsulfuration via 

its conversion to cystathionine
201

. The ability of homocysteine supplementation to rescue the 

effects of methionine deprivation, uniquely in cystine-reliant cells, and the higher baseline 

concentrations of methionine in these cells are both supportive of this model (Fig. 4.6a)
201,211

. In 

light of this result, we wondered whether the tendency toward methionine preservation and 

decreased transsulfuration flux in xCT-dependent cells may impact on S-adenosylmethionine-

linked processes and affect transmethylation potential
197,208,213,214

. N-nicotinamide 
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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 potential
215

. By examining the 

levels of NNMT protein and abundance of 1-methylnicotinamide (1-MNA), the metabolite 

product of NNMT, we found xCT-dependent cells to have elevated levels of both (Fig. 4.6b), 

indicating that these cells are likely to have lower methylation potential than xCT-independent 

cells
197,215

. While preliminary, these findings suggest that the suppression of transsulfuration in 

cyst(e)ine auxotrophic cells may be functionally linked to methionine and methylation 

homeostasis, and through them, to chromatin biology, epigenetic regulation and other aspects of 

cellular circuitry
213,215

.  

Cysteine auxotrophy has long been recognized as a metabolic phenotype of certain cancer 

cells
198,204

. 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 selective cyst(e)ine import inhibitors
198,202ï204,216

. The recent discovery and 

development of erastin, an inhibitor of the cystine/glutamate antiporter system xc
-
 , 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 anti-cancer therapeutic strategy
55,57

. By using 

erastin in a large scale cancer cell-line small molecule sensitivity profiling experiment
107

, we find 

that dependence on cystine import is a recurrent and widespread characteristic of cancer cell 

lines derived from diverse lineages -- in no way limited to the hematopoietic lineage. 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 previously thought
203

. 
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Our results identifying the transsulfuration pathway as a key mediator of dependence on 

cystine import advance current understanding of this interplay
207,210

 by pointing to a complex 

regulatory landscape governing transsulfuration pathway activity. The lack of correlation 

between protein levels and mRNA transcript abundance of CTH and CBS raises fundamental 

questions about the nature of post-transcriptional regulation that these genes are subject to. It 

also indicates that gene-expression-based metabolic pathway models that are frequently used to 

study cancer 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 understood form of 

CBS in countering cyst(e)ine deprivation
212

.  

Novel insights into the biology of transsulfuration enzymes hold importance beyond 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 activity
208,213

. These 

mutations are now being recognized as likely altering CBS SUMOylation, thanks to the 

identification of SUMOylation as a post-translation modification of CBS, and the growing 

understanding of SUMOylation in facilitating adaptive responses of CBS
212,217

. Likewise, our 

finding that cysteine-auxotrophic cells undergo ferroptosis, rather than other forms of oxidative 

cell death, argues that the use of a ferrostatin
54,55,74,75

 to combat oxidative stress in patients 

harboring transsulfuration defects may afford a more surgical and effective therapeutic 

intervention than the use of N-acetylcysteine
208,218

.  

We have previously shown that cancer cells that have undergone an epithelial-to-

mesenchymal transition (EMT) are preferentially sensitive to ferroptosis induced by 

perturbations to cysteine and glutathione-related pathways 
104

. In a manner reminiscent of the 
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ovarian and colorectal lineages described in this paper (Fig. 4.2b), neither differential expression 

of SLC7A11 mRNA nor differences in baseline abundance of glutathione appear to be associated 

with EMT-induced sensitivity to ferroptosis
3
. This parallel between the two contexts raises the 

possibility that metabolic mechanisms related to transsulfuration may underlie the vulnerability 

of high mesenchymal state cells to cysteine-metabolic perturbations. Altered transsulfuration 

pathway activity has previously been reported to accompany the emergence of drug-resistant 

populations through mechanisms related to EMT
197,219

. Furthermore, the strong association 

between high levels of 1-MNA and high mesenchymal gene-expression signature within 

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

we have described in xCT-dependent 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 foundation for a 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 among these relates to whether dependence on cystine import is 

maintained in the in vivo context, which differs dramatically from in vitro conditions with regard 

to oxygen concentration and reducing potential
196

. Preliminary indications suggest that cancer 

cells that are dependent on cystine import in vitro remain dependent on cystine import in 

vivo
55,56

. Our studies 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 (Fig. 4.5), increased expression of CTH could not be achieved through 

gradual adaption to low cysteine concentrations, and required targeted genetic perturbation (Fig. 
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4.4e-f, and unpublished data). This stable nature of CTH suppression in transsulfuration-

defective cells is encouraging and supports its use as the basis of a therapeutic strategy. 
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Figure 4.1. Cyst(e)ine deprivation phenocopies xCT inhibition and induces ferroptosis. a, 

Scatterplot showing the correlation between cancer cell-line sensitivity to erastin and cell-line 

sensitivity to cyst(e)ine deprivations. b, Box-and-whisker plot of z-scored Pearson correlation 

coefficients, showing 2.5
th
 and 97.5

th
 outlier compounds (black dots) whose cytotoxic effects 

correlate with cancer cell-line sensitivity to cyst(e)ine deprivation across 17 cell lines. c, 

Ferrostatin-1 suppresses and glutathione rescues the effects of cyst(e)ine deprivation. AUC, area-

under-curve. 
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Figure 4.2. Patterns of cancer cell-line 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 (see methods) are shown 

adjacent to lineage labels. b, Box-and-whisker plot of z-scored Pearson correlation coefficients, 

showing 1
st
 and 99

th
 percentile outlier genes (upper plot) and 2.5

th
 and 97.5

th
 outlier metabolites 

(lower plot) whose cytotoxic effects correlate 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,  Dose-response curves of ósensitiveô (green) and óresistantô(red) colorectal 

cancer cell lines exposed to erastin. b, Summary statistics for metabolites whose levels are 

significantly associated with sensitive versus resistant cell lines from a. c, Schematic of 


