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Abstract

Low levels of oxygen (i.e. hypoxia) are often observed in solid tumours. Hypoxia is able to drive

several of the cancer hallmarks and promotes resistance to both radio and chemotherapy,

resulting in its association with poor prognosis. Triple-negative breast cancer has the worst

prognosis of all breast cancer subtypes with a 5 year survival rate of only 76.7%, and only

10.8% if the cancer has already metastasised. In line with this, triple-negative tumours often

have higher levels of hypoxia than their hormone receptor expressing counterparts.

The length and severity of hypoxia is heterogeneous both within and between tumours,

meaning cells within the same tumour may experience both acute and chronic hypoxia. Acute

hypoxia (⩽ 24 hours) is relatively well studied, whereas research into chronic hypoxia (⩾ 7

days) is lacking. This thesis therefore aimed to characterise the transcriptional response to

chronic hypoxia using RNA sequencing. It also aimed to identify proteins or microRNAs which

are necessary for adaptation to chronic hypoxia using genome-wide CRISPR screening. This

method enables specific vulnerabilities in hypoxic cells to be identified, meaning drugs can be

designed to target these “Achilles heels”.

The major pathways altered under chronic hypoxia were related to epithelial-mesenchymal

transition (EMT) and cell adhesion, with triple-negative breast cancer cells undergoing an

atypical form of EMT. However, none of the genes which were upregulated in response to

chronic hypoxia were found to be essential for their survival. Instead, hypoxic cells had

a greater dependence on general control nonderepressible 2 (GCN2), an instigator of the

integrated stress response usually activated under amino acid starvation. GCN2 was found to

be active under chronic hypoxia, and chemical inhibition of GCN2 reduced cell growth in vitro.

Previous work has shown that GCN2 knockout mice are healthy unless fed a diet restricted

in essential amino acids, meaning targeting GCN2 is unlikely to result in severe toxicities.

Together, this means GCN2 constitutes a promising therapeutic target for hypoxic tumours. No

microRNAs essential for survival under hypoxia were identified in this study.
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1 Introduction

1.1 Cancer

Cancer is the cause of almost 10 million deaths per year worldwide, and the incidence rates

are predicted to increase by 47% over the next two decades [1]. The disease is characterised

by uncontrolled cell growth and a propensity for cells to migrate and grow in other parts of

the body (metastasise). Alterations of cellular processes which usually keep cell growth under

control allow cancers to develop. These processes are typically altered through the acquisition

of DNA mutations which affect the control of key cell signalling cascades.

1.1.1 Breast cancer

Breast cancer is the most commonly diagnosed cancer worldwide and is the leading cause

of cancer related deaths in women [1]. In the UK alone, there are over 55,000 cases per

year [2]. Although the 10 year survival rate for breast cancer is 76%, improving from only

40% in the 1970s, the survival rate is highly dependent on the subtype of breast cancer.

There are four main subtypes of breast cancer which are categorised by the expression of

nuclear and cell surface receptors (Table 1). The three receptors are the oestrogen hormone

receptor, the progesterone hormone receptor, and the human epidermal growth factor receptor

2 (HER2). Expression of the hormone receptors is associated with better prognosis with a 5

year survival rate of over 90% [3]. Conversely, a lack of hormone receptor expression along

with a lack of HER2 amplification results in the worst prognosis, with a 5 year survival rate

of only 76.7% [3]. This subtype is named triple-negative breast cancer (TNBC). TNBC has

poor prognosis even when diagnosed at an early stage [3]. This is in part due to TNBC being

more invasive and having greater metastatic potential, but also due to the lack of expression

of these receptors which means specialised treatments are more difficult to develop [4]. Even

in metastatic cancers, TNBC has a poorer 5 year survival rate than non-TNBC (10.81% vs

33.46%) [5], and a higher rate of disease recurrence [6].

Six subtypes of TNBC have been described [6]. The six subtypes are basal-like 1 (BL1), basal-

like 2 (BL2), immunomodulatory (IM), mesenchymal (M), mesenchymal stem-like (MSL), and

luminal androgen receptor positive (LAR). The two basal subtypes are separated by expression

21



of cell cycle and DNA damage response genes (BL1) and expression of growth factor signalling

genes and myoepithelial markers (BL2). Though the two mesenchymal subtypes (M and MSL)

both have high expression of genes involved in epithelial-mesenchymal-transition (EMT), the

MSL subtype is distinguished through lower levels of genes involved in proliferation. The IM

subtype expresses genes involved in cytokine and immune signal transduction pathways while

LAR is charcterised by the androgen response pathway and has a luminal phenotype [7]. This

heterogeneity means that specialised treatments which target all TNBCs are difficult to develop

and have had limited success in clinical trials [6].

Table 1: Breast cancer subtypes. Data are based on U.S. cancer statistics [3]. The subtype of 8% of

cancers was unknown.

Subtype Hormone receptor HER2 enriched Incidence rate 5 year survival rate

Luminal A Positive No 68% 94.1%

Luminal B Positive Yes 10% 90.4%

Triple-negative Negative No 10% 76.7%

HER2 Negative Yes 4% 83.6%
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1.2 Hypoxia

Oxygen concentration varies naturally in the body, with some organs having a greater partial

pressure of oxygen than others under normal conditions (Figure 1) [8]. This variation in

physiological oxygen levels means that oxygen insufficiency, termed hypoxia, does not have

a set point, and what constitutes hypoxia in one tissue may not in another [9]. As such,

hypoxia may be defined as an inadequacy in oxygen supply which is sufficient to trigger a

biological response. This can occur during normal development (e.g. blood vessel formation

[10]) or under pathological conditions such as cardiac arrest, ischaemic stroke, and tumour

development [11, 12].

Figure 1: Tissue and tumour oxygenation. Physiological oxygen levels in organs and their associated

tumours. Figure created using BioRender using oxygen concentration values from Muz et al. [8].

1.2.1 Tumour hypoxia

Hypoxia is found in 50-60% of solid tumours [13] and occurs when the oxygen demand of a

tumour outweighs its supply [14]. This can lead to oxygen tensions as low as 0-20 mmHg

(approximately 0-2.5% O2) [14–16]. Tumour hypoxia occurs via four main mechanisms. The

first is diffusion restricted hypoxia which occurs when the distance between cells within the
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tumour and the closest blood vessel reaches 70-100 µm (Figure 2) [14, 15]. If the distance

to the closest vessel exceeds 150-180 µm the lack of oxygen and nutrients can result in

tumour cells becoming necrotic [14, 15]. The second mechanism leading to tumour hypoxia

is perfusion restriction [14]. This is caused by poorly developed tumour vasculature which

leads to local and temporary disturbances in blood flow [13–15]. This results in intermittent

interruptions to oxygen supply. Irregularities in the vasculature can also lead to arteriovenous

shunting of blood away from the tumour [17]. Finally, anaemia in the patient can lead to tumour

hypoxia through a decrease in oxygen carrying capacity of blood in the whole body [14, 18].

Tumours are more vulnerable to anaemia induced hypoxia due to the aforementioned issues

which reduce spare capacity. These differing mechanisms mean there is heterogeneity in both

the length and severity of hypoxia experienced within a single tumour.

Figure 2: Hypoxia in tumours. Tumour hypoxia arises 70-100 µm from the closest vessel, and necrosis

occurs at a distance of 150-180 µm [14, 15]. Figure created using BioRender.

The types of hypoxia experienced by a tumour can be broadly categorised into three subtypes:

acute, chronic, and intermittent [8, 13]. Intermittent, or cycling, hypoxia requires a period of

hypoxia to be followed by a period of reoxygenation which is typically repeated in subsequent
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cycles. In vivo, this type of hypoxia occurs in cells that are experiencing perfusion limited

hypoxia and cycles can last from minutes to days [13, 14]. In contrast, acute and chronic

hypoxia both require a consistent low oxygen level to be maintained and are distinguished only

by the amount of time spent under hypoxia. However, the amount of time required to distinguish

between the two is not clearly defined. Many researchers use opposing terminology to refer

to hypoxia exposures of the same length of time [9]. For example, exposure times for acute

hypoxia start at as little as 1 hour [19] and reach up 72 hours [20]. Meanwhile, exposure times

for chronic hypoxia range from as low as 16 hours [21] up to 8 weeks [22]. The overlap in

these time spans demonstrates a lack of consensus in the field over what constitutes acute or

chronic hypoxia. The lack of a clear definition hampers differences in their downstream effects

from being identified in the literature.

In vivo, chronic hypoxia is likely to arise as a result of restrictions in diffusion, rather than

perfusion, since cells remain at a distance from the vessel for prolonged periods of time

[13, 14, 18]. On the other hand, short exposures to hypoxia are more likely to be caused

by perfusion limitations, meaning acute hypoxia is likely to exist as part of a cycling hypoxia

regime. Despite this, there is an abundance of research into the acute (not intermittent) hypoxia

response, whereas the response to chronic hypoxia is not well characterised [12]. Few studies

characterise the hypoxia response beyond 24 hours [12], and a systematic review conducted

in 2020 showed there were only four transcriptomic studies which exposed cells to hypoxia for

⩾ 7 days (Di Giovannantonio, M. 2020, unpublished). These datasets will be discussed further

in Section 4.

1.3 Control of gene expression under hypoxia

Hypoxia drives major changes in the cell and regulates hundreds of genes across a myriad of

functions [12, 23]. These changes allow the cell to adapt to the hypoxic microenvironment and

are driven by a combination of mechanisms acting at the transcriptional, post-transcriptional,

and translational levels.
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1.3.1 Hypoxia driven transcriptional regulation

The response to hypoxia is predominantly mediated by the hypoxia inducible factor (HIF)

(Figure 3) [12]. HIFα is constitutively expressed but under normal oxygen concentrations is

quickly degraded. The prolyl hydroxylase (PHD) enzyme hydroxylates HIFα in an oxygen-

dependent manner. This modification is recognised by von Hippel–Lindau (VHL) which

ubiquitinates HIFα, tagging it for proteasomal degradation [15, 24, 25]. When oxygen levels

drop, PHD is no longer able to hydroxylate HIFα, meaning HIFα is not tagged for degradation

and instead accumulates in the cell. HIFα translocates to the nucleus and forms a heterodimer

with HIF1β. The HIF heterodimer functions as a transcription factor and recognises hypoxia

response elements (HRE) in the DNA, driving transcription of its target genes. Factor inhibiting

HIF (FIH) mediates a second HIF regulating mechanism. FIH is an asparaginyl hydroxylase

enzyme which, like PHD, functions in an oxygen-dependent manner. It hydroxylates HIFα and

prevents it from binding to its transcriptional coactivator, p300, thus blocking its transcriptional

activity [15, 24, 25]. Drastic changes in the transcriptome of the cell occur within the first few

hours of hypoxia exposure, predominantly due to HIF activity [26].

Figure 3: HIF signalling pathway. Figure created using BioRender.
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There are three HIFα subtypes each encoded by different genes: HIF1α, HIF2α, and HIF3α.

These all interact with the same HIF1β protein to form heterodimers. Less is known about

HIF3α [27], and HIF1α and HIF2α are known to be the main propagators of the hypoxic

response. Though there is a great deal of overlap in the function of the two HIF subtypes,

with both able to upregulate many of the key hypoxia response genes (e.g. glucose transporter,

vascular endothelial growth factor (VEGF) [24, 28]), their functions are non-redundant [25]. For

example, some genes are only activated by one of the two subtypes (e.g. carbonic anhydrase

IX is activated by HIF1 exclusively [29, 30]). Additionally, the HIF subtypes have been shown to

respond differently to both the level of oxygen and the length of time spent under hypoxia [24,

25]. Typically, HIF1 is stabilised sooner after hypoxia exposure but degrades after less than

24 hours of hypoxia exposure, while HIF2 accumulates later and has been shown to stabilise

under milder hypoxia than HIF1 (1-5% O2) [12, 24, 25, 31–33].

Aside from HIF driven transcription of target genes, hypoxia can also regulate transcription

through epigenetic modifications [23]. Jumonji-C histone demethylases use oxygen as a

cofactor and are therefore less active under hypoxia. This results in a HIF-independent

increase in histone methylation under hypoxia [34, 35], allowing transcriptional repression to

occur under hypoxia as well as activation.

It is important to note that the transcriptional response to hypoxia is also influenced by the

existing epigenetic landscape of the cell [23]. There are millions of HREs present in the human

genome, but the HIF proteins in a given cell bind to only a small proportion of these [35]. This

means that chromatin accessibility is a driver of the HIF response and results in tissue specific

responses to hypoxia [23, 36].

1.3.2 Hypoxia driven post-transcriptional regulation

Hypoxia can also alter gene expression at the post-transcriptional level. Alternate splicing

events are common in hypoxia, affecting hundreds or thousands of genes depending on the cell

type [37, 38]. This means that a gene whose expression level does not change under hypoxia

can still behave in a different manner due to the presence of new isoforms. For example,

the anti-apoptotic protein tumour necrosis factor ligand superfamily member 13 (TNFSF13)

undergoes alternative splicing under hypoxia that results in intron retention and a reduction in
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the functional protein [39].

In addition to this, hypoxia can affect mRNA stability through regulation of microRNAs

(miRNAs) [40]. miRNAs are small (approximately 22 nucleotide) RNA molecules which are

loaded into the RNA-induced silencing complex (RISC). The RISC binds to specific mRNA

molecules depending on base pairing between the miRNA and the 3’ untranslated region

(UTR) of the target mRNA [41]. When the RISC binds to an mRNA molecule in this manner,

it either directly suppresses translation and prevents the protein product being formed, or it

destabilises the mRNA through deadenylation and decapping resulting in mRNA degradation

[42]. In this way, miRNAs attenuate expression of their target genes and affect the phenotype

of the cell.

Hypoxia is known to trigger extensive changes in miRNA expression profiles and thus impacts

the cell phenotype through miRNA regulation [40]. For example, miR-210 is universally

detected under hypoxia and is the best characterised hypoxia response miRNA [43]. There

is evidence supporting the involvement of miR-210 in various aspects of tumour biology

(e.g. apoptosis, angiogenesis, DNA damage response, cell cycle) [44]. Downregulation of

miRNAs can also occur under hypoxia (e.g. miR-125a, miR-150), allowing their mRNA targets

to be upregulated [45, 46].

1.3.3 Regulation of protein translation under hypoxia

Hypoxia also exerts control over the cell through regulation of protein translation. Translation

of mRNA can be controlled by miRNAs as described above. Additionally, as with other

stress responses, a global decrease in protein translation is triggered under hypoxia. This

is mediated through inhibition of mammalian target of rapamycin (mTOR) signalling and, under

more extreme cases of hypoxia, initiation of the unfolded protein response (UPR) [47, 48]. The

UPR is comprised of three major signalling cascades: one mediated by activating transcription

factor 6 (ATF6), one mediated by inositol-requiring enzyme 1 (IRE1), and another mediated

by protein kinase R-like endoplasmic reticulum kinase (PERK) which triggers the integrated

stress response (ISR) [48]. The ISR is particularly relevant for this project and is discussed in

detail in the following section.
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1.4 The integrated stress response

The ISR is an intracellular system which senses different types of stress, both intrinsic and

extrinsic, and responds by enacting a coordinated cellular response. There are four eukaryotic

initiation factor 2α (eIF2α) kinases which detect stress [49]. They are activated in response

to different types of stress, but they each phosphorylate eIF2α at serine 51 to trigger the ISR

(Figure 4). eIF2α is a key component of the translational machinery. When phosphorylated,

eIF2α is no longer able to assemble into the ternary complex with tRNA-methionine [49].

This results in a global reduction in cap-dependent protein synthesis. This in itself alleviates

stress by conserving energy, preserving amino acids, preventing viral RNA translation, and

slowing protein entry to the endoplasmic reticulum (ER) to prevent the accumulation of more

unfolded proteins. In addition, certain stress response proteins (e.g. activating transcription

factor 4 (ATF4)) are selectively translated during this time. These proteins are found on

mRNA molecules which contain inhibitory upstream open reading frames (uORFs) [50]. The

mRNA for ATF4 contains two uORFs (Figure 5). Under normal conditions, the ribosome

translates uORF1, then immediately re-initiates translation at uORF2. uORF2 overlaps with

the ATF4 ORF out of frame, so translation of uORF2 prevents translation of ATF4. Under

stress conditions, lower concentrations of the ternary complex mean that ribosomes are more

likely to scan through uORF2 and initiate at ATF4. In this manner, cells can upregulate stress

response genes even though global protein translation is reduced.

ATF4 is able to dimerise with other proteins and drive the transcription of genes which

alleviate cell stress [49]. For example, the ISR can trigger G1 arrest [51] which preserves

nutrients/energy and allows time for the stress to be resolved. ATF4 can also increase

autophagy through transcription of microtubule-associated protein 1A/1B light chain 3B

(MAP1LC3B) and autophagy related 7 (ATG7), replenishing cellular building blocks [52]. ATF4

mitigates amino acid starvation by increasing expression of amino acid synthesis/transport

systems such as asparagine synthetase (ASNS) and the cystine/glutamate antiporter (xCT)

[52]. Like HIF, ATF4 upregulates VEGF, thus promoting angiogenesis to increase the supply

of amino acids, glucose, and oxygen [52]. In severe cases of cell stress, apoptosis may be

triggered through C/EBP homologous protein (CHOP) [49]. ATF4 also drives the transcription

of growth arrest and DNA damage-inducible protein 34 (GADD34), a protein involved in eIF2α

dephosphorylation [49]. This means that a negative feedback loop exists so that when the
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Figure 4: The integrated stress response. Under normal conditions, eIF2α is not phosphorylated at

serine 51. It assembles into the eIF2 complex, and the guanine exchange factor eIF2B exchanges GDP

for GTP. eIF2 with its bound GTP assembles with methionine-tRNA to form the ternary complex and

cap-dependent translation ensues. Under stress conditions, this process is inhibited. Different stress

conditions activate each of the four eIF2α kinases. The kinases autophosphorylate upon detection

of their stress signal and go on to phosphorylate eIF2α. Phosphorylation of eIF2α prevents the

guanine exchange factor eIF2B from exchanging GDP for GTP in the eIF2 complex. This inhibits

formation of the ternary complex and therefore protein translation. ATF4 is selectively translated, and

translocates to the nucleus where it binds to dimerisation partners and drives expression of stress

response genes. GADD34 is also upregulated by ATF4. This protein functions with protein phosphatase

1 to dephosphorylate eIF2α, forming a negative feedback loop to restore normal protein translation.

HRI = heme-regulated inhibitor. PKR = protein kinase RNA-activated. PERK = protein kinase R-like

endoplasmic reticulum kinase. GCN2 = general control nonderepressible 2. Figure created using

BioRender.
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stress is resolved, normal protein synthesis may resume.

As hypoxia is a type of environmental stress, it is able to activate the ISR. Hypoxia causes

an accumulation of unfolded proteins in the ER and stimulates the UPR [53]. This activates

PERK, one of the four drivers of the ISR, which undergoes autophosphorylation when bound

to unfolded proteins [54]. PERK is the canonical activator of the ISR under hypoxia [55, 56].

General control derepressible 2 (GCN2) is activated under amino acid starvation through

binding of uncharged tRNAs [57]. These activate GCN2 by causing autophosphorylation

of threonine 899 and threonine 904 (p-GCN2) [57]. There are other less well-documented

activators of GCN2. For example, both PERK and GCN2 have been shown to respond to

glucose starvation [55], although in the case of GCN2 this may be because glucose deprivation

leads to rewired metabolism and subsequent amino acid depletion, as the phenotype was

rescued by excess glutamine. Ultraviolet light [58, 59], ribosome stalling [60, 61], and reactive

oxygen species (ROS) [62] have also been documented as GCN2 activators.

Figure 5: ATF4 translation under normal and stress conditions. Under normal conditions,

translation of uORF2 precludes translation of ATF4. Under stress conditions, depletion of the ternary

complex means ribosomes are more likely to scan through uORF2 and initiate at the ATF4 start codon.

Figure created using BioRender.
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There is a small amount of conflicting evidence regarding the activation of GCN2 under hypoxia

[51, 55]. Liu et al. [51] show phosphorylation of eIF2α in hypoxia remains in both GCN2 and

PERK knockout cells, but at lower levels than in wild-type cells. This indicates that both of

these eIF2α kinases are involved in triggering the ISR under hypoxia. These researchers

also showed that both GCN2 and PERK knockout cells had reduced survival under hypoxic

conditions. This is in contrast to Ye et al. [55] who showed that eIF2α phosphorylation

under hypoxia was eliminated in PERK knockout cells, but remained in GCN2 knockout cells.

In accordance, their GCN2 knockouts did not show reduced survival under hypoxia. This

group had previously shown that PERK and ATF4 facilitated cell survival under hypoxia, in

accordance with a model of PERK activation of the ISR in these conditions [63].

Tumours are exposed to many stressors, with cells often experiencing hypoxia and nutrient

deprivation due to insufficient vasculature. In accordance with this, there is increased

expression of ATF4 in cancer tissues which often co-localises with hypoxic regions [63].

Knockout/knockdown of ATF4, GCN2, and PERK have all been shown to reduce tumour growth

in animal models [55, 63]. Activity of the ISR has also been linked to treatment resistance

in cancer. For example, inhibition of the ISR re-sensitised breast cancer cells to paclitaxel

[57]. Together, these show the importance of the cell’s ability to respond to stress in cancer

progression.
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1.5 Hypoxia and the hallmarks of cancer

The presence of hypoxia in a tumour is associated with poor prognosis in many cancers,

including breast [28]. In part, this is conferred through increased resistance to radio and

chemotherapy [15, 28]. Under hypoxia, the production of radiotherapy induced ROS is

limited, meaning higher doses of radiation are required to kill hypoxic cells [64]. Meanwhile,

the effectiveness of many chemotherapy drugs is reduced [65]. This is partly due to the

lack of vasculature which reduces delivery of drugs to the hypoxic cells [15, 65]. However,

even if drug delivery is effective, hypoxia triggers changes in the cell which render them

chemoresistant. Hypoxia slows cell proliferation meaning drugs that target rapidly dividing

cells are less effective. Additionally, HIF driven expression of chemoresistance proteins such

as the p-glycoprotein drug efflux pump (MDR1) and the multidrug resistance associated

protein 1 (MRP1) can lead to multi-drug resistance [15, 66, 67]. Furthermore, HIF induced

autophagy was found to drive resistance to radiotherapy and the chemotherapeutic agent N-

(4-Hydroxyphenyl)retinamide [68, 69].

The prognostic value of hypoxia can also be explained through its interaction with the hallmarks

of cancer. The hallmarks required for the development and maintenance of cancer were

defined in a landmark paper by Hanahan and Weinberg in 2000 [70]. These are:

1. Sustaining proliferative signalling

2. Evading growth suppressors

3. Resisting cell death

4. Enabling replicative immortality

5. Inducing angiogenesis

6. Activating invasion and metastasis

Their updated reviews published in 2011 and 2022 list eight further enabling hallmarks and

emerging characteristics [71, 72]:

1. Deregulating cellular energetics

2. Avoiding immune destruction

3. Genome instability and mutation

4. Tumour promoting inflammation

5. Unlocking phenotypic plasticity

6. Nonmutational epigenetic reprogramming
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7. Polymorphic microbiomes

8. Senescent cells

The influence of hypoxia on selected key hallmarks is discussed below.

1.5.1 Resisting cell death

Cancer cells are exposed to extrinsic stress from the tumour microenvironment and intrinsic

stress from factors such as DNA damage and imbalanced oncogenic signalling. These

stressors drive apoptotic signalling which must be resisted by cancer cells if tumour formation

is to occur [71]. Hypoxia can have both a positive and negative effect on apoptotic signalling

depending on the cell type, intensity of hypoxia, and presence of other stressors [73, 74]. For

example, known HIF target B-cell lymphoma 2 interacting protein 3 (BNIP3) is a pro-apoptotic

protein which can stimulate cell death under hypoxia [73]. However, hypoxia is also able to

increase expression of anti-apoptotic proteins such as inhibitor-of-apoptosis protein 2 (IAP-

2) [75]. Additionally, alternate splicing driven by hypoxia increases the amount of the fully

spliced anti-apoptotic Bcl-xL protein compared to the alternatively spliced pro-apoptotic Bcl-xS

[38]. Finally, hypoxic breast tumours have been shown to have higher rates of TP53 mutation,

suggesting an association between perturbation of apoptosis and hypoxia [9, 76].

1.5.2 Inducing angiogenesis

Angiogenesis is the process by which new blood vessels sprout from the existing vasculature.

The primary mediator of angiogenesis is VEGF, which binds to VEGF receptors (VEGFR) to

trigger a pro-angiogenic signalling cascade [71]. VEGF is a direct transcriptional target of

HIF [14], and VEGFR1 is upregulated under hypoxic conditions [77], linking hypoxic signalling

to the stimulation of angiogenesis. In addition, the expression of matrix metalloproteinases

is upregulated by HIF signalling [8, 10]. These enzymes degrade the extracellular matrix

(ECM), allowing endothelial cells to migrate and sprout from the blood vessels. Together, these

factors enable tumours to grow their own vasculature and increase their access to oxygen and

nutrients. However, the vessels produced during tumourigenesis are often poorly matured,

resulting in leakiness, and poorly organised with excessive convolution and branching [8, 71,

78]. This leaves areas of the tumour without access to a regular oxygen supply, contributing to

cycling hypoxia, and results in further hypoxia driven pro-angiogenic signalling.
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1.5.3 Invasion and metastasis

The activation of invasion and metastasis is another key hallmark of cancer [71]. Invasion

and metastasis describes a process whereby cancer cells migrate into surrounding tissue,

intravasate to enter the circulatory system, then extravasate to colonise distant tissues forming

micro- and macro-metastases [71]. The expression of matrix metalloproteinases by hypoxic

cells degrades the ECM and basement membrane, allowing cells to invade and metastasise

[79]. Furthermore, the poorly developed vasculature formed during tumour angiogenesis

enables cells to intravasate more easily [14]. However, the main way that hypoxia promotes

invasion and metastasis is through driving EMT [8].

EMT is the process by which epithelial cells progressively lose their epithelial characteristics

(e.g. apical-basal polarity, strong cell-cell adhesions, attachment to the basement membrane)

and acquire mesenchymal characteristics (e.g. migration ability, fibroblast-like morphology,

front-back polarity, weakened cell-cell adhesion) [80]. This process is dynamic and reversible

(termed mesenchymal-epithelial transition, or MET) meaning it can be transient or stable, and

complete or partial [71]. This process is key in embryonic development and normal processes

such as wound healing, but it can also be co-opted by cancer cells to break away from the

tumour mass, invade surrounding tissue, and spread to form distant metastases [80, 81].

EMT involves vast changes in gene expression (approximately 400 genes) [82]. These

changes are largely orchestrated by a few master transcription factors (EMT-TFs). These

are: Snail (SNAI1), Slug (SNAI2), Twist1 (TWIST1), Twist2 (TWIST2), Zeb1 (ZEB1), and

Zeb2 (ZEB2) [71, 81]. Several of these transcription factors directly repress E-cadherin, a

key marker of epithelial cells, while activating expression of mesenchymal markers such as

N-cadherin and vimentin [81]. There is evidence that hypoxia is able to drive activation of

some of these transcription factors, thus driving EMT in the hypoxic tumour microenvironment

[82]. For example, SNAI1, TWIST1, and ZEB1 contain HREs in their promoter regions so are

implicated as direct HIF targets [82], and experimentally, SNAI1 was shown to be transcribed

by HIF1 [83]. The expression of other EMT signalling molecules such as TGFβ and NFκB is

also stimulated by hypoxia [82]. Finally, hypoxic regulation of miRNAs can also affect EMT. For

example, known HIF target miR-210 directly suppresses E-cadherin expression through the

canonical miRNA pathway [84].
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The promotion of EMT by hypoxia also enables cells to resist cell death as mesenchymal

cells are more resistant to apoptotic stimuli than their epithelial counterparts [71, 85, 86]. The

mechanisms by which this occurs are not well understood [87], but studies have suggested that

regulation of BCL-2 family proteins by the EMT-TFs plays a role. One study showed that the

pro-apoptotic protein BIM (Bcl-2 interacting mediator of cell death) was directly repressed by

Zeb1 in lung cancer cells [87], while decreased Twist expression led to a decrease in the anti-

apoptotic protein BCL-2 [88]. In accordance, EMT has been associated with chemotherapy

resistance in a several cancer types [89].

1.5.4 Genome instability

The emerging hallmark genome instability refers to the increased likelihood of genetic

alterations occurring in a cell [71]. This enables tumour progression by increasing the rate

at which possibly advantageous mutations can accumulate in the tumour. This hallmark has

been associated with hypoxia both in vitro [37, 90] and in vivo [76, 91]. In vitro evidence

showed downregulation of DNA repair genes occurred under chronic hypoxia (20 passages)

in association with increased frame shift insertions and copy number variations [37]. This

downregulation is in part mediated by HIF induced miRNA expression. The known HIF

target miR-210 suppresses expression of the homology-directed repair protein RAD52 thus

attenuating DNA damage repair [92]. This is supported by in vivo evidence whereby DNA

mismatch repair genes such as RAD51, MLH1, and MSH1 are expressed at lower levels

in hypoxic tumours [76]. Additionally, Bhandari et al. [76] showed a significant correlation

between copy number aberrations and the tumour hypoxia score in vivo, with this correlation

being highest in breast cancer.
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1.6 Aims

TNBC has the worst prognosis of the breast cancer subtypes and lacks specialised treatments

[3, 4]. As indicated by analysis of hypoxia regulated gene expression, it is also the most hypoxic

of the breast cancer subtypes (Figure 6). This means TNBC is a good model to use both in

studying adaptation to chronic hypoxia and in identifying specific vulnerabilities which exist

in hypoxic cells. These vulnerabilities represent “Achilles heels” in hypoxic cells which can be

targeted therapeutically. As tumours are generally more hypoxic than their tissue of origin, they

will be more sensitive to these treatments enabling a good therapeutic index to be established.

Figure 6: Hypoxia score by breast cancer subtype. Hypoxia scores of normal breast and breast

cancer samples from The Cancer Genome Atlas calculated using SigQC and the Buffa hypoxia gene

signature as described in Section 4.2.9. The basal subtype (predominantly TNBC) has a significantly

higher hypoxia score than all other breast cancer subtypes. Significance was tested using a Wilcoxon

rank sum test and multiple test correction was carried out using Holm’s method (**** = adjusted p ⩽

0.0001).
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Existing treatments which have aimed to target hypoxia have had limited success [93, 94].

This includes hypoxia-activated prodrugs (drugs which undergo a chemical reaction to become

active specifically under hypoxic conditions [95]) and methods which aim to increase tumour

oxygenation such as hyperbaric oxygen breathing or oxidative phosphorylation inhibitors.

Some drugs which modulate HIF activity have been developed but have produced mixed

results in clinical trials [93]. This highlights a need for further research into hypoxia specific

cell dependencies in the context of cancer.

With that in mind, this research aimed to:

1. Characterise the transcriptional response to chronic hypoxia

2. Identify genes which are selectively essential under hypoxia

3. Identify miRNAs which are selectively essential under hypoxia
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2 Methods

Most of the methods used in this project apply to only a single chapter and are therefore

included within the relevant chapter’s methods section. Only methods that were used across

multiple chapters are included here. Suppliers and catalogue numbers for all consumables,

antibodies, and equipment are found in Tables S1 to S3. Details for all computational programs

used are found in Table S4.

2.1 Cell culture

MCF7, MDA-MB-231, HCC1806, and MDA-MB-468 breast cancer cell lines were used

throughout this project and were authenticated by NorthGene in 2019. All cells were cultured

in a humidified environment at 37°C with 5% CO2, in DMEM (5 mM glucose) supplemented

with 10% foetal bovine serum (FBS) and 1% penicillin/streptomycin (P/S) (final concentration:

100 units/mL penicillin and 100 µg streptomycin). Cells were passaged at around 80%

confluency. To passage, cells were rinsed using phosphate buffered saline (PBS) and detached

from the surface of the flask using trypsin. Culture media was used to deactivate the trypsin and

the cell solution was centrifuged at 275 g for 4 minutes to pellet the cells. The cell pellet was

resuspended in culture media. If cells were being seeded for an experiment, the cell number

was calculated using the LUNA II automated cell counter. The average of two readings was

taken for each cell solution. Cells were regularly tested for mycoplasma contamination using

the MycoAlert Mycoplasma Detection Assay.

2.2 Hypoxic cell culture

For hypoxic culture, cells were transferred to the Invivo2 400 workstation (hereon referred to

as the hypoxia chamber) set to 1% O2, 5% CO2 with 50% humidity. All cell handling took

place within the hypoxia chamber using culture media, PBS and trypsin that had been pre-

conditioned to prevent re-oxygenation events. Unless otherwise specified, media was changed

at least every 48 hours to prevent nutrient depletion.
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2.3 Western blots

The conditions used for western blots varied depending on the protein of interest. All methods

used for western blots are described below, and the combination of methods used for each

protein are described in the relevant methods section.

2.3.1 Collection of protein lysates in urea buffer

Protein lysates were collected from cells cultured in 6 well plates using 200 µL of urea lysis

buffer. The lysis buffer was made in house using 5 mL glycerol, 0.5 mL 1 M Tris-HCL (pH 7.4),

250 µL 1 M DTT (dithiothreitol), 2.5 mL 20% SDS (sodium dodecyl sulphate), one cOmplete

EDTA-free protease inhibitor tablet, and made up to 50 mL using 8 M urea. The protein lysates

were pulled through a 19G needle using a 1 mL syringe to shear the sample. Lysates were

stored at -20°C.

2.3.2 Collection of protein lysates in RIPA buffer

Protein lysates were collected from cells cultured in 6 well plates using 200 µL of RIPA buffer.

One cOmplete EDTA-free protease inhibitor tablet and five Pierce Phosphatase Inhibitor Mini

Tablets were dissolved per 50 mL of RIPA buffer. Protein lysates were stored at -20°C.

2.3.3 Preparation of samples

The concentration of protein in the lysates was quantified using the colorimetric DC Protein

Assay according to the manufacturer’s instructions. A 1:4 dilution of the protein sample was

used in the assay. A standard curve was produced each time the assay was run using BSA

standards from the Quick Start Bovine Serum Albumin Standard Set. After quantification, a

20 µL solution was prepared for each sample which contained 5 µL of 4X Laemmli buffer

(supplemented with 1:20 β-mercaptoethanol) and the desired mass of protein. The volume

was made up to 20 µL using the appropriate lysis buffer. Samples were incubated at 95°C for

10 minutes to denature the proteins then placed on ice prior to electrophoresis.
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2.3.4 Running the gel

15 µL of protein ladder was loaded into the first well of the chosen gel type (NuPAGE 4-12%

Bis-Tris Gel or NuPAGE 3-8% Tris-Acetate Gel), and 20 µL of protein sample was loaded into

subsequent wells. Gels were loaded into an Invitrogen XCell SureLock gel electrophoresis

tank and the tank filled with 1X running buffer (NuPAGE MES SDS Running Buffer or NuPAGE

MOPS SDS Running Buffer). Gels were run for 10 minutes at 80 V, then at 120 V until complete.

Gels were removed from the tank and prepared for transfer.

2.3.5 Transfer preparation

An Immobilon-P PVDF (polyvinylidene difluoride) membrane was activated by briefly soaking

in 100% methanol, then washed in water and soaked in the chosen preparation of NuPAGE

Transfer Buffer before use. One of the three protocols below was then followed for transfer.

2.3.6 Wet transfer

Proteins were transferred to an Immobilon-P PVDF membrane using the Mini Trans-Blot Cell

tank system. The NuPAGE Transfer Buffer is comprised as follows: 1 part methanol, 0.5 parts

NuPAGE Transfer Buffer (20X), 8.5 parts water. The gel and membrane were assembled

between western blotting thick filter paper and foam pads. The proteins were transferred at

50 V for 2 hours on ice.

2.3.7 Novex semi-dry transfer

Proteins were transferred to an Immobilon-P PVDF membrane using the Novex Semi-Dry

blotting system. The NuPAGE Transfer Buffer is comprised as follows: 1 part methanol,

1 part NuPAGE Transfer Buffer (20X), 8 parts water. The gel and membrane were assembled

between Immobilon Blotting Filter Paper. The proteins were transferred for 90 minutes at 20 V.

2.3.8 Turbo transfer

Proteins were transferred to an Immobilon-P PVDF membrane using the Trans-Blot Turbo

Transfer System. The NuPAGE Transfer Buffer is comprised as follows: 1 part methanol,

1 part NuPAGE Transfer Buffer (20X), 8 parts water. The gel and membrane were assembled
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between Immobilon Blotting Filter Paper. The proteins were transferred for 30 minutes at 25 V.

2.3.9 Blocking, probing, washing and developing

Following transfer, the membranes were incubated on a rocking platform for at least 30 minutes

in a blocking buffer at room temperature. Blocking buffer was made using a base of tris buffered

saline containing 0.1% Tween 20 (TBS-T) with either 5% nonfat dried milk powder powder or

5% bovine serum albumin (BSA). The primary antibody of choice was diluted in blocking buffer

and incubated with the membrane overnight on a rocking platform at 4°C. The membrane

was washed three times using TBS-T for 10 minutes. The secondary antibody was diluted in

blocking buffer and incubated for at least one hour on a rocking platform at room temperature.

The membrane was again washed three times in TBS-T for 10 minutes. The protein was

visualised using Amersham ECL prime western blotting detection reagent and the Invitrogen

iBright1500 according to manufacturer’s instructions.

2.3.10 β-actin

β-actin was used as a loading control for all western blots. The mouse monoclonal HRP-

conjugated antibody to β-actin was diluted 1:50000 in 5% nonfat dried milk powder blocking

buffer and incubated with the membrane on a rocking platform for at least one hour. The

membrane was washed three times using TBS-T for 10 minutes. The protein was visualised

using Amersham ECL prime western blotting detection reagent and the Invitrogen iBright1500

according to manufacturer’s instructions.
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3 Optimisation of a bioinformatics pipeline to quantify micro-

RNAs in small RNA sequencing data

3.1 Introduction

The sequencing of small RNAs presents unique problems in terms of processing and

alignment. The nature of short sequences means they are more likely to map to multiple

locations in the genome (multi-map). Additional problems arise with miRNAs, as approximately

76% of genes encoding them are contained within other genes or regulatory elements

(Figure 7) [96, 97]. This means that when a miRNA is mapped to the genome, even in a

single location, it may map to a larger gene as well as the miRNA gene. These factors mean

that the alignment parameters used for standard polyA RNA-seq data are unsuitable. This

is because the parameters used often exclude multi-mapping reads and reads which align to

overlapping genes. The amount of information lost when using these exclusion parameters on

small RNA-seq data means alternative methods must be used.

Figure 7: miRNA genes are often embedded within protein-coding or non-coding genes.

Some pipelines already exist to handle small RNA-seq data. However, many of these

tools are web-based [98, 99], limiting both reproducibility and the ability to automate data

processing. Some packages use alignment tools which have been shown to have sub-optimum

performance in miRNA datasets [100, 101]. Other pipelines effectively align miRNAs but do

not tackle the issue of multi-mapping reads [102, 103].

Here, I systematically identified the best alignment strategy for processing small RNA-seq data

with the specific aim of quantifying miRNA expression. I relied on existing research regarding

the best alignment tools and strategies for dealing with multi-mapping reads to inform my

decisions [101, 104, 105].
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3.2 Methods

Small RNA-seq data of samples SRR873382, SRR873383, SRR873388, and SRR873389

from dataset GSE47602 were downloaded from the Gene Expression Omnibus and processed

into FASTQ files using the SRA-Toolkit (version 2.9). These samples contain small RNA-seq

data from MCF7 cells exposed to hypoxia [106]. FastQC (version 0.11.9) was used to report

on read quality. Cutadapt (version 2.10) was used to trim adapters and run quality control

with the following options: -q 20 -m 16 -M 28 --discard-untrimmed. Bowtie (version

1.2.3) (options: -a -m 20 -v 1 --best --strata) and Bowtie2 (version 2.3.5.1) (options:

--very-sensitive-local) were used for alignment as described below. The featureCounts

function within the Subread package (version 1.6.4) was used to count alignments with

the options described in Sections 3.3.3 and 3.3.4. Manatee was used to manage multi-

mapping reads with the following options: -collapse yes -mismatches 1 -m 20. The

human genome assembly Hsa.GRCh38 version 104 and miRBase release 22.1 were used

for alignment/counting. The miRBase files were modified before use (Section 3.2.1). Testing

of differential gene expression was conducted using DESeq2 (version 1.38.3).

3.2.1 Modification of miRBase files

The miRBase FASTA file contained the hairpin RNA sequences. This meant that uracil (“U”)

was present instead of thymine (“T”). The sequences were converted to the DNA format by

replacing all “U” bases with “T” bases. Any miRNA sequences not designated as human

were also removed. The GFF3 file was modified by removal of the primary transcripts (i.e.

only mature miRNA sequences were retained). This allowed quantification of only mature,

and therefore functional, miRNAs and prevented instances of multi-mapping caused by reads

aligning to both their primary and mature transcript. When using Manatee, the GFF3 file

was further modified to adhere to program requirements. For each line, “ID” was changed to

“gene id”, “Name” was changed to “gene name”, and “gene biotype=miRNA” was appended.
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3.3 Results

Processing of RNA-seq data involves three main steps: quality control, alignment, and

quantification (Figure 8).

Figure 8: miRNA alignment. Schematic showing the three main steps involved in processing RNA

sequencing data. FASTQ files are fed into the pipeline and a matrix of gene counts is produced.

The first processing step involves removing the adapter sequences from the reads. Cutadapt

was used to trim the adapter sequences and filter out reads shorter than 16 bases or longer

than 28 bases after trimming. This encompasses the length of all miRNAs annotated within

miRBase (Figure 9).

Figure 9: Length of miRNAs in miRBase. The length of miRNAs annotated in miRbase (release

22.1). The majority of miRNAs are 21-23 nucleotides in length, but there are instances of miRNAs as

short as 16 and as long as 28 nucleotides.
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3.3.1 Bowtie2

Bowtie2 was reported to be the best alignment tool for miRNAs so initially I used this tool to

align reads to the genome [101]. Despite overall good alignment rates (average 69% uniquely

mapped reads across the four samples), Bowtie2 is not able to align reads < 22 nucleotides

using its scoring algorithm in the default settings (Figure 10). This is apparent when looking

at the scoring algorithm used, despite the fact the publication by Ziemann et al. [101] reports

alignment of short reads by Bowtie2.

Figure 10: Bowtie2 mapping statistics. The data shown is for sample SRR873382 but is

representative of all four samples. (A) The length distribution of all reads after trimming of the adapters

and filtering out reads longer than 28 bases and shorter than 16 nucleotides. The majority of reads are

21-24 nucleotides in length. (B) The length distribution of mapped reads. Although the mapping rate is

good in reads ⩾ 22 nucleotides, reads < 22 nucleotides do not map at all. Reads are mapped against

the whole genome. (C) The length distribution of unmapped reads. All reads < 22 nucleotides fail to

map.

This is a problem in miRNA sequencing as 35% (941/2656) of miRNAs listed in miRBase fall

below this threshold and would not be quantified using this method. According to the Bowtie2

manual, “In local alignment mode, the default minimum score threshold is 20 + 8.0 × ln(L),

where L is the read length.” In local alignment mode, points are allocated for each base in

the read that aligns to the reference, and points are deducted for mismatches or indels. The

default “match bonus” (i.e. the number of points added for each nucleotide that aligns) is 2.

This means that a perfectly aligning read of 20 nucleotides can achieve a maximum score of

46



40. However, the minimum score threshold for a 20 nucleotide read is 44:

Threshold = 20 + 8× ln(20)

Threshold = 20 + 8× 2.996

Threshold = 20 + 23.968

Threshold = 43.968

3.3.2 Alignment strategy

Due to the issues with Bowtie2, I chose instead to use Bowtie to align reads. This program

also scored highly in the publication by Ziemann et al. [101] and was found to perform better

than Bowtie2 by Potla et al. [102]. Bowtie is able to successfully align reads as short as 16

nucleotides making it more appropriate for the alignment of small RNAs (Figure 11).

Figure 11: Bowtie mapping statistics. The data shown is for sample SRR873382 but is representative

of all four samples. (A) The length distribution of all reads after trimming of the adapters and filtering

out reads longer than 28 bases and shorter than 16 nucleotides. The majority of reads are 21-24

nucleotides in length. (B) The length distribution of mapped reads. The mapping rate is consistent

across reads of all lengths. Reads are mapped against the whole genome. (C) The length distribution

of unmapped reads. Very few reads fail to map and these are distributed across read lengths.

The second question is whether to align reads against the whole genome, or whether to

align them specifically against a database of miRNAs (miRBase). Alignment of reads against

miRBase reduces the amount of multi-mapping and ambiguity in assigning reads, but also

limits the information which can be gained (i.e. not all small RNAs are miRNAs, and these
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will fail to align). It could also create false positives as other locations in the genome where a

read may align are not considered. Aligning samples from this dataset against either the whole

genome or miRBase did not affect the number of uniquely mapped reads (Figure 12).

As expected, the number of reads which fail to align is greater when aligning against miRBase.

Multi-mapping reads make up 21% of the dataset when aligning against the whole genome

compared to 15% when aligning against miRBase. Since there are more potential mapping

locations in the whole genome reference, this is expected. Because aligning against the

whole genome allows the most information to be captured without compromising the number

of uniquely mapped reads, this method was chosen going forward.

Figure 12: Choice of database to align to. Comparison of mapping when aligning short reads against

miRBase or the whole genome. The number of multi-mapped reads decreases when aligning against

miRBase, but the number of reads which fail to align increases. Reads that are “Suppressed by –m”

have aligned > 20 times to the database of choice. This figure is higher when aligning against the whole

genome but remains a very small percentage of the total reads. Significance was calculated using two-

way ANOVA and corrected for multiple testing using Sidak’s method (n = 4) (**** p ⩽ 0.0001). Error bars

show standard deviation.
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3.3.3 Quantification strategy

Once aligned, the reads aligning to a particular feature (e.g. a gene) must be quantified.

Different factors are taken into account when choosing whether a read is counted towards a

specific feature. If a read maps to multiple locations in the genome, it may be omitted from

the total. Similarly, if a gene aligns to a location which contains two genomic features (e.g. a

miRNA which is embedded within a protein-coding gene) it may be discarded due to ambiguity.

In this instance, the read could equally represent either the miRNA or be a fragment of mRNA

from the protein coding gene. As such, these reads are typically assigned to neither feature.

As with alignment, this quantification can be conducted using either the whole genome or

miRBase as a reference. The number of assigned reads is significantly higher when aligning

to miRBase compared to the whole genome (Figure 13). The majority of reads are lost due to

“ambiguity” when aligning against the whole genome. Since miRNA genes are often contained

within other genes, featureCounts is unable to determine which gene the read belongs to and

does not count reads which align in these areas. This is demonstrated by the recovery of these

reads when using the -O option when running featureCounts. Using the -O option assigns the

read to both genes with which it overlaps (i.e. the read is counted towards both the miRNA

and the gene it overlaps with). This distorts the total read count so should be avoided where

possible.

From these results it was determined that the optimum process involves using the whole

genome as a reference to align against as this prevents loss of information and allows other

types of small RNA to be quantified if desired. However, reads should subsequently be counted

against miRBase as this removes the complicating issue of overlapping genes and improves

miRNA quantification.
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Figure 13: Quantification of miRNAs using the whole genome or miRBase as a reference. Reads

are aligned to the whole genome and quantified against either the whole genome or miRBase. The

number of assigned reads is significantly higher when aligning to miRBase compared to the whole

genome. This number is recovered when using the -O option in featureCounts, as this allows reads to

be counted when they align to a section of the genome that contains two or more genes. There are

slightly more reads which do not map to a feature (i.e. gene) when counting against miRBase, but this

is not significant. Significance was calculated using two-way ANOVA and corrected for multiple testing

using Tukey’s method (n = 4) (**** p ⩽ 0.0001). Error bars show standard deviation.

3.3.4 Multi-mapping reads

Bowtie does not label alignments that are multi-mapped in a way that can be used by

featureCounts. A custom python script (Section 9.2) was written to add information about multi-

mapping to each alignment in the Bowtie output. This then allowed two counting strategies

which consider multi-mapping reads to be considered. Using featureCounts, multi-mapped

reads can be excluded entirely, as it the norm in exome sequencing. Multi-mapped reads

may be counted and their full count value assigned to each location where the read maps.

Alternatively, a fraction approach can be used to divide the number of counts between the

mapped locations. The final strategy is optimal in many ways, as it allows all possible locations

to be considered without distorting total read counts. However, power is lost by the division of
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reads and the unique method chosen here of aligning reads to the whole genome, but counting

against miRBase, means this method is not appropriate. The reads would be divided between

the mapped locations regardless of whether they map to a miRNA or not. Counting all multi-

mapped reads ensures no information is lost and recovers many previously uncounted reads.

However, this distorts the read number by inflating the number of counts. The difference in the

number of assigned reads when counting or excluding those which multi-map is demonstrated

in Figure 14.

Figure 14: The effect of including or excluding multi-mapping reads. The number of alignments

counted when multi-mapped reads are included or excluded. Reads were aligned against the whole

genome then counted against miRBase. Multi-mapped reads are counted using the -M function and the

reads assigned in their entirety. Approximately half of the multi-mapped reads map to no feature while

the other half become successful alignments to a miRNA gene.

Other researchers have applied strategies to rescue these multi-mapped reads in a more

systematic manner [104]. Read rescue is a strategy which counts multi-mapped reads based

on whether there are also other uniquely aligned reads in the same location and distributes

the multi-mapped reads according to this. Manatee is one such program [105]. It uses Bowtie

to align the reads, then uses a read rescue counting strategy. The number of assignments
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increases when using Manatee compared to excluding multi-mapped reads altogether, but is

less than if all multi-mapped reads are counted (Figure 15).

Figure 15: Assignments using featureCounts and Manatee. The number of reads assigned to

miRNA genes made when using featureCounts with the default settings, featureCounts in multi-mapping

mode, and Manatee for quantification. Significance was calculated using an ordinary one-way ANOVA

and corrected for multiple testing using Tukey’s method (n = 4) (**** p ⩽ 0.0001). Error bars show

standard deviation.

This offers rescue of those reads where we can have some level of certainty regarding their

mapping, but excludes those which remain ambiguous. When using these counts to run

differential expression analysis, the differentially expressed miRNAs are largely overlapping

between the three strategies (Figure 16).

The number of significantly differentially expressed miRNAs is lower when excluding multi-

mapping reads (198), which is unsurprising given the decreased number of assigned

reads. Manatee does not produce as many significantly differentially expressed miRNAs as

featureCounts in multi-mapping mode (226 vs 241). Again, this is expected as the counts

included in the analysis are lower.

52



Figure 16: Differentially expressed genes using featureCounts and Manatee. Differentially

expressed (adjusted p value ⩽ 0.05) miRNAs between normoxia and hypoxia when using the results

from featureCounts, featureCounts in multi-mapping mode, and Manatee for quantification. The results

are largely overlapping between the different methods. The methods that produce more assigned

reads also identify more differentially expressed miRNAs. (A) Significantly upregulated miRNAs. (B)

Significantly downregulated miRNAs.
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3.4 Discussion

The results of these analyses suggest that an optimum processing strategy for miRNA

sequencing data uses Bowtie to align reads to the whole genome, in agreement with other

researchers [102, 103]. The optimum strategy also quantifies reads against miRBase, in

agreement with Potla et al. [102], but imposes an additional read rescue strategy to salvage

multi-mapped reads. As Manatee is capable of conducting both of these steps, it will be used

in all analyses going forward.
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4 Transcriptional adaptation to chronic hypoxia

4.1 Introduction

Although the hypoxic response is relatively well studied [107, 108], there are still areas

where data are lacking. For example, the effect of chronic hypoxia has not been extensively

investigated [12]. Some studies refer to their hypoxia timepoints as “chronic”, but their exposure

times are relatively short (⩽ 24 hours) [13, 21]. At these timepoints, substantial levels of the

HIF proteins remain and true adaptation has not had time to occur. HIF1 protein levels are

reported to drop after around 12 hours of hypoxia in endothelial cells [24, 31–33]. HIF2 protein

levels peak at a later time point [24, 32, 33], but typically both HIF subtypes are present at low

levels after 48 hours [24, 33]. This means the response to chronic hypoxia may be different

from the response to acute hypoxia. There is also evidence that chronic hypoxia can promote

a more aggressive cancer phenotype through selective pressure [8, 22, 109]. A systematic

search of the Gene Expression Omnibus database (Di Giovannantonio, M. 2020, unpublished)

revealed only four transcriptomic datasets where cells had been cultured under continuous

hypoxia for ⩾ 7 days, of which three had associated publications [110–112].

One of these studies used a clear cell renal cell carcinoma cell line with VHL mutations,

meaning the response to hypoxia is not representative of a wild type VHL cell [110].

Nonetheless, they demonstrated little overlap in the mRNA and miRNA profiles taken after

exposure to acute (24 hours) and chronic (3 months) hypoxia (1% O2) [110]. The second

study (Danielsson et al. [112]) did not compare acute and chronic hypoxia, but did show

that chronic hypoxia (3% O2 for 6 passages) caused different transcriptional responses in an

isogenic fibroblast cell line at different stages of transformation, indicating a variable hypoxic

response even in cells with an almost identical genetic background. The final study, which used

the MCF7 breast cancer cell line, identified differentially expressed genes between the acute

(24 hours) and chronic (10 weeks) hypoxia (0.5% O2) timepoints [111]. They also found that

overexpressing HER2 increased expression of hypoxia response genes, again demonstrating

that the hypoxic response is context dependent.

Since then, a fourth study into the transcriptional response to chronic hypoxia has been

published [37]. Khouzam et al. [37] exposed six cell lines, including MCF7 cells, to hypoxia
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(1% O2) for 20 passages. They did not do a comparison with acute hypoxia, but did show that

some cell lines have a propensity to generate a stronger response to hypoxia (i.e. there were

more differentially expressed genes). Although they considered using a TNBC cell line in their

experiments (MDA-MB-231), this was excluded before microarray analysis.

Overall, research into chronic hypoxia, particularly in the context of TNBC, is lacking. This

chapter aims to characterise the response to chronic hypoxia in four breast cancer cell lines.

Of the cell lines chosen, one is oestrogen receptor positive (MCF7). The remaining three are

triple-negative and cover a range of TNBC subtypes (i.e. MDA-MB-231 cells are mesenchymal

stem like, MDA-MB-468 cells are basal like 1, and HCC1806 are basal like 2 [113, 114]).
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4.2 Methods

4.2.1 Collection of samples (MDA-MB-231)

These samples were collected by Dr Anjali Arora (Buffa lab). Cells were seeded and left to

adhere overnight before relevant samples were transferred to the hypoxia chamber. Cells were

maintained in either normoxia or hypoxia as per Section 2.1 and Section 2.2. Cell pellets were

collected after 6 hours, 24 hours, 7 days, or 14 days of culture in both conditions and stored at

-80°C.

4.2.2 Collection of samples (MCF7; HCC1806; MDA-MB-468)

Cells were seeded and left to adhere overnight before relevant samples were transferred to

the hypoxia chamber. Cells were maintained in either normoxia or hypoxia as per Section 2.1

and Section 2.2. Cell pellets were collected after 24 hours, 7 days, or 14 days of culture in

hypoxia or after 24 hours in normoxia and stored at -20°C following a protocol set by Dr Ana

Miar Cuervo (Buffa lab).

4.2.3 RNA extraction (MDA-MB-231)

RNA was extracted from frozen cell pellets of approximately 3 million cells using the miRNeasy

Mini Kit according to manufacturer’s instructions. The cell pellets were lysed using the QIAzol

lysis buffer and at least 2 minutes of vortexing. Vortex time was extended if the cell pellet had

not fully disintegrated. The optional wash step using Buffer RWT and the optional dry step

were both included. For samples collected at 6 hours and 24 hours, RNA was diluted in 100 µL

of RNase free water (miRNeasy Mini Kit). For samples collected after 7 days or 14 days,

RNA was diluted in 150 µL of RNase free water. The A260/A280 and A260/A230 ratios were

recorded using a NanoDrop Spectrophotometer. 1 µL of RNase free water was used to blank

the instrument and 1 µL of each RNA sample was used for testing. The RNA was quantified

using a Qubit 4 Fluorometer using the Qubit RNA Broad Range Assay Kit according to the

manufacturer’s instructions. The fluorescence reading is temperature sensitive, so all samples

were incubated at room temperature for at least 5 minutes to ensure temperature equilibration

before reading. 1 µL of sample was added to 199 µL of working reagent. 3.75 µg of each RNA

sample was loaded into a full skirted 96 well PCR plate for sequencing.
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4.2.4 RNA extraction (MCF7; HCC1806; MDA-MB-468)

RNA was extracted from frozen cell pellets using TRI Reagent according to the manufacturer’s

instructions and resuspended in DEPC treated water. To improve the A260/A230 ratio, sodium

acetate precipitation was used. 0.1 volumes of 3 M sodium acetate was added along with

3 volumes of 100% ethanol and the solution incubated overnight at -20°C. Samples were

centrifuged at 21130 g for 15 minutes at 4°C. The supernatants were discarded and the

pellets washed in 1 mL of ice-cold 75% ethanol. Samples were centrifuged at 21130 g for 10

minutes at 4°C. The supernatants were discarded and the pellets dried before resuspending in

DEPC treated water. The samples were treated with the TURBO DNA-free Kit to remove

any contaminating genomic DNA following the “routine DNase treatment” method in the

manufacturer’s instructions. 3.5 µg of each RNA sample was loaded into a full skirted 96

well PCR plate for sequencing.

4.2.5 mRNA sequencing

Library preparation and sequencing were conducted by the Oxford Genomics Centre, Oxford.

Material was quantified using the Quant-it RiboGreen RNA Assay Kit on the FLUOstar OPTIMA

microplate reader and the size profile and integrity analysed on the TapeStation using the RNA

ScreenTape assay. Input material was normalised prior to library preparation. Strand specific

library preparation was completed using the QuantSeq 3’mRNA-Seq Kit (forward) following

manufacturer’s instructions. Libraries were amplified on a Tetrad PCR Thermal Cycler using

in-house unique dual indexing primers (based on [115]). Individual libraries were normalised

using Qubit and the size profile was analysed on the TapeStation. Individual libraries were

normalised and pooled accordingly. The pooled library was diluted to approximately 10 nM for

storage. The 10 nM library was denatured and further diluted prior to loading on the sequencer.

75 bp paired end sequencing was carried out on the NextSeq.

4.2.6 Small RNA sequencing

Library preparation and sequencing was conducted by the Oxford Genomics Centre, Oxford.

The libraries were prepared using the NEBNext Small RNA Library Kit following the

manufacturer’s instructions. Size selection was carried out using BluePippin. Library

quality control metrics were analysed using TapeStation before being multiplexed ready for
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sequencing on NextSeq.

4.2.7 Processing of mRNA sequencing data

Reads from 3’ mRNA sequencing were processed using the pipeline described in

Section 9.3.1. The quality of the reads was assessed using FastQC (version 0.11.8).

Adapter sequences, polyA sequences, and low quality bases were removed using

cutadapt (version 2.7). Reads shorter than 15 bases after trimming were also removed.

The cutadapt options used were: -m 15 -n 2 --nextseq-trim=20 -a AGATCGGAAGAGC -a

AAAAAAAAAAAAAAAAAAAA. Reads were aligned to the Hsa.GRCh38 assembly of human genome

(version 104) using STAR (version 2.7.3a). Aligned reads were quantified using the

featureCounts program from the Subread package (version 1.6.4). The options used for

featureCounts were: -t exon -g gene_id -primary -s 1. Downstream processing was

conducted in R. Differentially expressed genes were identified using DESeq2 (version 1.38.3).

Low expressing genes (i.e. genes that did not have at least 5 counts in at least 3 samples after

normalisation) were removed from the analysis. Genes were annotated (i.e. their Ensembl

IDs converted to gene names, gene symbols, and Entrez IDs) using AnnotationDbi (version

1.60.2) and the org.Hs.eg.db database (version 3.16.0).

4.2.8 Processing of small RNA sequencing data

Reads from small RNA sequencing were processed using the pipeline optimised in Section 3.

The quality of the reads produced from sequencing was assessed using FastQC (version

0.11.9). Adapter sequences and low quality bases were removed using cutadapt (version

2.10). Only reads 16-28 bases in length after trimming were used for analysis. This ensured

the majority of reads belong to the miRNA family. Manatee (version 1.2) was used both to

align reads against the Hsa.GRCh38 assembly of human genome (version 104) and quantify

reads using a modified (described in Section 3.2) version of the miRBase GFF3 file (version

22.1) as a reference. Reads with more than one mismatch were not included, and reads

which mapped to more than 20 genomic loci were not considered. Specifically, the following

options were used when running Manatee: -collapse yes -mismatches 1 -m 20 -s yes.

Downstream processing was conducted in R. Differentially expressed miRNAs were identified

using DESeq2 (version 1.38.3).
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4.2.9 Analysis of TCGA data

RNA-seq profiles from The Cancer Genome Atlas (TCGA) were accessed using TCGAbiolinks

(version 2.26.0) and separated by breast cancer subtype. Hypoxia scores were assigned to

each tumour by applying the Buffa hypoxia signature [116] using SigQC [117]. This compiles

RNA expression profiles of genes in the Buffa hypoxia signature and assigns each sample a

hypoxia score based on this. The median score was taken as the hypoxia score. Tumours with

scores in the upper and lower tertiles were labelled as tumours with “high” and “low” levels of

hypoxia.

4.2.10 HIF1α western blot

15 µL of Rainbow Molecular Weight Marker was added to the first well of a NuPAGE 4-12%

Bis-Tris Gel. Remaining wells were loaded with 30 µg of protein (collected in urea buffer

as described in Section 2.3.1). Gels were run in 1X MES buffer. Protein was transferred

using the semi-dry method (Section 2.3.7). The membrane was blocked using 5% nonfat

dried milk powder then probed with a mouse anti-human HIF-1α primary antibody diluted

1:1000 in blocking buffer. The secondary antibody (goat anti-mouse IgG HRP) was diluted

1:1000 in blocking buffer. Full details for probing and developing the membrane are found in

Section 2.3.9.

4.2.11 HIF2α western blot

15 µL of Rainbow Molecular Weight Marker was added to the first well of a NuPAGE 4-12%

Bis-Tris Gel. Remaining wells were loaded with 40 µg of protein (collected in urea buffer as

described in Section 2.3.1). Gels were run in 1X MES buffer. Protein was transferred using

the wet transfer method (Section 2.3.6). The membrane was blocked using 5% nonfat dried

milk powder then probed with a rabbit HIF2α primary antibody diluted 1:1000 in blocking buffer.

The secondary antibody (goat anti-rabbit IgG HRP) was diluted 1:1000 in blocking buffer. Full

details for probing and developing the membrane are found in Section 2.3.9.

4.2.12 E-cadherin western blot

15 µL of Rainbow Molecular Weight Marker was added to the first well of a NuPAGE 4-12%

Bis-Tris Gel. Remaining wells were loaded with 30 µg of protein (collected in urea buffer as
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described in Section 2.3.1). Gels were run in 1X MOPS buffer. Protein was transferred using

the Turbo method (Section 2.3.8). The membrane was blocked using 5% nonfat dried milk

powder then probed with the E-cadherin rabbit monoclonal antibody diluted 1:1000 in blocking

buffer. The secondary antibody (goat anti-rabbit IgG HRP) was diluted to 1:1000 in blocking

buffer. Full details for probing and developing the membrane are found in Section 2.3.9.

4.2.13 Vimentin western blot

15 µL of Rainbow Molecular Weight Marker was added to the first well of a NuPAGE 4-12%

Bis-Tris Gel. Remaining wells were loaded with 30 µg of protein (collected in RIPA buffer as

described in Section 2.3.2). Gels were run in 1X MES buffer. Protein was transferred using the

Turbo method (Section 2.3.8). The membrane was blocked using 5% nonfat dried milk powder

then probed with the vimentin rabbit monoclonal antibody diluted 1:1000 in blocking buffer. The

secondary antibody (goat anti-rabbit IgG HRP) was diluted to 1:1000 in blocking buffer. Full

details for probing and developing the membrane are found in Section 2.3.9.

4.2.14 Wound healing assay

6.5x104 cells were seeded per well of an Incucyte ImageLock 96-well plate in 100 µL of

culture media (24 replicate wells per plate). Cells had either been cultured in hypoxia for

13 days prior to seeding or were the equivalent passage in normoxia. Cells were left to adhere

overnight before a wound was scratched into the cell monolayer. The wound was scratched

using an Incucyte 96-Well Woundmaker Tool according to manufacturer’s instructions. Half

of the media (50 µL) was removed from the well and replaced with 75 µL of fresh culture

media. This removed some of the scratched cells which were now floating. This differs

from a typical protocol, where all the media would be removed and replaced, because cells

in hypoxia had a tendency to detach from the plate if all media was removed. The plate

was immediately transferred to an Incucyte (Incucyte S3 or Incucyte Zoom) in an incubator

(set to 36°C, humidified, 5% CO2), where images were taken at 2 hour intervals for at least

36 hours. This meant that hypoxic cells were transferred to a normoxic environment for the

assay. Analysis was conducted using a different set of training images for each cell type.

“Masks” of the wound and cells were created at each timepoint (Figure 17) and the relative

wound density calculated. This method accounts for the density of the wound at the initial time

point (i.e. incomplete scratching or cells re-settling) and for changes in the density of the cell
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monolayer inside and outside of the wound region throughout the experiment.

Figure 17: Masking in wound healing analysis. The wound is scratched at 0hr, and the initial and

current wound masks fully overlay. Over time, cells enter the wound region and the overlay is reduced.

The difference in cell density between the current and initial wound regions can be used to calculate the

relative wound density.

4.2.15 Adhesion assay

1x104 cells were seeded per well of a 96 well plate in 100 µL of culture media. Quadruplicate

wells were prepared in each plate. Four separate plates were seeded for each timepoint.

Cells had either been cultured in hypoxia for 14 days prior to seeding or were the equivalent

passage in normoxia. After 30 minutes, 1 hour, and 2 hours, plates were inverted to remove

the media along with any non-adhered cells. Each well was rinsed twice using 200 µL of PBS

and again emptied by inversion. At 2 hours, one of the plates was centrifuged at 300 g for

4 minutes before the rinse step. This plate represents the total number of cells. Plates were

stored (with empty wells) at -80°C overnight. Plates were thawed and the cells quantified

using the CyQUANT Cell Proliferation Assay according to manufacturer’s instructions. Briefly,
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cell lysis buffer and CyQUANT GR dye (a proprietary dye that fluoresces when bound to

nucleic acids) were added to the wells and incubated at room temperature for 5 minutes. The

fluorescence was measured using a POLARstar Omega microplate reader with the following

settings: excitation 480 nm, emission 520 nm. To calculate the percentage of cells that had

adhered by each timepoint, the fluorescence at each timepoint was compared to the “total”

cells control.
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4.3 Results

4.3.1 Chronic hypoxia reduces cell growth

Since there have been few studies on truly chronic hypoxia, and those that use longer

timepoints often used a hypoxic incubator where cells are exposed to a normoxic environment

during passaging [118], it was not known whether our chosen panel of breast cancer cell

lines could survive 14 days of exposure to hypoxia and whether they would proliferate under

these conditions. The cell number was monitored in normoxia and hypoxia (1% O2) over 14

days. The results show that cells were able to survive under chronic hypoxia and continued to

proliferate, though at a reduced rate (Figure 18). The cells in this experiment are unlikely to

have experienced nutrient deprivation or a drop in pH due to the high volume of media used

per flask and the frequent media changes employed.
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Figure 18: Cell growth under chronic hypoxia. Current population doublings, and the average

doubling time in hours across the experiment for each cell line in normoxia and hypoxia. An unpaired

t-test was used to test for differences in doubling times (n = 3).
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4.3.2 The classical hypoxia response is maintained for at least 14 days of hypoxia

exposure

There is evidence that levels of the HIF proteins change depending on the length of hypoxia

exposure [24, 25, 111]. Typically, levels of HIF1 peak before HIF2, but HIF2 is maintained for

longer time periods. However, these studies still monitor HIF expression over relatively short

time periods. To test whether the HIF1 and HIF2 proteins are maintained in chronic hypoxia

timepoints, western blot analysis was conducted on samples collected under acute (6 hours

and 24 hours) and chronic (7 days and 14 days) hypoxia (Figure 19).

Figure 19: Kinetics of HIF1 and HIF2 under chronic hypoxia. Western blots showing expression

levels of HIF1α and HIF2α along with the β-actin control.

In general, HIF1 levels were highest at the 6 hour timepoint and depleted over time (Figure 20).

In the case of HCC1806, HIF1 dropped back to baseline levels by day 7. In the other three cell

lines, HIF1 levels were lower in the chronic timepoints, but some expression was maintained.

In contrast, HIF2 expression was more stable between acute and chronic hypoxia, but showed

larger cell line variability. HIF2 expression was almost entirely absent in MCF7 cells. However,

MCF7 cells had the highest overall expression of HIF1 which could compensate for the lack of

HIF2 activity. The other cell lines expressed HIF2 by the 6 hour timepoint and the expression

remained relatively stable up to 14 days (Figure 21). HCC1806 cells had the highest overall

level of HIF2, which could compensate for the lack of HIF1 at the chronic timepoints. Together,

these data show that across cell lines, at least one of the two HIF subtypes is maintained up to

14 days of hypoxia exposure.
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Figure 20: HIF1 western blot quantification. Levels of HIF1α compared to β-actin measured by

western blot. Each of the three replicates is displayed as a different shape. Significance was tested

using one-way ANOVA with repeated measures and corrected for multiple testing using Dunnett’s

method (* p ⩽ 0.05).

Figure 21: HIF2 western blot quantification. Levels of HIF2α compared to β-actin measured by

western blot. Each of the three replicates is displayed as a different shape. Significance was tested

using one-way ANOVA with repeated measures and corrected for multiple testing using Dunnett’s

method (* p ⩽ 0.05, ** p ⩽ 0.01).

To investigate the response to chronic hypoxia in greater depth, RNA sequencing was

conducted on cells cultured under hypoxia for 24 hours, 7 days, and 14 days. Analysis of

the results using decoupleR (version 2.4.0), a program which infers transcription factor activity

using expression levels of the target genes, predicts that either HIF1 or HIF2 (EPAS1) are

the most active transcription factors in all hypoxic samples across all timepoints (Figures 22

and 23). Interestingly, this program was also able to pick up on some of the differences in HIF1

and HIF2 activity between the cell lines. decoupleR predicted that HIF2 was more active than

HIF1 in MDA-MB-468 cells, which have high levels of HIF2, while MCF7 cells were predicted to

have high HIF1 activity compared to HIF2 in accordance with western blot analyses (Figures 20
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and 21). There does not appear to be a switch in the most active HIF gene over time in this

analysis. Over-representation analysis using clusterProfiler (version 4.6.2) showed that the

gene ontology term “cellular response to hypoxia” was significantly (adjusted p value ⩽ 0.05)

enriched in both acute and chronic hypoxia when compared to normoxia, and this was true

across all four cell lines.

Finally, I assessed the correlation of log2 fold changes of known hypoxia response genes

between the different hypoxia timepoints. Three different lists of hypoxia response genes were

used:

1. Direct HIF targets (ChIP Atlas) [119]

2. A curated HIF regulon (DoRothEA) [120]

3. An established hypoxia gene signature (Buffa) [116]

Overall, there was a very strong correlation between the log2 fold change of these genes after

24 hours of hypoxia exposure and the chronic timepoints (Figures 24 to 26). This means

that genes which are upregulated after 24 hours of hypoxia exposure are upregulated to a

similar degree in the chronic hypoxia timepoints. This suggests that the same pathways are

needed to maintain survival under hypoxia regardless of exposure time. This also indicates that

existing hypoxia gene signatures which have been generated using acute hypoxia datasets are

adequate for classification of samples experiencing chronic hypoxia.
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Figure 24: Correlation of the log2 fold changes of HIF target genes (ChIP Atlas) between different

hypoxia timepoints. The log2 fold change of HIF target genes (ChIP Atlas) between acute and chronic

hypoxia is strongly correlated. The dashed line represents x = y. The red line shows the linear model

with surrounding confidence intervals.
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Figure 25: Correlation of the log2 fold changes of HIF target genes (DoRothEA) between different

hypoxia timepoints. The log2 fold change of HIF target genes (DoRothEA) between acute and chronic

hypoxia is strongly correlated. The dashed line represents x = y. The red line shows the linear model

with surrounding confidence intervals.
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Figure 26: Correlation of the log2 fold changes of hypoxia signature genes (Buffa) between

different hypoxia timepoints. The log2 fold change of hypoxia signature genes (Buffa) between acute

and chronic hypoxia is strongly correlated. The dashed line represents x = y. The red line shows the

linear model with surrounding confidence intervals.
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Together, these data show that the levels of HIF1/HIF2 found at the chronic timepoints are

sufficient to maintain the classical hypoxia response, and that the hypoxic response remains

the most dominant activated pathway for at least 14 days after the beginning of hypoxia

exposure.

4.3.3 Chronic hypoxia drives changes in the expression of structural genes

After establishing that the classical hypoxia response remained largely the same in acute and

chronic hypoxia, I asked if there were any changes in cells exposed to chronic hypoxia that

did not occur under acute hypoxia. In general, cells had the greatest number of differentially

expressed genes after 7 days of hypoxia exposure, and these were more likely to be found in

common with differentially expressed genes at day 14 than at day 1 (Figures 27 to 30). This

suggests that there is a transcriptional profile that is induced by chronic hypoxia, but not acute.

Figure 27: Overlap of differentially expressed genes at each hypoxia timepoint (MCF7). The

overlap of significantly (adjusted p value ⩽ 0.05) differentially expressed genes at each hypoxia

timepoint in MCF7 cells.
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Figure 28: Overlap of differentially expressed genes at each hypoxia timepoint (MDA-MB-231).

The overlap of significantly (adjusted p value ⩽ 0.05) differentially expressed genes at each hypoxia

timepoint in MDA-MB-231 cells.

Figure 29: Overlap of differentially expressed genes at each hypoxia timepoint (HCC1806).

The overlap of significantly (adjusted p value ⩽ 0.05) differentially expressed genes at each hypoxia

timepoint in HCC1806 cells.
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Figure 30: Overlap of differentially expressed genes at each hypoxia timepoint (MDA-MB-468).

The overlap of significantly (adjusted p value ⩽ 0.05) differentially expressed genes at each hypoxia

timepoint in MDA-MB-468 cells.

I next assessed the overlap of genes upregulated specifically under chronic hypoxia between

cell lines. These results show surprisingly little overlap. Only one gene is identified as chronic

hypoxia specific in more than two of the cell lines (Table 2).

QSOX1 is the only gene which was upregulated specifically under chronic hypoxia across all

three TNBC cell lines (Figure 31). QSOX1 (quiescin sulfhydryl oxidase 1) catalyses disulfide

bond formation during protein folding, reducing molecular oxygen to hydrogen peroxide in the

process [121]. QSOX1 has already been associated with tumorigenesis and is reported to play

a role in cancer cell invasion [121], although there is some conflicting evidence on its role in

breast cancer [122, 123]. In fibroblasts, QSOX1 was shown to be essential for integration

of laminin into the basement membrane but not for laminin production [124]. This led to

reduced migration of cancer cells across ECM produced by QSOX1 knockdown fibroblasts.

This is interesting as two other genes in Table 2, LAMB3 and LAMC2, encode subunits of

laminin [125]. This strongly suggests that dysregulation of basement membrane production is

occurring under chronic hypoxia, which in vivo could lead to increased invasion and metastasis.
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Table 2: Chronic hypoxia specific upregulated genes. Genes that are significantly (adjusted p value

⩽ 0.05) upregulated after 7 and 14 days of hypoxia exposure, but not after 24 hours. Only genes which

fulfil these criteria in at least two of the cell lines are shown.

MCF7 MDA-MB-231 HCC1806 MDA-MB-468

ANKRD37 ANKRD37

ARHGAP29 ARHGAP29

ATP1B1 ATP1B1

BCL6 BCL6

CDCP1 CDCP1

CDKN1A CDKN1A

CPA4 CPA4

DYNC2I1 DYNC2I1

EFNA1 EFNA1

EGLN3 EGLN3

ETS1 ETS1

FER1L4 FER1L4

FKBP9P1 FKBP9P1

GJB3 GJB3

GPRC5A GPRC5A

ICAM1 ICAM1

ID4 ID4

IGFBP5 IGFBP5

IL7R IL7R

INHBA INHBA

KLF7 KLF7

KRT34 KRT34

LAMB3 LAMB3

LAMC2 LAMC2

MGLL MGLL

MSN MSN

MT1X MT1X

PLOD2 PLOD2

PNRC1 PNRC1

PPP1R14B-AS1 PPP1R14B-AS1

PPP1R15A PPP1R15A

PPP1R3E PPP1R3E

PSG5 PSG5

QSOX1 QSOX1 QSOX1

RAB3B RAB3B

RORA RORA

SAMD4A SAMD4A

SNORD13 SNORD13

TNFAIP3 TNFAIP3

UPP1 UPP1

VIM VIM
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In addition, LAMB3 and LAMC2 both encode subunits of laminin 332 [125]. Laminin 332 is

reported as the ECM component most able to stimulate cell adhesion, migration, and invasion,

and is a biomarker for EMT in cancer [126, 127]. In accordance, laminin 332 is associated

with invasive breast ductal carcinomas and has been reported to increase migration in breast

cancer cells [127, 128]. Knockdown of LAMC2 was able to reduce the growth and invasive

properties of thyroid cancer cells [129].

Figure 31: QSOX1 expression. The expression of QSOX1 across each cell line. QSOX1 was

significantly (adjusted p value ⩽ 0.05) upregulated after 7 days and 14 days, but not 24 hours, of

hypoxia in the TNBC cell lines. In MCF7 cells, QSOX1 was significantly (adjusted p value ⩽ 0.05)

upregulated at all hypoxia timepoints (* p ⩽ 0.05, ** p ⩽ 0.01, *** p ⩽ 0.001). Each shape represents a

different biological replicate.
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Several other genes found in Table 2 are associated with adhesion and EMT. For example,

PLOD2 is involved in the production of collagen, catalysing the critical lysyl hydroxylation step

[130]. It is a known HIF target and is often over-expressed in cancers [130, 131]. A study

by Xu et al. [132] showed that knockdown of PLOD2 pushed cervical cancer cells towards a

more epithelial phenotype, suggesting that PLOD2 is a promoter of EMT. In the same study,

knockdown of PLOD2 decreased cell adhesion to collagen. Through these mechanisms,

PLOD2 is associated with cancer progression [130, 131].

Another example of an EMT associated gene in Table 2 is VIM. VIM encodes the intermediate

filament protein vimentin, an important marker of EMT which is strongly associated with cell

migration, invasion, and adhesion [133]. Vimentin is essential for the formation of invadopodia

and the development of front-rear polarity in migrating cells [134]. Consistent with this function,

vimentin is associated with poor prognosis [134], and knockdown of vimentin was shown to

reduce migration and cell adhesion in MDA-MB-231 cells [135].

ICAM1 encodes an intracellular adhesion molecule which plays a role in both cell-cell and cell-

ECM adhesion [136]. It is highly expressed in TNBC compared to other breast cancer subtypes

and is associated with poor prognosis [137, 138]. Inhibition of ICAM1 led to reduced invasion

in breast cancer cell lines, while knockdown of ICAM1 in a TNBC cell line reduced metastasis

to the bone by impairing EMT [138, 139].

MSN encodes moesin, which aids the formation of invadopodia through its interaction with

extracellular matrix protein 1, thereby facilitating cell migration [140]. In accordance with this,

high expression of moesin was associated with metastasis and poor prognosis in several

cancers, including breast cancer [140]. Knockdown of moesin caused mesenchymal-epithelial

transition to occur in p53 mutant MCF7 cells [141], suggesting it plays a role in EMT.

INHBA codes for inhibin β-A, a member of the TGF-β superfamily. INHBA is over-expressed

in many types of cancer and is often associated with poor prognosis [142–144]. Knockdown

of INHBA in breast cancer cells reduced growth and invasive properties by inducing a more

epithelial phenotype [144], while over-expression of INHBA produced the opposite results

[144]. This suggests that INHBA plays a positive role in regulating EMT.
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Unbiased analyses of pathway enrichment in acute and chronic hypoxia conditions highlight

similar trends in the data (Figures 32 to 35). For example, HCC1806 cells show a difference

in genes involved in cell-substrate adhesion after 7 days of hypoxia exposure. MDA-MB-468

cells show a clear transition between acute hypoxia, where most over-represented pathways

are related to the classical hypoxia response, to chronic hypoxia where pathways relating to

cell adhesion, migration, and cell structure become enriched. By day 14, MDA-MB-231 cells

also show differences in cell adhesion by pathway enrichment. However, most of the chronic

hypoxia specific pathways relate to the cell cycle, ER stress, and apoptosis. The lack of EMT

associated pathways could be due to MDA-MB-231 cells already having a strong mesenchymal

phenotype (i.e. it belongs to the mesenchymal stem like subtype of TNBC [113]), which means

hypoxia does not induce further changes. MCF7 cells appear to have a more stable phenotype

across the different hypoxia timepoints. This could reflect the less aggressive nature of MCF7

cells which may prevent changes associated with invasion and metastasis from developing as

readily.
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Figure 32: Over-represented pathways in acute and chronic hypoxia in MCF7 cells. Genes that

are significantly (adjusted p value ⩽ 0.05) differentially expressed at each hypoxia timepoint are used in

over-representation analysis. Pathways which are significantly (adjusted p value ⩽ 0.05) enriched are

shown. The Gene Ratio refers to the number of differentially expressed genes found in the pathway,

divided by the total number of differentially expressed genes in that condition.
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Figure 33: Over-represented pathways in acute and chronic hypoxia in MDA-MB-231 cells. Genes

that are significantly (adjusted p value ⩽ 0.05) differentially expressed at each hypoxia timepoint are

used in over-representation analysis. Pathways which are significantly (adjusted p value ⩽ 0.05)

enriched are shown. The Gene Ratio refers to the number of differentially expressed genes found

in the pathway, divided by the total number of differentially expressed genes in that condition.
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Figure 34: Over-represented pathways in acute and chronic hypoxia in HCC1806 cells. Genes

that are significantly (adjusted p value ⩽ 0.05) differentially expressed at each hypoxia timepoint are

used in over-representation analysis. Pathways which are significantly (adjusted p value ⩽ 0.05)

enriched are shown. The Gene Ratio refers to the number of differentially expressed genes found

in the pathway, divided by the total number of differentially expressed genes in that condition.
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Figure 35: Over-represented pathways in acute and chronic hypoxia in MDA-MB-468 cells. Genes

that are significantly (adjusted p value ⩽ 0.05) differentially expressed at each hypoxia timepoint are

used in over-representation analysis. Pathways which are significantly (adjusted p value ⩽ 0.05)

enriched are shown. The Gene Ratio refers to the number of differentially expressed genes found

in the pathway, divided by the total number of differentially expressed genes in that condition.
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To assess whether these genes were relevant in tumours and not just cell lines, I investigated

the expression of genes in Table 2 in The Cancer Genome Atlas (TCGA) (Figure S3). After

separating samples from the basal subtype according to their hypoxia score (Section 4.2.9), I

assessed the expression of each the genes in Table 2. Twelve of the chronic hypoxia specific

genes had significantly (adjusted p value ⩽ 0.05) higher expression in tumours with a hypoxia

score in the upper tertile (Figure S3). These genes were: CDCP1, CDKN1A, CPA4, EFNA1,

EGLN3, GJB3, GPRC51A, KRT34, LAMC2, MTX1, PLOD2, and UPP1. ANKRD37 was also

significantly upregulated in tumours with a high hypoxia score, however it is found within the

Buffa hypoxia gene signature which was used to calculate the hypoxia scores so is discounted.

Unexpectedly, six of the genes in Table 2 were significantly downregulated in tumours with a

higher hypoxia score (ETS1, ID4, IGFBP5, IL7R, PPP1R3E and RORA), in contrast to the in

vitro results. This could be caused by differences in the type of hypoxia experienced in the

tumour. The hypoxia signature, which is already a proxy for true hypoxia measurement, is

comprised of classical hypoxia genes which means cells experiencing acute, or intermittent,

hypoxia will also be assigned a high hypoxia score. This could drown out the signal of tumours

which are experiencing chronic hypoxia. Similarly, samples from the TCGA will also contains

elements of stroma which could also drown out the signal from hypoxic tumour cells.

4.3.4 Vimentin levels are increased after exposure to chronic hypoxia

Given the RNA-seq results suggested processes such as EMT, migration, and adhesion were

altered under chronic hypoxia, I attempted to functionally validate these changes in vitro. First,

I investigated the expression of two key markers of EMT, E-cadherin and vimentin. E-cadherin

is highly expressed in epithelial cells, while vimentin is expressed by mesenchymal cells. I

exposed cells to 14 days of hypoxia and assessed the levels of E-cadherin and vimentin by

western blot. Although there was some depletion of E-cadherin in MDA-MB-468 cells exposed

to chronic hypoxia, in general the expression of E-cadherin did not change (Figures 36 and 37).

As expected based on their subtypes, MCF7 cells express E-cadherin to a high level, while

MDA-MB-231 cells do not express E-cadherin at all.
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Figure 36: Expression of E-cadherin under chronic hypoxia. Expression of E-cadherin across the

four cell lines exposed to hypoxia for 6 hours, 24 hours, 7 days, and 14 days. E-cadherin was not

detected in MDA-MB-231 cells.

Figure 37: E-cadherin western blot quantification. Relative levels of E-cadherin compared to β-actin

measured by western blot. There were no significant differences in E-cadherin levels between normoxia

and any hypoxia timepoint. The symbol shapes represent different biological replicates. Significance

was tested using one-way ANOVA with repeated measures and corrected for multiple testing using

Dunnett’s method (n = 3).

In contrast, levels of vimentin did change after exposure to hypoxia (Figure 38) in line with

the RNA-seq results which identified VIM as a chronic hypoxia specific gene. Vimentin levels

were significantly upregulated after 7 days of hypoxia exposure in HCC1806 cells, and after

7 and 14 days in MDA-MB-468 cells (Figure 39). MDA-MB-231 cells also appear to increase

their vimentin expression in line with hypoxia exposure time, but this result is not significant.

Vimentin expression was not detected in MCF7 cells at any timepoint. The changes in vimentin

expression indicate that chronic hypoxia exposure pushes cell towards to more mesenchymal

phenotype, though the response is cell line dependent.
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Figure 38: Expression of vimentin under chronic hypoxia. Expression of vimentin across the four

cell lines exposed to hypoxia for 6 hours, 24 hours, 7 days, and 14 days. MDA-MB-231 cells have

consistently high levels of vimentin, and a lower exposure time had to be used for imaging these

membranes. This means that the MDA-MB-231 vimentin levels cannot be compared to the other cell

lines. Vimentin was not detected in MCF7 cells at any timepoint.

Figure 39: Vimentin western blot quantification. Relative levels of vimentin compared to β-actin

measured by western blot. The symbol shape represents the biological replicate. Significance was

tested using one-way ANOVA with repeated measures and corrected for multiple testing using Dunnett’s

method (n = 3) (* p ⩽ 0.05, ** p ⩽ 0.01).

4.3.5 Wound healing ability did not increase after exposure to chronic hypoxia

As EMT usually coincides with increased cell motility, and genes/pathways associated with

wound healing were affected in the RNA-seq data, I conducted a wound healing experiment

to investigate changes in the migratory potential of cells exposed to chronic hypoxia. The

wound healing capacity of cells that had been exposed to hypoxia for 14 days was compared

to passage matched normoxic controls. There was no increase in wound healing ability in any

of the cell lines after hypoxia exposure (Figure 40). MDA-MB-468 cells did not migrate into

the wound under any circumstances, exhibiting no cell motility. Though the extent of the effect

varied, cell lines generally had a reduced wound healing capacity after exposure to hypoxia.
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4.3.6 Cell adhesion was not affected by exposure to chronic hypoxia

The RNA-seq results implied changes in adhesion were taking place after exposure to chronic

hypoxia. This was also reflected in observations during cell handling, whereby cells had a

greater tendency to lift from the cell surface under hypoxia. To investigate cell adhesion, an

assay was used which measures the rate at which cells adhere to the cell surface after seeding.

Despite observational changes, there were no significant differences in the adhesion rate of

cells exposed to hypoxia for 14 days and the normoxic controls in any of the cell lines tested

(Figure 41).

Figure 41: Cell adhesion. There were no differences in the rate of cell adhesion between cells cultured

under hypoxia for 14 days and the normoxic controls (n = 2). Error bars show standard deviation.
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4.3.7 AP-1 is the most active EMT associated transcription factor under chronic

hypoxia

Given the unusual results of the functional experiments, I returned to examine the RNA-seq

data for expression of EMT associated transcription factors (EMT-TFs). Despite evidence

that HIF1 directly upregulates TWIST via a HRE [145], significant TWIST upregulation was

not observed in any cell line (Figure 42). In general, there were few consistent differences

observed in the expression of the main EMT-TFs. SNAI1 and SNAI2 appear to be the most

responsive, with one of the two being upregulated under hypoxia in each cell line, however

these results are not significant. The only EMT-TF which was consistently upregulated was

activator protein 1 (AP-1), which is a heterodimer comprised largely of genes from the Fos and

Jun families. Although not considered a canonical EMT-TF, AP-1 has been shown to promote

EMT in several studies, including in mouse mammary cells [80, 146]. Although there remains

some cell line variation (i.e. FOSL1 is most upregulated in MDA-MB-468 cells, whereas

FOS and FOSB are in the other cell lines), the general pattern of AP-1 components being

upregulated under hypoxia is consistent across the four cell lines.
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Figure 42: Expression of EMT associated transcription factors. Heatmaps showing the expression

of EMT associated transcription factors (EMT-TFs) in each hypoxia timepoint compared to normoxia.

Asterisks denote genes that were significantly (adjusted p value ⩽ 0.05) differentially regulated in that

condition. Log2FC = log2 fold change.
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4.3.8 miRNAs which repress EMT are active in MCF7 and MDA-MB-231 cells

Given that most EMT-TFs did not display clear patterns, I analysed the miRNA expression

profiles of the cells to investigate whether this could explain the unusual patterns in the data.

In general, there were very few significantly differentially expressed miRNAs in HCC1806

and MDA-MB-468 cells. One very notable exception is miR-100-5p, which was significantly

(adjusted p value ⩽ 0.05) upregulated in MDA-MB-468 cells under chronic hypoxia (Figure 43).

This miRNA has been shown to induce EMT in breast cancer cells (i.e. decrease E-cadherin

while increasing vimentin expression) yet simultaneously reduce invasion and motility [147].

Figure 43: Expression of miR-100-5p in MDA-MB-468 cells. Expression of miR-100-5p is

significantly (adjusted p value ⩽ 0.05) upregulated after 14 days of hypoxia exposure in MDA-MB-468

cells.

In mammary cells, AP-1 was shown to drive expression of miR-221/222 [146], miRNAs which

have been shown to promote EMT in breast cancer [148]. This does not agree with my data,

whereby components of the AP-1 complex are upregulated but miR-221/222 are significantly

downregulated in several hypoxia comparisons and never upregulated (Figures S4 and S5).

In the case of miRNA regulation under hypoxia, there is a surprising amount of overlap

between MDA-MB-231, the most mesenchymal of the cell lines, and MCF7, the most epithelial.

Additionally, the miRNAs which are differentially regulated generally behave in a way that

would push cells towards a more epithelial phenotype. For example, miR-16-5p is a tumour

suppressor miRNA and exogenous expression was shown to drive cells towards an epithelial

phenotype [149, 150]. This miRNA is significantly (adjusted p value ⩽ 0.05) upregulated after
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14 days of hypoxia in both MCF7 and MDA-MB-231 cells, and may explain why they fail to

show any markers of EMT (Figure 44).

miR-199b-3p is also upregulated in chronic hypoxia in both MCF7 and MDA-MB-231 cells

(Figure 44). Again, this miRNA is generally tumour suppressive, and is able to target Snail

to prevent EMT [150, 151]. This could counter the increase in SNAI1 mRNA seen in MDA-

MB-231 cells under chronic hypoxia (Figure 42). In MCF7 cells, the increase in Slug (SNAI2)

(Figure 42), could be countered by increased expression of its targeting miRNA, miR-203a-

3p [152], again suggesting an inhibition of EMT. miR-200c-3p exists in a negative feedback

loop with Zeb [153, 154] and is associated with the epithelial phenotype. Again, both MCF7

and MDA-MB-231 upregulate this miRNA under chronic hypoxia (Figure 44). As Zeb is a

direct target of miR-200c-3p, the slight decrease seen in ZEB1 mRNA (Figure 42) could be

explained by increased miR-200c-3p activity. None of these miRNAs are differentially regulated

in HCC1806 or MDA-MB-468 cells (data not shown).
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Figure 44: Expression of EMT associated miRNAs in MCF7 and MDA-MB-231 cells. Expression of

miRNAs associated with inhibition of EMT are upregulated under chronic hypoxia in MCF7 and MDA-

MB-231 cells (* adjusted p value ⩽ 0.05, ** adjusted p value ⩽ 0.01, *** adjusted p value ⩽ 0.001.)
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Together, these data support the hypothesis that MCF7 cells are not undergoing EMT in

response to chronic hypoxia, as these cells do not show EMT associated changes at the

mRNA, miRNA, protein (vimentin and E-cadherin) or functional level. Interestingly, the data

also support a hypothesis that MDA-MB-231 cells are undergoing MET, thus pushing the cells

into a hybrid E/M state. This state has been suggested to provide stress resistance [80, 155,

156] so may aid adaptation to chronic hypoxia. This would explain why there are minimal

changes in pathway analysis (i.e. only changes in adhesion) and also why characteristics

associated with the mesenchymal phenotype are not increased. This puts MCF7 and MDA-

MB-231 cells in contrast to HCC1806 and MDA-MB-468 cells, who display EMT associated

changes at the mRNA level, do not upregulate EMT inhibiting miRNAs, and increase their

vimentin expression at the protein level. However, it does not explain why the expected

functional changes did not occur in the wound healing and adhesion assays.
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4.4 Discussion

Extensive RNA-seq experiments have been conducted on cells exposed to acute hypoxia,

which means a core set of commonly regulated hypoxia genes is well established. However,

few studies have conducted RNA-sequencing on cells exposed to hypoxia for more than 72

hours. This means the chronic response to hypoxia is largely uncharacterised. My results

show that the core, classical hypoxia response is maintained for at least 14 days under

consistent exposure to 1% O2. The expression level of the core hypoxia response genes does

not appear to change between acute (24 hours) and chronic (7 days and 14 days) hypoxia

exposure, suggesting the intensity of the hypoxic response remains consistent over at least two

weeks (Figures 24 to 26). This hypoxia response is orchestrated by presence of HIF, which

is maintained in at least one of its subtypes across all four cell lines for the duration of the

experiment. As observed by other researchers, a HIF switch occurs whereby the expression

of HIF1 in the acute timepoints is replaced by expression of HIF2 in the later timepoints [25].

However, this does not occur in every cell line as MCF7 cells fail to upregulate HIF2 at any

timepoint studied (Figures 19 and 21). This highlights cell line variability in the HIF response

and shows that the switching of HIF subtypes is not a universal mechanism.

Of the existing studies into the transcriptomic response to chronic hypoxia, one uses a model

that is unsuitable for comparison. Chen et al. [110] use a model of clear cell renal cell

carcinoma which is VHL mutant, does not express HIF1, and constitutively expresses HIF2.

This means that their normoxic cells have a pseudohypoxic phenotype due to the active

HIF2. Despite this, there is some overlap with my results. The cells in their chronic hypoxia

experiment (1% O2 for 3 months) did not show differences in migration when measured by

wound healing assay, but they did have greater migratory capacity when measured by transwell

assay. The researchers attribute this to the chemoattractant used which provides a stimulus

for migration. This indicates that the wound healing assay used in my experiments may not be

sufficient to conclude there were no changes in migratory capacity.

Jarman et al. [111] exposed MCF7 cells to hypoxia (0.5% O2) for 10 weeks. In line with

my data, they show high levels of overlap between HIF targets that are upregulated in acute

and chronic hypoxia. They showed little to no HIF2 expression in wild type MCF7 cells as

in my data, but did show an increase in HIF2 when they overexpressed HER2 in these cells.
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Danielsson et al. [112] also observed differences in the response to chronic hypoxia (3% O2

for six passages) in their isogenic cell lines, showing how important the existing transcriptome

of the cell is for influencing the hypoxic response. This could explain why there is generally

little overlap in chronic hypoxia response genes between my four cell lines.

When analysing chronic hypoxia response genes, I focused on genes which were relevant in at

least two of the four cell lines. This increases the applicability of the results, as they are more

likely to be consistent between different patients if they are relevant across different cell lines.

Of the genes that were chronic hypoxia responsive, there were a large number of genes whose

functions were implicated in adhesion, motility, and EMT. EMT has already been associated

with hypoxia, with many EMT-TF genes (e.g. SNAI1, TWIST1 and ZEB1) containing HREs

in their promoter regions [82]. Additionally, TGFβ, a driver of EMT, is stimulated by hypoxia.

Furuta et al. [157] showed that exposure of lung cancer cells to 10 days of hypoxia was able to

drive expression of TGFβ. There is some evidence that TGFβ exists in a positive feedback loop

with HIF through TGFβ driven inhibition of PHD2 expression [158, 159]. This would augment

pro-EMT signalling specifically under chronic hypoxic conditions.

Given the RNA-seq data implied changes in EMT, adhesion, and motility, validation

experiments were conducted focusing on these cell characteristics. The results of these

experiments are interesting and in some cases contradictory. Expression of two main markers

of the epithelial and mesenchymal phenotypes, E-cadherin and vimentin, was assessed at

the protein level. The results of this experiment implied that EMT was occurring in at least

HCC1806 and MDA-MB-468 cells as the expression of vimentin significantly increased upon

exposure to chronic hypoxia (Figures 38 and 39). In the case of MDA-MB-468 cells, there

was also a concomitant decrease in E-cadherin at the chronic hypoxia timepoints (Figures 36

and 37). The same effect was not seen in MDA-MB-231 cells, however these cells are already

mesenchymal and express very high levels of vimentin at baseline. Despite existing in an

epithelial state, MCF7 cells did not display a change towards the mesenchymal phenotype

in this assay, with no decrease in E-cadherin or detectable expression of vimentin at any

timepoint. The genetic background of the cell has been reported to affect a cell’s journey

through EMT [160]. For example, wild type p53 was shown to prevent EMT through its

regulation of miR-200c, while mutant p53 promotes EMT [161, 162]. MCF7 cells are the only

cells in my panel which express wild type p53 (MDA-MB-231 and MDA-MB-468 are p53 mutant,
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HCC1806 are p53 null), which could at least partially explain the lack of evident EMT in these

cells. It is possible that in order for hypoxia to drive EMT, cells must already be primed to enact

such changes. In this way, the aggressiveness of the TNBC subtype, as well as non-functioning

p53, allows this process to occur in HCC1806 and MDA-MB-468 cells, but not in MCF7 cells.

As the EMT marker vimentin was upregulated in HCC1806 and MDA-MB-468 cells, I expected

to also see changes in migration and adhesion. However, the wound healing experiment

showed no increase in migration under chronic hypoxia in any of the cell lines tested

(Figure 40). MDA-MB-468 failed to exhibit any motility in the assay, whereas hypoxic HCC1806

cells migrated to cover the wound but at a slower rate than their normoxic counterparts. The

lack of increased motility could be caused by energy conserving mechanisms. It possible

that, though the cells have a greater potential to migrate, they do not act on this in order to

preserve ATP. Although cells had been cultured in hypoxia for 14 days prior to the wound

healing assay, the cells were removed after creation of the wound to be assessed in the

Incucyte, which is contained in an incubator at atmospheric oxygen levels. The stress caused

by this re-oxygenation may have reduced migratory capacity which otherwise would have been

increased in the hypoxic setting. Wound healing experiments which maintain cells in hypoxia

for the duration of the experiment could determine whether re-oxygenation affected my results.

Alternatively, a transwell assay could be used. This would better recapitulate the tumour state,

whereby cells in chronic hypoxia, which would likely be deprived of nutrients as well as oxygen,

would be migrating towards areas of greater nutrient density.

The adhesion assay did not reveal differences in adhesion in any of the cell lines (Figure 41),

despite RNA-seq data suggesting changes in adhesion were taking place. Again, different

assays may be required to uncover any differences, as observation during cell culture strongly

suggested that changes in adhesion were occurring. For example, it was difficult to conduct

the wound healing assay on MDA-MB-468 cells as the scratching of the wound often caused

a large sheet of cells to be removed, rather than only cells which contacted the wound maker.

This strongly implies enhanced cell-cell adhesion, with a possibility of reduced cell adhesion

to the ECM. Similarly, MDA-MB-231 cells were observed to release from the cell surface

much more easily during media changes and during wound formation, again indicating weaker

connections to the ECM. These changes were not reflected in the adhesion assay conducted.

However, this assay specifically captures information on how quickly cells adhere to the cell
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surface after seeding rather than the strength or abundance of adhesions. Early after seeding

it is likely that all cell connections to the ECM are weaker as cells have had less time to establish

multiple connections and connections of different types. Immunofluorescent staining of cell-cell

and cell-ECM adhesion molecules could shed light on the differences observed.

There is mounting evidence that cells do not exist in a polar state of either epithelial or

mesenchymal, but rather there are steady intermediate, or hybrid, states between these two

phenotypes [80, 155, 160, 163]. Of the breast cancer subtypes, TNBC is most associated with

the hybrid state [163]. These E/M hybrid states have been purported to be more plastic, thus

allowing cells to adapt to different micro-environmental challenges [80, 155, 156]. Tagliazucchi

et al. [160] found that tumours which fell into the E/M hybrid state were more likely to have

higher levels of hypoxia. This also correlated with the expression of stemness marker CD44,

a marker which has been identified in our lab by single-cell RNA-seq as being increased after

7 days of hypoxia in MDA-MB-231 cells (data not published). Interestingly, Tagliazucchi et al.

[160] observed variation in hypoxia driven EMT, concluding that although hypoxia predisposes

cells to begin EMT, it is not absolutely determined and is highly context specific.

Different research groups have put forward ways of identifying cells in a E/M hybrid state.

For example, Tagliazucchi et al. [160] showed that the E/M hybrid state was distinguishable

from fully transformed mesenchymal cells by genes involved in cytoskeleton remodelling and

cell adhesion. This is in line with my data, where genes differentially regulated under chronic

hypoxia are heavily enriched with structural genes and those involved in adhesion (Figures 34

and 35). The OVOL transcription factors are also thought to maintain the hybrid E/M state

[163], however, my data did not display clear patterns with regards to these genes.

Another suggested marker of the E/M hybrid state is P-cadherin [164], a protein which is

expressed by collectively migrating cells [163]. In some settings (e.g. development, wound

healing) cells are able to migrate without losing all of their cell-cell attachments, allowing them

to move as a collective [81, 165]. This has also been observed in certain cancer types such

as squamous cell carcinomas [71]. MDA-MB-468 express P-cadherin at higher levels under

chronic hypoxia, with expression being significantly (adjusted p value ⩽ 0.05) upregulated after

7 days of hypoxia exposure. This increase in P-cadherin expression supports the hypothesis

that MDA-MB-468 cells enter an E/M hybrid state during exposure to chronic hypoxia. It also
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means they may have the capacity to migrate as a collective, but may fail to do so in the wound

healing assay due to lack of chemoattractant stimuli.

Jolly et al. [163] discuss another endpoint of EMT, namely the amoeboid endpoint. Spindle

shaped mesenchymal cells typically have strong cell-ECM adhesion, whereas amoeboid cells

retain a round shape and have lower levels of ECM adhesion. Amoeboid cells are typically

unable to degrade ECM and are less invasive, but they still maintain motile capabilities [166].

This method of migration has been suggested as the preferred method under hypoxia for

reasons of energy conservation [166]. As MDA-MB-468 cells did not visibly change their

phenotype towards spindle shaped, but appeared to lose some cell-ECM adhesion, it could

be that they are on an EMT trajectory towards the ameboid phenotype.

Analysis of EMT-TF expression did not yield clear results in my data. The only common trend

seen was an increase in expression of Fos family genes. Proteins from the Fos and Jun families

dimerise to form the AP-1 transcription factor, a known driver of EMT [80]. High expression of

AP-1 components has been associated with poor survival in cancer, and exogenous expression

of AP-1 alone was shown to induce EMT, even in non-cancerous mammary cells, through AP-1

driven transcription of ZEB1 and ZEB2 [146, 167].

Brown et al. [156] conducted in depth characterisation of SUM149PT breast cancer cells at

different stages of EMT. Their results show that components of AP-1 were activated at the start

of EMT, and their expression was maintained through all of the steady E/M hybrid states and

into the mesenchymal phenotype. The consistency of this gene expression pattern may explain

why it is the only universally active EMT-TF across my four cell lines. In accordance with my

data and others, they were unable to identify clear patterns in the expression of other EMT-TFs

at the mRNA level [81, 156]. Their experiments showed that cells in the E/M hybrid states had

greater migratory and invasive capacity, which does not agree with my data. However, they did

not use hypoxia in their model.

The mesenchymal phenotype plays a role in stress resistance. Using lineage tracing, an in

vivo study showed that breast cancer cells which metastasised to the lung had not previously

undergone EMT, disputing the hypothesis that cells undergo EMT, metastasise, then undergo

MET during colonisation [168]. This is in line with another in vivo study which showed that

100



knockout of either Twist or Snail did not affect invasion or metastasis in a mouse model of

pancreatic cancer [169]. However, both of these studies suggested that mesenchymal cells

were more resistant to chemotherapy. In Fisher et al.’s study, [168], a small number of

mesenchymal cells would arise in the primary tumour, but not metastasise. When the mice

were treated using chemotherapy, the mesenchymal cells would survive and subsequently

go on to seed metastasis. This was enabled by a combination of lower growth rates and

upregulation of genes involved in chemoresistance in the mesenchymal state. Zheng et al.

[169] showed that Twist or Snail knockout increased cell proliferation and made cells more

susceptible to chemotherapy. These findings also support research by Chen et al. [147] who

showed that changes in molecular EMT markers were not always associated with increases

in migration, invasion, and tumourigenicity. These studies pose a possible new role for

chronic hypoxia induced EMT which does not drive migration, but does increase resistance

to microenvironmental stressors.

In conclusion, the response to chronic hypoxia is highly variable between different cell types.

Induction of an atypical EMT appears in two of the four cell lines. The existence of these

cells in an E/M hybrid state may explain why there are discrepancies between the undoubtable

expression of some EMT markers, along with supporting gene expression changes, but without

the expected changes in cell behaviour. The type of EMT induced in these cases may fulfil the

purpose of increasing stress resistance in the cells rather than increasing invasion/migration.

Just as mesenchymal cells were resistant to chemotherapy due to lower proliferation rates

[168, 169], they may also be more resistant to hypoxia induced stress. Reduced growth rates

would preserve energy in the hypoxic tumour microenvironment enabling cell survival.
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5 Gene essentiality under chronic hypoxia

5.1 Introduction

Having identified that chronic hypoxia induces transcriptional changes associated with EMT,

adhesion, and motility, I questioned whether these changes were essential for cell survival

under hypoxia. If these processes constitute an adaptation to the chronic hypoxia setting, then

inhibiting these changes may reduce cell growth or survival in this context. Tagliazucchi et

al. [160] demonstrated that some genes associated with EMT, or the E/M hybrid state, were

important for cell viability. EMT is already associated with chemoresistance [81], a property

which enables cell survival under stress conditions, so it is possible that this process will also

contribute to survival under hypoxic stress. Furthermore, all four cell lines maintained the

classical transcriptional response to hypoxia for the full 14 day time course. The longevity of

this response means cells could be reliant on either the master HIF transcription factors, or

some of their downstream targets, for survival under chronic hypoxia.

CRISPR (clustered regularly interspaced short palindromic repeats) originated as an adaptive

immune system in bacteria, but has since been modified to produce a powerful gene editing

tool. Using CRISPR to knockout genes has become increasingly common due to its specificity

and ease of use [170]. Only two components are required for gene knockout, both of which

can easily be introduced to most eukaryotic cells (Figure 45). The first component is the

Cas9 enzyme, an RNA-guided DNA endonuclease which causes double-strand breaks in

DNA. The second component is a single guide RNA (sgRNA). The sgRNA contains a 20

nucleotide spacer sequence which directs Cas9 binding, and therefore the location of the

double-strand break, in a sequence dependent manner [171]. Since this spacer region is

modifiable, Cas9 can be targeted to almost anywhere in the genome. The cell repairs the

double-strand break, typically using non-homologous end joining. This process often results

in small insertion/deletion events surrounding the break site [171]. In a protein coding gene,

this can cause a frame-shift event to occur. This results in either a premature stop codon,

producing a truncated protein, or severe mutation of the final protein. In both cases, the target

protein is likely to be non-functional. In this manner, genes may be selectively knocked out

using CRISPR.
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Figure 45: Components required for CRISPR. Only the Cas9 enzyme and a single-guide RNA are

required to cause targeted double-strand breaks in host cell DNA. The spacer region targets Cas9 to a

desired location in the genome based on sequence complementarity. A downstream three nucleotide

protospacer adjacent motif (PAM) sequence must be present in the host genome. Figure created using

BioRender.

CRISPR knockout screens utilise this technology to produce large scale loss-of-function

experiments. These allow genes involved in a given process to be systematically identified.

Screens are often genome-wide, targeting all protein-coding genes within an organism,

although smaller, curated panels of genes may also be used. A simple CRISPR knockout

screen involves synthesising a pool of sgRNAs which target the desired genes (Figure 46).

These are packaged into lentiviruses which are used to infect a population of cells. The cells

are either pre-engineered to express Cas9, or this is included in the lentiviral vector. In each

cell, a different sgRNA will be expressed and therefore a different gene knocked out. The

integration of the lentiviral genome into the host cell DNA means that sequencing of host cell

DNA at a later stage can be used to identify which sgRNA was expressed in that cell. In pooled

selection screens, cells are infected, then cultured under a chosen selective pressure for a

period of time. During this time, some cells will have a survival advantage/disadvantage due

to the gene knockout. This means the proportion of cells expressing each guide will change

over time and in response to any selection pressures. At the end of the screen, the proportion

of cells containing each guide is compared and this allows identification of genes which play a

role in survival under the chosen selection pressure [171, 172].
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The power of this technology was harnessed in this chapter to conduct genome-wide CRISPR

knockout screens on three breast cancer cell lines (MDA-MB-231, MDA-MB-468, MCF7).

Cells were cultured for 14 days in normoxia or hypoxia to allow genes which are involved

in survival/adaptation to hypoxia to be identified.

Figure 46: Steps involved in a CRISPR screen. The plasmid CRISPR library is packaged into

lentiviruses and used to infect the cells of interest. After culturing cells under the desired selection

pressure, genomic DNA is extracted. The guide sequence, which has integrated into the genomic DNA,

is amplified and sequenced. Figure created using BioRender.
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5.2 Methods

5.2.1 CRISPR screen

The laboratory work for the following CRISPR screens was a combined effort of postdocs in the

Buffa lab (Dr Ana Miar Cuervo, Dr Helen Sheldon, Dr Giovanna Granata) who worked on the

protocol and execution. A significant part of the laboratory work was contributed as a service

by the High Throughput Screening group at the Target Discovery Institute (TDI), University of

Oxford. At least fifty-two T175 flasks were seeded at the start of the experiment. The following

day, cells were infected using the Toronto KnockOut Library v3 (TKOv3) at a multiplicity of

infection (MOI) of 0.3. One flask was kept free of virus. Cells were incubated overnight. The

following day the virus was removed and cells incubated overnight in fresh media. The next day,

puromycin was added to all flasks and selection continued until all cells in the uninfected flask

had died. When selection was complete, cells were trypsinised and pooled. At least 3.6x107

cells were required to maintain 500x coverage. 4x107 cells were removed and the cell pellet

was stored at -80°C. This became the reference (T0) sample. The remaining cells were divided

between the normoxia and hypoxia arms of the experiment. Media was changed at least every

48 hours in hypoxia. Cells were maintained in their assigned condition, and samples taken

at day 3 (T3), day 7 (T7), day 10 (T10), and day 14 (T14) during passaging. Enough cells

were re-seeded so as to maintain ⩾ 500x coverage. The screen was conducted in biological

duplicate on each of the following cell lines: MCF7, MDA-MB-231, and MDA-MB-468.

5.2.2 DNA extraction

4x107 cells were collected for genomic DNA extraction. DNA extraction was performed using

the Wizard Genomic DNA Purification Kit and PureLink RNase A as per manufacturer’s

instructions. Cell pellets were thawed at room temperature for 5-10 minutes, then resuspended

in 1.4 mL PBS by vortexing. 5 mL of Nuclei Lysis Solution was added, along with 32 µL of

20 mg/mL RNase A, to give a final concentration of 100 µg/mL. The solution was mixed by

inversion then incubated at 37°C for 15 minutes. 1.67 mL of Protein Precipitation Solution was

added to the nuclear lysate and the solution was vortexed for 20 seconds. The lysate was

centrifuged at 4500 g for 10 minutes at room temperature. The supernatant was transferred

to a centrifuge tube containing 5 mL isopropanol and mixed by inversion. The solution was

centrifuged at 4500 g for 5 minutes at room temperature. The supernatant was discarded
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and 5 mL of room temperature 70% ethanol added to the DNA pellet. The solution was again

centrifuged at 4500 g for 5 minutes at room temperature. The supernatant was discarded and

the DNA pellet air dried for 10 minutes. 400 µL of Tris-EDTA (TE) buffer was added and the

DNA allowed to dissolve at 65°C for 1 hour. The DNA was quantified using both a NanoDrop

Spectrophotometer and the Qubit dsDNA High Sensitivity Assay.

5.2.3 Library preparation

Two PCR reactions were performed first to enrich sgRNA regions in the genome (PCR1) and

second to amplify sgRNAs and add adapter and index sequences. Primer sequences for PCR1

are shown in Table 3.

Table 3: PCR1 primer sequences - TKOv3

Name Sequence
v2.1-F1 GAGGGCCTATTTCCCATGATTC

v2.1-R1 GTTGCGAAAAAGAACGTTCACGG

For PCR2, the forward primer utilised the Illumina TruSeq Universal Adapter (AATGATACG-

GCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCT) followed by one

of nine different stagger sequences used to introduce complexity to the library (Table 4) [173].

The reverse primer contained a unique Illumina i7 index for each sample to allow pooling during

sequencing.

Table 4: PCR2 stagger sequences - TKOv3

Name Sequence
F01 TTCTTGTGGAAAGGACGAAACACCG

F02 ATTCTTGTGGAAAGGACGAAACACCG

F03 GATTCTTGTGGAAAGGACGAAACACCG

F04 CGATTCTTGTGGAAAGGACGAAACACCG

F05 TCGATTCTTGTGGAAAGGACGAAACACCG

F06 ATCGATTCTTGTGGAAAGGACGAAACACCG

F07 GATCGATTCTTGTGGAAAGGACGAAACACCG

F08 CGATCGATTCTTGTGGAAAGGACGAAACACCG

F09 ACGATCGATTCTTGTGGAAAGGACGAAACACCG
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PCR1 reactions were set up as outlined below using a total of 100 µg genomic DNA. 3.5 µg of

genomic DNA was used per 50 µL reaction.

25 µL NEBNext Ultra II Q5 Master Mix (2X)

2.5 µL PCR1 forward primer (10 µM)

2.5 µL PCR1 reverse primer (10 µM)

3.5 µg Genomic DNA

µL DEPC treated water to make the total reaction volume 50 µL

PCR1 reactions were run on a thermocycler using the following settings:

Table 5: PCR1 settings - TKOv3

Step Temperature Time

Initial denaturing 98°C 30 seconds

Denaturation* 98°C 10 seconds

Annealing* 66°C 30 seconds

Extension* 72°C 15 seconds

Final extension 72°C 2 minutes

Hold 10°C Infinite

*30 cycles

2 µL of PCR1 product was run on a 1% agarose gel to ensure the reaction yielded bands of

the correct size (600 bp). All individual 50 µL reactions were pooled for PCR2. PCR2 reactions

were set up as outlined below.

25 µL NEBNext Ultra II Q5 Master Mix (2X)

2.5 µL (F01-F09 pool) forward primer (10 µM)

2.5 µL i7 reverse primer (10 µM)

5 µL PCR1 product

15 µL DEPC treated water to make the total reaction volume 50 µL
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PCR2 reactions were run on a thermocycler using the following settings:

Table 6: PCR2 settings - TKOv3

Step Temperature Time

Initial denaturing 98°C 30 seconds

Denaturation* 98°C 10 seconds

Annealing* 55°C 30 seconds

Extension* 65°C 15 seconds

Final extension 65°C 5 minutes

Hold 10°C Infinite

*10 cycles

The PCR2 product was run on a 2% agarose gel and the 200 bp band was excised and purified

using a QIAquick Gel Extraction Kit. Products were quantified and the purity assessed using

both a NanoDrop Spectrophotometer and the Qubit dsDNA High Sensitivity Assay. Samples

were pooled and sequenced using a NovaSeq 6000 at the Oxford Genomics Centre, Oxford.

5.2.4 Processing of sequencing reads

Data were downloaded by file transfer protocol and md5sums checked to ensure

files were not corrupted. FastQC (version 0.11.9) was used to assess the qual-

ity of the reads. Read 2 showed consistently low quality scores so was removed

from the analysis. Read 1 was processed using cutadapt (version 2.10) to trim

the adapter sequences and remove reads that were not 16-21 bases after trim-

ming. The cutadapt options used were: --discard-untrimmed -q 20 -m 16 -M 21

-g TCTTGTGGAAAGGACGAAACACC...GTTTTAGAGCTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGAGATCGGA

AGAGCACACGTCTGAACTCCAGTCA. Reads were aligned to the guide sequences using MAGeCK

(version 0.5.9.2) using the --trim-5 0,1 option. MAGeCK does not allow for mismatches so

mapping was highly stringent. If contaminating guides were present (Section 5.3.1), they were

manually removed at this point. Differential analysis was conducted using MAGeCK and p

values were corrected for multiple testing internally using the Benjamini-Hochberg method.
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5.2.5 GCN2 and p-GCN2 western blots

Duplicate NuPAGE 3-8% Tris-Acetate gels were prepared, and one was probed for GCN2 and

the other for p-GCN2. 15 µL of Rainbow Molecular Weight Marker was added to the first well

of the GCN2 gel, while 15 µL of Precision Plus Protein Dual Color Standards was added to

the first well of the p-GCN2 gel. Remaining wells were loaded with 50 µg of protein (prepared

using urea buffer as described in Section 2.3.1). Gels were run in 1X MES buffer. Protein was

transferred using the Turbo transfer method (Section 2.3.8). The GCN2 membrane was blocked

using 5% nonfat dried milk powder, while the p-GCN2 membrane was blocked using 5% BSA.

The membranes were probed with primary antibodies targeting either GCN2 or p-GCN2, both

at 1:1500 dilutions in their respective blocking buffer. The secondary antibody (goat anti-rabbit

HRP) was diluted to 1:1500 in the respective blocking buffer for each membrane. Full details

for probing and developing the membrane are found in Section 2.3.9.

5.2.6 Treatment of cells with GCN2i

A chemical inhibitor of GCN2 (GCN2i) [174] was purchased from Selleck Chemicals (GCN2iB,

catalogue number S8929). The powdered drug was reconstituted in DMSO to produce a

10 mM solution and aliquots were stored at -80°C. A final GCN2i concentration of 0.5 µM

was used. In accordance, the relevant controls were cultured in media with 0.005% DMSO.

5.2.7 Generation of GCN2 knockdown cells

1.5x104 cells were seeded per well of a 96 well plate and left to adhere overnight. Media did

not contain P/S. MISSION lentiviral transduction particles were purchased from Sigma Aldrich.

These lentiviral particles contain genes encoding short hairpin RNAs (shRNAs) which target

GCN2 (Table 7).

Table 7: GCN2 shRNA sequences

Abbreviation Gene Target Clone ID Target Sequence

sh850 GCN2 TRCN0000300850 GCCTAACTGGTGAAGAAGTAT

sh851 GCN2 TRCN0000300851 CCAAAGGTCTATCAAATGAAA
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The lentiviral solutions were diluted in culture media (no P/S) containing 8 µg/mL polybrene to

produce MOIs of 0.5, 1, 2, and 5. 100 µL of the relevant viral solution was added to the wells.

The plate was centrifuged at 250 g for 2 minutes to bring the viruses in closer proximity to the

cells. The viral solution was left on the cells overnight then removed and replaced with 200 µL

of fresh culture media (no P/S). After 24 hours, all infected cells, along with the no infection

control, were treated with 0.5 µg/mL of puromycin. After 24 hours, the puromycin concentration

was increased to 1 µg/mL and selection continued for another 72 hours. Cells were expanded

over subsequent weeks, and vials stored at -80°C.

To identify the MOI which produced the best knockdown, GCN2 protein levels were assessed

by western blot. Samples were collected from confluent 6 well plates using RIPA buffer. 50 µg

of protein was loaded per lane of a 4-12% Bis-Tris Gel and processed as per Section 5.2.5.

5.2.8 Incucyte growth assay

Cells (MCF7, 7.5x103 cells; MDA-MB-231, 5x103 cells; HCC1806, 5x103 cells; MDA-MB-468,

1.25x104 cells) were seeded into a 24 well plate in 1 mL of culture media and left to adhere

overnight. The following day, any relevant drug treatments were applied and the confluency of

the wells read using an Incucyte S3 using the “whole well” method. Plates were transferred to

hypoxia if necessary. Media was changed after 3 days. After 6 days in hypoxia (i.e. 7 days

total growth) the confluency of the wells was recorded again using the Incucyte S3.

5.2.9 Propidium iodide assay

Cells in 24 well plates which had been cultured for one week in Section 5.2.8 underwent

the propidium iodide assay. Propidium iodide is added to wells to give a final concentration

of 50 µM and incubated for approximately 30 minutes. A reading was then taken using a

POLARstar OMEGA microplate reader using the following settings: 544 nm excitation, 620 nm

emission. Propidium iodide binds to DNA and fluoresces. However, it is non-permeant to live

cells. This means in the initial incubation it will only stain dead cells or those with compromised

membrane integrity. The first reading represents the number of dead cells. The plate is then

freeze-thawed three times to ensure all cells are killed. A second reading is taken which

provides a measure of the total number of cells in each well.
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5.3 Results

5.3.1 Mitigation of an issue with contaminating guides

During processing of the MDA-MB-231 CRISPR data, the first screen to be conducted, several

guides were found to be over-represented beyond the level which could be explained by

biological selection. It was discovered that guides targeting NDUFA1 and ACACA had been

used in an unrelated experiment at the TDI and this had contaminated the samples. This

caused massive over-representation of reads mapping to these guides (average 62% of reads;

range 42-83%) (Figure 47).

Figure 47: Quality control metrics - MDA-MB-231 CRISPR screen. The number of reads passing

each quality control step from the MDA-MB-231 CRISPR data is shown. Most reads pass the initial

filtering and map well to the CRISPR library. Removal of the contaminating guides (reads after cleaning)

drastically reduces the mapping rate for all samples.
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Various quality control steps were carried out to ensure the data were still usable. Firstly,

the distribution of guides in the plasmid library was checked to ensure contamination had

not occurred at the start of the experiment. The guide distribution in the plasmid library was

as expected with no guides present at extremely high levels (Figure 48). Guides targeting

NDUFA1 and ACACA are highlighted, showing they were not over-represented in the original

library. This is in contrast to the experimental samples, where over-representation of these

guides is apparent (Figure 49). When all guides targeting NDUFA1 and ACACA were removed,

the guide distribution was comparable to that of the plasmid library (Figure 50). Further

sequencing of samples at different stages of preparation showed that the contamination had

occurred during the PCR1 step (data not shown).

Figure 48: NDUFA1 and ACACA targeting guides in the TKOv3 plasmid library. The guides

targeting NDUFA1 (blue) and ACACA (orange) are not over-represented in the TKOv3 plasmid library.
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Figure 49: NDUFA1 and ACACA targeting guides in experimental samples. Some of the guides

targeting NDUFA1 (blue) and ACACA (orange) are massively over-represented in the experimental

samples. Data are presented on a log2 scale so cover a large range. One of the guides targeting

NDUFA1 has a minimum of 14 million counts per sample, compared with a median guide count across

samples of 206.

Figure 50: Guide distribution in experimental samples after removal of the contaminating guides.

After removal of the contaminating guides, the guide distribution is comparable across samples and

contains no extreme outliers.
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The program used for analysis, MAGeCK, uses the median for its normalisation strategy so

it is not affected by extreme outliers. These analyses show that the guide contamination

has not greatly affected the output of the experiment, with the caveat that the coverage of

the experiment has been reduced (mean coverage = 245). The contaminating guides dilute

the true guide population during the PCR steps and occupy space in the flow cell during

sequencing. This reduces the power of the experiment, making it more difficult to detect subtle

effects. This issue did not affect the screens conducted on MCF7 or MDA-MB-468 cells.

5.3.2 Quality control

After sequencing, various measures were assessed for quality control. There is some variation

in the number of reads produced for each sample, but the percentage of reads which pass

filtering and map to the guide sequences is consistent (Figure 51). Less than 1% of bases fail

quality checks across all samples and all cell lines, indicating good quality sequencing. The

average mapping rate is 86.9% and 86.5% for MDA-MB-468 and MCF7 cells respectively.

These screens showed no over-representation of any guide sequences, and their guide

distribution was as expected (Figures S6 and S7). The Gini index (reported by MAGeCK)

is used to indicate consistency in the read count distribution. The Gini index is ⩽ 0.2 in all

samples, consistent with the value expected in a negative selection screen [175, 176]. The

maximum number of guides with zero counts (i.e. missing guides) in any sample is 875 in MDA-

MB-231 samples, 423 in MDA-MB-468 samples, and 341 in MCF7 samples. Even the highest

number here (875) only represents 1.2% of the library. This indicates good representation of

the library but suggests that some coverage may have been lost in the MDA-MB-231 screen,

likely due to the contaminating guides.

Principal component analysis (PCA) was used to check whether samples varied in the

expected manner. In all screens, samples separated along the first principal component in

a time dependent manner (Figure 52). This suggests that the major driver of variation in the

samples is time, rather than experimental condition (i.e. normoxia vs hypoxia). T7 samples

cluster more closely than T14 samples. This is expected as more time allows more selection

to take place and therefore more variation to arise between the samples. In the MDA-MB-

231 and MDA-MB-468 screens, variation in the second principal component can be largely

explained by the replicate number, but this is not the case for the MCF7 screen.
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Figure 51: Assessment of quality control metrics in the CRISPR sequencing data. The number

of reads obtained from sequencing, the number of reads passing quality control filters, and the number

of reads that align to the TKOv3 CRISPR library are shown for (A) MDA-MB-231, (B) MDA-MB-468,

and (C) MCF7 cells. An additional column shows the number of aligning reads after removal of the

contaminating guides in the MDA-MB-231 samples.
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Figure 52: Principal component analysis of all TKOv3 CRISPR screens. Principal component

analysis of CRISPR screens of MDA-MB-231, MDA-MB-468, and MCF7 cells. Samples separate along

the first principal component in a time-dependent manner. PC1 = principal component 1. PC2 =

principal component 2.
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In all screens, the non-targeting control guides show enrichment over time (Figures S8 to S10).

This phenomenon has been noted by other researchers [177] and likely occurs because non-

targeting guides are the only ones which do not cause double-strand breaks in the DNA. In a

population where double-strand breaks are the norm, this offers a survival advantage. For this

reason, non-targeting guides were not used to create a null distribution.

To ensure the screen functioned as expected, the effect of guides targeting known essential

genes was assessed. A curated list of known core essential genes (CEG2) was used [173].

When compared with T0, all timepoints and conditions show a depletion of guides which target

core essential genes (CEGs) (Figures 53 to 55). There is also a high degree of overlap

between genes that are significantly (adjusted p value ⩽ 0.05) negatively selected and known

CEGs (Figure 56). MCF7 cells have a slower growth rate, and fewer CEGs are labelled as

significant. This suggests that this screen would have benefited from a longer exposure time

to compensate for the longer doubling time. Despite this, this positive control shows that the

screens have functioned as expected and are able to detect survival disadvantages conferred

by gene knockout. This also shows that enough power remains in the MDA-MB-231 screen

to identify genes of interest despite the reduction in coverage caused by the contaminating

guides.
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Figure 53: Log2 fold change of CEGs - MDA-MB-231 screen. The log2 fold change of guides

targeting genes in the CEG2 core essential gene list (red) is generally negative, showing these guides

confer a growth/survival disadvantage.
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Figure 54: Log2 fold change of CEGs - MDA-MB-468 screen. The log2 fold change of guides

targeting genes in the CEG2 core essential gene list (red) is generally negative, showing these guides

confer a growth/survival disadvantage.
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Figure 55: Log2 fold change of CEGs - MCF7 screen. The log2 fold change of guides targeting genes

in the CEG2 core essential gene list (red) is generally negative by day 14, showing these guides confer

a growth/survival disadvantage.
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Figure 56: Overlap of CEGs and genes whose targeting guides are significantly depleted in

MDA-MB-231 samples. The overlap of genes in the CEG2 list and genes whose knockout causes a

significant (adjusted p value ⩽ 0.05) survival disadvantage. Around 2/3 of known CEGs are captured,

even as early as T7.
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Figure 57: Overlap of CEGs and genes whose targeting guides are significantly depleted in

MDA-MB-468 samples. The overlap of genes in the CEG2 list and genes whose knockout causes a

significant (adjusted p value ⩽ 0.05) survival disadvantage. Around 1/2 of known CEGs are captured

by T14.
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Figure 58: Overlap of CEGs and genes whose targeting guides are significantly depleted in

MCF7 samples. The overlap of genes in the CEG2 list and genes whose knockout causes a significant

(adjusted p value ⩽ 0.05) survival disadvantage. Around 1/3 of known CEGs are captured by T14.
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5.3.3 HIF1/2 do not appear to be essential for survival under hypoxia

Hypoxia triggers huge transcriptional changes in the cell, but it is not known whether these

changes are essential for cell survival. To identify genes which have a differential effect on cell

growth or survival specifically under hypoxic conditions, samples collected at day 14 (T14)

in normoxia and hypoxia were directly compared. I assessed the performance of master

transcription factor genes, HIF1α (HIF1A), HIF2α (EPAS1), and HIF1β (ARNT ) in this setting.

In none of the cell lines were any of these genes essential under hypoxia (Figure 59). In fact,

cells with these genes knocked out tended to be enriched in hypoxic samples when compared

to normoxia. Of interest, HIF1 targeting guides are significantly (adjusted p value = 0.0498)

more abundant in the MCF7 hypoxic population compared to the normoxic population after

14 days of culture (Figure 60). This cell line has the highest expression of HIF1α over the

experimental time course (Figure 20). Similarly, MDA-MB-468 cells, which have the highest

expression of HIF2α over the time course (Figure 21), showed significant enrichment of HIF2

targeting guides under hypoxia (T0 vs T14 Hypoxia: adjusted p value = 0.0035; T14 Normoxia

vs T14 Hypoxia: adjusted p value = 0.00045). There is (non-significant) positive selection of

ARNT and HIF1A knockout MDA-MB-231 cells under both normoxia and hypoxia. There were

detectable levels of HIF1 in MDA-MB-231 cells even in normoxia (??), which may explain why

the normoxic cells are also affected by HIF1 knockout. These data suggest that the effect of

HIF knockout on survival is connected to the HIF gene which is active in the cells and, contrary

to popular opinion, that HIF activity may not be necessary for survival under hypoxia.
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Figure 59: Selection of HIF subunit genes in T14 normoxia vs T14 hypoxia samples. Volcano plots

showing the results of the T14 normoxia vs T14 hypoxia comparison. HIF1A, EPAS1, and ARNT are

highlighted. Genes on the upper left of the volcano plots are more essential in hypoxia, while genes on

the upper right are more essential in normoxia.
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Figure 60: Change in abundance of HIF1A targeting guides over time. The abundance of each

HIF1A (HIF1α) targeting guide relative to T0. Both replicates are displayed and the shapes of the

symbols represent each unique guide. This allows guides which have little effect, and therefore may

have low guide efficiency, to be identified. Points are connected from the mean at each timepoint.

Figure 61: Change in abundance of EPAS1 targeting guides over time. The abundance of each

EPAS1 (HIF2α) targeting guide relative to T0. Both replicates are displayed and the shapes of the

symbols represent each unique guide. This allows guides which have little effect, and therefore may

have low guide efficiency, to be identified. Points are connected from the mean at each timepoint.
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Figure 62: Change in abundance of ARNT targeting guides over time. The abundance of each

ARNT (HIF1β) targeting guide relative to T0. Both replicates are displayed and the shapes of the

symbols represent each unique guide. This allows guides which have little effect, and therefore may

have low guide efficiency, to be identified. Points are connected from the mean at each timepoint.
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5.3.4 Hypoxia response genes do not appear to be essential for survival under hypoxia

Though the HIF transcription factors did not appear to be essential under hypoxia, expression

of some of their downstream targets may be. The high degree of overlap in activity of the HIF

subtypes may mean that they can compensate for one another in this system (i.e. if HIF1 is

knocked out, HIF2 can compensate, and vice versa). This means that knockout of a HIF target

gene may have a greater effect than targeting the HIF subunit genes themselves. Given this, I

asked whether HIF targets, or known hypoxia response genes, were more likely to be essential

for cell survival under hypoxia. To test this, the distribution of:

1. Direct HIF targets (ChIP Atlas) [119]

2. A curated HIF regulon (DoRothEA) [120]

3. An established hypoxia gene signature (Buffa) [116]

in the ranked gene results from each CRISPR screen was assessed by hypergeometric test.

The distribution of genes in these lists did not deviate from the norm in any cell line (p value >

0.05) (Figures 63 to 65).

I also chose to investigate the distribution of the chronic hypoxia response genes identified in

Section 4 (Table 2). The distribution of genes in this list also did not significantly deviate from

the norm in any cell line (p value > 0.05). This means that, although the genes are upregulated

under chronic hypoxia, they do not appear to be essential for the cell’s survival.

Similarly, there is a lack of correlation between the log2 fold change of a gene in the RNA-seq

data (Section 4) and its log2 fold change in the CRISPR screen (Figure 67).
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Figure 67: Correlation of log2 fold changes in RNA-seq and CRISPR. There is no correlation

between hypoxia-specific essentiality in the CRISPR screen and changes in gene expression under

hypoxia in any of the cell lines tested. CRISPR log2 fold changes are taken from the T14 normoxia vs

T14 hypoxia comparison. RNA-seq log2 fold changes represent gene expression changes after 14 days

of hypoxia exposure.
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5.3.5 There is little overlap in hypoxia specific essential genes between cell lines

In general, there was little overlap between the cell lines in genes that were essential for

survival under hypoxia. This reflects the variation in the transcriptional response to chronic

hypoxia seen between cell lines. There is a difference in the skew of the results between each

cell line (Figure 68). For example, in MDA-MB-231 cells, gene knockouts were more likely

to cause a selection disadvantage in hypoxia than in normoxia. In MCF7 cells, this trend is

reversed. MDA-MB-468 cells have a more equal distribution of genes having each effect. The

distribution of non-targeting guides in the T14 normoxia vs T14 hypoxia comparisons is similar

between cell lines (Figure S11), meaning the differences in skew here are likely to reflect true

biological differences in the cell lines.

To identify cell processes which were more/less essential under hypoxia in each cell line,

gene set enrichment analysis (GSEA) was conducted using clusterProfiler (version 4.6.2)

(Figure 69). Despite a general lack of overlap in the significant results, three pathways

appear in all of the cell lines as being more essential in hypoxia. These are: spliceosome,

nucleotide excision repair, and proteasome. The spliceosome and proteasome could both be

linked to the hypoxic response, as HIF target genes are expressed through production of new

mRNA molecules which must be processed using spliceosome machinery. Meanwhile, protein

degradation may increase to provide amino acids for building these new proteins.

There are also some interesting differences in the data, particularly regarding pathways

involved in mitochondrial function. In MCF7 and MDA-MB-468 cells, GSEA shows

mitochondrial genes are selectively essential under normoxic conditions, with both oxidative

phosphorylation and the tricarboxylic acid (TCA) cycle being significant results. Conversely,

in MDA-MB-231 cells, genes involved in mitochondrial function are more essential in hypoxic

cells, with both of the aforementioned pathways being significantly negatively enriched. There

is an overlap in the individual genes which contribute to the enrichment in each cell line,

meaning the same genes which are more essential in normoxia in MCF7 and MDA-MB-468

cells are more essential in hypoxia in MDA-MB-231 cells. This is particularly true for genes

which encode subunits of complex I and complex III of the mitochondrial electron transport

chain.
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Figure 68: T14 normoxia vs T14 hypoxia CRISPR results. Results of the T14 normoxia vs T14

hypoxia comparison. Genes with a log2 fold change ⩾ 0.5 or ⩽ -0.5, and a p value ⩽ 0.05 are displayed

in red. Genes on the upper left of the volcano plots are more essential in hypoxia, while genes on the

upper right are more essential in normoxia.
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5.3.6 EIF2AK4 and GPI are selectively essential under hypoxia

Since I was interested in genes whose knockout causes a reduction in growth specifically in

hypoxia, I looked for overlap in these genes between the cell lines. In MCF7 cells, no genes

passed the adjusted p value threshold of 0.05. In MDA-MB-231 and MDA-MB-468 cells, there

were 150 and 72 genes respectively which had an adjusted p value ⩽ 0.05, and a log2 fold

change ⩽ -0.5. Of these genes, only two are overlapping: EIF2AK4 and GPI (Figure 70).

EIF2AK4 encodes the eukaryotic translation initiation factor 2α kinase 4, otherwise known as

GCN2. This gene activates the ISR through phosphorylation of eIF2α. GPI encodes glucose-

6-phosphate isomerase, a glycolytic enzyme which catalyses the reversible isomerisation of

glucose-6-phosphate and fructose-6-phosphate.

Despite not being significant in MCF7 cells, EIF2AK4 is ranked 8th for hypoxia selective

essentiality (adjusted p value = 0.33, log2 fold change -0.48). GPI is ranked 112th in MCF7

cells (adjusted p value = 0.65, log2 fold change -0.18). The effects of these gene knockouts

are shown in Figures 71 and 72.

Although the hypoxic cells were always more sensitive to EIF2AK4 knockout than their

normoxic counterparts, there was a cell line difference in how sensitive the normoxic cells

were. MDA-MB-231 cells were more sensitive to the knockout in normoxia than MDA-MB-468

and MCF7 cells, which appeared to be unaffected. GPI knockout did not appear to affect MDA-

MB-468 cells in normoxia, whereas MDA-MB-231 and MCF7 cells were somewhat sensitive.

Results from a published hypoxia CRISPR screen were taken into consideration when

choosing which of these hits to validate [118]. When comparing samples cultured in 21%

and 1% O2 after 15 days, EIF2AK4 ranked as the 135th hit in their screen (adjusted p value

= 0.17). This is despite the fact they use a different cell line (K562, a myelogenous leukaemia

cell line) and a different genome-wide library. On the other hand, GPI ranked 16282nd out of

20112 genes in their study (adjusted p value = 1).
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Figure 70: EIF2AK4 and GPI. Results of the T14 normoxia vs T14 hypoxia comparison with EIF2AK4

and GPI highlighted.
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Figure 71: Depletion of EIF2AK4 knockout cells over time. The abundance of each EIF2AK4

targeting guide relative to T0. Both replicates are displayed, and the shapes of the symbols represent

each unique guide. This allows guides which have little effect, and therefore may have low guide

efficiency, to be identified. Points are connected from the mean at each timepoint.

Figure 72: Depletion of GPI knockout cells over time. The abundance of each GPI targeting guide

relative to T0. Both replicates are displayed, and the shapes of the symbols represent each unique

guide. This allows guides which have little effect, and therefore may have low guide efficiency, to be

identified. Points are connected from the mean at each timepoint.
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Because EIF2AK4 was significantly more essential in hypoxia in the two TNBC cell lines, had

a trend towards the same result in MCF7 cells, was somewhat supported by an independent

published CRISPR screen, and has a plausible biological mechanism, this gene was chosen

for validation. As there are three other eIF2α kinases that activate the ISR pathway (EIF2AK1,

EIF2AK2 and EIF2AK3), the effect of their knockout on hypoxia specific growth/survival was

assessed. Despite activating the same pathway, none of these genes showed any significant

effect on hypoxic survival in the CRISPR screen (Figure 73).
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Figure 73: Selection of the eIF2α kinase genes in T14 normoxia vs T14 hypoxia. Results of the

T14 normoxia vs T14 hypoxia comparison with genes encoding all eIF2α kinases highlighted (EIF2AK1,

EIF2AK2, EIF2AK3, and EIF2AK4).
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5.3.7 GCN2 was not differentially expressed under hypoxia

EIF2AK4 is more commonly known as GCN2 and will be referred to as this for the rest of

the chapter. The first step in validating GCN2 as essential for survival under hypoxia was

to establish that it is typically expressed in the cell lines used. Analysis of RNA-seq data

(Section 4) showed that GCN2 was well expressed in all cell lines (median reads per million:

MDA-MB-231 = 62, MDA-MB-468 = 64, HCC1806 = 187, MCF7 = 50). This is around the

80th percentile of all genes expressed in the cells, meaning GCN2 is highly expressed in

these breast cancer cell lines. GCN2 was not significantly differentially expressed in any of the

hypoxia conditions compared to normoxia. However, GCN2 activity is predominantly controlled

at the post-translational level through phosphorylation [57]. This means GCN2 could more

active under hypoxia, but it would not be reflected at the transcript level.

5.3.8 GCN2 is activated under chronic hypoxia

Hypoxia is not known to trigger activation of GCN2, with EIF2AK3, otherwise known as PERK,

normally associated with the hypoxia driven ISR [55, 56]. Thus, a key step in validating GCN2

as a hypoxia specific survival gene was to determine whether or not it is active under hypoxia.

Western blot analysis confirmed expression of GCN2 under all conditions, with some cell line

differences observed (Figure 74).

Figure 74: GCN2 and p-GCN2 kinetics under chronic hypoxia. Western blots showing GCN2 and

p-GCN2. GCN2 and p-GCN2 were run on different gels, but come from the same protein preparation.

Using two gels meant a separate β-actin control was produced for each. This western blot is one of

three biological replicates.
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MDA-MB-231 and HCC1806 cells had higher baseline levels of GCN2 than MCF7 and MDA-

MB-468 cells. Western blot also showed presence of the active form of GCN2 (p-GCN2),

which is phosphorylated at the T899 residue, in all cell lines. Phosphorylation of GCN2 was

significantly increased under chronic hypoxia in MDA-MB-468 cells (Figure 75). There was a

trend towards increased phosphorylation under hypoxia in MCF7 and MDA-MB-231 cells, but

this was not significant. HCC1806 express GCN2 at a high level and the relative amount of

p-GCN2 appears stable between normoxia and hypoxia.

Figure 75: Relative abundance of p-GCN2 under hypoxia. The abundance of p-GCN2 compared to

GCN2 after different hypoxia exposure times (n = 3). Each replicate is represented by a different shape.

Results are normalised to the normoxia control. Significance was tested using repeated measures one-

way ANOVA and p values were corrected for multiple testing using Dunnett’s method (*** p ⩽ 0.001).
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5.3.9 Hypoxic cells are more sensitive to chemical inhibition of GCN2

To test whether hypoxic cells were more reliant on GCN2 activity than their normoxic

counterparts, cells were treated with a chemical inhibitor of GCN2 (GCN2i) [174]. Western

blot analysis confirmed that 0.5 µM GCN2i prevented phosphorylation of GCN2. This value

aligns with concentrations used by Nakamura et al. [174], the developers of the inhibitor. In all

cell lines, p-GCN2 was reduced to non-detectable levels after treatment with GCN2i, confirming

the efficacy of the inhibitor (Figure 76).

Figure 76: Levels of GCN2 phosphorylation after treatment with GCN2i. Western blots showing

GCN2 and p-GCN2 with and without GCN2i treatment (0.5 µM). Cells were treated and cultured

in hypoxia for 6 days. GCN2 and p-GCN2 were run on different gels, but using the same protein

preparation. Using two gels means a separate β-actin control is produced for each. This figure shows

one of two biological replicates.

Next, cells were treated with GCN2i and cultured in normoxia or hypoxia for 6 days. The change

in cell confluency between day 0 and day 6 was measured using the Incucyte S3. MDA-MB-

231 and HCC1806 cells demonstrated reduced cell growth when treated with GCN2i under

both normoxic and hypoxic conditions (Figure 77). This reflects the data seen in the CRISPR

screen for MDA-MB-231 cells. The growth of MCF7 and MDA-MB-468 cells was not affected by

GCN2i under normoxia, but a small reduction in growth was seen with GCN2i treatment under

hypoxia that reached statistical significance in MCF7 cells (Figure 77). When normalising

to normoxia, all cell lines appear to be somewhat more sensitive to GCN2i treatment under

hypoxia, although this is only statistically significant in MDA-MB-231 cells (Figure 78).
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Figure 77: Growth in normoxia and hypoxia with GCN2i treatment. Percentage confluency at day

0 and day 6 after exposure to 0.5 µM GCN2i in normoxia and hypoxia (n = 3). Significance was tested

at day 6 using paired t-tests (* p ⩽ 0.05, ** p ⩽ 0.01). Error bars show standard deviation.
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Figure 78: Percentage change in confluency relative to normoxia after GCN2i treatment.

Percentage change in confluency between day 0 and day 6 after exposure to 0.5 µM GCN2i. Data

were normalised to their normoxic counterpart. Significance was calculated using two-way ANOVA and

corrected for multiple testing using Sidak’s method (n = 3). Error bars show standard deviation.

5.3.10 GCN2 knockdown did not cause a significant reduction in growth or survival

under hypoxia

Given the promising results using GCN2i, the cell lines were engineered to express short

hairpin RNAs (shRNAs) targeting GCN2. Two shRNAs were used for each cell line (sh850 and

sh851). Multiple MOIs were tested (Figure S12). MOI 2 was identified as optimum as it did not

reduce growth in normal cell culture but still achieved knockdown (Figure 79).

The knockdown cells did not show a significant decrease in growth in either normoxia or

hypoxia (Figure 80) and therefore did not cause a hypoxia specific decrease in growth

(Figure 81). In fact, HCC1806 cells appeared to grow comparatively faster in hypoxia when

GCN2 was knocked down, and this reached statistical significance in the sh851 knockdown.

As there was no significant decrease in growth under hypoxia in GCN2 knockdown cells, the

viability of the cells at the end of the experiment was measured. In accordance with the growth

curves, there were no significant differences in the percentage of dead cells between control

and GCN2 knockdown cells (Figure 82).
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Figure 79: Expression of GCN2 in GCN2 shRNA knockdown cells. (A) Western blots showing

GCN2 in control and shRNA knockdown cells (MOI 2). sh851 appeared to be more effective than sh850

at knocking down the protein. (B) Quantification of GCN2 relative to β-actin (n = 1). CTL = control. 850

= cells transduced with sh850. 851 = cells transduced with sh851.
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Figure 80: Growth of GCN2 knockdown cells in normoxia and hypoxia. Only minor differences

in growth are observed between knockdown and control cells. Significance was tested at day 6 using

paired t-tests (n = 3) (* p ⩽ 0.05). Error bars show standard deviation.
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Figure 81: Percentage change in confluency relative to normoxia in GCN2 knockdown cells.

Percentage change in confluency between day 0 and day 6 in GCN2 knockdown cells. Data are

normalised to their normoxic counterpart. Significance was calculated using two-way ANOVA and

corrected for multiple testing using Sidak’s method (n = 3). Error bars show standard deviation.
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Figure 82: Relative percentage of dead cells in GCN2 knockdown cell lines. The percentage

of dead cells at day 6 in GCN2 knockdown cells (850 = cells transduced using sh850, 851 = cells

transduced using sh851) relative to control (CTL). There were no significant differences between control

and knockdown cells in any comparison when tested using one-way ANOVA and corrected for multiple

testing using Dunnett’s method (n = 3). Error bars show standard deviation.
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5.4 Discussion

The data here suggest that hypoxia response genes, though upregulated, are not essential for

cell survival under hypoxia. This is in agreement with two published hypoxia CRISPR screens

which found no relationship between HIF targets and their ranking in the results [118, 178].

Knockout of HIF subunits also did not result in a significant reduction in growth/survival under

hypoxia. Though surprising, this also agrees with previous research. Jarman et al. [111] found

that MCF7 cells were not sensitive to HIF2 knockdown, while Thoren et al. [179] showed that

HIF1 knockdown did not reduce growth or survival under hypoxia in small cell lung carcinoma

cells. In addition to this, the chronic hypoxia response genes identified in Section 4 were also

not essential for survival under hypoxia in this study. Though the results are in agreement with

previous studies, the lack of essentiality seen here is not sufficient to conclude that the HIF

proteins or their response genes are not required. This is because the ability of the guides to

knockout their target genes was not validated in this study or during library development. Thus,

poor guide efficiency could be the cause of the negative results observed.

Results of the CRISPR screen instead indicated GCN2 as a promising hypoxia specific

essential gene. Despite not being upregulated transcriptionally, my data show an increase

in GCN2 phosphorylation, and therefore activation, under hypoxic conditions. The effect

was cell line dependent however, with HCC1806 cells having a high baseline level of GCN2

phosphorylation and not showing an increase under hypoxia. Though the ISR is known to

be activated by hypoxia, the literature usually reports PERK as being the instigator under

these conditions [63, 180, 181]. Early studies linking PERK and hypoxia use extremely low

levels of oxygen (0% O2 [180]; 0.02% O2 [181]). PERK signalling has been shown to aid

tolerance to hypoxia, but again these experiments used very low levels of oxygen (⩽ 0.2% O2)

[63, 182]. Here, I show that at least some of the ISR triggered by hypoxia comes through

GCN2 signalling. This supports research by Liu et al. [51] who showed that eIF2α was

phosphorylated under hypoxia even in PERK knockout cells, and that GCN2 knockout cells had

reduced levels of phosphorylated eIF2α under hypoxia. Furnish et al. [183] showed correlation

of p-GCN2 and HIF1α in xenografts, indirectly linking GCN2 activation and hypoxia. On the

other hand, these data disagree with research by Ye et al. [55], who showed no accumulation

of eIF2α in their PERK knockout cells under hypoxia. Differences in experimental setup could

explain these contradictions. Ye et al. [55] used 0.2% O2, which is more extreme than the
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0.7% O2 used by Liu et al. [51] and the 1% O2 used in my study. Both of these studies

used much shorter timepoints for assessing eIF2α phosphorylation during hypoxia exposure,

with their maximum exposure times reaching only 6-8 hours. In my study, p-GCN2 did not

significantly accumulate until 7 and 14 days of hypoxia exposure. Additionally, both of these

studies looked at phosphorylated eIF2α as a proxy for GCN2 activity in either PERK or GCN2

knockout cells. Observation of p-GCN2 allows us to directly monitor its active levels under the

chosen experimental conditions. It is possible that in the study by Ye et al. [55], GCN2 is being

activated under hypoxia, but it has not yet caused a detectable increase in phosphorylated

eIF2α. Further work is needed to elucidate the role of GCN2 under hypoxia, which may be

relevant under less extreme levels of hypoxia than PERK.

My data also show that CRISPR knockout or chemical inhibition of GCN2 reduces cell growth in

a hypoxia dependent manner (Figures 70 and 78). The CRISPR data are in agreement with a

published hypoxia CRISPR screen [118] where GCN2 was ranked as the 135th hit (adjusted p

value = 0.17) when comparing normoxia and 1% O2. In the case of GCN2 chemical inhibition,

all cell lines appeared to be somewhat more sensitive under hypoxic conditions. MDA-MB-231

and HCC1806 cells were also sensitive to GCN2 inhibition in normoxia (Figure 77). This is

in accordance with the CRISPR data, where normoxic MDA-MB-231 cells were sensitive to

GCN2 knockout, though to a lesser extent than the hypoxic cells (Figure 71). Interestingly,

the sensitivity of cells to GCN2 perturbation in normoxia seems to correlate with GCN2

expression and p-GCN2 levels at baseline. GCN2 is more highly expressed in MDA-MB-231

and HCC1806 cells (Figure 74), and these cells are the most sensitive to GCN2i treatment

under normoxic conditions. These cells also show some degree of GCN2 phosphorylation

in normoxia. Conversely, MCF7 and MDA-MB-468 cells, which have lower baseline levels of

GCN2 and less p-GCN2 under normoxia, have a more hypoxia driven sensitivity to GCN2i.

GCN2 knockdown did not produce the same results as knockout or chemical inhibition, with

GCN2 knockdown only causing a reduction in survival under hypoxia in MDA-MB-468 cells

using sh850 (Figure 80). The differences in response could be explained by the different levels

of perturbation achieved by each strategy. The CRISPR screen is expected to completely

knockout GCN2 in the cells expressing GCN2 targeting sgRNAs. This would completely

abolish activity of GCN2. On the other hand, knockdown does not cause full depletion of

the protein, and western blots of the knockdowns show residual GCN2 is present (Figure 79).
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It is possible that the knockdowns did not deplete GCN2 enough to have an effect on growth

over a 6 day time period. The levels of p-GCN2 were not tested in the knockdown cells.

Because only a portion of GCN2 is phosphorylated under hypoxia, even though GCN2 levels

had dropped, the amount of p-GCN2 in the cell could have remained stable. Given that cells

were more sensitive to GCN2i, which did abolish p-GCN2 (Figure 76), this could explain why

GCN2 knockdown did not reduce growth under hypoxia. Additionally, GCN2 has a short half-

life which is thought to be mediated via ubiquitin ligation and proteasomal degradation [57].

However, p-GCN2 is protected from this pathway [57]. This means a small amount of remaining

GCN2 caused by incomplete knockdown could, through this mechanism, still cause enough p-

GCN2 accumulation to propagate downstream effects.

GCN2 has been linked to prognosis [184, 185], and several studies have noted increased

expression of GCN2 in tumours compared to normal tissue [55, 184, 186]. A recent review

suggested that “GCN2 may be aberrantly overexpressed and is responsible for keeping cells on

‘life-support’ while tumours undergo significant nutritional stress during tumourigenesis” [57].

This references amino acid starvation, the canonical activator of GCN2. However, hypoxia

is likely to coincide with amino acid starvation in vivo due to poor vasculature, which would

starve tumour cells of essential amino acids as well as oxygen. These factors, along with the

results presented in this chapter, put forward GCN2 as a possible target in cancer therapy.

GCN2 knockout mice are developmentally normal and are healthy unless fed a diet restricted

in essential amino acids [55, 187], meaning targeting this protein would be unlikely to have

severe effects on healthy tissue. In accordance, the developers of the GCN2 inhibitor found that

GCN2i did not reduce viability unless paired with amino acid starvation [174]. This agrees with

research by Liu et al. [51] whose GCN2 knockout cells had the same viability as wild-type cells

under normoxia. This is in contrast to ATF4 knockout mice who display severe developmental

abnormalities [188], suggesting that drugs targeting ATF4, a downstream activator of the ISR,

would have more severe side effects. Systematic analysis of DepMap data showed that 13% of

cancer cell lines are dependent on GCN2 [189], whereas very few are dependent on the other

eIF2α kinases. This indicates some cell type specificity in terms of GCN2 dependency, which is

also reflected in my data. It would be interesting to know how many of the cell lines in DepMap

would be dependent on GCN2 if the CRISPR screens were not conducted at atmospheric

oxygen levels.

153



A confounding variable in the CRISPR screens presented here is the reduction in growth rate

for cells cultured under hypoxia. Cells which proliferate faster go through more population

doublings during the screen and will therefore show stronger selection effects. Although this

remains an important point to be aware of, this would not affect the genes of interest in our

study. This is because we are looking for guides which are depleted more in the slower growing

hypoxic population than in the normoxic population. This means the true magnitude of the

effect of genes identified as selectively essential under hypoxia is likely to be greater than that

reported.

A question this research did not address is whether the GCN2 activation observed during

hypoxia was indirectly caused by amino acid starvation. Although this was not tested, the cells

in hypoxia were cultured in an excess of media during the screen (50 mL per T175 flask) and

the media was changed at least every 48 hours. This makes it unlikely that amino acids could

be depleted, especially since the cells had a lower growth rate under hypoxia. Additionally,

Liu et al. [51] saw enhanced phosphorylation of eIF2α after only 4 hours of hypoxia exposure

in their PERK knockout cells. It is unlikely that amino acids could be depleted to such an

extent within 4 hours as to activate GCN2. However, further work would need to be conducted

in my experimental setting to show whether depletion of any amino acids occurred. Mass

spectrometry of media collected just before a media change would allow amino acid levels to

be determined.

Future work should focus on elucidating the mechanism by which GCN2 could protect cells

under hypoxia. Ye et al. [55] showed that GCN2 knockout cells had lower levels of LC3-II

during glutamine starvation, indicating lower rates of autophagy. Hypoxia is one of the main

stimulators of autophagy, and hypoxic cells have been shown to be more sensitive to autophagy

inhibitors [190]. MDA-MB-231 cells which had been adapted to chronic hypoxia demonstrated

increased levels of autophagy, indicating this process as an important survival mechanism

[109]. If GCN2 knockout cells are unable to switch on autophagy, this could explain the growth

defects seen in hypoxia. Liu et al. [51] found that GCN2 knockout reduced the number of cells

in G1 arrest under hypoxic conditions. Entering G1 arrest protects cells from entering apoptosis

and can explain the acquirement of other features such as chemotherapy resistance. It also

prevents cells from overshooting their metabolic capacity. In concordance, the researchers

found that GCN2 knockouts had higher levels of apoptosis under hypoxia. Thus, GCN2 activity
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may aid survival under hypoxia by pushing cells towards G1 arrest.

GCN2 has also been shown to mitigate oxidative stress, which is known to be increased

under hypoxic conditions [62, 191]. Wang et al. [62] showed that GCN2 was phosphorylated

when cells were exposed to oligomycin, an ATP synthase inhibitor that disturbs mitochondrial

function, and that the GCN2 phosphorylation was ROS dependent. Active GCN2 upregulates

xCT (cystine/glutamate transporter) through ATF4. xCT imports the cystine required for the

production of glutathione, an important antioxidant which helps to counter the oxidative stress.

In my system, GCN2 may be activated by hypoxia induced ROS. However, analysis of the

RNA-seq data from Section 4 showed that, despite increased ATF4 activity, xCT expression

was not upregulated under hypoxia in any of the cell lines.

One unusual result from this study is the high abundance of mitochondria associated genes

which are selectively essential under hypoxia in MDA-MB-231 cells. Both MCF7 and MDA-MB-

468 cells displayed greater reliance on mitochondrial genes under normoxia, which is in line

with published data [118, 178]. This type of cell line specificity for CRISPR screens has been

noted by other researchers. Both Thomas et al. [178] and Bao et al. [192] found differences

between the cell lines that they studied, and Thomas et al. [178] noted the lack of overlap

between their study and previous screens.

There is a small amount of literature supporting the unexpected results in MDA-MB-231 cells.

Bao et al. [192] conducted a genome-wide hypoxia CRISPR screen and through GSEA

found that oxidative phosphorylation genes were selectively essential under hypoxia (7 days

at 1% O2). The main hit from their screen is protein tyrosine phosphatase mitochondrial 1

(PTPMT1). This is also a significant hit when comparing T14 normoxia and T14 hypoxia in

my MDA-MB-231 screen (adjusted p value = 0.0015, 9th ranked hit). However, this was not

the case in MDA-MB-468 or MCF7 cells. Data from Bao et al. [192] suggest that knockout of

PTPMT1 increases ROS accumulation during hypoxia by causing a deficiency in cardiolipin, a

mitochondrial lipid . This results in a poorly organised mitochondrial membrane which allows

for more electron leakage and results in oxidative stress. They validate their findings by treating

several cell lines with a PTPMT1 inhibitor. MDA-MB-231 cells were part of this panel and were

found to be more sensitive to PTPMT1 inhibition under hypoxia. Although Thomas et al.’s

[178] overall findings showed that silencing of mitochondrial complex II gene SDHC improved
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growth under hypoxia, one of the four cell lines they tested demonstrated the reverse effect.

When SDHC was knocked down in the colon carcinoma cell line HCT116, cell growth under

hypoxia was reduced. This cell line had a higher basal rate of oxidative phosphorylation than

the other cell lines tested, which could be the cause of the differences seen. Taken together,

these findings strongly suggest that some cell lines do have a greater reliance on effective

mitochondrial function under hypoxia, contrary to popular belief. However, it is clear that this is

not relevant in all systems. More work is needed to identify common characteristics between

cells which are sensitive to mitochondrial perturbation under hypoxic conditions, as well as to

untangle the role of GCN2 in adaptation to hypoxia.
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6 A microRNA-ome wide CRISPR screen

6.1 Introduction

There are over 2000 mature miRNAs in the human genome, and it is predicted that over 60%

of mRNAs are under miRNA control [44]. This means that altering miRNA expression can

have widespread effects on a cell or organism. Unsurprisingly, many miRNAs are essential

in development and for key processes such as EMT [82, 193, 194]. There are also miRNAs

which are up or downregulated in tumours compared to normal tissue and are known to drive

the hallmarks of cancer [195–197]. As such, many miRNAs have prognostic capacity [198].

There is also evidence of miRNA dependency in some cancer types. For example, knockdown

of miR-21, and knockout of miR-23b and miR-27b, reduced the growth of breast cancer cells

both in vitro and in vivo [199–201].

Many miRNAs are differentially expressed under hypoxia [40], and there is evidence that

manipulating miRNA expression can affect cell survival specifically under these conditions. For

example, miR-210 is strongly upregulated under hypoxia [43]. Inhibition of miR-210 increased

apoptosis under hypoxia in MDA-MB-231 cells and reduced their tumour forming capacity

in vivo [202]. This is in agreement with a study by Favaro et al. [203] who showed that miR-210

antagonism increased apoptosis in breast and colorectal cell lines under hypoxia. Similarly,

knockdown of miR-210 increased the radiosensitivity of hepatocarcinoma cells under hypoxia

[204], while inhibition of miR-155 increased the radiosensitivity of lung cancer cells cultured

under hypoxia [205]. miR-155 was also associated with chemoresistance in breast cancer

which was conferred through stimulation of EMT [206]. Despite evidence from small scale

studies, the effect of miRNA inhibition under hypoxia has not been systematically investigated.

It has been proven that CRISPR-Cas9 can be used to knockout miRNAs with a high level

of specificity. This drastically improves upon previous methods of miRNA inhibition, which

involve miRNA sponging or the use of anti-miR oligonucleotides [207]. miRNA sponges contain

multiple miRNA binding sites and thus compete with target mRNAs for binding, while anti-miRs

are short oligonucleotides complementary to the miRNA which inhibit their function through

steric interference [207]. Because there can be high levels of sequence homology within a

miRNA family, these tools offer less specificity than targeted knockouts. They are also generally
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more short-lived, and knockdown is more likely to be incomplete. CRISPR-Cas9 mutates the

genomic sequence of the miRNA causing changes to the RNA secondary structure. This can

disrupt miRNA biogenesis by altering Drosha or Dicer binding sites, preventing production of

the mature miRNA (Figure 83). Even small, 1-2 bp insertion/deletion events can impede this

process [207].

Figure 83: Canonical miRNA biogenesis and function. Primary miRNA (pri-miRNA) is transcribed

by RNA polymerase II. This is processed by the microprocessor complex, comprised of Drosha and

DGCR8, leaving an approximately 70 nucleotide hairpin structure known as the precursor miRNA (pre-

miRNA) [97]. Pre-miRNA is exported from the nucleus and processed by Dicer to remove the hairpin

loop [41, 97]. One strand from the mature miRNA duplex is loaded into the RNA-induced silencing

complex (RISC). As each strand is comprised of a different sequence, its target mRNAs differ. For

some miRNAs, both the -3p and -5p arms persist to equal levels, but in most cases one of the strands

dominates. RISC binds to specific mRNA molecules depending on base pairing between the miRNA

and the 3’ untranslated region (UTR) of the mRNA [41]. Perfect base pairing is only required in the seed

region of the miRNA (nucleotides 2-8) [42]. When the RISC binds to an mRNA molecule in this manner,

it either suppresses translation and prevents the protein product being formed, or it destabilises the

mRNA through deadenylation and decapping resulting in mRNA degradation [42]. Figure created using

BioRender.
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To my knowledge, there is only one commercially available library which targets exclusively

miRNAs and it was designed by Kurata and Lin in 2018 [97]. Although the GeCKO v2 library

targets miRNAs, it does this alongside the protein-coding genome meaning the library is very

large [208]. Having a smaller, targeted library allows greater coverage to be achieved while

keeping cell numbers manageable. Additionally, the miRNA targeting sgRNAs in the GeCKO

v2 library are predicted to have more off target effects, making results more difficult to interpret

[97]. Kurata and Lin’s library (pLX-miR) targets fewer miRNA genes as their quality filters deem

some of the miRNA genes un-targetable. In total, the pLX-miR library targets 1594 out of

1881 primary miRNAs using at least 4-5 sgRNAs per miRNA gene. miRNAs whose knockout

reduces growth in this TNBC model will constitute possible drug targets [197, 209]. Unlike

most proteins, miRNAs can be delivered exogenously as therapeutics meaning miRNAs whose

knockout increases growth (i.e. tumour suppressor miRNAs) are also of interest [210, 211].

Alongside the CRISPR screens conducted in Section 5, a miRNA-ome wide CRISPR screen

was conducted on MDA-MB-231 cells under normoxia and hypoxia. This screen aimed to

identify miRNAs which confer a survival advantage or disadvantage in TNBC and any miRNAs

which are selectively essential under hypoxia.
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6.2 Methods

6.2.1 Amplification of the pLX-miR plasmid library

Plasmid amplification and lentivirus production steps were carried out by the Virus Screening

Facility, Weatherall Institute of Molecular Medicine, Oxford. The Lin Human miRNA CRISPR

Knockout Library (pLX-miR) was a gift from Ren-Jang Lin (Addgene, 112200). 2 µL of the

pLX-miR plasmid was added to 25 µL of Lucigen Endura electrocompetent cells in a cuvette.

The mix was electroporated at 1800 V and 975 µL of SOC (super optimal broth with catabolite

repression) added. The solution was transferred to an Eppendorf tube and any remaining cells

washed from the cuvette using a further 1 mL of SOC. The cell solution was incubated at 37°C

for 1 hour with shaking at 700 rpm. 300 µL of the solution was diluted into 30 mL of lysogeny

broth and 533 µL of this was added to thirty 15 cm 100 µg/mL ampicillin plates. The bacteria

were incubated at 30°C for 18 hours. Serial dilutions were performed to enable colony counting.

200 µL of 1:100, 1:1000 or 1:10000 cell dilutions were prepared and added to 10 cm ampicillin

plates in quadruplicate. The 1:100 and 1:1000 serial dilution plates were too confluent to count.

The 1:10000 plates produced the following colony numbers: 761, 711, 582, and 239. This

means an average of 573.25 colonies were produced per 200 µL of 1:10000 dilution, which

scales up to 57,325 colonies per 200 µL for the 1:100 dilution. This equates to 287 colonies

per µL of the 1:100 dilution. 15.99 mL of cells was used in total (533 µL x 30), meaning a

total of 4,589,130 colonies were produced across the 30 plates. As there are 8382 guides in

the pLX-miR library, the coverage is 547-fold. This is significantly above the 50-fold coverage

recommended by the pLX-miR library amplification protocol, ensuring good representation of

the guides [212]. The remaining thirty plates were processed in batches of five. Each plate

was scraped, washed with lysogeny broth and the solutions pooled into one centrifuge tube.

The solution was centrifuged at 4000 g for 10 minutes and the supernatant discarded. Each

pellet was processed on a QIAGEN maxi column according to the manufacturer’s instructions.

The eluted DNA was combined to give a total of 102 µg DNA in 300 µL of Milli-Q water. The

remaining SOC solution was diluted 1:2 in 40% glycerol and stored at -80°C.

6.2.2 Production of the pLX-miR lentiviral library

1.2x107 HEK293T cells were seeded into a 15 cm plate in DMEM (supplemented with 2 mM

L-glutamine, non-essential amino acids, P/S, and 10% FBS) and incubated overnight. 13.3 µg
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of the pLX-miR plasmid was added to 1.5 mL of Opti-MEM along with the packaging plasmids

(10 µg of psPAX2 and 6.7 µg of pMD2.G). psPAX2 and pMD2.G were gifts from Didier Trono

(Addgene, 12260 and 12259). 30 µL of PEIpro transfection reagent was added to a second

aliquot of 1.5 mL Opti-MEM and incubated at room temperature for 5 minutes. This solution

was added to the plasmid mix and incubated at room temperature for a further 15 minutes. This

transfection mixture was added drop by drop to the HEK293T cells and incubated for 5-6 hours

at 37°C. The media containing the transfection mix was then removed and replaced with fresh

DMEM. Media was collected in two harvests at 48 hours and 72 hours post transfection. The

pooled media was centrifuged at 2000 g for 5 minutes to remove cell debris. The supernatant

was passed through a 0.45 µm cellulose acetate filter and aliquots stored at -80°C. A p24

ELISA was performed using the QuickTiter Lentivirus Titer Kit which indicated a titre of 8x107

transducing units (TU)/mL.

6.2.3 Determination of polybrene sensitivity

Cell Counting Kit 8 (CCK-8), a plate-based cell survival assay, was used to determine whether

MDA-MB-231 cells are sensitive to polybrene, a reagent used to increase the efficacy of

lentivirus infection. 5x103 cells were seeded per well of a 96 well plate in 100 µL of culture

media and incubated overnight. Media was removed from each well and replaced with 100 µL

of culture media containing polybrene at various concentrations (1-16 µg/mL) in triplicate.

100 µL of culture media containing 16 µg/mL of polybrene was used as a blank. After 24

hours of incubation with polybrene, 10 µL of CCK-8 was added to each well (except blanks)

and incubated at 37°C for two hours. The absorbance at 450 nm was measured using a

POLARstar Omega microplate reader. The media containing CCK-8 was then aspirated and

replaced with 100 µL of fresh culture media, and the plate returned to the incubator. The

CCK-8 assay was repeated on the following two days, providing cell count readings at 24, 48,

and 72 hours following polybrene exposure. For analysis, the absorbance of the blank wells

was subtracted from the experimental wells and technical replicates averaged. This assay was

repeated to give three biological replicates.

6.2.4 Determination of optimum antibiotic concentrations for selection

Antibiotic kill curves were performed to determine the optimum concentration of G418 required

to select Cas9 expressing MDA-MB-231 cells generated using commercially available Cas9
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Lenti Particles (Merck, LVCAS9NEO-1EA), and the optimum concentration of blasticidin S

(hydrochloride) required to select cells transduced with the pLX-miR library. 5x103 cells

were seeded per well of a 96 well plate in 100 µL of culture media and incubated overnight.

Media was removed from each well and replaced with 100 µL of culture media containing the

relevant antibiotic at various concentrations (G418: 200-1500 µg/mL; blasticidin 2-25 µg/mL) in

triplicate. 100 µL of culture media containing the highest respective antibiotic concentration

was used as a blank. After 24 hours of incubation, 10 µL of CCK-8 was added to each

well (except blanks) and incubated at 37°C for two hours. The absorbance at 450 nm was

measured using a POLARstar Omega microplate reader. The media containing CCK-8 was

then aspirated and replaced with 100 µL of culture media containing the appropriate antibiotic

concentration and the plate returned to the incubator. The CCK-8 assay was repeated on

the following two days, providing cell count readings for 24, 48, and 72 hours of treatment

with each antibiotic. For analysis, the absorbance of the blank wells was subtracted from the

experimental wells and technical replicates averaged. This assay was repeated to give three

biological replicates.

6.2.5 Viral titrations

Viral titrations were performed to determine the functional titre of the pLX-miR lentivirus and

the commercially available Cas9 Lenti Particles which were used to generate Cas9 expressing

MDA-MB-231 cells. 1x104 cells were seeded per well of a 24 well plate in 1 mL of culture

media. After overnight incubation, serial dilutions of each virus were prepared in culture media

containing 8 µg/mL of polybrene. Media was aspirated from each well and replaced with

500 µL of the appropriate virus dilution. After 24 hours, the virus was removed and fresh

culture media was added to the wells. 48 hours after infection, antibiotic selection began.

Cells transduced using the pLX-miR virus were selected using 15 µg/mL of blasticidin, and

cells transduced using the Cas9 Lenti Particles were selected using 1 mg/mL of G418. 1 mL of

culture media containing the appropriate antibiotic was added to relevant wells and replenished

every 24 hours. Untreated wells received 1 mL of fresh media every 24 hours. After 72 hours

of selection, cells were quantified using the CCK-8 assay according to the manufacturer’s

instructions. For analysis, blank readings were subtracted from the experimental readings.

For the pLX-miR lentivirus, further titrations were conducted in T175 flasks to confirm the titre
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under the exact transduction conditions which were to be used in the final screen. 2x106 cells

were seeded into each of five T175 flasks in 25 mL of culture media and incubated overnight.

Cells were infected with various volumes of pLX-miR viral solution in the presence of 8 µg/mL

polybrene. The control flask was exposed to polybrene without the virus. The final volume of

media during the infection stage was 20 mL. After 24 hours, the media containing the virus was

removed and 30 mL of fresh media applied. After 24 hours of recovery, cells were selected

using 40 µg/mL of blasticidin in 30 mL of media. The media was replenished after 48 hours,

and cells were trypsinised and counted after 96 hours of blasticidin selection. The cell number

in each flask was calculated as a percentage of the cell number in the control flask. This

experiment was conducted in duplicate, but only one replicate was chosen to calculate the

viral titre due to a greater R2 value and lack of outliers.

6.2.6 Generation of Cas9+ MDA-MB-231 cells

To generate MDA-MB-231 cells which stably express the Cas9 enzyme, 1.1x105 cells were

seeded into a 6 well plate and incubated overnight. Cells were then transduced using Cas9

Lenti Particles at an MOI of 0.3. An MOI < 0.7 is recommended in the literature for generating

Cas9 expressing cells [213]. MDA-MB-231 cells are easily transduced [214, 215], so a low

MOI was used to prevent cells receiving multiple copies of the Cas9 enzyme, as this can

inhibit cell growth [216]. 1 mL of culture media containing 8 µg/mL of polybrene was used

for the transduction. After 24 hours, the virus was removed and cells allowed to recover for

24 hours. Cells were then selected using 1 mg/mL of G418 and passaged into a T75 flask

when confluent. Cells infected with the Cas9 Lenti Particles also express the neoR gene

(aminoglycoside 3’-phosphotransferase) which provides resistance to neomycin, otherwise

known as G418. A control well which was treated with G418 but not exposed to the virus

was used to indicate when selection was complete. Selection was complete after 7 days, but

the Cas9+ MDA-MB-231 cells were maintained in media containing G418 for their remaining

time in culture. Multiple cell stocks were frozen in a solution of 90% FBS and 10% DMSO

after approximately one month in culture. These cells tested mycoplasma negative on the

day of freezing using the MycoAlert Mycoplasma Detection Assay according to manufacturer’s

instructions.
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6.2.7 Confirmation of Cas9 expression

To confirm Cas9 expression, samples of approximately 1 million cells were collected from

transduced and non-transduced MDA-MB-231 cells. Cell pellets were re-suspended in 150 µL

of RIPA buffer treated with cOmplete Mini Proteinase inhibitor cocktail and incubated on ice

for 30 minutes with occasional vortexing. The solutions were centrifuged at 18000 g for 15

minutes at 4°C and the supernatant containing the protein lysate was collected. To quantify

the protein, the Pierce BCA Protein Assay Kit was used, and a standard curve was generated

using the Bio-Rad Bovine Serum Albumin Standard Set. The protein was diluted 1:5 to bring

the concentration into the range of the assay. 40 µg of protein was added to 4 µL of NuPAGE

Sample Reducing Agent (10X) and 10 µL of NuPAGE LDS Sample Buffer (4X). The volume

was made up to 40 µL using RIPA buffer. Samples were incubated at 95°C for 10 minutes.

The samples and 40 µL of Rainbow Molecular Weight Marker were loaded into each well of a

NuPAGE 4-12% Bis-Tris Gel. The gel was run in NuPAGE MOPS SDS running buffer for 10

minutes at 80 V, then for 1 hour at 120 V. The protein was transferred using the semi-dry method

(Section 2.3.7). The membrane was blocked using 5% BSA (Section 2.3.9) then probed

with a mouse monoclonal Cas9 antibody diluted 1:1000 in blocking buffer. The secondary

antibody (goat anti-mouse IgG HRP) was diluted 1:3000 in blocking buffer. Full details for

probing the membrane are found in Section 2.3.9. The protein was visualised using the Pierce

ECL Plus Western Blotting Substrate Kit and the ImageQuant LAS 4000 mini according to

manufacturer’s instructions. The membrane was then trimmed to remove the area containing

Cas9. The remaining membrane was probed for β-actin. The primary antibody to β-actin

was diluted 1:1000 in blocking buffer and incubated with the membrane on a rocking platform

at room temperature for 1 hour. The membrane was washed as described in Section 2.3.9.

The secondary antibody (goat anti-mouse IgG HRP) was diluted 1:2000 in blocking buffer and

incubated for 1 hour on a rocking platform at room temperature. The protein was visualised as

described for the Cas9 protein above.

6.2.8 Growth curve of Cas9+ MDA-MB-231 cells

3x105 Cas9+ or control MDA-MB-231 cells were seeded into each of four T25 flasks in a total

of 4 mL culture media (i.e. eight flasks in total). Cas9+ and control flasks were harvested

after 24, 48, 72, and 96 hours and the cell count determined using a LUNA II automated cell
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counter. A media change took place at 48 hours. This experiment was repeated to produce

three biological replicates.

6.2.9 CRISPR screen

The screen was carried out in triplicate, with separate infections for each replicate. This is

important as the infection step is the main source of bias in CRISPR screens, so if all replicates

are produced from the same infection the same bias exists across all replicates. Cas9+ MDA-

MB-231 cells were thawed one week prior to beginning the screening protocol. During this time,

cells were cultured with 1 mg/mL of G418 to maintain Cas9 expression. P/S was only added

to the media for the last two weeks of each experiment (i.e. at T0). Figure 84 summarises the

timeline of the CRISPR screen.

6.2.10 Infection and selection of cells

According to the schedule in Figure 84, 2x106 Cas9+ MDA-MB-231 cells were seeded into

each of sixteen T175 flasks in 30 mL of media. The following day, the culture media was

removed from fifteen flasks and replaced with 20 mL of media containing 8 µg/mL polybrene

and 18.65 µL of pLX-miR lentivirus. This equates to 6x105 TU per flask, and an MOI of 0.3.

The remaining flask received 20 mL of media containing 8 µg/mL polybrene but no virus.

This served as the “no infection” control. Cells were incubated overnight to allow infection to

occur. The following day, the virus containing media was removed and replaced with 30 mL of

media. Cells were again incubated overnight, allowing time for integration of the viral genome

and expression of those genes to occur. Media was then replaced with 30 mL of media

containing 40 µg/mL blasticidin. The pLX-miR lentivirus genome contains the blasticidin S

deaminase gene, which confers resistance to blasticidin. This means that cells which have

been successfully infected and have integrated the pLX-miR lentivirus genome will survive

blasticidin exposure, while all other cells die. Cells were incubated with blasticidin until all cells

in the “no infection” control flask had died. In all replicates, this occurred on day 4 of culture.

Media was replenished every 48 hours.
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Figure 84: CRISPR screen timeline.

6.2.11 Maintenance of cells

After blasticidin selection was complete, cells from the fifteen infected flasks were harvested.

Flasks were rinsed using PBS, and incubated with trypsin until the cells had detached. Media

was added and the solutions from each flask were pooled into five 50 mL centrifuge tubes.

The cell solutions were centrifuged at 275 g for 5 minutes. Each of the five cell pellets were
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re-suspended in 10 mL of media and the solutions pooled to make one cell solution. An aliquot

of cells was added to an equal volume of trypan blue solution. Live and dead cells were

quantified using the LUNA II automated cell counter. Two cell counts were taken to ensure

consistency. An aliquot of 6.29x106 cells was taken and processed according to Section 6.2.12.

This is the T0 reference sample, and 6.29x106 cells represents 750x coverage. From the

remaining cells, 2.5x106 cells were seeded into each of seven T175 flasks in 50 mL of media

now supplemented with P/S. Three flasks were required to maintain coverage, and this must

be maintained in each arm of the experiment (i.e. three flasks designated for normoxia and

three flasks designated for hypoxia). The remaining flask was cultured alongside the hypoxia

samples but was removed intermittently from the hypoxia chamber to allow observation of the

cells. This flask was discarded after use so cells which had been reoxygenated were not part of

the samples collected. Cells were incubated overnight to allow attachment to the flask and the

following day, four of the flasks were transferred to the hypoxia chamber and were subsequently

cultured at 1% O2. The schedule shown in Figure 84 was followed for the remaining 14 days

of the experiment.

On days which required a media change, the culture media was discarded and replaced with

50 mL of media supplemented with P/S. Cells in the normoxia arm were visually inspected,

along with one flask from the hypoxia arm. On days which required cell passaging, cells were

harvested according to the method described above. All cell handling for the hypoxia arm of

the experiment occurred inside the hypoxia chamber. Cell counts were recorded and 2.5x106

cells were seeded per flask (three flasks in normoxia, four flasks in hypoxia). On days which

required harvesting, 6.29x106 cells were collected and processed as per Section 6.2.12.

6.2.12 Collection of cells

6.29x106 cells were collected per sample and centrifuged at 275 g for 5 minutes. The

supernatant was discarded and the cells re-suspended in 629 µL of PBS to produce a 1x107

cells/mL solution. The cell solution was then processed using the QIAGEN Blood & Cell Culture

DNA Midi Kit. 629 µL of chilled Buffer C1 and 1887 µL of ice-cold distilled water were added

to the cell solution, mixed by inversion, and incubated on ice for 10 minutes. The solution was

centrifuged at 1300 g for 15 minutes at 4°C. The supernatant was discarded and the pellet re-

suspended in 1 mL chilled Buffer C1 and 3 mL ice-cold distilled water. The solution was again
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centrifuged at 1300 g for 15 minutes at 4°C. The supernatant was removed, and the remaining

nuclear pellet was stored at -80°C until DNA extraction could be completed. Nuclear pellets

were stored instead of cell pellets as this increases the DNA yield according to the QIAGEN

Genomic DNA Handbook [217].

6.2.13 Extraction of DNA

The QIAGEN Blood & Cell Culture DNA Midi Kit was used to extract DNA. Manufacturer’s

instructions were followed. The frozen nuclear pellets from Section 6.2.12 were thawed on ice

then re-suspended in 5 mL of Buffer G2. The nuclear pellets were re-suspended by vortexing

at maximum speed. Samples were vortexed for a minimum of 30 seconds, but vortexing time

was extended as necessary until the pellet was no longer visible to prevent clogging of the

QIAGEN tip. To each 5 mL solution, 95 µL of QIAGEN protease stock solution was added and

incubated at 50°C for 1 hour. Protease was prepared by reconstituting the lyophilised enzyme

in 1.4 mL distilled water. During this time, each QIAGEN genomic tip was loaded with 4 mL

of Buffer QBT which was allowed to run through into a waste container. After the incubation

period, each sample was vortexed for 10 seconds at maximum speed and quickly loaded into

the QIAGEN genomic tip. After the sample had fully entered the column, the QIAGEN genomic

tip was washed twice using 7.5 mL of Buffer QC. Finally, the genomic DNA was eluted from the

column using 5 mL of Buffer QF which was pre-warmed to 50°C. 3.5 mL of room-temperature

isopropanol was added to the eluted DNA and the solution centrifuged at 7000 g for 15 minutes

at 4°C. The supernatant was discarded, and the remaining DNA pellet washed using 2 mL of

chilled 70% ethanol. The sample was vortexed briefly and centrifuged at 7000 g for 10 minutes

at 4°C. The supernatant was removed, and the remaining DNA pellet allowed to air dry for 10

minutes. Finally, the DNA pellet was re-suspended in 300 µL of TE buffer (0.1 mM EDTA ·

Na2, 10 mM Tris, pH 8.0) and incubated at 55°C for 2 hours to dissolve. DNA was quantified

using a NanoDrop Spectrophotometer. 1 µL of TE buffer was used to blank the instrument,

and 1 µL samples of DNA were used for quantification. Two readings were taken per sample

to ensure measurement consistency and the concentration was recorded (ng/µL), along with

the A260/A280 and A260/A230 ratios.

168



6.2.14 Amplification of guide sequences

Guide sequences were amplified from the extracted genomic DNA using a nested PCR

strategy. This was used by Kurata and Lin when developing the pLX-miR library [97] and

was originally adapted from Shalem et al. [218]. The primers (sequences in Table 8) used for

both PCR reactions were reconstituted using an appropriate volume of DEPC treated water to

bring the molar concentration to 20 µM, except for the R1 primer which was diluted to 10 µM.

Table 8: CRISPR primer sequences - pLX-miR

Name Published Name Sequence
F1 lentiC-dseq-2-F1 GCCTATTTCCCATGATTCCTTCA

R1 LX-dseq-R1 AGCGCTAGCTAATGCCAACTT

F2 lentiC-dseq-F2 CTACACGACGCTCTTCCGATCTTCTTGTGGAAAGGACGAAACACCG

R2 pLX-dseq-R2 GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTCACCGACTCGG TGCCACTTTT

For the first PCR step (PCR1), the following reagents were used per reaction:

25 µL NEBNext High-Fidelity 2X PCR Master Mix

1.25 µL Forward F1 primer (20 µM)

2.5 µL Reverse R1 primer (10 µM)

1 µg Genomic DNA

µL DEPC treated water to make the total reaction volume 50 µL

To maintain 750x coverage of the library, genomic DNA from 6.29x106 cells must be

amplified. Assuming 6.6 pg DNA per cell [218] means 41.5 µg of DNA is required to maintain

representation. Therefore, 42 reactions, each containing 1 µg of DNA, were carried out per

sample. PCR1 was run on a Bio-Rad C1000 Touch Thermal Cycler using the following settings:

Table 9: PCR1 settings - pLX-miR

Step Temperature Time

Initial denaturing 98°C 30 seconds

Denaturation* 98°C 10 seconds

Annealing* 60°C 30 seconds

Extension* 72°C 20 seconds

Final extension 72°C 2 minutes

Hold 4°C Infinite

*30 cycles
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10 µL was taken from each reaction and pooled to form one 420 µL solution. This was used as

the DNA template for the second round of PCR (PCR2). 10 µL of this pooled solution was run

on an agarose gel to confirm presence of a DNA product of the correct size (Section 6.2.15).

A negative control containing DNA from un-transduced MDA-MB-231 cells, and a negative

control containing no DNA at all, were included to confirm that the appearance of a band is

specific to the CRISPR experiment. The following reagent volumes were then used for each

PCR2 reaction:

25 µL NEBNext High-Fidelity 2X PCR Master Mix

1.25 µL Forward F2 primer (20 µM)

1.25 µL Reverse R2 primer (20 µM)

2 µL Pooled product from PCR1

µL DEPC treated water to make the total reaction volume 50 µL

Five reactions were carried out per sample. The annealing temperature of these primers is

high (>72°C), so the following 2-step protocol was used:

Table 10: PCR2 settings - pLX-miR

Step Temperature Time

Initial denaturing 98°C 30 seconds

Denaturation* 98°C 10 seconds

Annealing and extension* 72°C 20 seconds

Final extension 72°C 2 minutes

Hold 4°C Infinite

*22 cycles

The products of the five reactions were pooled to form a final 250 µL solution. Again, a

10 µL sample of this was taken to run on an agarose gel to confirm presence of the DNA

product at the correct size (Section 6.2.15). A negative control containing DNA from PCR1 of

un-transduced MDA-MB-231 cells, and a negative control containing no DNA, were included

to confirm that the appearance of a band is specific to the CRISPR experiment. 80 µL of

PCR product was purified using a QIAquick PCR Purification Kit according to manufacturer’s

instructions. This removed free nucleotides and primers from the PCR products. The DNA

was eluted in Buffer EB (10 mM Tris-Cl, pH 8.5) from the QIAquick PCR Purification Kit.
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The final product was quantified using a Qubit 4 Fluorometer using the Qubit dsDNA High

Sensitivity Assay Kit according to the manufacturer’s instructions. The fluorescence reading

is temperature sensitive, so all samples were incubated at room temperature for at least 5

minutes to ensure temperature equilibration before reading. 1 µL of sample was added to

199 µL of working reagent. For the standards, 10 µL was added to 190 µL of working reagent.

A260/A280 and A260/A230 ratios were quantified using a NanoDrop Spectrophotometer. 1 µL

of each sample was measured, with 1 µL of Buffer EB used to blank the instrument.

6.2.15 Agarose gel

PCR products were visualised using agarose gels both in the process of PCR optimisation, and

to confirm the presence of bands of the correct size after PCR amplification during the CRISPR

screen. 3% agarose gels were prepared using TAE buffer (40 mM Tris, 20 mM acetate, 1 mM

EDTA) with 1:10000 SYBR Safe DNA Gel Stain. The expected products of PCR1 and PCR2

are 391 bp and 175 bp respectively. These are both small products so a higher than usual

percentage of agarose was used to maximise their separation when running through the gel.

2 µL of DNA Gel Loading Dye (6X) was added to either 10 µL of sample or 10 µL of the Quick-

Load Purple 100 bp DNA Ladder. Samples were loaded into the gel and the casing filled with

TAE buffer. The gel was run at 80 V for 10 minutes, followed by 1 hour at 120 V. The gel

was imaged using either a BioRad GelDoc, or an Invitrogen iBright 1500 to visualise the DNA

bands. Exposure time was determined automatically by the instrument.

6.2.16 Amplicon sequencing

The purified products of PCR2 were loaded into a full skirted 96 well PCR plate. Indexing

and sequencing were carried out by the Oxford Genomics Centre, Oxford. Material was

quantified using Qubit and the size profile analysed on the TapeStation using the dsDNA

High Sensitivity Assay. Material was normalised to 2.5 ng. Amplicon libraries were prepared

without fragmentation or size selection. Libraries were prepared using an Apollo next-

generation sequencing library preparation system using PrepX reagents and standard Illumina

multiplexing adapters. Dual index amplification (18 cycles) was completed using the NEBNext

High-Fidelity 2X PCR Master Mix and in-house unique dual indexing primers (based on Lamble

et al. [115]). Individual libraries were normalised using Qubit and the size profile analysed on

the TapeStation. Individual libraries were normalised and pooled together accordingly. The
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pooled library was diluted to approximately 10 nM for storage. The 10 nM library was denatured

and further diluted prior to loading on the sequencer along with 20% PhiX complexity spike.

Paired-end sequencing was performed using the NextSeq500 platform (v2.5 kits, 150 cycles).

6.2.17 Processing of reads

FASTQ files were downloaded by file transfer protocol and md5sums were checked to

ensure files were not corrupted. Technical replicates from sequencing were merged

at this stage. FastQC (version 0.11.9) was used to assess the quality of the

reads. At this stage, read 2 was shown to have high sequence duplication (85%)

so was removed from the analysis. Cutadapt (version 2.10) was used to trim the

adapter sequences and remove reads that were not 16-21 nucleotides long after

trimming. The options used for cutadapt were: --discard-untrimmed -q 20 -m 16 -M 21

-g TCTTGNGGAAAGGACGAAACACC...GTTTTAGAGCTAGAAATAGCAAGTTAAAATAA. The pLX-miR library

contains some guides which target multiple miRNAs. For instances where a guide simply

targeted different copies of the same miRNA (e.g. hsa-mir-181b-1 and hsa-mir-181b-2, which

produce the same mature miRNA but are found at different genomic loci) the suffix was trimmed

and the resulting duplicated rows removed using a custom Python script (Section 9.5). This

resolved 238 of the 427 non-uniquely targeting guides. The remaining non-uniquely targeting

guides were renamed with a numerical suffix but maintained in the library file. Numerical

suffixes were manually converted to alphabetical. Duplicate guide sequences are not tolerated

by the MAGeCK alignment program, a published program designed specifically for CRISPR

analysis [219], so instead Bowtie (version 1.2.3) was used to align the reads. A FASTA file

was generated from the modified pLX-miR library file using a custom R script (Section 9.5).

This was used to generate a Bowtie index. Reads were aligned against the index using Bowtie

with the following options: -a -v 0 -m 3. These options allow a read to map against three

guide sequences before it is removed. This value was chosen because it is the maximum

number of times a non-uniquely targeting guide appears in the library. No mismatches were

allowed during alignment so mapping is highly stringent. The alignment files were converted

to binary, sorted, and indexed using SAMtools (version 1.8). The reads mapping to each guide

were quantified using the idxstats function, also from the SAMtools package. To ensure this

alignment and quantification method performed well, it was checked against results produced

by MAGeCK (version 0.5.9.2). All non-uniquely targeting guides were removed from the
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library file and sequences were aligned using MAGeCK using the --trim-5 0,1 option. After

removal of non-uniquely targeting guides from the Bowtie output, the mean Pearson correlation

coefficient of counts produced by the two methods was 0.996 (Figure S13), indicating no issues

with using duplicate tolerant Bowtie for mapping.

6.2.18 Analysis

Differential analysis was conducted using MAGeCK [219] using the output of the Bowtie

alignment. The MAGeCK RRA (robust ranking algorithm) normalises the raw read counts

to account for the effect of library size then fits a negative binomial model to test whether the

counts vary between control and treated conditions [219]. The guides are ranked according

to their significance and the RRA assesses whether the distribution of the ranking deviates

from the null. Although there are non-targeting negative control guides in this library, which

under the MAGeCK algorithm can be used to generate a null distribution, their distribution was

positively skewed making them an unsuitable control. This positive skewing has been noted

by other researchers [177, 220]. The ranking of the guides acts to combine the significance

of all guides targeting a particular gene to output a single significance value for each gene.

Significance values are adjusted for multiple testing using the Benjamini-Hochberg method

[219, 221]. According to a recent review article [222], the MAGeCK RRA method is the most

robust when gene effects are small and when guide efficiencies are low. The practicalities of

targeting miRNAs using CRISPR mean these limitations are relevant to this study, justifying

the use of this method.

6.2.19 miRNA target prediction

The targets of miRNAs were predicted using a modified version of the getPredictedTargets

function in miRNAtap (version 1.32.0) [223]. miRNAtap searches five databases for the

predicted targets of a given miRNA and integrates the results to produce a final aggregate

score for each predicted target using the geometric mean. The five databases searched

are: DIANA [224], miRanda [225], PicTar [226], TargetScan [227], and miRDB [228]. Full

code for the modified function is found in Section 9.5. Firstly, the function was modified so

miRNA names longer than traditional miRNAs were not incorrectly trimmed. Secondly, multiple

changes were made to allow the minimum required sources of a miRNA target to be strictly

enforced. Thirdly, edits were made so results from all sources would be output as default.
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Lists of predicted targets were filtered so that only genes expressed in MDA-MB-231 cells

were retained. Any gene with a mean average <1 count per sample in the RNA-seq data

(Section 4) was removed from the predicted target list.
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6.3 Results

6.3.1 Sensitivity to polybrene

The first step of preparing for the CRISPR screen was to ensure that MDA-MB-231 cells are

not sensitive to polybrene. Polybrene is used to increase the efficacy of lentivirus infection

but is toxic to some cell types. Cells were exposed to various concentrations of polybrene for

24 hours and the cell number monitored using the CCK-8 assay for the following 72 hours.

The results showed that MDA-MB-231 cells were not sensitive to polybrene (Figure 85), so the

widely recommended concentration of 8 µg/mL was used in all transductions going forward.

Figure 85: Polybrene sensitivity. MDA-MB-231 cells were exposed to concentrations of polybrene

ranging from 1-16 µg/mL and the absorbance, which is representative of cell number, compared to that

of an untreated control. Points show the mean and error bars show standard deviation (n = 3).

6.3.2 Kill curves of G418 and blasticidin

The next step was to evaluate the sensitivity of MDA-MB-231 cells to the antibiotics to be

used for selection. To generate Cas9 expressing cells, cells must be infected with Cas9 Lenti

Particles. The selection marker for this vector is G418 resistance, therefore the concentration

of G418 required to kill 100% of MDA-MB-231 cells was determined. This ensured a pure

population of Cas9 expressing cells could be obtained (i.e. any cells that were not successfully

transduced were killed by the G418 in the media). 1 mg/mL was identified as the optimum

G418 concentration (Figure 86A).
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The pLX-miR lentiviruses contain the guide sequence, along with a gene conferring resistance

to blasticidin. The same experiment was conducted to determine the optimum concentration

of blasticidin required to select the infected cells. Initially, 15 µg/mL was identified as the

optimum blasticidin concentration (Figure 86B), and this concentration was used for the library

titrations. However, this was found to be insufficient in a pilot study of the screen and the

concentration was increased to 40 µg/mL. This demonstrates the importance of testing the

required parameters in the exact setting to be used for the experiment.

Figure 86: G418 and blasticidin kill curves. (A) MDA-MB-231 cells were exposed to concentrations

of G418 ranging from 200-1500 µg/mL and the absorbance in the CCK-8 assay, which is representative

of cell number, compared to that of an untreated control. There is a reduction in cell number even at the

lowest concentration tested. The drop in cell number plateaus around 1000 µg/mL (0-1000 µg/mL: n = 3.

1100-1500 µg/mL: n = 2). Points show the mean and error bars show standard deviation. (B) MDA-MB-

231 cells were exposed to concentrations of blasticidin ranging from 2-25 µg/mL and the absorbance in

the CCK-8 assay, which is representative of cell number, compared to that of an untreated control. The

reduction in cell number plateaus around 15 µg/mL (0-10 µg/mL: n = 3. 12-25 µg/mL: n = 2). Points

show the mean and error bars show standard deviation.

6.3.3 Library titration of Cas9 Lenti Particles

Next, the viral titre of the Cas9 Lenti Particles was determined (Figure 87).
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Figure 87: Cas9 Lenti Particle titration. MDA-MB-231 cells were infected with varying volumes of

Cas9 Lenti Particles. Infected cells were selected using 1 mg/mL of G418 and the absorbance in the

CCK-8 assay, which is representative of cell number, was calculated as a percentage of untreated

controls. Simple linear regression was used to calculate the TU/mL of the lentiviral stock. Points shown

are the mean of two biological replicates.

The functional titre of the virus was estimated to be 714,456 TU/mL using the results of linear

regression:

y = 5.972x− 0.07744

x =
y + 0.07744

5.972

An MOI of 0.3 results in 25% of cells being infected (i.e. 25% of cells remain alive in this assay).

If y = 25:

x =
25 + 0.07744

5.972

x = 4.199 (µL of virus used)

TU/mL = number of cells at transduction× MOI

mL of lentivirus used

TU/mL = 10000× 0.3

0.004199

TU/mL = 714456
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6.3.4 Library titration of pLX-miR lentivirus

Similarly, the viral titre of the pLX-miR lentivirus was determined through titrations. The initial

results of this are shown in Figure 88A.

Figure 88: pLX-miR lentivirus titration. (A) MDA-MB-231 cells were infected with varying volumes

of pLX-miR lentiviral stock solution in a 24 well plate. Infected cells were selected using 15 µg/mL

of blasticidin and the absorbance in the CCK-8 assay, which is representative of cell number, was

calculated as a percentage of untreated controls. Points shown are the mean of three biological

replicates. (B) MDA-MB-231 cells were infected with varying volumes of pLX-miR lentiviral stock solution

in a T175 flask. Infected cells were selected using 40 µg/mL of blasticidin and the cell number calculated

as a percentage of the control flask (n = 1).

The viral titre was estimated to be 8,515,820 TU/mL. The accuracy of this was then assessed

in a T175 flask system to more be more representative of the final experimental setup.

The estimated viral titre increased significantly in this experiment to 32,168,295 TU/mL

(Figure 88B).

6.3.5 Generation of Cas9+ cells

Cas9 expressing MDA-MB-231 cells were generated by transducing the cells using Cas9

Lenti Particles. The viral genome integrates into the host DNA and therefore produces stable

expression of the gene of interest. Cells were infected with the Lenti Particles and selected for

one week using G418. Samples of cells were taken to confirm Cas9 expression (Figure 89).
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Figure 89: Cas9 expression. Western blot showing expression of Cas9 in transduced cells (n = 2).

6.3.6 Growth of Cas9+ cells

High expression of the Cas9 enzyme can slow cell growth [216]. To ensure a substantial

reduction in growth was not seen in my cells, growth curve experiments were conducted on

Cas9+ MDA-MB-231 cells (Figure 90). Although there is a slight trend towards reduced growth

in the Cas9+ cells, the slopes are not significantly different (p = 0.4647). This population of

cells was therefore approved for use in the CRISPR screen.

Figure 90: Cas9 growth curve. Growth curves of control MDA-MB-231 cells and MDA-MB-231 cells

expressing Cas9. Points show the mean average of n = 3 and error bars show standard deviation. The

slopes generated by linear regression are not significantly different (p = 0.4647).
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6.3.7 PCR optimisation

The pLX-miR library uses a nested PCR approach for guide amplification. A nested PCR

strategy increases the specificity and sensitivity of the reaction [229]. The first PCR step

(PCR1) amplifies the integrated guide region from the genomic DNA. The second round of

PCR (PCR2) adds the Illumina adapters to the product of PCR1. Each of these PCR steps

required optimisation. Initially, the optimum temperature for primer annealing was determined

using a temperature gradient. For PCR1, the predicted melting temperature for the primers

was 66°C (New England BioLabs Tm Calculator, version 1.15.0). PCR reactions were run

using annealing temperatures from 60°C to 76°C to encompass this value. The sharpest band

was produced at 60°C (Figure 91A).

Similarly, PCR2 reactions were run using a gradient of annealing temperatures from 60°C

to 76.3°C. The melting temperature of these primers was predicted to be very high, so the

recommended procedure was a 2-step PCR combining the annealing and extension steps,

both at 72°C. Using a temperature of 72°C for PCR2 produced a band and allowed the 2-

step protocol to be used going forward (Figure 91B). The selected temperatures for both

PCR reactions allow amplification of the DNA without causing secondary bands to appear.

Secondary bands would indicate that the annealing temperature was too low and non-specific

primer annealing was occurring.
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Figure 91: Optimisation of PCR annealing temperature. PCR reactions were conducted using a

gradient of annealing temperatures and the resulting PCR products were run on an agarose gel. (A)

The 391 bp PCR1 product is visible when an annealing temperature of 63.7°C or lower is used. (B) The

175 bp product of PCR2 is lightly visible at all temperatures apart from the highest one tested (76.3°C).

181



Next, the appropriate amount of DNA to add to the PCR1 reaction was determined. The

addition of too much DNA can inhibit the PCR reaction. However, the need to amplify DNA

from enough cells to maintain representation means a lot of DNA must be amplified (i.e. the

6.29x106 cells required for representation is equivalent to 41.5 µg of genomic DNA). This

means that optimally each reaction should have the most DNA possible without inhibiting the

reaction. Figure 92 shows that 1 µg of DNA could be loaded per PCR tube while still producing

a strong band, whereas 2 µg of DNA produced a fainter band indicating that the PCR reaction

was being inhibited.

Figure 92: Optimisation of DNA loading in PCR1. PCR1 reactions were conducted using a different

amount of genomic DNA as input and the resulting PCR products were run on an agarose gel. The

bands are clearly visible using any amount of DNA as input, but the band at 2 µg is less intense than

that at 1 µg.
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Finally, an appropriate number of PCR cycles for each step was determined. PCR1 failed to

produce a visible band when 25 cycles were used. Increasing this to 30 produced a clear band

(data not shown). For PCR2, the number of cycles required to produce a visible band was

higher than that suggested by Kurata and Lin [97], with even 15 cycles producing only a faint

band (Figure 93).

Initially, a 20 cycle PCR was selected as this produced a clear band on the agarose gel.

However, the final concentration of the PCR2 product only just met the minimum concentration

required for sequencing by the Oxford Genomics Centre, so the number of cycles was

increased to 22 to ensure enough product was available. Increasing the amount of PCR1

product added to PCR2 from 1 µL to 2 µL was also tested, but this was found to have little

effect (Figure 93). 2 µL was used going forward since this did not affect the reaction but

allowed for better maintenance of representation.

Figure 93: Optimisation of PCR cycles. PCR2 reactions were conducted using different volumes of

PCR1 product and a different number of PCR cycles. The products were run on an agarose gel. The

volume of PCR1 product has little effect on band intensity. 20 cycles produced the clearest band.
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Figure 94 shows the final results of the PCR optimisation. DNA from transduced cells produced

clear bands at the correct size for both PCR1 and PCR2 reactions. The negative controls

(reactions without DNA and reactions using the DNA of un-transduced MDA-MB-231 cells) did

not produce bands after either the PCR1 or the PCR2 reaction. This proved that the bands

seen were specific to cells infected with the pLX-miR library, rather than off-target amplification

from another part of the genome.

Figure 94: Optimised PCR. PCR reactions were conducted using the optimised conditions and bands

were observed at the correct position in the gel for both PCR1 (391 bp product) and PCR2 (175 bp

product). To ensure the bands seen were specific to transduced cells (i.e. cells containing the guide

sequence), negative controls were used. Lanes labelled “null” did not contain any DNA in the PCR

reaction. Genomic DNA from cells transduced with the pLX-miR library was used for the PCR reactions

in the lanes labelled “+”. The lanes labelled “-” contained DNA from un-transduced MDA-MB-231 cells.
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6.3.8 Quality control

Three replicates of the CRISPR screen were carried out. The doubling time was stable across

the three replicates and, as expected, cells cultured under hypoxia had a reduced growth rate

(Figure 95). The minimum number of population doublings that occurred was 7.05 (hypoxia;

replicate 2) and the maximum was 9.52 (normoxia; replicate 3).

Figure 95: Cell growth during the pLX-miR CRISPR screen. Growth metrics of MDA-MB-231 cells

during the CRISPR screen under normoxic and hypoxic conditions (n = 3). Mean and standard deviation

are shown. An unpaired t-test showed that growth was significantly reduced under hypoxia (p = 0.0005).

The concentration and quality of DNA extracted was consistent between samples (Table S5).

Gels produced after the PCR1 and PCR2 reactions showed clear bands at the correct size

for all samples and a lack of bands in the negative control lanes (Figure 96). The products

of PCR2 were cleaned up and quantified. Again, consistent results were produced across

all samples (Table S6). Together, these results indicate that successful DNA extraction and

sgRNA amplification has taken place.
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Figure 96: PCR products from the pLX-miR CRISPR screen. PCR products from the CRISPR

screen on agarose gel. Contents of the lanes are: 1, ladder; 2, T0 Rep1; 3, T7 Normoxia Rep1; 4,

T7 Hypoxia Rep1; 5, T14 Normoxia Rep1; 6, T14 Hypoxia Rep1; 7, T0 Rep2; 8, T7 Normoxia Rep2;

9, T7 Hypoxia Rep2; 10, T14 Normoxia Rep2; 11, T14 Hypoxia Rep2; 12, T0 Rep3; 13, T7 Normoxia

Rep3; 14, T7 Hypoxia Rep3; 15, T14 Normoxia Rep3; 16, T14 Hypoxia Rep3; 17, negative control

(un-transduced cells); 18, no DNA. (A) The products of the PCR1 reaction run for 30 cycles, with an

annealing temperature of 60°C, and 1 µg of DNA per reaction tube. A single, clear band is found in

all samples demonstrating successful PCR reactions. Both negative control lanes are empty. (B) The

products of the PCR2 reaction run for 22 cycles, with an annealing temperature of 72°C, and 2 µL of

PCR1 product per reaction tube. Clear bands are found across all samples demonstrating successful

PCR reactions. A second band can be seen which matches the molecular weight of the PCR1 product.

Both negative control lanes are empty.
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After sequencing, various measures were assessed for quality control. The number of reads

and reads passing filtering was consistent between samples, and all samples had enough

mapped reads to give twice the desired coverage (Figure 97). Only 0.1% bases failed

the quality check in all samples. The mapping rate was also consistent between samples,

averaging 78%.

Figure 97: pLX-miR CRISPR guide mapping results. For each sample, the total number of

sequenced reads, the number of reads passing filter parameters, and the number of reads which could

be mapped to the library annotation file is shown.

The Gini index (reported by MAGeCK) is used to indicate consistency in the read count

distribution. A low Gini index (0.2-0.3) is expected in negative selection screens [176]. The

samples have Gini indices ranging from 0.05 to 0.07, indicating little to no bias in guide

synthesis, viral transduction, or the PCR process [175]. The number of guides with zero

counts (i.e. missing guides) is < 0.25% across all samples, with the maximum number of

missing guides in a sample being 18. This indicates very good representation of the library

across all samples and replicates. Plots of the guide distribution show consistency between

samples and no extreme outliers (Figure 98).
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Figure 98: pLX-miR CRISPR guide distribution. The distribution of guides is consistent between

samples and no guides are over-represented.
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PCA was used to identify sources of variation between the samples (Figure 99). Samples

separated along the first principal component over time. This shows that the profiles of the

samples are changing during the selection process as expected. All three of the T0 samples

cluster closely together, indicating good virus preparation with roughly equal representation

of the guides at the start of each biological replicate. Principal component 2 is driven by the

biological replicate. In particular, replicate 3 shows more variation compared to replicates

1 and 2, which cluster more closely at the bottom of the plot. This shows there is some

batch variation in the data. The normoxia and hypoxia samples cluster very closely together

within each replicate and timepoint pairing. This implies that similar selection processes are

happening despite the difference in oxygen levels.

Figure 99: Principal component analysis of samples from the pLX-miR CRISPR screen. Principal

component analysis of the fifteen CRISPR samples. Samples are colour coded based on their

experimental condition, and the shapes of the symbols represent the replicate number. PC1 = principal

component 1. PC2 = principal component 2.

In this experiment, the non-targeting control guides have a log2 fold change that is positively

skewed over time (Figure S14). Less than 15% of non-targeting guides have a log2 fold

change below zero (Table 11), compared to the expected value of 50%. This phenomenon

has been described by other researchers [177, 220], and is thought to be caused by the lack
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of DNA damage occurring in cells which receive non-targeting guides. The Cas9 enzyme does

not initiate double strand breaks in cells expressing non-targeting sgRNAs, which provides a

survival advantage in a population where double strand breaks are the norm. The positive skew

meant that the non-targeting guides were unsuitable for use in generating a null distribution.

Table 11: Log2 fold change of non-targeting control guides

Comparison
Non-targeting guides with a log2 fold change

Less than 0 Greater than 0

T0 vs T7 Normoxia 13.1% 86.9%

T0 vs T7 Hypoxia 12.3% 87.7%

T0 vs T14 Normoxia 8.9% 91.1%

T0 vs T14 Hypoxia 11.2% 88.8%

No positive control guides (i.e. guides targeting known essential genes) are included in the

pLX-miR library. There are miRNAs which are known to be essential in biological processes

(e.g. embryonic development [193]), but there are no confirmed “essential” miRNAs which are

relevant for survival or proliferation in a cell line context. In the absence of these preferred

positive controls, the screen’s efficacy can be assessed by observing whether selection occurs

over time. In general, miRNAs that are called as significant hits after 7 days of selection (T7)

remain as significant hits after 14 days (T14), and there are more unique hits at T14 than at T7

(Figure 100). Of the hits that are in common to T7 and T14, 11/12 in normoxia and 15/17 in

hypoxia have greater log2 fold changes at T14, indicating greater selection over time.
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Figure 100: Overlap of miRNA hits found after 7 and 14 days of selection. Euler plots showing the

overlap of miRNAs which were significant hits after 7 days (T7) and 14 days (T14) of selection. Under

both normoxic and hypoxic conditions, there are more hits identified at T14. The majority of hits which

are detected at T7 are also found at T14.
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6.3.9 Essential miRNAs in MDA-MB-231 cells

Comparing the abundance of guides between T0 and T7/T14 can be used to identify miRNAs

that are essential for growth or survival in this cell line. Figure 101 and Table 12 show miRNAs

which are significant hits in each condition. miRNAs which are hits in both the normoxia and

hypoxia arms of the experiment are more likely to be true hits and are more likely to be relevant

across different environmental conditions. Those which are significant at T7 as well as T14

have greater potency since the knockout population is depleted within a shorter time frame.

The miRNAs whose guides are significantly depleted and have a log2 fold change ⩽ 1 in all

four conditions are: hsa-mir-6724, hsa-mir-3687, hsa-mir-3648, hsa-mir-663a, and hsa-mir-

483.

Figure 101: Essential miRNAs. Volcano plots for each time comparison showing miRNAs whose

targeting guides were selected against over time.
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Table 12: List of essential miRNAs. miRNAs whose knockout causes a significant (adjusted p value ⩽

0.05) growth/survival disadvantage in any comparison with T0 are displayed. ** means this miRNA was

significantly depleted and had a log2 fold change ⩽ -1. * means this miRNA was significantly depleted

but had a log2 fold change between -1 and 0.

miRNA T0 vs T7

Normoxia

T0 vs T7

Hypoxia

T0 vs T14

Normoxia

T0 vs T14

Hypoxia

hsa-mir-6724 ** ** ** **

hsa-mir-3687 ** ** ** **

hsa-mir-3648 ** ** ** **

hsa-mir-663a ** ** ** **

hsa-mir-3180 * * * *

hsa-mir-483 ** ** ** **

hsa-mir-1226 * * ** **

hsa-mir-6165 * * ** **

hsa-mir-1184 * * * *

hsa-mir-658 * * - *

hsa-mir-7111 * - - -

hsa-mir-3652 * * * *

hsa-mir-769 * * - *

hsa-mir-4315 * * ** *

hsa-mir-4435 * * * **

hsa-mir-1282 - * * *

hsa-mir-449c - * - *

hsa-mir-6760 - * ** *

hsa-mir-6871 - * - -

hsa-mir-3179 - * * -

hsa-mir-6076 - - ** -

hsa-mir-199a - - * -

hsa-mir-4467 - - * *

hsa-mir-4769 - - * -

hsa-mir-3940 - - * -

hsa-mir-6820 - - * -

hsa-mir-320a - - ** **

hsa-mir-1306 - - ** -

hsa-mir-6784 - - ** -

hsa-mir-877 - - ** -

hsa-mir-4477b - - ** **

hsa-mir-4477a - - ** **

hsa-mir-1299 - - ** -

hsa-mir-130b - - * -

hsa-mir-6798 - - * -

hsa-mir-6777 - - - *

hsa-mir-151a - - - **

hsa-mir-4783 - - - **

hsa-mir-937 - - - *
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An important factor when concluding that a miRNA is essential for growth or survival is

establishing that, under normal circumstances, the cell would express that particular miRNA.

This is important since miRNA genes are often contained within other genes, so if a miRNA

is a hit in a CRISPR screen, but is typically not expressed in the cell, it is more likely that the

effect on growth/survival is caused by the guide having an effect on the encompassing gene.

The expression level of the miRNAs listed in Table 12 was assessed using the MDA-MB-231

small RNA sequencing data from Section 4, a published dataset of small RNA sequencing

also on MDA-MB-231 cells [230], and in breast cancer samples found in TCGA. The top five

hits in the screen (hsa-mir-6724, hsa-mir-3687, hsa-mir-3648, hsa-mir-663a, and hsa-mir-483)

were either not expressed, or expressed at very low levels in my MDA-MB-231 small RNA-seq

dataset (Figure 102). The miRNAs were not detected at all in the publicly available dataset

(Figure 103). Of this list, hsa-mir-483 was the only miRNA to be detected in breast cancer

samples of the basal subtype from TCGA (Figure 104).
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Figure 102: Expression of essential miRNAs in my MDA-MB-231 dataset. Expression of the

essential miRNAs in the small RNA-seq dataset from Section 4. miRNAs above the red dashed line

have a median expression level of at least 10 reads per million. Each boxplot displays the median and

the first and third quartiles. The whiskers extend to the highest/lowest point that lies no more than 1.5

times the interquartile range from the first/third quartiles. hsa-mir-6724, hsa-mir-3687, hsa-mir-3648,

hsa-mir-663a, and hsa-mir-483 are expressed at very low levels in this dataset. A split x axis has been

used.
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Figure 103: Expression of essential miRNAs in a published MDA-MB-231 dataset. Expression

of the essential miRNAs in a published dataset of miRNA sequencing on MDA-MB-231 cells. miRNAs

above the red dashed line have at least 10 reads per million. hsa-mir-6724, hsa-mir-3687, hsa-mir-3648,

hsa-mir-663a, and hsa-mir-483 are not expressed in this dataset.
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Figure 104: Expression of essential miRNAs in TCGA. Expression of the essential miRNAs in

breast cancer samples of the basal subtype from TCGA. miRNAs above the red dashed line have

at least 10 reads per million. Each boxplot displays the median and the first and third quartiles. The

whiskers extend to the highest/lowest point that lies no more than 1.5 times the inter-quartile range from

the first/third quartiles. Outlier points are not displayed. hsa-mir-6724, hsa-mir-3687, hsa-mir-3648,

hsa-mir-663a, and hsa-mir-483 are not detected at significant levels in these samples.
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Given that miRNA molecules work in a 1:1 ratio by binding to complementary mRNA

sequences, it is unlikely that these lowly expressed miRNAs are having a significant functional

effect, despite the guides targeting these regions causing a significant growth/survival

disadvantage in the CRISPR screen. Further investigation into the genomic loci of these

miRNAs offers some explanation as to how these guides have such a drastic effect on the

cell. One of the miRNAs, hsa-mir-6724, is found at four different genomic loci, with three of

these in close proximity to ribosomal RNA (rRNA) genes. Since the expression of miR-6724 is

low in MDA-MB-231 cells, it is likely that the negative effects conferred by guides targeting this

miRNA are caused by either the large number of double strand breaks which would occur given

that the guides target all four genomic copies of miR-6724, or by off target effects relating to the

proximal 5.8S rRNA gene. hsa-mir-3687 has been withdrawn from miRbase since the creation

of the pLX-miR library, but its location was annotated to the same genomic region as three of

the four hsa-mir-6724 genomic copies, again placing it in proximity to a 5.8S rRNA gene. hsa-

mir-3648 has two genomic copies, and hsa-mir-3648-1 is contained within this same 5.8S rRNA

gene. The close genomic proximity of these miRNAs indicates that their significance in this

study is caused by off target effects rather than knock out of the miRNAs themselves. The two

remaining miRNAs are both located within other genes which could explain their significance

in the screen. hsa-mir-663a is located within a lncRNA (MIR663AHG) which does not have a

known function. hsa-mir-483 is located within IGF2, meaning this protein could be affected by

the sgRNAs. However, knockout of insulin-like growth factor 2 (IGF2) did not affect MDA-MB-

231 cell growth in the genome-wide CRISPR screen (T0 vs T14 normoxia: log2 fold change

0.05, adjusted p value 1. T0 vs T14 hypoxia: log2 fold change = 0.07, adjusted p value = 1).

Given that these miRNAs are not expressed in the relevant samples, and most have plausible

alternative explanations for why the sgRNAs may have had an effect, it is very likely that these

hits are false positives.

Most of the miRNAs in Table 12 are expressed at low levels. However, a few of the miRNAs are

highly expressed in both MDA-MB-231 cells and breast tumour samples. These miRNAs are

hsa-mir-151a, hsa-mir-320a, hsa-mir-130b, hsa-mir-769, and hsa-mir-1306. As these miRNAs

are well expressed in the relevant samples, these are more likely to be true positive hits.

However, upon investigation, many of these miRNAs again lie in close proximity to known

essential genes. hsa-mir-151a is located in an intron of PTK2. This gene is a hit in the genome-
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wide CRISPR screen from Section 4 (T0 vs T14 normoxia: log2 fold change = -1.54, adjusted

p value = 0.039. T0 vs T14 hypoxia: log2 fold change = -2.21, adjusted p value = 0.056)

and is reported as “strongly selective” in DepMap [231]. hsa-mir-320a lies slightly upstream of

the POLR3D gene, which is reported as “common essential” by DepMap and trends towards

significance in my genome-wide CRISPR screen (T0 vs T14 normoxia: log2 fold change = -

1.55, adjusted p value = 0.113. T0 vs T14 hypoxia: log2 fold change = -1.31, adjusted p value =

0.155). hsa-mir-130b does not lie in close proximity to any protein-coding genes so is less likely

to have secondary effects via sgRNAs affecting protein expression. hsa-mir-769 is located

downstream of CCDC61. This gene is not reported as essential in DepMap, nor was it a hit in

my genome-wide CRISPR screen (T0 vs T14 normoxia: log2 fold change = -0.27, adjusted p

value = 1. T0 vs T14 hypoxia: log2 fold change = 0.01, adjusted p value = 1). Finally, hsa-mir-

1306 lies within an exon of DGCR8, a component of the microprocessor complex. DepMap

identifies this gene as “common essential”, and this is supported by my genome-wide CRISPR

screen (T0 vs T14 normoxia: log2 fold change = -1.35, adjusted p value = 0.021. T0 vs T14

hypoxia: log2 fold change = -2.05, adjusted p value = 0.013). In the absence of laboratory

validation, the most likely true positive hits from this screen are hsa-mir-130b and hsa-mir-769.

They are both expressed in relevant samples both in vitro and in vivo, and there are no obvious

secondary effects which could explain the reduction in growth/survival caused by the sgRNAs.

Their guide profiles over time are shown in Figure 105.
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Figure 105: miR-130b and miR-769. The abundance of each miRNA targeting guide relative to the

T0 condition. The shapes of the symbols represent each unique guide. This allows guides which have

little effect, and therefore may have low guide efficiency, to be identified. Points are connected from the

mean at each timepoint. (A) Guides targeting hsa-mir-130b show a gradual depletion over time. (B)

Guides targeting hsa-mir-769 are reduced by day 7 but do not appear to show selection following this.

6.3.10 Potential downstream effects of miR-130b knockout

As the most likely true positive hits, the predicted targets of hsa-mir-130b and hsa-mir-769 were

identified in an attempt to explain why these miRNAs could be essential to MDA-MB-231 cells.

Their predicted targets were identified using miRNAtap which combines results of five different

target prediction tools. This is important because miRNAs do not perfectly base-pair with their

mRNA target, meaning it is difficult to accurately predict targets and different algorithms can

lead to very different predictions [232]. The targets were filtered to retain only targets which are

expressed in MDA-MB-231 cells using the RNA-seq results from Section 4. This is because

miRNAs function by binding to mRNA molecules, so they are unable to have a biological effect

on genes which have no mRNA molecules present in the cell of interest. The top 30 predicted

targets of miR-130b after filtering are shown in Table 13.

There are some interesting targets of miR-130b, some of which have converging functions. For

example, two of the top 30 targets are inhibitors of p53 activity. FBXO11 encodes F-box only

protein 11, which neddylates p53, suppressing its activity [233, 234], while UBE2D2 encodes
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Table 13: Predicted targets of miR-130b. The top 30 predicted targets of miR-130b according to

miRNAtap. Genes were predicted as targets by a minimum of three independent programs. Each

program assigns a score to each target and orders these to assign a rank (displayed in the relevant

column). For each target, the geometric mean of its ranking in each program is calculated. The list of

genes is then sorted based on this geometric mean and the “Final Rank” is assigned. Genes which

did not have an average of ⩾ 1 count per sample in the MDA-MB-231 RNA-Seq data were removed,

but the “Final Rank” column was not updated to reflect this, leaving some missing values. For example,

the predicted target with the second highest ranking, UNC5D0, is removed from this table as it is not

expressed in MDA-MB-231 cells.

Gene Ensembl ID Final Rank DIANA miRanda miRDB PicTar TargetScan

PIK3CB ENSG00000051382 1 10 5 9 - -

SAMD4A ENSG00000020577 3 4.5 - 27 7 -

FBXO11 ENSG00000138081 5 28 - 2 34 22

PLXNA4 ENSG00000221866 7 53 - 17 2 -

DIO2 ENSG00000211448 8 13 - 62 3 -

MAP3K13 ENSG00000073803 9.5 103.5 2 - 12 -

SPTY2D1 ENSG00000179119 9.5 3 - 36 23 -

UBE2D2 ENSG00000131508 11 15 - 20 - 9

SMARCA1 ENSG00000102038 13 42 - 24 33 5

POU3F2 ENSG00000184486 14 28 - 16 6 62

TAF4B ENSG00000141384 15 6 8 - - 76

DDX6 ENSG00000110367 17 14 - 73 4 -

HAND1 ENSG00000113196 19 21 - 15 53 15

PHACTR2 ENSG00000112419 21 22 - - 9 27

STIMATE ENSG00000213533 22 62 3 - 29 60

UQCRB ENSG00000156467 23 82 - 70 - 1

TCAF1 ENSG00000198420 25 2 - 43 - 69

IKZF3 ENSG00000161405 26 25 - 37 5 73.5

CHRDL1 ENSG00000101938 27 23 - 13 21 55

LENG8 ENSG00000167615 28 99 6 - 32 19.5

GATA6 ENSG00000141448 31 26 - 5 62 50.5

CNKSR2 ENSG00000149970 33 16 - 31 27 38.5

SH3BGRL2 ENSG00000198478 34 50 - 18 17 44

CPEB4 ENSG00000113742 35 4.5 - 58 39 -

MEF2C ENSG00000081189 36 46.5 - 10 24 -

PDCD6IP ENSG00000170248 37 57.5 - - 16 13

TSPAN2 ENSG00000134198 40 39 - 6 54 -

DIABLO ENSG00000184047 41 - 14 66 - 14

SLC4A11 ENSG00000088836 42 8 - 49 - 33.5

IGFBP2 ENSG00000115457 45 30 - 23 59
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an E2 ligase known to ubiquitinate p53 thus marking it for degradation [235]. If these are true

targets, knockout of miR-130b would increase the levels of these proteins, which would in turn

reduce the amount of p53. Though this seems contradictory to reduced survival, MDA-MB-231

cells have been shown to be dependent on their mutant p53 for survival [236, 237], so this

could explain the decrease in cell growth/survival caused by miR-130b knockout. SH3BGRL2

encodes a known tumour suppressor gene [238, 239], so knockout of miR-130b would increase

its abundance within the cell. DIABLO encodes a pro-apoptotic mitochondrial protein. It binds

to inhibitor of apoptosis proteins (IAPs) which are thought to sequester caspases and inhibit

their activity. When DIABLO binds to the IAPs, caspases are freed and apoptosis can occur

[240]. The knockout of miR-130b could increase the amount of DIABLO present in the cell and

thus trigger apoptosis.

6.3.11 Potential downstream effects of miR-769 knockout

The top 30 predicted targets of miR-769 are shown in Table 14. There are fewer targets of

miR-769 that have converging functions than those of miR-130b. Despite this, there are some

predicted targets which have plausible mechanisms for their increased expression causing

a growth defect in the CRISPR screen. For example, reduced expression of S100 calcium-

binding protein A2 (S100A2) is implicated in many cancer types [241–243], and exogenous

expression of S100A2 caused growth repression in breast cancer cell lines [244]. Knockout

of miR-769 would have the same effect by increasing the amount of S100A2 protein present.

SMAD2 is a mediator of TGF-β signalling and is implicated in cancer. It has been reported

to have tumour suppressive functions [245], though a study in MDA-MB-231 cells found

that although SMAD2 knockdown did create a more aggressive phenotype with increased

metastases, it did not increase cell growth [246]. This type of change would not be detected

in the CRISPR screen. SSNA1 is an interesting predicted target as it encodes a microtubule

stabilising protein and has been compared to taxanes in its activity. Knockout of miR-769 would

cause an increase in SSNA1, stabilising microtubules and preventing mitosis [247].
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Table 14: Predicted targets of miR-769. The top 30 predicted targets of miR-769 according to

miRNAtap. Genes were predicted as targets by a minimum of three independent programs. Each

program assigns a score to each target and orders these to assign a rank (displayed in the relevant

column). For each target, the geometric mean of its ranking in each program is calculated. The list of

genes is then sorted based on this geometric mean and the “Final Rank” is assigned. Genes which

did not have an average of ⩾ 1 count per sample in the MDA-MB-231 RNA-Seq data were removed,

but the “Final Rank” column was not updated to reflect this, leaving some missing values. For example,

the predicted target with the third highest ranking, WFDC11, is removed from this table as it is not

expressed in MDA-MB-231 cells.

Gene Ensembl ID Final Rank DIANA miRanda miRDB PicTar TargetScan

TFAM ENSG00000108064 1 1.5 3 16 - 8.5

TRIM66 ENSG00000166436 2 3 38 - 1 -

TSEN34 ENSG00000170892 4 30 1 - - 5

S100A2 ENSG00000196754 5 4 - 30 - 2

IMPDH1 ENSG00000106348 7 34 31 3 7 14

PRKAA1 ENSG00000132356 9 24.5 - 1 - 38

AKT3 ENSG00000117020 12 10 - 19 5 46

SMAD2 ENSG00000175387 13 49 - 13 3 25

SET ENSG00000119335 14 5 50 4 - 82

STK35 ENSG00000125834 15 42 - 20 2 61.5

ZBTB44 ENSG00000196323 16 50.5 - 5 11 -

CCDC24 ENSG00000159214 17 70 2 - - 20.5

CEP57 ENSG00000166037 18 37 - 10 19 19

ZNF415 ENSG00000170954 21 41 26 17 - 10

FAM117B ENSG00000138439 22 14 - 34 13 35

TRAPPC3 ENSG00000054116 24 59 22 26 21 22

QRSL1 ENSG00000130348 25 9 42 24 - 31.5

FAXDC2 ENSG00000170271 26 11 - 21 - 26

CERCAM ENSG00000167123 29 35 11 - - 18

SSNA1 ENSG00000176101 30 - 16 59 - 8.5

SPAST ENSG00000021574 31 19 - 11 - 41

AGPAT1 ENSG00000204310 32 - 9 18 - 54

WDR37 ENSG00000047056 33 76 34 37 8 67

UPF3B ENSG00000125351 35 7 - 44 - 34

LRP12 ENSG00000147650 36 29 - 7 - 52

SYTL2 ENSG00000137501 38 24.5 - 12 - 40

C1QTNF1 ENSG00000173918 39 20 44 45 - 23.5

TDRD6 ENSG00000180113 40 21 37 40 - 30

GGCT ENSG00000006625 41 69 47 - - 4

MRPS16 ENSG00000182180 42 33 - 27 - 15
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6.3.12 miRNAs with a hypoxia specific effect on growth/survival

Despite there being a known miRNA transcriptional response to hypoxia, no miRNAs were

significant hits when comparing the T14 normoxia and T14 hypoxia conditions. The log2 fold

changes of guides in these comparisons were relatively small, indicating samples in normoxia

and hypoxia are very similar (Figure 106).

Figure 106: Normoxia vs hypoxia samples after 14 days of selection. The log2 fold change of the

guides when comparing T14 normoxia and T14 hypoxia directly. Most log2 fold changes lie between

-0.4 and 0.4, indicating very few differences in selection of guides between the two samples.

This can also be observed in the PCA whereby the normoxia samples are in close proximity

to their hypoxic counterparts (Figure 99). The small changes in guide abundance result in

no significant results after correcting for multiple testing. Relaxing the filtering parameters

(i.e. using the p value instead of the adjusted p value and requiring only a +/-0.3 log2 fold

change) shows the miRNAs which are most likely to have an effect on survival under hypoxia

(Figure 107).
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Figure 107: Hypoxia specific miRNA hits. miRNAs which are identified as hits in the screen when

using a p value ⩽ 0.05 cutoff rather than adjusted p value ⩽ 0.05.

Although the direct comparison between normoxia and hypoxia produced no significant results,

some insight can nonetheless be gained from trends in the results. One example is the

opposing effect of hsa-mir-1299 and hsa-mir-3127 knockout on normoxic and hypoxic cells

(Figure 107). These miRNAs are inhibitors and activators of signal transducer and activator

of transcription 3 (STAT3) signalling respectively. miR-3127 has been shown to indirectly

increase STAT3 phosphorylation and therefore its activity [248]. miR-1299 reduces protein

expression of STAT3 through the canonical miRNA pathway [249]. Given that STAT3 is known

to act alongside HIF1 and can induce Twist and Snail expression, there are possible modes of

action for these miRNAs [250, 251]. Additionally, these two miRNAs have been shown to have

opposing effects on autophagy, with miR-3127 being an inhibitor and miR-1299 an activator

[248, 252]. Autophagy is typically increased under hypoxia, so mediation of this process could

also explain the differing selection effects of miR-1299 and miR-3127 knockout.
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miR-210 is known to be strongly upregulated under hypoxia and is prognostic in many studies

[44, 253–255]. However, there was no evidence that cells in either normoxia or hypoxia relied

upon the expression of miR-210 for their survival (Figure 108).

Figure 108: miR-210. The abundance of each guide targeting hsa-mir-210 relative to the T0 condition.

The shapes of the symbols represent each unique guide. Lines are connected at the mean. The guides

targeting hsa-mir-210 do not decrease in abundance over time.
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6.4 Discussion

The miRNA CRISPR screen identified putative essential miRNAs in MDA-MB-231 cells. These

are miR-130b and miR-769. In itself, this is an important finding. Given that the hypoxic cells

have gone through fewer cell doublings (an average of 7.8 vs 9.4), an equal log2 fold change

in normoxia and hypoxia samples might actually indicate increased sensitivity in hypoxic cells.

Since hypoxia often increases treatment resistance [15, 28], finding drug targets that reduce

cancer growth equally in normoxia and hypoxia is key. Additionally, there were trends towards

hypoxia specific results. This may indicate that not enough time passed during the screen to

pick out subtle changes. To identify miRNAs which may affect survival under hypoxia, longer

selection times should be used.

miRNAs which were expected to be identified as hits in this screen based on previous

experiments in breast cancer did not present. For example, miR-23b and miR-27b, which

have been shown to be oncogenic, did not alter cell growth in this screen [200]. miR-21, which

has been shown to be essential in MDA-MB-231 cells, was not a significant hit [201]. However,

it still ranked within the top 100 hits in both the normoxia and hypoxia arms of the experiment.

Kurata and Lin [97] also expected miR-21 to be essential in their screen of HeLa cells using

this library, but it was not identified. This could indicate low guide efficiency of the sgRNAs

targeting miR-21.

Generally, there is a reasonable level of overlap between Kurata and Lin’s [97] results in

HeLa cells and my MDA-MB-231 screen, but none with the NCI-N87 cells they used in their

second screen. Using an adjusted p value cut off of 0.1, the hits from my screen which also

appear in their HeLa cell screen are: hsa-mir-151a (hypoxia only), hsa-mir-320a, hsa-mir-

663a, hsa-mir-1226, hsa-mir-3648 and hsa-mir-3687. Out of these, hsa-mir-3648 and hsa-

mir-3687 could have had the same off target effects in their screen caused by impairment

of the 5.8S rRNA. hsa-mir-663a was dismissed in my screen due to a lack of expression in

MDA-MB-231 cells, but this miRNA was expressed in their HeLa cells and does not overlap

a known essential gene so could be a true hit. Despite being expressed in my MDA-MB-231

dataset, hsa-mir-1226 did not have significant expression in samples from TCGA so was not

investigated further. However, this miRNA is an intron of DHX30, a gene which is not marked

as essential DepMap [231], so again could be a true hit. hsa-mir-151a and hsa-mir-320a lie
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in close proximity to known essential genes, which would cause the same off-target results

in both of our screens. However, Kurata and Lin have since validated miR-151a in their cell

line (bioRxiv preprint [256]). This means that miR-151a could also be relevant in my system,

especially given its high expression levels in both MDA-MB-231 cells and samples from TCGA

(Figures 102 to 104). Kurata and Lin (bioRxiv preprint [256]) found that p53 is a direct target

of miR-151a-3p, while miR-151a-5p was able to reduce p53 levels via an unknown indirect

mechanism. Knockout of hsa-mir-151a increased p53 levels and triggered G1 arrest in HeLa

cells.

miR-130b is known to be upregulated in malignant tissues [257–259]. A validated target of

miR-130b-5p is cyclin-G2, a cell cycle regulator. Low levels of cyclin-G2 have been associated

with poor prognosis in TNBC [260]. This means that when hsa-mir-130b is knocked out in the

CRISPR screen, cyclin-G2 levels rise and initiate cell cycle arrest. This could explain the results

seen in this study. Another target of miR-130b-3p is phosphatase and tensin homolog (PTEN)

[259]. PTEN is an inhibitor of the PI3K/Akt signalling pathway and a known tumour suppressor.

De-repression of PTEN via hsa-mir-130b knockout would decrease PI3K/Akt signalling, thus

decreasing pro-survival/proliferation signalling.

There are conflicting reports in the literature regarding the effect of miR-769 on cancer [261–

264], though I was unable to find studies which used breast cancer as a model. It is possible

that the effect of miR-769 is dependent on the cellular context, so further research is required

to elucidate the role of miR-769 in TNBC.

Due to the pLX-miR library being the only one available, it was selected for use despite some

shortcomings. Firstly, all control sgRNAs are non-targeting. This means they cannot be used

to create a null distribution as the lack of double-strand breaks in these cells gives them a

survival advantage compared to any cell with a targeting guide. This is demonstrated in their

own study, whereby the non-targeting guides display a shift towards a positive log2 fold change

in the polyploid HeLa cells, but not the diploid NCI-N87 cells [97]. To mitigate this, control

guides should be used that are still able to cause double strand breaks, but in a location of

the DNA that does not have a known function. Additionally, since there are no universal, well-

validated essential miRNAs, the lack of positive controls in the library is a limitation. Typically,

in protein-coding CRISPR screens, some sgRNAs will be included that target known essential
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genes to provide confidence that the screen has worked as expected. To enhance this library,

a small selection of sgRNAs should be added that target known essential protein-coding genes

that can act as a positive control.

The nature of targeting non-coding RNAs using CRISPR adds difficulty due to the lack of a

frame shift effect. In protein-coding genes, small 1-2 bp insertion/deletion events can cause

dramatic changes in the final protein because of the frame shift that ensues. When RNA

is the final functional product, frame shift cannot occur. Although research has shown that

small insertion/deletion events can still cause knockout of miRNAs [207], it is still likely that

the general guide efficiency is lower in non-coding CRISPR screens than in their coding

counterparts. To mitigate this issue, I chose to use a high coverage in my screen (750x).

This is above the 200x coverage used by Kurata and Lin, and the commonly recommended

coverage of 500x [97, 213]. The extra power gained from this should help to counter some of

the effects of reduced guide efficiency, and since the library is relatively small, the number of

cells required for coverage was still manageable. I also used the MAGeCK RRA algorithm to

identify CRISPR hits as this was found to function best with low guide efficiencies [222].

Identifying miRNAs of interest using CRISPR screening is also confounded by the existence

of miRNA families. There is redundancy in function within a miRNA family, meaning that if one

family member is knocked out, others may be able to compensate for the lack of function [265].

Another limitation of targeting miRNAs by CRISPR on a large scale is that approximately 76%

of miRNAs lie within other genes or regulatory elements [97]. This means that when the miRNA

gene is mutated, it can also affect the function of the surrounding gene(s). This is unavoidable,

but in small studies which focus on one miRNA, the relevant assays can be conducted to

ensure the surrounding genes are not impacted (e.g. qPCR of the miRNA of interest and the

neighbouring gene to ensure only the miRNA levels are reduced). For large scale screens

where this is not possible, investigation of the relevant genomic loci can indicate the most likely

true/false positives, identifying the most suitable hits for validation.

Future work would involve attempting to validate miR-130b and miR-769 as essential miRNAs

in MDA-MB-231 cells. Creating individual knockouts of these miRNAs using the sgRNAs that

had the greatest effect then measuring the effect on growth would be the simplest validation.

Additionally, to prove that the effects are not caused by secondary effects at the double-strand
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break site, traditional miRNA inhibition methods should be used to complement this. Steric

blocking of miRNAs using anti-miR oligonucleotides or miRNA sponging could be used to

inhibit their function without targeting the genomic DNA [41, 266, 267]. An important point

to note is that that these methods will only target one arm of the miRNA (i.e. either 3p or

5p form). This is in contrast to CRISPR knockout which prevents production of both arms.

Therefore, prior to validation experiments, the arm which is most likely to be the effector in this

context should be identified.

Should the miRNA validate as an essential miRNA, follow up experiments to identify the gene

targets and mechanism of action could ensue. Direct targets may be validated by engineering

the 3’ UTR of the predicted target on to a luciferase reporter. If the gene is a direct target of the

miRNA, inhibition of the miRNA will increase luciferase reporter activity and over-expression of

the miRNA will decrease it.

miRNAs are possible drug targets and are easy to target with a high degree of specificity

using competing oligonucleotides. This also provides a way to increase protein expression,

something which is generally difficult to do therapeutically (i.e. most approved drugs are small

molecules which are predominantly inhibitory). This means we can aim to increase expression

of tumour suppressor genes through targeting miRNAs, rather than being limited to inhibiting

oncogenes. The greatest problem faced in targeting miRNAs therapeutically is delivering

the competing oligonucleotides to the cell in vivo due to the instability of oligonucleotides in

biological fluids. Advances have been made in this area, with chemical modifications such as

locked nucleic acids or molecular scaffolds used to increase stability [150, 209] and attached

aptamers used to improve targeting to cancer cells [209]. Lipid based nanoparticles can

also be used for packaging oligonucleotides which increase their half-life [150, 268]. As

well as oligonucleotides, small molecules have been designed with high specificity towards

oncogenic miRNAs. These can inhibit their processing [269], or target nucleases to trigger

their degradation [270]. Given the new plausibility of targeting miRNAs in cancer therapeutics,

identifying such miRNA targets in relevant disease models is of increasing importance.
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7 Final discussion

The first aim of this project was to characterise the transcriptional response to chronic hypoxia

in TNBC. The classical hypoxia response, which is largely driven by HIF, was initiated by the

24 hour timepoint and remained active over the full 14 day time course. Genes which were

differentially regulated under chronic hypoxia across multiple cell lines were predominantly

involved in adhesion and/or EMT. Validation experiments implied that an atypical form of EMT

was occurring under chronic hypoxia in some TNBC cell lines, which could represent a hybrid

E/M state.

None of the transcriptional responses to acute or chronic hypoxia were found to be essential for

cell survival under hypoxia in this study. In general, there was very little overlap in genes that

were selectively essential under hypoxia between cell lines. Only two genes were identified as

hits (adjusted p value ⩽ 0.05 and log2 fold change ⩽ -1) in both TNBC cell lines: GCN2 and

GPI. GCN2 is an activator of the ISR and is triggered by amino acid starvation [57]. Here, I

showed that GCN2 was activated under chronic hypoxia, though whether this was indirectly

caused by amino acid starvation was not tested. Nutrient deprivation in my model is unlikely

due to the excess of media and frequent media changes employed, but nevertheless, amino

acid depletion cannot be ruled out. Validation experiments showed that chemical inhibition of

GCN2 reduced cell growth, and this appeared to occur to a greater extent in cells under chronic

hypoxia.

Overall, GCN2 constitutes a promising therapeutic target. It is overexpressed in many cancers

[55, 184, 186], and analysis of DepMap data has shown GCN2 dependency in 13% of

cancer cell lines, which is greater than the dependency on any of the other eIF2α kinases

[189]. Inhibition of the ISR downstream of GCN2 has been shown to reduce cancer stem cell

phenotypes and increase sensitivity to paclitaxel in vivo [271]. Crucially, GCN2 knockout mice

are developmentally normal unless fed a diet restricted in amino acids [55, 187]. This means

a GCN2 targeting drug is likely to have a good toxicity profile and therapeutic window. This

is compounded by GCN2 being active only under stress conditions, as this means GCN2

inhibitors would potentially have a greater impact in the tumour microenvironment, where

stressors exist, than in healthy tissue. The implication of this is that GCN2 inhibitors may
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actually function better in vivo than expected, provided they can gain access to the tumour.

This is a known challenge in targeting hypoxic tumours as they, by definition, have poor access

to vasculature and therefore drugs delivered via the bloodstream. The efficacy of targeting

GCN2 in cancer has been shown in mice [272] and a GCN2 inhibitor is currently in phase I

clinical trials for the treatment of advanced solid tumours [273].

No miRNAs were found to be significant for hypoxia specific survival in this study. However,

this could be due to a lack of power in the experiment. The time spent under hypoxia during the

screen may not have been sufficient for essential miRNAs in hypoxia to be identified. Longer

incubation periods would allow any differences to be observed. Some miRNAs which appeared

to be essential in MDA-MB-231 cells under both normoxia and hypoxia were identified, one of

which was also detected by Kurata and Lin [97].

In general, there was little overlap between the cell lines tested in both the hypoxia driven

transcriptional response and gene essentiality. This is in agreement with other researchers

who found great discrepancies between cell lines [112, 178, 192]. This is representative of both

the noise in large scale assays and innate differences between cell lines. This emphasises the

importance of not relying on a single cell line as a model. Multiple cell lines must be tested

and, where possible, data from large repositories (e.g. TCGA) should be utilised.

The three main chapters of this thesis have produced results which do not greatly intersect.

However, one key cellular process that is implicated in both EMT and the ISR is autophagy.

Autophagy, though sometimes playing opposing roles in tumourigenesis [190], is known to be

protective under stress conditions in cancer and can drive the development of cancer stem

cell properties [71, 190, 274]. The activation of autophagy is a key function of the ISR which

enables stress tolerance by the cell. Additionally, autophagy was shown to increase when

EMT was stimulated in MCF7 cells [275], while autophagy was required for maintenance of the

mesenchymal phenotype in MDA-MB-231 cells [276]. This links the upregulation of autophagy

as a possible linking factor between the results of the transcriptomic analysis and the genome-

wide CRISPR screen. Of interest, the tentative hypoxia-specific hits in the miRNA CRISPR

screen (miR-1299 and miR-3127) are also implicated in autophagy [248, 252]. Together, the

data in these chapters suggest that modulation of autophagy through different cell mechanisms

is key in driving adaptation to chronic hypoxia exposure.
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7.1 Limitations

One limitation of this research is that all experiments were conducted using cell lines cultured in

a monolayer. This is far removed from the microenvironment of the tumour, which is comprised

of a multitude of cells and structural/extracellular proteins. There is also a lack of perfusion in

cell culture which means nutrients are depleted over time while waste products accumulate.

Again, this is not representative of the tumour microenvironment. An attempt was made to

mitigate this by using excess media volumes and changing media frequently. However, this also

meant that my cells were unlikely to be in a state of nutrition deprivation as cells in a hypoxic

tumour might be. Although 3D cell culture can allow researchers to mimic the hypoxic core of

a tumour, this approach was not suitable for this project as it would not allow clear separation

between the normoxic and hypoxic conditions. The nature of genome-wide CRISPR screening

requires many cells to be cultured and this largely prohibits the use of complex culture methods

such as these. A panel of cell lines was utilised in this project and results selected which were

common among them. This enables results which more likely to be relevant across systems,

and in vivo, to be identified.

Another limitation of this research is the use of atmospheric oxygen levels as a control. As

shown in Figure 1, the level of oxygen found in tissues in the body (< 10% O2) is not the same

as that found in the atmosphere (21% O2). This means that the controls used across these

experiments were hyperoxic compared to even well vascularised, healthy breast tissue. This

has the potential to skew experimental results, but is unfortunately a widespread issue across

hypoxia research. For this study, the use of physiological oxygen concentrations for control

samples was prohibited by the availability of hypoxia chambers.

7.2 Future work

Future work should focus on elucidating the mechanism by which GCN2 is activated under

hypoxia and how it confers its protective activity. To identify if amino acid depletion was

in fact causing GCN2 activation in my model, spent culture media could be collected and

the amino acid levels determined by mass spectrometry. Alternatively, supplementing extra

amino acids to see whether this rescues the growth perturbation could indirectly shed light

upon the activation mechanism of GCN2. RNA-seq experiments on GCN2 knockout cells

213



could identify pathways that are activated by GCN2 specifically under hypoxia to elucidate the

downstream players in GCN2 mediated selection. The importance of GCN2 in vivo should also

be investigated. This could involve monitoring p-GCN2 levels in xenografts alongside markers

of tumour hypoxia to show whether GCN2 is active in tumours.

Finally, a greater body of research on the chronic hypoxia response is needed. This should

ideally encompass many cell types and models so that any common adaptive mechanisms can

be identified.
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9 Appendix

9.1 Appendix: Methods
Table S1: Consumables

Product name Supplier Catalogue no.

Agarose Sigma A7431

Amersham ECL Prime Western Blotting Detection Reagent Cytivia RPN2236

β-mercaptoethanol Enzo 28625

Blasticidin S hydrochloride Cambridge BioScience 14499

Bovine Serum Albumin (BSA) Fisher Bioreagents BP9704-100

Cas9 Lenti Particles Merck LVCAS9NEO-1EA

Cell Counting Kit-8 Stratech B34304-SEL

cOmplete Proteinase Inhibitor Cocktail Roche 11873580001

CyQUANT Cell Proliferation Assay Thermo Fisher Scientific C7026

DC Protein Assay Bio-Rad 5000116

DEPC treated water Invitrogen AM9906

Dimethyl sulfoxide (DMSO) Insight Biotechnology sc-358801

DNA Gel Loading Dye (6X) Thermo Fisher Scientific R0611

Dulbecco’s Modified Eagle Medium (DMEM), low glucose Thermo Fisher Scientific 31885

Ethanol Merck 32221-M

Fetal Bovine Serum (FBS) Sigma F9665

Full skirted 96 well PCR plate Appleton Woods TA841

G418 Sigma G8168

GCN2i (GCN2iB) Selleck Chemicals S8929

Immobilon Blotting Filter Paper Merck Millipore IBFP0813C

Immobilon-P PVDF Membrane Merck Millipore IPVH00010

Incucyte ImageLock 96-well plates Sartorius 4379

Isopropanol WoldoClean -

Laemmli buffer (4X) Bio-Rad 1610747

Methanol Sigma 32213-M

miRNeasy Mini Kit QIAGEN 217004

MISSION lentiviral transduction particles Merck SHCLNV

MycoAlert Mycoplasma Detection Assay Lonza LT07-318

NEBNext High-Fidelity 2X PCR Master Mix New England BioLabs M0541L

NEBNext Small RNA Library kit New England BioLabs E7330L

NEBNext Ultra II Q5 Master Mix New England BioLabs M0544

Nonfat dried milk powder AppliChem A0830

NuPAGE 3 -8% Tris-Acetate Gel Invitrogen EA03752BOX

NuPAGE 4-12% Bis-Tris Gel Invitrogen NP0335

NuPAGE LDS Sample Buffer Invitrogen NP0007

NuPAGE MES SDS Running Buffer Invitrogen NP0002

NuPAGE MOPS SDS Running Buffer Invitrogen NP0001

NuPAGE Sample Reducing Agent Invitrogen NP0004
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Table S1 continued: Consumables

Product name Supplier Catalogue no.

NuPAGE Transfer Buffer Invitrogen NP00061

PEIpro VWR 1010000

Penicillin streptomycin (P/S) Thermo Fisher Scientific 15140122

Phosphate buffered saline (PBS) (pH 7.4) Thermo Fisher Scientific 10010

Pierce BCA Protein Assay Kit Thermo Fisher Scientific 23227

Pierce ECL Plus Western Blotting Substrate Thermo Fisher Scientific 32134

Pierce Phosphatase Inhibitor Mini Tablets Thermo Fisher Scientific A32957

pLX-miR (Lin Human miRNA CRISPR Knockout Library) Addgene 112200

pMD2.G Addgene 12259

Polybrene Insight Biotechnology sc-134220

Precision Plus Protein Dual Color Standards Bio-Rad 1610374

PrepX reagents Takara 64010

psPAX2 Addgene 12260

PureLink RNase A Thermo Fisher Scientific 12091021

QIAGEN Blood & Cell Culture DNA Midi Kit QIAGEN 13343

QIAGEN maxi column QIAGEN 12163

QIAquick Gel Extraction Kit QIAGEN 28704

QIAquick PCR Purification Kit QIAGEN 28104

Quant-it RiboGreen RNA Assay Kit Invitrogen R11490

QuantSeq 3’mRNA-Seq Kit Lexogen 191-195

Qubit dsDNA High Sensitivity Assay Invitrogen Q33231

Qubit RNA Broad Range Assay QIAGEN Q10211

Quick Start Bovine Serum Albumin Standard Set Bio-Rad 5000207

Quick-Load Purple 100 bp DNA Ladder New England BioLabs N0551S

QuickTiter Lentivirus Titer Kit Cell BioLabs VPK-107

Rainbow Molecular Weight Markers (full-range) VWR RPN800E

RIPA buffer Sigma R0278

RNA ScreenTape assay Agilent 5067

Sodium acetete Invitrogen AM9740

SYBR Safe DNA Gel Stain Invitrogen S33102

TKOv3 (Toronto KnockOut CRISPR Library - Version 3) Addgene 90294

Tri Reagent Sigma T9424

Tris buffered saline (TBS) Santa Cruz Biotechnology sc-362186

Tris-acetate-EDTA (TAE) buffer Thermo Fisher Scientific B49

Tris-EDTA (TE) buffer VWR A8569

Trypan blue solution Thermo Fisher Scientific 15250061

Trypsin Lonza BE02-007E

TURBO DNA-free Kit Invitrogen AM1907

Tween 20 National Diagnostics EC-607

Western Blotting Filter Paper Thermo Fisher Scientific 84783

Wizard Genomic DNA Purification Kit Promega A1620
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Table S2: Antibodies

Target Antibody Supplier Catalogue no.

β-actin Mouse monoclonal antibody Abcam ab8226

β-actin Mouse monoclonal antibody HRP Sigma A3854

Cas9 Mouse monoclonal antibody Cell Signalling Technology 14697

E-cadherin Rabbit monoclonal antibody Cell Signalling Technology 3195

GCN2 Rabbit polyclonal antibody Cell Signalling Technology 3302S

p-GCN2 Rabbit monoclonal recombinant antibody Abcam ab75836

HIF-1α Mouse monoclonal antibody BD Biosciences 610959

HIF-2α Rabbit polyclonal antibody Novus Bio NB100-122

Vimentin Rabbit monoclonal antibody Cell Signalling Technology 5741

Secondary antibodies

Anti-mouse Goat anti-mouse IgG HRP Dako P0447

Anti-rabbit Goat anti-rabbit IgG HRP Invitrogen 65-6120
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Table S3: Machines

Machine Supplier

Apollo next-generation sequencing library preparation system WaferGen

Bio-Rad C1000 Touch Thermal Cycler Bio-Rad

BluePippin SageScience

FLUOstar OPTIMA microplate reader BMG Labtech

ImageQuant LAS 4000 Mini GE Healthcare

Incucyte S3 Sartorius

Incucyte Zoom Sartorius

Invitrogen iBright 1500 Invitrogen

Invitrogen XCell SureLock Protein Gel Electrophoresis tank Invitrogen

Invivo2 500 workstation Baker Ruskinn

LUNA II automated cell counter Labtech International

Mini Trans-Blot Cell Bio-Rad

NanoDrop One Spectrophotometer Thermo Fisher Scientific

NextSeq 500 Illumina

NovaSeq 6000 Illumina

Novex Semi-Dry Blotter Invitrogen

POLARstar OMEGA microplate reader BMG Labtech

Qubit 4 Fluorometer Invitrogen

TapeStation Agilent

Tetrad PCR Thermal Cycler Bio-Rad

Trans-Blot Turbo Transfer System Bio-Rad
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Table S4: Programs and databases

Program Citation

AnnotationDbi Pagès et al. [277]

Bowtie Langmead et al. [278]

Bowtie2 Langmead and Salzberg [279]

clusterProfiler Wu et al. [280]

ComplexHeatmap Gu et al. [281]

Cutadapt Martin [282]

decoupleR Badia-i-Mompel et al. [283]

DESeq2 Love et al. [284]

EnhancedVolcano Blighe et al. [285]

FastQC Andrews [286]

ggplot2 Wickham [287]

Hsa.GRCh38 Cunningham et al. [288]

MAGeCK Li et al. [219]

Manatee Handzlik et al. [105]

miRBase Kozomara et al. [289]

miRNAtap Pajak and Simpson [223]

org.Hs.eg.db Carlson [290]

SAMtools Danecek et al. [291]

SigQC Dhawan et al. [117]

STAR Dobin and Gingeras [292]

Subread Liao et al. [293]

TCGAbiolinks Colaprico et al. [294]
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9.2 Appendix: Optimisation of a bioinformatics pipeline to quantify micro-

RNAs in small RNA sequencing data

The custom python script used to add multi-mapping statistics to the Bowtie output.

import os

cwd = os.getcwd()

with open (cwd+"/samplelist.txt", "rt") as samplelist: # open the list of samples

for line in samplelist:

filepath = str(cwd+"/"+str(line)) # extract the sample name from the list of

samples and add the current working directory to create the filepath

filepath = str(filepath).rstrip("\n")

sample = str(line).rstrip("\n") # create a new variable containing the sample

name

with open(filepath, "rt") as sam, open(cwd+"/"+sample+"_NH.sam", "wt",

encoding=’utf-8’) as output: # open the SAM file, and create a new file

for the output to be stored in

header = [] # create empty list

reads = [] # create empty list

for ln in sam:

if ln.startswith("@"):

header.append(ln[0:]) # append the line to the header list

else: # if the line doesn’t begin with an @ (i.e. the rest of the SAM

file)

a = ln.split("\t")[-1] # split the line by tabs and take the last

value (e.g. XM:i:2)

ab = int(a.split(":")[-1]) -1 # split this by colons, and take the

last value (e.g. 2). The is the number of times the read has

aligned plus 1. Convert this to an integer and minus 1 from it,

giving the number of times the read mapped

abc = "NH:i:"+str(ab) # add the value generated above to the string

NH:i: to create the NH tag relevant for this line

reads.append(ln.rstrip("\n") +"\t"+abc+"\n") # to the empty "reads"

list, add the full text line with the NH tag appended

output.write(’’.join(header)) # add the header to the output file

output.write(’’.join(reads)) # add the lines containing the reads with

their new NH tag to the output file
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9.3 Appendix: Transcriptional adaptation to chronic hypoxia

9.3.1 Optimisation of 3’ mRNA-seq alignment

Passing 3’ QuantSeq data through the traditional RNA alignment pipeline used by the Buffa

lab achieved low mapping efficiency (Figure S1). The original pipeline had been designed and

optimised for use on polyA selected RNA-seq data. However, many of the parameters chosen

were not suitable for 3’ QuantSeq data as demonstrated by the low percentage of uniquely

mapped reads. A mapping rate as low as 47% indicates a problem with library preparation

or processing [292]. The first step of optimisation involved modifying the pipeline to treat the

dataset as single-ended (i.e. read 2 was excluded from the analysis). This is because, during

the sequencing step, read 2 is primed before the polyA tail and the low complexity results

in poor sequencing quality (Figure S2). The second step of optimisation included adapter

and polyA trimming, achieving a final mapping rate of 85% (Figure S1). This was considered

sufficient to continue with downstream analysis [292].

Figure S1: Optimisation of 3’ mRNA-seq alignment. Reads were processed using one of three

pipelines and the number of uniquely mapped reads was calculated. The original pipeline (designed for

processing a polyA selected RNA-seq library) mapped 47% of the total reads. The mapping rate was

improved by inputting only read 1 into the pipeline (single-end) and by adding steps to trim adapters

and polyA sequences (optimised).
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Figure S2: 3’ mRNA-seq library preparation outline. During sequencing, read 2 is primed before the

polyA tail, resulting in poor overall quality. Figure from [295].
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Figure S3: Expression of chronic hypoxia specific genes in breast cancer samples from TCGA.
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Figure S3: Expression of chronic hypoxia specific genes in breast cancer samples from TCGA.
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Figure S3: Expression of chronic hypoxia specific genes in breast cancer samples from TCGA.
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Figure S3: Expression of chronic hypoxia specific genes in breast cancer samples from TCGA.

Expression of chronic hypoxia specific genes in breast cancer samples from TCGA. Only basal tumours

(i.e. typically triple-negative) were used. Each sample was assigned a hypoxia score according to

expression of genes in the Buffa hypoxia signature using sigQC. Samples with a hypoxia score in the

upper tertile were labelled as ”high” and samples with a hypoxia score in the lower tertile labelled as

”low”. Significance was tested using an unpaired two-sample Wilcoxon test. ANKRD37 is found in the

Buffa hypoxia signature.
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Figure S4: Expression of miR-221/222 in MCF7 and MDA-MB-231 cells. miR-221 and miR-222 are

never significantly (adjusted p value ⩽ 0.05) upregulated under chronic hypoxia in MCF7 and MDA-MB-

231 cells. Each shape represents a different biological replicate (* adjusted p value ⩽ 0.05, ** adjusted

p value ⩽ 0.01, *** adjusted p value ⩽ 0.001, **** adjusted p value ⩽ 0.0001).
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Figure S5: Expression of miR-221/222 in HCC1806 and MDA-MB-468 cells. miR-221 and miR-222

are never significantly (adjusted p value ⩽ 0.05) upregulated under chronic hypoxia in HCC1806 and

MDA-MB-468 cells. Each shape represents a different biological replicate (* adjusted p value ⩽ 0.05).
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9.4 Appendix: Gene essentiality under chronic hypoxia

Figure S6: Distribution of guides in the TKOv3 CRISPR screen - MDA-MB-468. The guides

produced from sequencing of the MDA-MB-468 CRISPR samples are roughly equally distributed
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Figure S7: Distribution of guides in the TKOv3 CRISPR screen - MCF7. The guides produced from

sequencing of the MCF7 CRISPR screen samples are roughly equally distributed
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Figure S8: Log2 fold change of non-targeting guides - MDA-MB-231 screen. Guides targeting

EGFP, luciferase, and LacZ (i.e. non-targeting to the human genome) generally have a positive log2 fold

change, showing enrichment over time.
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Figure S9: Log2 fold change of non-targeting guides - MDA-MB-468 screen. Guides targeting

EGFP, luciferase, and LacZ (i.e. non-targeting to the human genome) generally have a positive log2 fold

change, showing enrichment over time.
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Figure S10: Log2 fold change of non-targeting guides - MCF7 screen. Guides targeting EGFP,

luciferase, and LacZ (i.e. non-targeting to the human genome) generally have a positive log2 fold

change, showing enrichment over time.
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Figure S11: Log2 fold change of non-targeting guides in T14 normoxia vs T14 hypoxia

comparisons. Guides targeting EGFP, luciferase, and LacZ (i.e. non-targeting to the human genome)

have a similar log2 fold change distribution across cell lines when T14 normoxia is compared with T14

hypoxia.

269



Figure S12: GCN2 knockdown western blot showing all MOIs tested. Western blots showing GCN2

in control (0) and shRNA knockdown cells at MOIs 0.5-5. sh851 appears better able to knockdown the

protein. Knockdown level does not strongly correlate to MOI.
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9.5 Appendix: A microRNA-ome wide chronic hypoxia CRISPR screen

The custom python script used to remove duplicated guide sequences targeting the same

mature miRNA and label guide sequences which are identical but target different miRNAs.

import pandas as pd

import numpy as np

import string

with open("pLX-miR_guides.csv", "rt") as pLX:

output = pd.DataFrame()

sg = []

seq = []

miRNA = []

for ln in pLX:

a = ln.split(",")[2]

a = a.rstrip("\n")

if a.endswith("-1"):

a = a[:-2]

if a.endswith("-2"):

a = a[:-2]

if a.endswith("-3"):

a = a[:-2]

if a.endswith("-4"):

a = a[:-2]

if a.endswith("-5"):

a = a[:-2]

miRNA.append(a)

b = ln.split(",")[1]

seq.append(b)

c = ln.split(",")[0]

sg.append(c)

mylist = [sg, seq, miRNA]

output = pd.DataFrame(mylist).transpose()

output2 = output.drop_duplicates()

output2.columns = ["sgRNA", "Sequence", "Target"]

output2["sgRNA"] = np.where(output2["sgRNA"].duplicated(keep=False),

output2["sgRNA"] + "." +
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output2.groupby("sgRNA").cumcount().add(1).astype(str), output2["sgRNA"])

output2.to_csv("pLX-miR_guides_new.csv")
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R code used to produce the curated pLX-miR FASTA file.

plx <- read.csv("pLX-miR_guides_curated_fa.csv")

fasta <- plx$Sequence

fasta <- as.data.frame(rep(fasta, each = 2))

fasta[c(TRUE,FALSE),] <- plx$sgRNA

fasta[c(TRUE,FALSE),] <- paste0(">", fasta[c(TRUE,FALSE),])

write.csv(fasta, "pLX-miR.fa")
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Figure S13: Correlation of MAGeCK and Bowtie mapping. The counts for each guide produced by

MAGeCK and the Bowtie method are strongly correlated. The lowest Pearson correlation coefficient is

0.9951.
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The modified getPredictedTargets functions used to predict the gene targets of miRNAs.

my|\_|getPredictedTargets <- function (mirna, sources = c("diana", "miranda",

"mirdb", "pictar", "targetscan"), species = "hsa", min_src = 1, method = "geom",

promote = TRUE, synonyms = TRUE, both_strands = FALSE, ...)

{

if (!(species %in% c("mmu", "hsa", "rno",

"dme"))) {

warning(paste("species", species, " not supported in the current version",

sep = ""))

return(NULL)

}

n_sources <- length(sources)

if (n_sources < min_src) {

warning("min_src > n_sources!")

return(NULL)

}

if (min_src <= 0) {

warning("min_src changed to 1")

min_src <- 1

}

if (nchar(mirna) < 3) {

warning("unrecognised miRNA")

return(NULL)

}

l_outputs <- list()

cols <- c("GeneID", "score")

if (substr(mirna, 1, 3) == species) {

mirna = substr(mirna, 5, nchar(mirna)) # This was edited to prevent trimming

of longer miRNA names

}

for (src in sources) {

l_outputs[[src]] <- getTargetsFromSource(mirna, species,

source = src, synonyms = synonyms, both_strands = both_strands)

}

merged.scores <- suppressWarnings(Reduce(function(...) .mergeRename(...,

by = "GeneID", all = TRUE), l_outputs))
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if (is.null(merged.scores)) {

warning(paste("no targets found for mirna ", mirna,

sep = ""))

return(NULL)

}

valid_srcs <- (1:(n_sources + 1))[colSums(merged.scores,

na.rm = TRUE) > 0]

if (length(valid_srcs) < 2) {

warning(paste("no targets found for mirna ", mirna,

sep = ""))

return(NULL)

}

n_valid_srcs <- length(valid_srcs) - 1

if (n_valid_srcs < min_src) {

warning(paste("sources which returned a target list < min_src"))

#min_src <- n_valid_srcs # This line was removed

return(NULL)

}

#merged.scores <- merged.scores[, valid_srcs] # This line was removed to prevent

removal of empty columns

result <- my_aggregateRanks(merged.scores, n_sources, n_valid_srcs, min_src,

method = method, promote = promote)

return(result)

}

my_aggregateRanks <- function(ranks, n_sources, n_valid_srcs, min_src, # The

n_sources option was added here

method = "geom", promote=TRUE) {

#if (n_valid_srcs>1) {

target_found <- rowSums(!is.na(ranks[,2:(n_sources+1)])) # Changed

n_valid_srcs to n_sources to account for the table having more columns.

# } else {

# target_found <- 1*(!is.na(ranks[,2:(n_valid_srcs+1)]))

#}
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ranks <- ranks[target_found>=min_src,]

ranks <- ranks[!duplicated(ranks$GeneID),]

ranks <- ranks[!is.na(ranks$GeneID),]

row.names(ranks) <- ranks$GeneID

# if (n_valid_srcs==1) {

# data1 <- data.frame(source1scores=ranks[,2], row.names = row.names(ranks))

# } else {

data1 <- ranks[,2:(n_sources+1)] # Changed the n_valid_srcs to n_sources to

account for the table having more columns.

data1 <- as.data.frame(data1)

# }

num.gene <- dim(data1)[1]

if (num.gene<1) {

warning( "not enough targets overlapping between sources,

reduce min_srcs parameter or add sources")

return(NULL)

} else if (num.gene==1) {

warning("only one target found")

result <- data.frame(matrix(1,nrow=1,ncol=n_sources+2)) # Changed the

n_valid_srcs to n_sources to account for the table having more columns.

colnames(result) <- c(paste("source_",1:n_sources,sep=""),

"rank_product","rank_final") # Changed the n_valid_srcs to

n_sources to account for the fact that the table having

more columns.

row.names(result) <- row.names(data1)

return(result)

}

rank_ind <- apply(data1, 2,

function(x) (num.gene+1) - rank(x, ties.method="average", na.last = FALSE))
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if (method=="geom") {

result <- .aggregateGeom(data1, rank_ind, promote)

} else if (method=="max") {

result <- .aggregateMinMax(data1, rank_ind, minmax=method)

} else {

result <- .aggregateMinMax(data1, rank_ind, minmax=method)

}

colnames(result) <- c(paste("source_",1:n_sources,sep=""), # Changed the

n_valid_srcs to n_sources

"rank_product","rank_final")

return(result)

}

}
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Table S5: DNA extraction results

Sample
DNA Concentration (ng/µL) A260/A280 A260/A230

Reading 1 Reading 2 Average Reading 1 Reading 2 Average Reading 1 Reading 2 Average

T0 Rep1 217.0 218.4 217.7 1.89 1.89 1.89 2.35 2.34 2.35

T7 N Rep1 217.7 200.1 208.9 1.91 1.90 1.91 2.38 2.39 2.39

T7 H Rep1 193.5 192.6 193.1 1.90 1.90 1.90 2.37 2.39 2.38

T14 N Rep1 230.9 265.7 248.3 1.90 1.90 1.90 2.38 2.38 2.38

T14 H Rep1 245.2 242.8 244.0 1.91 1.91 1.91 2.37 2.39 2.38

T0 Rep2 282.9 297.7 290.3 1.93 1.93 1.93 2.32 2.31 2.32

T7 N Rep2 269.6 275.4 272.5 1.94 1.94 1.94 2.31 2.32 2.32

T7 H Rep2 301.7 308.2 305.0 1.92 1.93 1.93 2.32 2.32 2.32

T14 N Rep2 287.0 290.2 288.6 1.93 1.93 1.93 2.32 2.33 2.33

T14 H Rep2 349.6 342.7 346.2 1.94 1.94 1.94 2.33 2.33 2.33

T0 Rep3 281.7 292.6 287.2 1.93 1.93 1.93 2.34 2.34 2.34

T7 N Rep3 215.2 207.8 211.5 1.91 1.91 1.91 2.33 2.34 2.34

T7 H Rep3 245.1 235.4 240.3 1.92 1.91 1.92 2.34 2.31 2.33

T14 N Rep3 287.5 287.8 287.7 1.93 1.92 1.93 2.35 2.36 2.36

T14 H Rep3 299.2 298.7 299.0 1.93 1.93 1.93 2.34 2.32 2.33

Neg control 254.7 274.4 264.6 1.91 1.90 1.91 2.38 2.37 2.38
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Table S6: PCR2 product results

Sample
DNA Concentration (ng/µL) Nanodrop

Reading 1 Reading 2 Average A260/A280 A260/A230

T0 Rep1 32.0 31.4 31.7 1.82 2.42

T7 N Rep1 30.8 30.0 30.4 1.83 2.42

T7 H Rep1 32.2 31.0 31.6 1.84 2.39

T14 N Rep1 31.0 30.2 30.6 1.82 2.07

T14 H Rep1 32.6 32.2 32.4 1.85 2.47

T0 Rep2 29.6 30.6 30.1 1.83 2.15

T7 N Rep2 29.8 29.8 29.8 1.78 1.95

T7 H Rep2 31.2 30.4 30.8 1.81 1.82

T14 N Rep2 29.0 28.0 28.5 1.84 2.38

T14 H Rep2 30.2 30.0 30.1 1.83 2.44

T0 Rep3 34.8 31.8 33.3 1.81 2.09

T7 N Rep3 32.4 30.2 31.3 1.81 2.34

T7 H Rep3 32.8 31.4 32.1 1.82 2.32

T14 N Rep3 34.2 37.4 35.8 1.83 2.38

T14 H Rep3 34.0 31.6 32.8 1.82 1.91
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Figure S14: Log2 fold change of non-targeting control guides. Non-targeting control guides are

highlighted in red. The non-targeting guides preferentially have a positive log2 fold change, indicating

positive selection in the screen.
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