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ABSTRACT 

 The rationale behind targeted molecular therapy in cancer, oncogene 

addiction, is that tumors rely on driver oncogenes to control their proliferation and 

survival. Therefore, an efficacious targeted therapy should induce a dual, 

detrimental response to the tumor. While there have been clinical success stories 

using targeted therapies, even tumors that are initially sensitive invariably 

develop resistance. In the case of triple negative breast cancer (TNBC), despite 

extensive evidence pointing to its driver oncogene status, inhibitors of the 

Epidermal Growth Factor Receptor (EGFR) are considered clinically 

inefficacious. Resistance to EGFR inhibition has been predominantly described 

as due to genetic alterations. Yet it remains unclear why patients exhibiting the 

same dysregulated status of a driver oncogene react to targeted therapy, as in 

the case of EGFR-mutant non-small cell lung cancer, while others do not at all 

(i.e., TNBC). Furthermore, not all of resistance can be described by genetic 

alterations to EGFR, to its pathway effectors, or to compensatory pathways. 

Emerging data reveals that drugs can induce resistance by rewiring 

epigenomic, transcriptional, and translational regulatory mechanisms. 

Unfortunately, a major limitation in designing efficacious treatments is our 

inability to predict whether cell types can rewire in response to drug exposure. 

Therefore, it is necessary to elucidate mechanisms of growth and survival in cells 

that have undergone rewiring. This study characterized intrinsic resistance to 

EGFR inhibition in TNBC. We found that EGFR inhibition induces rewiring, which 
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results in a resistant growth state that bypasses the EGFR-MAPK pathway as a 

whole. Additionally, we found that a tRNA-modifying complex masks the 

oncogene addiction status of EGFR in TNBC by stabilizing the protein 

abundance of a pro-survival protein. Importantly, this happens solely in the 

context of EGFR inhibition. Taken together, this study highlights potential 

therapeutic strategies for TNBC and strategies that can be used to improve our 

understanding of targeted therapy resistance, especially intrinsic resistance. 
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 While it is important to recognize the many successes in the diagnosis, 

management, and knowledge of cancer…there is much room for optimization. 

As of January 2019, there are approximately 16.9 million United States (U.S.) 

citizens alive with a history of cancer, most of whom have managed a cancer 

diagnosis for years and show no clinical signs of disease1. Additionally, the 

overall age-adjusted cancer death rate declined by 29% over the period of 1991 

to 2017. This has been mostly due to successful public health and primary care 

interventions in smoking cessation, early detection, and treatment advances1. 

Nevertheless, cancer persistently remains the second leading cause of mortality, 

exceeded only by heart disease. The five-year survival rate for all cancers has 

improved dramatically since the early 1960s, from 27% to 64% among black 

people and 39% to 70% for white people1. While this is promising, these numbers 

consider all cancers in aggregate. Success varies across individual cancers. 

Five-year survival rates vary from below 25% in lung, liver, and pancreatic cancer 

to over 85% in thyroid, prostate, and melanoma of the skin1. There are more than 

1.8 million new cancer cases expected to be diagnosed in 2020. Between the 

rise in the aging population, which will be enriched for cancer diagnoses, and the 

continuing rising cost in healthcare, innovation in cancer diagnosis, management, 

and treatment is imperative.  

 My thesis research is focused on understanding the mechanisms of 

sensitivity and resistance to a type of anti-cancer strategy, known as “targeted 

therapies”. The promise of the targeted therapy approach is the ability to 
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specifically address the causes of cancer, while reducing adverse effects on 

normal cells. In the remainder of this introduction, I will discuss the conceptual 

underpinnings, mechanisms of sensitivity, and known mechanisms of resistance 

to targeted therapies. I will then discuss why revisiting the core underlying 

principle for targeted therapy – i.e., the phenomenon of oncogene addiction – 

may help us discover targetable contextual essentialities. Key arguments I 

describe here are that: 1) there are vast differences in the clinical efficacy of 

targeted therapy across patients with similar dysregulation of cancer drivers of 

disease; 2) targeted therapy treatment resistance cannot solely be explained by 

genetic alterations to the target or pathway targeted; and, 3) in deliberately 

interrogating the distinct growth and death effects of a targeted therapy, we can 

uncover contextual essentiality of genes in cancers. This insight of contextual 

essentiality (e.g., drug effects in a specific genotypic background) may help us 

identify new susceptibilities, therapeutic strategies, and maybe even repurpose 

targeted therapies.  

 

A. TARGETED THERAPY IN CANCER TREATMENT 

i. The Rationale for Targeted Therapy  

Today, surgical excision remains a vital part of triple modality cancer 

management, which also includes radiation and cytotoxic chemotherapy. The 

advent of aseptic techniques, combined with advances in infection control-

prevention (e.g., with antibiotics) and anesthesia, made surgery a viable option 
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for cancer treatment2–6. Radiation therapy was subsequently developed to 

intervene in cancers that were not readily surgically tractable. This is largely due 

to accessibility issues, excessive risk caused by preexisting conditions, the risk of 

surgical complications, or physical limitations caused by the tumor location and 

accessibility6,7. Both of these interventions continue to be used today to manage 

primary and localized cancer masses to similar therapeutic efficacy. However, 

they do not directly address the issue of metastatic or systemic disease.  

 Cytotoxic chemotherapy was born out of the need to address the 

problems of cancer metastases and of relapsing cases7,8. Cytotoxic 

chemotherapies primarily work in two ways: 1) causing DNA damage that 

overwhelms the repair mechanisms of the cell and 2) interfering with cellular 

division, replication, and cell cycle progression. The major classes of standard 

chemotherapy are detailed in Table 1.1. 

Class of Drug Mechanism of Action Chemical Compounds 

Alkylating agents Act directly on DNA by 
introducing crosslinks of 
strands, incorrect base 
pairing, chemical adducts, or 
strand breaks9–15 

Chlorambucil, 
Cyclophosphamide, 
Busulfan, Mitomycin C, 
Hexamethylmelamine 

Antimetabolites Act by replacing vital chemical 
components (purines & 
pyrimidines) needed for DNA 
& RNA synthesis and 
replication16,17 

Purine (6-
Mercaptopurine), 
pyrimidine (5-
Fluorouracil), folate 
(Methotrexate) analogs 

Microtubule-
disrupting agents 

Act by altering the tubulin-
microtubule equilibrium, 
inducing mitotic arrest and 
creating chromosome 

Docetaxel, Paclitaxel, 
Vinblastine, Vinorelbine 
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damage during segregation of 
strands18–21 

Platinum agents Act directly on DNA by 
introducing crosslinks of 
strands, incorrect base 
pairing, chemical adducts, or 
strand breaks22,23 

Cisplatin, Carboplatin, 
Oxaliplatin 

Topoisomerase 
inhibitors 

Act by blocking 
topoisomerases, which are 
needed for unwinding strands 
during replication & 
transcription, also by 
introducing single and double 
stranded breaks24–26 

Camptothecin, Irinotecan 
(Topoisomerase I), 
Etoposide, Doxorubicin 
(Topoisomerase II) 

 
Table 1.1. Present-day types of standard chemotherapies. An overview of the 
different classes of cytotoxic chemotherapies. The general mechanism of action and 
examples of chemical compounds for each class are listed. 
 

Chemotherapy is a necessary and important tool in cancer management 

that has significantly improved patient outcomes6–8,27,28. However, it acts 

indiscriminately at DNA and the cell cycle, in an effort to overwhelm the cell’s 

adaptation and repair mechanisms. This strategy does not affect the root causes 

coopted by cancer, which allow cancer to hijack normal cellular processes. 

Additionally, chemotherapy affects cellular processes that are common to both 

healthy and abnormal cancer cells – i.e., the specificity for cancer is low27–29. As a 

result, cancer patients suffer from a variety of chemotherapy-induced side effects 

due to normal cell toxicity: fatigue, hair loss, nausea, vomiting, inflammation, 

diarrhea, and impaired wound healing to name a few. Besides toxicity, a 

recurring shortcoming of chemotherapy is that resistance, relapse, and 

metastases still occur30. This is primarily due to four reasons: 1) decreased intake 
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of the agent into the cell or increased export out of the cell31,32, 2) metabolic 

inactivation of the agents in the cells by enzymes such as aldehyde 

dehydrogenase33–35, 3) increased DNA repair capacity or detoxifying agents (e.g., 

glutathione, metallothionein) that counteract the effects of the damage done by 

chemotherapeutic agents36–40, and/or 4) the diminished function or complete 

absence of the cellular mechanisms involved in creating the cytotoxic 

environment41–46.  

Over the last 50 years of cancer research, a vast array of cancer diseases 

has been catalogued and characterized at the molecular level. As a result, 

specific essential characteristics in cellular physiology (i.e., cancer hallmarks) 

have been defined that underly the malignant phenotypes of cancer. The causal 

factors of these characteristics lie within the genotype of cancer cells. Such 

knowledge has formed the basis for the era of “personalized cancer medicine” 

and the emergence of targeted molecular therapy. 

ii. Cancer Hallmarks 

Tumorigenesis is a multi-step process, with underlying genetic alterations 

that drive the progression from a normal to an abnormal phenotype. The goals of 

“personalized cancer medicine” are to: 1) identify the specific aberrations that 

historically led to a patient’s tumorigenesis and currently drive the patient’s 

disease state, and 2) directly target those aberrations therapeutically to mitigate 

collateral toxicity to healthy tissue.  
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Cancers exhibit certain common principles or hallmarks that have 

accumulated over time47,48, driven by dysregulation of key nodes in pathways that 

underly these hallmarks. The molecules that compose the hallmark-relevant 

pathways can be classified as tumor suppressors or oncogenes. Tumor 

suppressors impose inhibitory control on essential proliferative, growth, and 

survival functions, preventing them from becoming overactive and stimulus 

independent. TP53, for example, encodes the p53 protein, which coordinates the 

surveillance of areas of DNA damage. P53 then works with other molecules to 

either repress cell cycle progression and repair the damage or promote apoptosis 

if the damage cannot be repaired49. Loss of (tumor suppressor) function can 

occur in various ways: loss of both alleles (e.g., RB1 in retinoblastoma)50, 

haploinsufficiency (NF1 in neurofibromas – inability to compensate for the loss of 

an allele with just one functioning allele)51–54, or the emergence of a dominant 

negative (e.g., TP53 – the dysregulated allele overcomes the function of the 

normal allele)49,55,56. At the other end of the spectrum, oncogenes can promote 

cell cycle entry/progression, survival, and other hallmarks of cancer. Oncogenic 

dysregulation is usually genetically dominant, in that the alteration of one allele 

can overwhelm the normal capacity of the other allele57,58. The hallmarks (Table 

1.2) and the molecules that constitute their function, form the basis for the 

rational drug design of targeted therapy. Importantly, there are myriad potential 

nodes in essential cellular pathways that can lead to tumorigenesis or maintain 

the pathogenic state of the tumor. Therefore, it becomes critically important to 



 8 

distill the key dysregulated nodes in a particular cancer and asses their relevance 

to the tumor. 

Hallmark Description Targeted cancer 
therapy  

Sustaining proliferative 
signaling 

Mimicking measured 
growth/proliferation signals 
(e.g., diffusible growth 
factors, extracellular matrix 
molecules, cell-to-cell 
interaction molecules) to 
activate and maintain 
mitogenic potential59–61 

EGFR, BRAF 

Evading growth 
suppressors 

Avoiding negative feedback 
regulation on 
growth/proliferation 
signaling49,50,62–64 

Cyclins, p53, RB 

Avoiding immune 
destruction 

Circumventing normal 
innate and adaptive immune 
surveillance mechanisms 
for eradicating abnormal 
tumor cells65–69 

CTLA4, PD1/PDL1 

Enabling replicative 
immortality 

Bypassing the normal cell 
quality of having a limited 
set of growth/division 
cycles; ability to bypass two 
major barriers to endless 
proliferation: senescence 
and crisis70–72 

Telomerase 

Activating invasion & 
metastasis 

Promoting the steps from 
local invasion, to 
extravasation into the 
hematologic/lymphatic 
systems for spread to 
distant site(s), to the 
formation of satellite 
tumor(s) and “colonization” 
of other tissues or organ 
systems; epithelial to 
mesenchymal transition73–78 

HGF/c-Met, matrix 
metalloproteinases, 
chemokines/cytokines 
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Inducing angiogenesis Enabling normally 
inactive/dormant 
vasculature into creating 
new vessels to sustain 
tumor nutrient/oxygen 
supply and waste 
management79–81 

VEGFR, PDGFR 

Resisting cell death Creating signaling 
imbalances (e.g., genetic 
aberrations, gene 
regulatory/expression 
changes) favoring pro-
survival protein and/or 
hampering pro-death 
signaling82–86 

BH3-domain 
containing proteins 
(BCL2-family – BCL2, 
MCL1, BCL2); IAPs, 
Survivin; Beclin-1 
(autophagy) 

Deregulating cellular 
energetics 

Adapting energy 
metabolism (e.g., to aerobic 
glycolysis) to meet the new 
requirements imposed by 
tumorigenesis and tumor 
maintenance (i.e., 
uncontrolled growth, 
proliferation, survival)87–93 

Hexokinase, G6PD, 
transketolase, HIF1a, 
IDH1/2 

 
Table 1.2. Common hallmarks of cancer. An overview of the different capabilities 
gained by most, if not all, cancers and resulting in tumorigenesis. A general description 
of each hallmark, and distinct signaling molecules relevant for the hallmarks are listed. 
Importantly, these signaling molecules are all current or ongoing foci of targeted therapy 
efforts.  
 

iii. Choosing molecules to target 

The efficacy of targeted therapy relies on the cancer cell having 

accumulated hallmarks of dysregulation in vital cellular functions, which are 

composed of possible susceptible nodes to attack. Molecular targets that underly 

cancer hallmarks are actually found in both cancer and normal cells. However, in 

cancer, a dysregulated form (i.e., mutated, amplified, or otherwise altered) of this 

molecule or pathway has become a “driver” of the cancer phenotype. Therefore, 
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the cancer has become more dependent on a particular pathway than a normal 

cell. Targeted therapy strategies attempt to identify these susceptibilities and 

interfere with the function of drivers.  

The concept of driver is contextual, in that it depends on the type of tumor 

and the point in pathogenesis at which the cancer is assessed. For example, 

while a driver oncogene can participate in the development of the cancer, its 

relevance as a therapeutic target relies on its importance for maintaining the 

cancer phenotype at the time of diagnosis or relapse. The cancer is thought to be 

addicted to one or a few genes that control the tumor’s proliferation and survival. 

Sequencing studies of patient tumor versus normal tissue DNA have been 

invaluable for pairing cancer hallmarks with potentially targetable candidates94–

104. Specifically, they have discovered driver oncogenes through their enrichment 

as dysregulated (i.e., mutations, copy number variations). Additionally, tumor 

suppressor genes have been identified through inactivating mutations, 

homozygous deletions of whole genes, or loss-of-heterozygosity through allele 

loss. Subsequent validations of these putative candidates in tumor models (both 

in vitro and in vivo) are necessary within the tumor type assessed. Specifically, 

the classification and functional relevance of potential drivers involves assessing 

whether the overexpression (oncogenes) or knockdown/knockout (tumor 

suppressor) of the putative candidate (either wild-type or mutational form) 

induces proliferation/growth or survival promoting properties. This process is 
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essential to confirm the potential functional relevance as drivers in patient tumors 

and to prioritize for drug development94–104.  

Importantly, the discovery of cancer hallmarks and the pathways that 

underly these hallmarks provide a landscape of potential avenues for therapy. 

Tumor sequencing and subsequent functional validation of putative oncogenes 

and tumor suppressors helps prioritize cancer drivers to target. Two important 

topics regarding the efficacy of targeted therapies arise now that we have 

identified causes of cancer: 1) can we effectively engineer drugs that target the 

drivers in cancer? and, 2) do we see consistent clinical benefit when using this 

targeted molecular approach?   

 

iv. Engineering effective targeted therapies 

Targeted therapies, to date, have been developed in two forms for 

delivery: small molecule inhibitors and monoclonal antibodies. Small-molecule 

inhibitors are usually less than 500 Daltons in size. At this size, they can easily 

access cell surface receptors that initiate signaling cascades or translocate 

through the plasma membrane and interact with internal biological targets105. 

Additionally, compared to monoclonal antibodies, small molecule inhibitors are 

cost effective and can be administered orally as opposed to intravenously. Most 

FDA-approved small molecule inhibitors have been designed to affect signaling 

molecules, such as receptor tyrosine kinases (e.g., EGFR, VEGF) and serine-

threonine kinases (e.g., BRAF, AKT)106–108. The other strategy, monoclonal 
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antibodies (mAbs), exist in several forms. Naked-mAbs bind and directly interfere 

with their target’s function (e.g., Cetuximab inhibits EGFR signaling, Nivolumab 

inhibits PD1-mediated immune checkpoints); conjugated-mAbs are attached to a 

radioactive particle or chemotherapeutic agent (e.g., brentuximab is conjugated 

with chemotherapy and binds CD30+ cells); and, biphasic-mAbs increase the 

specificity of antigen targeting before delivering an anticancer agent (e.g., 

blinatumomab binds both CD3 and CD19)109–114. The use of monoclonal 

antibodies in cancer therapy has also been transformative for the field – there are 

now more than 60 FDA-approved mAbs for cancer treatment, with many more in 

clinical trials (both single use and in combination with other forms of 

chemotherapy). Targeting molecules, which the cancer is dependent on relative 

to normal cells, causes fewer and less serious adverse effects than standard 

chemotherapy. The most common adverse effects include skin issues (e.g., 

acneiform rash, dry skin, changes in nail condition/appearance, hair 

depigmentation), blood clotting and wound healing impairments, high blood 

pressure, and, in rare cases, gastrointestinal perforation105–108. This has been a 

key advancement in clinical oncology.  

Experimental and clinical oncology has a built an exceptional suite of ever-

expanding targeted therapies. These therapies include targets to hormone 

receptors, nuclear receptors, and signal transducer proteins to name a few. The 

most recent wave of targeted therapies includes monoclonal antibodies to 

disable negative regulators of the adaptive immune system. Specifically, by 
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targeting regulatory checkpoints CTLA4 and PD-1/PD-L1, the body’s immune 

system is allowed to induce a more extensive anti-tumor response115–118. Besides 

affording us the ability to target hallmarks of cancer, these therapies have 

ushered in an era of reduced (and, generally, more tolerable) adverse effects for 

cancer interventions. However, there are two issues that continue to affect their 

efficacy. The first is the difficulty of engineering therapies for some candidate 

targets. Targeted molecular therapy has been primarily focused on what the field 

has considered “druggable” – i.e., molecules where evidence exists that targeted 

inhibition results in expected phenotypic effects (reduction in tumor 

growth/proliferation/survival) in pre-clinical studies and in intended clinical 

outcomes8,119,120. Predominantly, the design of targeted therapies has been 

focused on kinases (especially receptor tyrosine kinases and serine/threonine 

kinases), with the drugs designed to bind and compete with the ATP substrate 

necessary for the phosphorylation function. While this has been a generally 

tractable problem, there are binding interactions like protein-protein interactions 

(e.g., p53-MDM2, BCL2-family) or protein-DNA interactions (e.g., transcription 

factors, histone-modifying enzymes) that have historically presented problems in 

efficacious design119–124. Nevertheless, there have been several workarounds: 1) 

targeting other nodes of the pathway downstream of the currently “undruggable” 

target, 2) targeting molecules that have similar functions and similarly 

dysregulated in the cancer of interest, or 3) finding molecules that are synthetic 

lethal with the target of interest. Synthetic lethality describes a state in which 
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genes that are individually functionally inhibited (e.g., by a loss-of-function 

genetic alteration, or a pharmacological inhibitor) are compatible with viability, but 

are not when they are co-targeted with another gene125,126. The therapeutic 

window here presents in finding gene targets that can satisfy this synthetic lethal 

relationship, in the context of a certain cancer genotype of interest. Therefore, 

this “undruggable” problem is more of a “difficult to drug” problem that is being 

addressed effectively by continuously improving our knowledge of cancer 

biology, as well as by improving our drug design, chemical biology, and 

engineering technologies.  

The hallmarks of cancer are made up of multiple, interconnected dynamic 

pathways that can function redundantly. Additionally, tumors can present as 

heterogeneous in their genomic and epigenomic makeup. In other words, while 

there may be a set of alterations that makes one clone in a tumor contextually fit, 

drug treatment can shift fitness requirements and, thus, shift which molecules 

drive the major tumor clone. In the remaining introduction, I will explore 

therapeutic resistance in two ways: 1) by detailing the types of targeted 

therapeutic resistance that have been identified and characterized thus far, and 

2) exploring why delving into the components of the oncogene addiction 

phenomenon (proliferation and death), separately, can help us mitigate targeted 

therapy variability in efficacy and in resistance.   
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B. MECHANISMS OF RESISTANCE 

Targeted therapies engineering efforts have been successful at effectively 

reaching and binding to their intended target(s), while minimizing collateral 

toxicity (i.e., the pharmacokinetics are tractable). We can even see drug targets 

inhibited and downstream signaling interference (i.e., the targeted pathway 

pharmacodynamics happen efficiently). Unfortunately, these properties do not 

mean that all patients with a targetable driver see clinical benefit127,128. The 

efficacy of targeted therapies to certain cancer drivers varies significantly 

between cancers, even when the driver exhibits the same dysregulated form. For 

example, anti-Epidermal Growth Factor Receptor (EGFR) therapies are used 

effectively in clinical settings for treating EGFR-mutant NSCLC129,130, advanced 

metastatic CRCs131,132, and advanced head and neck cancers133,134. However, 

while EGFR is frequently overexpressed (without a genetic alteration) in many 

other cancers and associated with poor prognosis135–141, targeted inhibition is 

inefficacious. Additionally, even for those patients that experience a clinical 

benefit from treatment (increase in PFS or OS), the therapy wanes in efficacy 

over time142–144. This is the issue of therapeutic resistance. 

Resistance to targeted molecular therapy is one of the most important 

challenges facing oncology and cancer biology today. Although we may 

characterize drivers by their oncogenic potential and confirm their functional 

importance in a cancer, these are still generalized. Driver status can change by 

cancer type, patient, and context (i.e., early versus late in disease course, pre- 
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and post-treatment or relapse). Therefore, we must also prioritize these 

alterations as necessary for the cancer to maintain its malignant phenotype at the 

time in which the patient is assessed. Many tumors are composed of 

heterogeneous clones in their genomic and epigenomic makeup and are, 

therefore, prone to adapt to environmental stimuli. This fact makes the problem 

of therapeutic resistance not only likely, but in most cases, inevitable. 

 

i. Intrinsic versus Acquired Resistance  

Therapeutic resistance to targeted therapy manifests in two main ways: 1) 

early intrinsic (innate or de novo) or in a 2) delayed acquired manner. Some 

responses are innately resistant – i.e., non-uniformly efficacious between 

patients with the same cancer tissue type or across cancers with a similar 

dysregulated form of the driver targeted. Other patients respond initially for 

weeks to years, but their tumors acquire resistance to the targeted therapy. 

These responses are not usually durable, especially when using targeted 

therapies as single agents. To exact extensive responses, frequently they need 

to be used in combination with other targeted therapies, and even non-targeted 

therapies (i.e., standard chemotherapy, radiation and surgical interventions). 

While BRAF-V600E mutant metastatic melanoma is an exception145,146, analyzing 

the types of clinical outcomes produced by targeted therapy, we observe periods 

of extended progression-free survival, but overall survival outcomes remain 

similar to non-targeted therapy interventions147,148.  
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Resistance to targeted therapy occurs across cancer types, types of drug 

delivery systems (small molecule inhibitors or monoclonal antibodies), and driver 

oncogene target type. The majority (close to 70%) of breast cancers express the 

estrogen receptor (ER)-a by immunohistochemistry analysis. Yet, one-third of 

ER-a positive breast cancers are either intrinsically resistant (do not respond) to 

estrogen-related therapies (i.e., estrogen-receptor antagonists like Tamoxifen, or 

aromatase inhibitors like Anastrozole), or acquire resistance and relapse after 

treatment149,150. Only 40-50% of patients with BRAF(V600E)-mutant melanoma 

respond initially to the BRAF inhibitor, Vemurafenib. Unfortunately, half of those 

initial responders eventually experience acquired resistance in the form of 

genetic amplification either through BRAF or other alterations, signaling bypass 

mechanisms in the MAPK pathway itself151–154. Depending on the population 

demographics, the RTK epidermal growth factor receptor (EGFR), is mutated in 

3-40% of patients with NSCLC155–157. Yet, approximately 30% of patients with this 

tumor type experience intrinsic resistance to EGFR inhibitor treatment. The other 

70% of NSCLC patients that initially respond experience acquired resistance in 

the form of a mutation to the binding pocket of the EGFR inhibitor (i.e., the 

T790M gatekeeper mutation in EGFR), which precludes inhibitor binding, or 

mutations/amplifications that reactivate mitogenic signaling (e.g., PIK3CA, BRAF, 

HER2/ERBB2, MET, MAPK1)142,158–162. If we are targeting the root causes of 

cancer (its drivers), why are so many patients not seeing clinical benefit? Why do 

the ones that see clinical benefit invariably experience relapse?  
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The use of targeted molecular therapy has been justified by the 

phenomenon of oncogene addiction. Briefly, at a given point in time/context, a 

cancer is particularly dependent on a signaling pathway for its growth and 

survival163–167. Complicating this idea are three issues: 1) signaling pathways are 

interconnected and dynamic in their crosstalk/regulation, 2) there are redundant 

signaling pathways that result in the same overall phenotype, and 3) the tumor is 

heterogeneous in composition. Additionally, it is difficult to predict if a driver is 

relevant at the time in which the tumor is assessed or if it is no longer relevant to 

tumor growth/survival. Overall, these issues lead to targeted therapy resistance, 

which manifests in three ways: 1) alterations to the specific target of the drug, 2) 

alterations to the pathway targeted, and 3) signaling bypass mechanisms. As a 

case study, I will use EGFR-mutant NSCLC to dissect each of these types of 

resistance. 

EGFR (epidermal growth factor receptor) is a member of the ErbB-family 

of receptor tyrosine kinases, which is involved in mitogenic and survival 

signaling168,169. Most mutations identified in the EGFR act to promote constitutive 

activation by encouraging receptor dimerization without prior stimulation through 

ligand binding (e.g., E746-A750 deletion of exon 19, L858R point mutation in 

exon 21)170–172. Additionally, genetic amplifications (increasing the copy number 

as detected by FISH or CISH) of EGFR have been observed in NSCLC and 

CRC173–176. EGFR has been targeted using both small molecule inhibitors (e.g., 

Gefitinib, Erlotinib, Afatinib, Osimertinib) and monoclonal antibody (e.g., 
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Cetuximab, Panitumumab) methods. Compared to the previous standards of 

care (the platinum agent, Carboplatin; and, the microtubule disruptor, Paclitaxel) 

and considering different patient demographics, a composite take on EGFR 

inhibitor (hereafter, EGFRi) clinical trials in NSCLC has shown approximately 40-

70% response rate, 9-13 months of PFS, and an average increase of overall 

survival of 1-1.5 months160,171–173,177,178. Unfortunately, resistance inevitably occurs 

– whether early (intrinsic) or late (acquired) in the intervention.  

 

ii. Resistance mechanism 1: secondary alterations to drug targets 

 The initial oncogenic aberration that led to the overactivation of the target 

and the target’s role as a driver of disease denotes the primary genetic alteration. 

Sometimes the gene that encodes the target has a secondary genetic mutation, 

amplification (copy number) alteration, or splice variant that prevents therapeutic 

inhibition of the target. These alterations can either physically interfere or 

completely block the binding of the inhibitor with its target. Alternatively, the 

alteration can increase the expression of the target so as to overwhelm the 

inhibitory capacity of the targeted therapy.  

The most notorious secondary alteration described in EGFR-mutant 

NSCLC, treated with an EGFRi, is the T790M point mutation. This missense 

mutation replaces a threonine amino acid with a methionine in the EGFR 

catalytic kinase domain. The threonine insertion imparts an obstructive steric 

hindrance for the small molecule inhibitor, while not affecting the catalytic activity 
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of the receptor158,162,179. It is known as a “gatekeeper” mutation because it lies in 

the catalytic domain – an area that directly affects the activation of EGFR. This 

particular point mutation accounts for approximately 55% of cases of resistance 

to EGFRi142,162,180. Additionally, there is commonly a genetic amplification (copy 

number variation) that occurs in EGFR, including the T790M allele itself158,162,179. 

Other prominent examples of secondary alterations to the drug target include: a 

similar “gatekeeper” T315I mutation in the BCR-ABL oncogene in chronic 

myelogenous leukemias181,182, the V654A mutation or amplification of the KIT 

oncogene in gastrointestinal stromal tumors183–185, and the F876L mutation in 

androgen-receptor positive castrate-resistant prostate cancer186,187. Steric 

hindrance, mediated by mutations in the binding pocket (e.g., T790M in BCR-

ABL mutant oncogene associated CML), has been a problem for first-line 

therapies. However, newer generation therapies have been designed to bind to 

non-mutated and mutated forms of the target (e.g., ponatinib against BCR-

ABL)188, to bind more tightly and irreversibly to the target than first-line therapies 

(e.g. alecitinib against ALK)189, and that can bind irreversibly to only the mutated 

forms of the target (e.g., osimertinib against EGFR)190. Deletions in tumor 

suppressors can conversely remove a tumor surveillance mechanism – for 

example, PTEN mutations that drives PI3Kb signaling in response to PI3K/AKT 

inhibition191. 
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Besides mutations, copy number variations of oncogenes can occur, 

amplifying target expression and activity176,192,193. CRCs with a dependence on 

the MAPK pathway, for example, can be targeted with BRAF inhibitors (e.g., 

Vemurafenib). Unfortunately, some of these tumors have developed resistance 

via BRAF amplification (or other members of the MAPK pathway, like KRAS), 

which effectively overwhelms the inhibitory capacity of BRAFi194–196. Another 

alteration-based mechanism of resistance involving the target of therapy is the 

existence of unique splice variants. Variants can abrogate the need for canonical 

interactions with pathway mediators. The P61 splice variant of the BRAF-V600E 

mutant of melanoma lacks the N-terminal RAS-binding domain. As a result, this 

variant can dimerize independently of RAS and, in the context of a BRAFi, can 

compensate197,198 for decreased signaling from full length BRAF-V600E.  
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Figure 1.1. Resistance mechanism 1. (a) Cells initially sensitive to a RAF inhibitor may 
become (b) resistant to the inhibitor if a mutation to the target (RAF) occurs that 
prevents drug-binding or interaction. Created with BioRender.com. 
 
 

iii. Resistance mechanism 2: alterations in pathway targeted 

 Targeted therapies aim to interfere with a specific, key regulatory node 

within a cellular pathway, resulting in impaired pathway signaling. Two signaling 

pathways that are frequently leveraged by cancer to potentiate these hallmarks 

are the MAPK and the PI3K/AKT pathways, respectively. EGFR is known to have 

broad mitogenic- (MAPK) and survival-promoting (PI3K/AKT) effects on 

cells168,169,199. Therefore, the activating mutations found in EGFR-mutant NSCLC 

act as a surrogate for any of the downstream pathways involved in promoting 

these (and possibly other) hallmarks of this cancer. While EGFR and other RTKs 
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serve as key regulatory nodes in various pathways, there are myriad negative 

and positive feedback mechanisms that exist in the interconnected, dynamic 

network of mitogenic and death signaling. This fact almost guarantees adaptation 

to the inhibition of RTKs like EGFR – an important, yet single node in a pathway 

vital to cellular functioning. Approximately 30% of EGFR-mutant NSCLC treated 

with an EGFRi experience intrinsic resistance. Of the 70% of patients that are 

initially sensitive to EGFRi, most if not all patients will experience acquired 

resistance. Besides the secondary alterations to the EGFR gene itself, mutations 

in downstream PIK3CA, BRAF, and ERK2 (MAPK1) signaling molecules 

represent about 20% of the genetic alterations found to cause resistance to 

EGFRi142,143,162. PIK3CA reactivates EGFRi-based downregulation of the 

PI3K/AKT axis, while BRAF or ERK2 (MAPK1) reactivate MAPK signaling all 

downstream of EGFR. 

 There are many other prominent examples of alterations to a target’s 

pathway that have led to resistance. Mutations in NRAS, NF1, or MEK1/2 

(MAP2K1/MAP2K2) have all been identified as points of resistance in BRAF-

V600E mutant melanoma treated with BRAFi, Vemurafenib195,196,200,201. The 

mutation in NF1 hampers its ability to negatively regulate the MAPK pathway 

through the hydrolysis of RAS-bound GTP. Feedback mechanisms activated by 

BRAF inhibition, combined with activating mutations in pathway molecules 

downstream of BRAF (e.g., NRAS and MEK1/2), reactivate MAPK signaling. In 

EGFR-amplified CRC tumors treated with EGFRi monoclonal antibodies (e.g., 
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Cetuximab), the emergence of mutations in downstream oncogenes KRAS, 

BRAF or PIK3CA, or tumor suppressor PTEN, have all shown the ability to 

reactivate MAPK or PI3K/AKT signaling144,202. Finally, any alteration-mediated 

upregulation of RTK ligands (e.g., EGF, TGF-a, AREG, EREG, BTC) or 

dimerization partners (e.g., EGFR can homo- or heterodimerizes with any 

receptor in the EGFR family)168,169,199 can also overwhelm targeted inhibition of a 

signaling node. Therefore, signaling pathway reactivation is a common and facile 

way to resist targeted therapy in myriad forms.  

 

Figure 1.2. Resistance mechanism 2. (a) Cells initially sensitive to a RAF inhibitor may 
become (b) resistant to the inhibitor if a mutation occurs upstream or downstream of the 
drug target that overwhelms the drug. Created with BioRender.com. 
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iv. Resistance mechanism 3: Signaling bypass 

Signaling pathways are not linear silos, but actually form interconnected 

networks that dynamically communicate with parallel pathways. Importantly, the 

same intended end result of a pathway (i.e., proliferation/growth, survival, 

angiogenesis, etc.) can be accomplished via redundant pathways. Therefore, if 

one node of a mitogenic pathway is inhibited (e.g., EGFR in the MAPK pathway), 

there are multiple alternate routes to induce proliferative signaling (e.g., Wnt/b-

catenin, JAK-STAT). Another example is if a BCL2 family pro-survival protein is 

inhibited by a targeted therapy (e.g., BCLxL inhibitor), not only are there 

redundant BCL2 family pro-survival proteins that can restore signaling, but there 

are also redundant pro-survival proteins (i.e., Inhibitor of Apoptosis, IAP family). 

In the context of signaling bypass, the therapeutic window for targeted therapy 

exists as a result of the time it takes for the cell to activate one of these 

compensatory signaling mechanisms. This process can be as short as minutes to 

hours (e.g., pathway signaling) or hours to days (e.g., transcriptional/translational 

regulation).  

 Tumors can adapt to targeted therapy by upregulating or activating 

compensatory parallel signaling pathways. In EGFR-mutant NSCLC treated with 

EGFRi, amplification of the MET oncogene has been shown to drive HER3-

dependent activation of the PI3K-AKT pathway. Additionally, HER2 amplification 

has been shown to reactivate mitogenic signaling142,159,161,162. In EGFR-amplified 

metastatic CRC, MET amplification has also been shown to occur early (~1% of 
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patients) in poor responders to Cetuximab, as well as in higher frequency 

(~12.5%) in patients experiencing acquired resistance203. Interestingly, the HGF-

MET axis has been implicated as reactivating both MAPK and PI3K/AKT 

signaling in BRAF-inhibitor resistance models through the tumor cell association 

with neighboring stromal cells204. BRAF-mutant melanoma tumors treated with 

Vemurafenib have also used MAP3K8 (COT) to activate MAPK signaling through 

MEK directly without having to go through any RAF kinases205.  

 

 

Figure 1.3. Resistance mechanism 3. (a) Cells initially sensitive to an (EGFR) inhibitor 
may become (b) resistant to the inhibitor if a genetic alteration or upregulation occurs in 
a parallel pathway (HGF/MET) that compensates for the inhibited pathway. Created with 
BioRender.com. 
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Table 1.3 provides an overview and comparison of several reported 

mechanisms of resistance, classified by type of resistance, across cancer types. 

Cancer Target  
(drug) 

Clinical 
Response 

2° alt to 
target 

Pathway 
alteration 

Signaling 
bypass 

CML BCR-ABL 
(Imatinib) 

65-80% 
CCR188,206,207 

T315I, 
amplification
181,182 

NaN SRC-family 
upregulation; 
FGF2/FGFR3 
activation208,209 

Breast HER2* 
(Trastuzumab) 

33% 
combined 
complete, 
PRR210,211 

Epitope 
mutations 
(tumor 
antigen)212 

PIK3CA/PT
EN 
mutation213 

EGFR & other 
HER-family, MET, 
IGF-1R 
upregulation212,213 

Breast ER 
(Tamoxifen) 

~50% 
decreased 
mortality 
within 10 
years of 
treatment150 

Ligand-
binding 
domain 
mutation214 

NaN NaN 

NSCLC EGFR 
(Erlotinib) 

9-13 months 
PFS; >70% 
RR147,172,215,21

6 

T790M, 
amplification
142,158,162 

PIK3CA, 
MAPK1, 
BRAF 
muts142,160,162 

MET, HER2, 
histologic switch 
SCLC142,159,161,162 

NSCLC ALK** 
(Crizotinib) 

55-65% 
RR148,217,218 

L1196M, 
V1180L 
mutations; 
+/-
amplification
219–221 

KRAS 
mutation222 

KIT amp; IGF-1R 
upreg.; EGFR 
upreg/mut219,220,222,
223 

Melanoma BRAF 
(Vemurafenib) 

40-50% 
RR153,224–227 

splice 
variant, 
amplification
194,198 

NRAS, NF1, 
MAP2K1/2 
mut; MITF 
amp195,196,200,

201 

PI3K pathway 
mut; CRAF, COT, 
AXL 
increase151,152,194,19

5,200,201 
 
Table 1.3. Examples of resistance mechanisms. Resistance mechanisms, classified 
by mechanism type, to targeted therapies against oncogenes known to be drivers of the 
disease listed. All are mutated versions of oncogenes, except those with an asterisk (*), 
which denotes an amplification, or a double asterisk (**) that denotes a gene 
translocation. NaN denotes a context that has not been described as a mode of 
resistance in that cancer. 
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v. Adaptive Resistance: intrinsic resistance via signaling bypass 
 

Signaling bypass is not solely regulated at the level of dynamic pathway 

compensation or through genetic alterations. It can also occur in transcriptional 

and translational space through regulatory control (i.e., transcription factors, 

chromatin and epigenomic-modifying factors). Duncan and colleagues described 

a kinase signaling reprogramming event where multiple RTKs were upregulated 

in TNBC cell lines and mouse models within hours of MEK inhibition. MEK 

inhibition induced RTK expression and activation (i.e., phosphorylation of 

PDGFRb, VEGFR2, and HER2/3) by facilitating degradation of the transcriptional 

regulator, MYC228,229. Sun and colleagues found that BRAF inhibitor treatment in 

BRAF-mutant melanoma inhibits the suppressive effect of the cell differentiation 

and stem cell factor, SOX10, on TGFb signaling. In this context, TGFb signaling 

is free to upregulate EGFR and PDGFRb, resulting in reactivation of MAPK 

signaling230,231.  

The term “adaptive resistance” has begun to be used to describe signaling 

bypass that does not depend on a genetic alteration, but rather gene regulatory 

mechanisms to reactivate inhibited pathways. Stuhlmiller and colleagues found 

that the BET bromodomain family of chromatin regulators suppresses the 

transcriptional upregulation and activation of RTKs (i.e., DDR1, FGFR, IGF1R, 

MET) induced by Lapatinib treatment in HER2+ breast cancer232.  As a result, 

both proliferation (MAPK) and survival (PI3K/AKT and FAK) signaling readily 

reactivate through this RTK bypass mechanism. Finally, Johnson and colleagues 
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described another transcription factor-based method of resistance mediated by 

SOX2 in EGFR-mutant NSCLC. EGFRi, while suppressing proliferation and (to a 

minor degree) inducing apoptosis in NSCLC, actually de-represses FOXO6, 

which leads to a SOX2-mediated pro-survival phenotype, whereby BH3-domain 

protein expression (e.g., BIM, BMF) is decreased233.  

Besides these transcriptional responses, new evidence is showing that 

there can be a disconnect between transcriptional regulation and translational 

output. Estrogen-receptor-a treated breast cancer can induce a phenomenon 

known as translational offsetting, whereby changes in transcript abundance do 

not correspond with changes in protein abundance. This appears to be mediated, 

in part, by the upregulation of tRNA-U34-wobble base modifying enzymes234. 

One of these is a tRNA-modifying complex known as the ELP (Elongator) 

complex. By modifying tRNAs that correspond to specific codon usage 

guidelines, the ELP complex affects the stability, efficiency, and abundance of a 

host of proteins235–237. The ELP complex has additionally been implicated recently 

in mediating HIF1-a-mediated resistance to Vemurafenib treatment of BRAF-

mutant melanoma238. In my own work, the ELP complex appears to regulate the 

protein abundance of the pro-survival protein MCL1, specifically in the context of 

EGFR inhibition. It is important to note that, while all of these mechanisms 

occurred in unique genetic backgrounds, the drug itself did not cause a genetic 

alteration and the adaptive signaling response was completely drug-exposure 

dependent.  
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Impressively, the rapidity and the contextual nature (drug exposure 

dependent) of this response represents a non-genetic regulatory adaptive 

mechanism. This type of resistance poses lots of challenges, but also great 

opportunities. First, all of the identified forms of this type of resistance have been 

at the in vitro level. The rapidity of the adaptive response currently makes it 

clinically indistinguishable from an intrinsic resistance response. Separately, 

lacking the need for genetic alterations to drive resistance, clear culprits of 

adaptive responses cannot be identified in a straightforward manner by 

sequencing tumors pre- & post-treatment. Furthermore, none of the adaptive 

mechanisms described display canonical pathway-node interactions that were 

known a priori at the point of drug administration. This opens the door for many 

yet-to-be discovered regulatory interactions between transcription factors, 

epigenomic/chromatin-modifying factors and putative driver genes. It is vital to 

identify such pathways, not only for the design of potential therapeutic targets, 

but also for the identification of potential biomarkers of this adaptive response.  

The nature of this adaptive response implies the possibility of reversibility 

– i.e., the drug-induced regulatory pathway may cease to exist and be vital when 

the drug is withdrawn. If a drug is efficacious initially, but induces a rewired state 

that results in resistance, this may be clinically meaningful. Drug holidays and 

sessions where patients may be re-challenged with the drug may be a viable 

option to keep a cancer chronically inhibited. Clinically, there is evidence that 

relapsed BRAF-mutant melanoma patients may be successfully re-challenged 
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with BRAF inhibition239. This has also been observed in treating EGFR-mutant 

NSCLC patients with EGFR inhibition after a drug holiday240,241. 

It is vital to develop strategies with the goal in mind of prioritizing tumor 

cell death, not just cell growth arrest. Surgery, radiation therapy, and standard 

chemotherapy are all effective and still used today because they actively 

decrease tumor burden. Inhibiting mitogenic pathways primarily causes cytostatic 

responses, which does not necessarily decrease tumor burden. This is likely a 

main reason why we see improvement in measures like PFS with targeted 

therapies, but less often do we see an increase in overall survival147,148. The 

cytostatic state frees up resources for resistant subclones within the tumor, 

allowing them to capitalize on their fitness. The strategy here lies in uncovering 

true oncogenic addiction and finding synthetic lethal combinations – where, only 

in combination, do we observe 1) efficacy at the target node and pathway, as 

well as 2) cell death. The discovery of new drug-induced gene regulatory 

networks can also help us uncover synthetic lethality interactions in these 

contexts. Specifically, through my thesis work we have begun to join this 

endeavor by focusing on TNBC, a cancer that is intrinsically resistant to EGFR 

inhibition. Studies like this may be able to turn an inefficacious drug into a 

contextually efficacious treatment in certain genetic backgrounds. 
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C. ONCOGENE ADDICTION 

If targeted therapy affects one node in a signaling pathway of many 

nodes, and the most frequently used targeted therapies in clinic today affect 

nodes in mitogenic or angiogenic pathways, why would we expect anything more 

than an increase in progression-free survival? Why would we expect cell death, 

reduction in tumor burden, an increase in overall survival, or even being closer to 

a cure? 

Targeted therapies affect the growth, spread, and survival of cancer by 

interfering with specific molecules controlling key cellular functions that have 

been deemed particularly important to cancer, relative to normal cells. These 

driver oncogenes have been identified through decades of study of cellular 

processes, tumor versus normal tissue sequencing experiments, and functional 

validation of putative candidate drivers for cancer relevance. Dysregulated forms 

of genes, like EGFR, and the pathways it signals through, like MAPK and 

PI3K/AKT, have been shown to be of such importance to tumor pathogenesis 

that the tumor is thought to be dependent on it for its existence – this is known as 

oncogene addiction. This phenomenon posits that there are one or a few 

dysregulated genes that control the proliferation and survival of a tumor163–167. If 

this were unequivocally true, we would expect that targeted monotherapy or even 

combination therapy to the cancer drivers would fulfill the promise of 

personalized medicine – eradicating the tumor with minimal collateral damage to 

normal cells. In practice, we predominantly see cytostatic responses and 
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increases in PFS as clinical outcomes, while overall survival frequently does not 

change. Additionally, resistance invariably and inevitably develops to the targeted 

therapies.  

So, if we have uncovered cancer hallmarks, found the most likely drivers 

of a cancer by tumor sequencing studies, and confirmed its functional relevance 

to that particular cancer type, why is there intrinsic resistance? Part of this 

problem is caused by the fact that tumors are frequently heterogeneous. Tumors 

of different overall genotype may possess different drivers of their disease. This 

may vary at different points in time (e.g., tumorigenesis versus progression 

versus metastasis) and in different contexts (e.g., pre- and post-treatment, at 

relapse). The solution becomes identifying the most consequential driver 

between clones and targeting it so that the tumor does not just stop growing, but 

also dies. To do this, we must understand tumor heterogeneity and search for the 

targets and treatments that leverage oncogene addiction, eradicating the majority 

of clones in a tumor.  

 

i. The Problem of Tumor Heterogeneity 

Sequencing studies of multifocal regions of tumors, the same patient’s 

tumor over time, or over a course of treatment, have shown tumors to contain a 

few to thousands of mutations in coding regions of the genome242. Despite the 

sampling procedure, tumor type or stage, and sequencing depth, certain tumor 

types have a higher mutational burden than others102,243. For example, tumors 
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associated with environmental triggers, such as melanoma (sunlight/ultraviolet 

light exposure) or lung cancer (tobacco exposure), have approximately a 1000-

fold higher somatic mutation frequency (per mega base of DNA) than pediatric 

tumors, such as rhabdoid tumors or Ewing sarcomas243.  

The data on mutational burdens, allele frequencies, and functional 

importance of drivers is predominantly described as alterations in protein coding 

regions. This is due to the cost and longer turnaround time of whole genome 

sequencing as well as the unknown functional implications of alterations in many 

non-coding locations. However, tumor heterogeneity goes beyond coding regions 

into the regulation of expression of genes. Alterations in epigenomic mechanisms 

that control the expression of genes (e.g., DNA methylation, chromatin- or 

histone-modifying machinery, and enhancer/repressor segments) contribute to 

tumorigenesis and tumor heterogeneity244–248. Additionally, there are post-

transcriptional (i.e., splicing or ribosomal protein modifications)249,250 or post-

translational (i.e., codon usage, changes in phosphorylation, ubiquitylation, 

sumoylation modifications)234,238,251,252 functions that can increase the diversity of 

tumor clonal fitness. For example, it has been recently shown that there can be a 

disconnect between mRNA transcription and translation to protein 

abundance/stabilization. This phenomenon, termed translational offsetting, 

describes a regulatory mechanism whereby a proliferation signaling molecule 

(i.e., ERa – Estrogen receptor alpha) affects the expression of a tRNA-interacting 

complex (i.e., ELP – Elongator complex). This tRNA-interacting complex modifies 
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the U34-wobble base, resulting in differential codon usage and, subsequently, 

differences in protein translation efficiency and efficacy235,236,253,254. Accordingly, 

the abundances of proteins do not always correspond directly with the changes 

seen at the transcriptional level, and vice-versa. Importantly, no specific mutation 

in either ERa or the ELP complex was necessary to facilitate translational 

offsetting-mediated resistance. Finally, genomic copy number variations, such as 

cis- and trans- insertions and deletions of gene segments or whole chromosomal 

segments, can have profound impact on the genome, affecting hundreds of 

genes192,193,255. At every layer of the genome and regulation of expression there is 

an opportunity for cancer to exhibit diversity, both within the tumor as well as 

across patients with the same tumor type. Therefore, the ability to prioritize which 

driver(s) constitutes a contextual fitness advantage to the tumor becomes 

invaluable.   

Every alteration constitutes a potential clone – therefore, the potential for 

meaningful targets in a tumor can be overwhelming. With all this heterogeneity, it 

is impressive that targeted therapy works at all. However, it is not surprising that 

resistance occurs and remains the major issue affecting the efficacy of 

personalized medicine. The following are vital to mitigating tumor heterogeneity: 

1) characterizing all of the clones that exist within the tumor and 2) prioritizing 

which clones to target. Comparing the sequence of the tumor to paired normal 

patient tissue, comparing the set of alterations to a host of patient samples from 
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the same tumor, and functionally validating their oncogenic roles in both in vitro 

and in vivo models can all help to narrow down a set of candidates to target.  

Mathematical modeling has begun to be implemented to further narrow 

down the list of drivers contextually causing disease by, for example, estimating 

the number and identity of the clones that compose a tumor. Carter and 

colleagues created an algorithm called ABSOLUTE, which, for a sequenced 

tumor sample, estimates the cancer cell fraction of each identified somatic single 

nucleotide variant (SSNV) – i.e., what fraction of the tumor has an alteration in a 

specific gene locus. The algorithm does this by accounting for both the tumor 

purity (i.e., amount of tumor versus contaminating normal DNA that exists in the 

sample) and somatic copy number at the locus inspected99,256,257. This is 

potentially a powerful tool in characterizing both the number of alterations and 

genetic composition of clones in a tumor. Therefore, it can help prioritize targets 

for functional validation, which clones to target, and even provide insight into 

which clones may be enriched for in the event of targeted therapy resistance. For 

example, Lohr and colleagues found clonal heterogeneity in virtually all multiple 

myeloma tumor samples with a purity of at least 0.7. Specifically, most patient 

tumors had at least three detectable subclones and some had as many as seven 

subclones101. As a proof of principle, they found that BRAF inhibition (in a cell line 

in vitro model of multiple myeloma) selectively affected proliferation and MAPK 

signaling in a cell line model of myeloma with an activating K601N mutation as 

opposed to one with wildtype BRAF. 
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  Heterogeneity varies by tumor type, with about 8% of patients with 

multiple myeloma having one or no subclones, while the prevalence in ovarian 

cancer is about 19%101,258,259. There is still no way to confirm the tumor’s 

dependence on candidate drivers exclusively from sequencing studies. For 

example, a driver might be clonal or sub-clonal (high or low frequency) 

depending on the patient, treatment history, or tumor type101,256,257,260,261. Also, just 

because a tumor has an alteration that could be deemed a driver of a hallmark of 

cancer, it does not mean that it is contextually (at the moment of inspection or 

after treatment) functionally relevant.  

How then do we address the issue of tumor heterogeneity? Targeting 

every single potential driver that is identified in a tumor is not feasible. This 

strategy does not rationally target molecules based on relative importance to the 

patient’s tumor. Additionally, while less toxic than standard chemotherapy, in high 

enough dose or in combination with other drugs, each of these treatments can 

cause substantial off-target and adverse effects. Besides choosing the most 

likely effective first therapy, it is vital to consider what the likely culprit of 

resistance would be to develop going forward. Therefore, how do we 

appropriately define “most important”? Ideally, the one that causes the most 

damage to the tumor and prevents the prospect of resistance/relapse, or at least, 

delays resistance as much as possible.  

Importantly, resistance occurs despite the targeted therapy undergoing 

extensive preclinical model (in vitro and in vivo) and human testing. Specifically, 
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a) the drug binds and inhibits its intended target, b) the target is known to be a 

driver in the disease, and c) the target was discovered by clinical diagnostic 

testing to be altered in the patient’s tumor. Therefore, either we are not choosing 

our drivers correctly, comprehensively enough. Or, we need to revisit exactly how 

we think about the expected effects (i.e., on proliferation and survival) of targeted 

therapies – let’s examine oncogene addiction more closely. 

 

ii. Oncogene Addiction as a Rationale for Targeted Therapy 

Major cancer alteration characterization efforts, such as The Cancer 

Genome Atlas (TCGA258,259), the Catalogue of Somatic Mutations in Cancer 

(COSMIC262–264) have provided the candidate landscape upon which targeted 

therapies can be designed. Additionally, mathematical modeling of tumors to 

determine clonality of genetic alterations and functional characterization efforts of 

candidate drivers (i.e., the Cancer Cell Line Encyclopedia265, Achilles and 

DepMap Projects266–268) are helping in the effort to prioritize targets on a per 

cancer type basis. With all of the tumor heterogeneity that exists, why do we 

think that targeting a single gene would be efficacious? Success stories, like that 

of targeting the BCR-ABL oncogene in CML, provided strong arguments for the 

validation of the oncogene addiction theory.   

 The BCR-ABL inhibitor, Imatinib, is a major success story in the history of 

targeted therapies. The BCR-ABL oncogene, or Philadelphia chromosome, is the 

product of a 9:22 chromosome translocation. BCR is a serine-threonine kinase 
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that interacts with actin, lipids, and GTP. ABL is a ubiquitously expressed non-

receptor tyrosine kinase that is involved normally in many key cellular functions, 

such as cell growth, actin remodeling, and survival. The BCR-ABL oncogene 

creates a constitutively active ABL protein function, which is necessary for 

Chronic Myelogenous Leukemia (CML) initiation and maintenance in both 

preclinical models and in patients269–274. Imatinib received Food and Drug 

Administration (FDA) approval in 2001 for the treatment of CML. In a five-year 

follow-up study, where patients were randomized into Imatinib versus Interferon-

a plus cytarabine chemotherapy, the complete cytogenetic response was 69% by 

12 months and 80% by 60 months of treatment. The overall survival of patients 

on Imatinib was 89%. Grade 3 or 4 adverse events (e.g., neutropenia, 

thrombocytopenia, anemia, or elevated liver function enzymes) diminished over 

time and complete cytogenetic responses corresponded with protection from 

disease progression to late-phase CML or blast crisis. Unfortunately, only about 

5% of patients treated with continuous BCR-ABL inhibition witness a lack of 

relapse188,206,207,275,276. Usually, resistance develops in the form of either: a 

secondary alteration in BCR-ABL (i.e., amplification or a gatekeeper mutation like 

the T315I181,182,208) or signaling bypass (i.e., via SRC or FGF family 

activation208,209). There are now newer generation BCR-ABL inhibitors (of the 

types discussed in the previous section above) that are more efficacious and 

delay the time to resistance. However, resistance still invariably develops in most 

patients. Based on the degree of response from patients, it is clear that BCR-ABL 
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is a driver of CML. Additionally, the cancer is dependent on the BCR-ABL 

oncogene for its pathogenesis (proliferation/expansion and survival). Finding 

other examples where this is true is imperative to successful, lasting 

management of cancer. 

 

iii. Appropriately assessing targeted therapy efficacy 

If we re-examine the definition of the oncogene addiction theory, forming 

the basis of targeted therapy as a viable intervention, it states that a tumor can 

become dependent on one or a few genes for both its proliferation/growth and 

survival163–167. Therefore, if we identify and target the correct driver oncogene, the 

cancer should respond in two ways – growth arrest/delay and death. Yet, in most 

cases, targeted therapy has been described to more commonly induce cytostatic, 

but not necessarily a clinically cytotoxic response in cancers. A major problem 

with this blanket characterization is that most of the studies measure net 

population numbers or cell growth (e.g., Cell-Titer Glo), but do not explicitly 

measure cell death. In the Lee laboratory of systems pharmacology, we study 

mechanisms of cell death and how they are regulated. To do this, we have 

incorporated the use of a fluorescent cell dye reagent, known as SYTOX green, 

which can only bind to exposed DNA/RNA fragments – therefore, it allows for 

agnostic measurements of cell death. By sacrificing a set of cells at a time point 

prior to treatment with a drug (T0 hour) measuring a SYTOX-green labeled set of 

cells over the course of a treatment, and then sacrificing this longitudinal plate, 
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we have access to an accurate assessment of the live, dead, and total cell 

populations over the course of treatment277,278. With this information, we can 

assess drug effects on both cell growth/proliferation and cell death. First, the 

normalized Growth Rate inhibition metric (GR) accounts for cell proliferation 

rates, duration of assay, and perturbagen exposure to provide a measure of net 

population changes over time279,280. Calculating a ratio between the measure of 

cell number in treated and untreated conditions, we can assess the Relative 

Viability (RV) of a population over time. Separately, calculating the ratio of dead 

to total cell number of a treated cell population over time, we not only obtain the 

Lethal Fraction (LF) phenotype of a perturbagen, but can also calculate cell 

death kinetics (e.g., death rate, death onset time)277,278. Being able to distinguish 

between and directly assess measures of proliferation and death, we can 

appropriately assess oncogene addiction in models of cancer.        

Short of trying every candidate targeted therapy on a patient-by-patient 

basis, I have employed this dual assessment strategy in my thesis to interrogate 

why a driver oncogene (EGFR), which is similarly dysregulated in two cancers 

(NSCLC and TNBC) cannot be targeted to the same level of efficacy. In the end, 

this more extensive assessment of targeted therapy efficacy helped me identify a 

protein complex that was masking oncogene addiction to EGFR in TNBC. This 

insight, in turn, helped my team and I elucidate a more effective synergistic drug 

combination strategy for TNBC281.   
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D. EGFR AS A POTENTIAL TARGET IN TNBC 

While breast cancer mortality has declined by approximately 40% in the 

United States from the period of 1989 to 2017, it remains one of the most 

common forms of cancer1. The diagnosis, treatment, and management decisions 

are guided predominantly by tumor stage, tumor grade, and 

immunohistochemical profile (i.e., hormone receptor and HER2 expression 

status).  

 

i. Classifying and Treating Breast Cancers 

Tumor stage describes the extent to which cancer exists in the body. 

Generally, the earlier the stage, the more favorable the prognosis. Based on an 

assessment of tumor and/or lymph node biopsy analysis, the stage can be 

classified using the TNM system (i.e., T = tumor size – from in situ to larger than 

5cm and with non-breast tissue involvement, N = lymph node involvement by 

number affected and location relative to the breast tissue, and M = if metastasis 

exists)282–285. Tumor grade, which also affects the assessment of tumor stage, 

helps to classify important features that clarify the degree of aggressiveness of 

the tumor. Generally, the lower the grade, the more favorable the prognosis. The 

Nottingham System, also known as the Bloom-Richardson-Elston System grades 

breast cancers through a scoring system that includes assessment of: tubule 

formation (i.e., percentage of tumor that forms normal duct communication 

systems – lower percentage is of higher grade), nuclear polymorphism (i.e., 
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describes whether cellular nuclei appear like standard/regular breast duct 

epithelial cells or whether they are larger, darker, and pleomorphic), and mitotic 

count (i.e., how many cells are dividing per 10, high power fields – the higher the 

count, the higher the grade)286–290. Another way commonly used to assess the 

grade of a tumor is proliferation rate – specifically, the MIB1 antibody labels Ki-67 

antigens, which are produced naturally as cells divide291. A higher proportion of 

Ki-67 positive cells correlates with higher proliferation rate, which denotes a more 

aggressive (higher grade) tumor.  

Immunohistochemical classification of hormone-receptor status is another 

important part of breast cancer staging. Breast cancer cells can be classified as 

being positive for estrogen-receptor (ER) or progesterone-receptor (PR) positive. 

Approximately 70-80% of breast cancers are hormone-receptor positive292,293. 

This classification has implications, not only for staging, but also for the types of 

treatment that can be effective in treating these cancers as their proliferative and 

survival potential is sensitive to hormone signaling. Hormone therapies, like 

Tamoxifen (ER inhibitor) or Anastrozole (aromatase inhibitor) can either block 

estrogen from signaling through breast cancer estrogen receptors or decrease 

the amount of circulating estrogen in the body, respectively. Finally, the 

HER2/neu (ErbB2) protein expression status has become a particularly important 

parameter for breast cancer staging. About 10-20% of breast cancers are 

considered HER2/neu positive. This means that, either by immunohistochemical 

staining or fluorescence in situ hybridization testing, the breast tumor sample 
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expresses high amounts of HER2/neu receptors or has high gene copy number, 

respectively294–296. This classification also has implications for treatment – 

antibody treatments, like Trastuzumab, can directly block the HER2/neu receptor 

and have shown to decrease the risk of death by 33% with an absolute difference 

in disease-free survival of 12% between the treated and control groups after 3 

years297,298. When trastuzumab is added to an antibody-drug conjugate (i.e., 

trastuzumab-emtansine), this combination prolonged progress-free (9.6 versus 

6.4 months) and overall survival (30.9 versus 25.1 months) relative to lapatinib 

(HER2/EGFR inhibitor) plus capecitabine299. The tumor stage, grade, hormone 

and HER2/neu receptor status all have implications for diagnosis, treatment, and 

management of breast cancer. There are a few rare forms of breast cancer that 

vary in their expression of the aforementioned proteins. Inflammatory Breast 

Cancers (IBC) account for 0.5-2% of invasive breast cancers and affect African 

American women more than white women. IBCs are mostly an aggressive 

manifestation of invasive ductal carcinomas of the breast (i.e., formed in the 

mammary duct) and are characterized by swelling and inflammation of the breast 

tissue300,301. Other rarer forms of breast cancer exist, such as Paget Disease of 

the Breast is a rare cancer of the skin of the nipple or the areola, which accounts 

for 1-3% of breast cancers, are commonly associated with an underlying breast 

cancer, and typically express HER2302,303. Triple Negative Breast Cancers 

(TNBCs) are named as such because they do not express any of these three 
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markers. They are usually of high grade and advanced stage in presentation, 

making them particularly difficult to treat. 

 

ii. Molecular Subtyping of Breast Cancers 

Used exclusively in research settings, another form of breast cancer 

classification is by molecular subtype. Breasts contain mammary ducts, which 

transport milk from the site of production (lobules) to the mammary papilla 

(nipple). The vast majority of breast cancer occurs at the inner lining (lumen) of 

the mammary ducts – classified as luminal. Consequently, the first two molecular 

subtypes are called luminal A and luminal B. Luminal A tumors tend to be ER-

positive, HER2/neu-negative and of low tumor grade (1 or 2). Approximately 30-

45% of breast cancers are classified as luminal A. Of all of the subtypes, Luminal 

A tumors have the best prognosis, with excellent survival rates and reasonably 

low relapse rates. Luminal B tumors tend to be ER-positive, have a poorer 

prognosis, higher tumor grade, larger tumor size, and higher likelihood of lymph 

node involvement than luminal A tumors258,304,305. Luminal B tumors have high 

survival rates, but usually lower than the luminal A subtype306,307. The next 

subtype is classified as HER2/neu-enriched, which describes about 10-15% of 

breast cancer tumors. These tumors tend to be ER- and PR-negative, of poor 

tumor grade, and lymph-node positive295,296,306,308. Additionally, women diagnosed 

with a tumor of this subtype tend to be younger than those with a luminal A or B 

subtype classification. Before the advent of HER2/neu inhibitors (Trastuzumab or 



 46 

Lapatinib), HER2/neu-positive breast cancer was considered to have a poor 

prognosis – worse than either luminal or basal subtypes136. 

Finally, there are also breast cancers that look more like the cells that 

surround the mammary ducts – classified as basal-like/claudin-low309. These 

tumors represent approximately 15-20% of breast cancers. Most basal tumors 

are ER-, PR-, and HER2/neu-negative – and so considered TNBCs. TNBCs 

predominantly affect younger women and those of black racial backgrounds than 

of the white race. TNBC prevalence is higher in Hispanic women than in non-

Hispanic white women310–314. TNBCs are considered the most aggressive breast 

tumors (usually diagnosed at advanced stage with higher grades), with poorer 

prognosis, as well as shorter PFS and OS than other subtypes 306,315,316. 

Importantly, TNBCs cannot be treated with the hormonal or HER2/neu targeted 

therapies because they lack expression of (and, thus, sensitivity to) the requisite 

targets. The success of targeted hormone and HER2/neu targeted therapies, 

combined with the lack of a clear molecular subtype classification (i.e., a 

diagnosis of exclusion), prompted the search for immunohistochemical 

classification of these basal-like TNBCs. Basal-like tumors were found to be 

generally positive for basal cytokeratins (i.e., cytokeratin 5/6), EGFR, and c-

KIT136. EGFR expression was found to be co-expressed in over half of assessed 

samples that were also positive for basal cytokeratin expression. As a result, 

basal-like tumors were reliably classified using a panel of four markers – negative 

for ER and HER2/neu and positive for cytokeratins 5/6 and EGFR. Interestingly, 
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EGFR is not frequently mutated in TNBC, but high expression is still a 

widespread phenomenon in these tumors137,141,305. This has been connected to 

EGFR amplification or loss of downstream phosphatases136,141,317. Finally, in a 

comparison of TNBC patients with high versus low EGFR gene copy number 

(hazard ratio, 2.57; 95% CI, 1.063-6.208), EGFR copy number was found to be 

an independent prognostic indicator of low DFS136. Importantly, based on these 

studies and the success of treatment implementation with hormone- and 

HER2/neu positive breast cancers, it was suggested that EGFR inhibition may be 

a viable option for targeted therapy in basal-like breast cancers (especially 

TNBCs)137,141.   

 

iii. EGFR inhibitor clinical trials in TNBC 

Once diagnosed, the standard of care for TNBCs (like the other breast 

cancer types) includes a combination of surgery (i.e., breast-conserving 

lumpectomy, mastectomy), radiation therapy, and standard chemotherapy. 

Standard chemotherapy is commonly administered in a neo-adjuvant or adjuvant 

setting. Currently, there are two standard chemotherapy regimens approved for 

treating TNBCs: 1) anthracycline-based – Doxorubicin with Cyclophosphamide or 

Docetaxel with Doxorubicin and Cyclophosphamide; and, 2) non-anthracycline-

based – Docetaxel with Cyclophosphamide318,319.  

The targeted therapy approach is useful for a niche set of TNBC patients 

containing mutations in the genes BRCA1 or BRCA2 (involved in the DNA repair 



 48 

response to DNA damage). Most (~70%) BRCA1 mutated breast cancers are 

both basal subtype and TNBCs (BRCA2 mutations are also commonly classified 

in this group, but not as frequently as those with BRCA1 mutations). PARP 

inhibitors (e.g., Olaparib or Talazoparib), which inhibit PARP-mediated DNA 

repair functions, have been FDA-approved for the treatment of BRCA-positive 

breast cancers320–322. Recently, the PD-L1 (immune checkpoint) inhibitor, 

Atezolizumab, has been approved as a first-line therapy with microtubule 

disruption chemotherapy, Paclitaxel (nano-particle albumin-bound, “nab-

Paclitaxel”), in unresectable locally advanced or metastatic TNBC. In patients 

with PD-L1 positive tumors, the combination of Atezolizumab + nab-Paclitaxel 

group significantly extended the median PFS from 5 to 7.5 months (hazard ratio, 

0.62; 95% CI 0.49-0.78)  and the median OS from 15.5 to 25 months (hazard 

ratio for death, 0.84; 95% CI 0.69-1.02)323. Most recently, on April 22, 2020, the 

FDA has approved an antibody-drug conjugate (Sacituzumab govitecan) for 

refractory metastatic TNBC. By targeting the human trophoblast cell-surface 

antigen 2 Trop-2), SN-38 (the activated form of the topoisomerase I inhibitor, 

Irinotecan) is delivered directly to TNBCs. The response rate was 33.3% (95% CI 

was 24.6-43.1) with a median progression-free survival of 5.5 months (95% CI, 

4.1-6.3) and an overall survival of 13 months (95% CI, 11.2-13.7)324. This 

represents the newest therapeutic attempts in many years for TNBCs. 

Patients with TNBC have a poor prognosis compared to patients with 

other breast cancer subtypes. Compared with breast cancer patients who are 
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hormone-receptor positive, but HER negative, TNBC patients have worse breast 

cancer-specific survival (HR 2.99, 95% CI 2.59-3.45) and worse overall survival 

(2.72, 95% CI 2.39-3.10)316. A conundrum in TNBC treatment is the fact that the 

application of targeted therapy in other forms of breast cancer (i.e., hormone and 

HER2/neu targeted therapies) is broadly effective. Yet, TNBCs, many of which 

express high levels of EGFR, have shown extensive intrinsic resistance to EGFR 

inhibitors interventions (whether as monotherapy or in combination with standard 

chemotherapy). Please see Table 1.4 for details on some recent clinical trials (all 

ended at Phase II). 

 

Year Condition/Regimen Outcome TNBC population and 
patients in trial 

2012 Carboplatin vs. 
Carboplatin + 
Cetuximab325 

ORR: 6% (mono) 
vs. 16% (combo); 
TTP: 2.1 months 

Stage IV TNBC (n = 102) 

2013 Cisplatin vs. Cisplatin + 
Cetuximab326 

ORR: 10% (mono) 
vs. 20% (combo) 

Metastatic TNBC (n = 115) 

2015 Ixapepilone vs. 
Ixabepilone + 
Cetuximab327 

ORR: No 
significance  

Metastatic TNBC (n = 79) 

2016 Neoadjuvant Docetaxel + 
Cetuximab328 

pCR: 24% Operable (stage I-III) 
TNBC (n = 33) 

2016 Irinotecan + Cetuximab329 ORR: 11% Metastatic TNBC (n =19) 
 
Table 1.4. Overview of recent TNBC patient clinical trials of standard 
chemotherapy with and without the use of EGFR inhibition.  
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E. OVERVIEW OF CHAPTERS II & III 

My thesis work was inspired by 1) the need to investigate the conundrum 

of an intrinsic resistance response to a targeted therapy that is effective against a 

driver that is similarly dysregulated in another cancer and 2) the clear need for a 

new therapeutic strategy for TNBC. 

My thesis research is focused on investigating why a targeted therapy 

(i.e., epidermal growth factor receptor, EGFR) is differentially efficacious in 

cancers where it is similarly dysregulated (i.e., NSCLC and TNBC). I did this by 

individually interrogating the EGFR-inhibitor effects on the components of the 

oncogene addiction – i.e., a gene controlling cell growth and death – in an in vitro 

model system of TNBC. In Chapter 2, I characterized the phenotypic effects of 

EGFR-inhibitor (Erlotinib) treatment in TNBC. I found that the cells are initially 

sensitive to Erlotinib (growth arrest, but no increase in cell death), but rapidly 

regain mitogenic potential within days of continuous treatment. The fact that 

downstream MAPK signaling remained inhibited despite renewed mitogenicity 

over continuous treatment, signaled a potentially new form of signaling bypass. 

Using the observation from concurrent studies that the bypass might be 

transcriptionally mediated, I set out to discover the mediator of plasticity 

mediating this adaptation to EGFRi in TNBC. I characterized the transcriptional 

response of the treated cell population over time and found there to be 

enrichment for cell differentiation factor gene changes. We subsequently 

completed a drug screen focused on inhibitors of epigenetic modifiers and 
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identified DNA-methyltransferase activity as a possible mediator of the adaptive 

response. Unfortunately, at the point of writing this thesis, I was unable to 

discover either the new mitogenic pathway used in an EGFR-dependent state 

nor the mediator of plasticity for this adaptation. While both are interesting 

questions to pursue, the discovery of the plasticity mediator would potentially be 

more clinically useful, as it could be used as a biomarker for cellular plasticity.  

In Chapter 3, I set out to explore the means of survival of these EGFRi 

treated TNBCs in the resistant state. I discovered that EGFRi causes both a 

growth delay and cell death in NSCLC, but only a minor growth delay in a subset 

of TNBCs. Using a Whole-Genome CRISPR screen, I discovered that the 

translational role of the tRNA-modifying Elongator (ELP) complex maintains 

TNBC cell survival solely in the context of EGFR inhibition. This led me to 

discover the ELP-complex was masking oncogene addiction to EGFR inhibition 

by maintaining the protein abundance of a BCL2-family anti-apoptotic protein, 

MCL1. This dependence was confirmed by the discovery of a pharmacological 

synergistic effect between EGFR- and MCL1-inhbition281. This thesis research 

accomplishes three goals: characterizes a novel form of signaling bypass 

mediated by transcriptional rewiring, uncovers EGFR oncogene addiction in 

TNBC, and presents a potential therapeutic strategy for TNBC, a deadly 

aggressive cancer that is currently treated with non-targeted standards of care – 

surgery, radiation therapy, and standard chemotherapy. 
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CHAPTER II 

 

DRUG-INDUCED TRANSCRIPTIONAL REWIRING, IN A MODEL OF EGFR-
INHIBITOR TREATED TNBC, FACILITATES AN ERK-INDEPENDENT 

MECHANISM OF SIGNALING BYPASS RESISTANCE 
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I. ABSTRACT 

Genetic alterations to the Epidermal Growth Factor Receptor (EGFR), to its 

downstream effectors, or to parallel compensatory pathways are considered the 

primary causes of resistance to EGFR inhibitors. However, emerging data 

suggests that drug-induced transcriptional rewiring can also drive resistance. 

Unfortunately, biomarkers to identify rewiring potential in cancers are lacking. 

Unlike the high response rates in non-small cell lung cancer (NSCLC), EGFR 

inhibitors have repeatedly proved inefficacious in triple negative breast cancer 

(TNBC), where EGFR is similarly dysregulated, frequently overexpressed, and 

associated with poor clinical outcomes. We found that, in a model of TNBC, 

EGFR inhibition induces a transient growth arrest that is overcome 2-3 days after 

initial exposure and that this resistance to EGFR inhibition occurs in an ERK-

independent manner. With multiple time point resolution, we profiled the 

transcriptional response of these TNBC cells as they transitioned from an EGFR 

inhibitor sensitive to resistant state. We found evidence of drug-induced 

transcriptional rewiring, where thousands of genes were differentially expressed 

and enriched for roles in cellular differentiation, development, and metabolism. 

To find the mediator of transcriptional rewiring, we performed a screen with 

inhibitors of epigenomic modifiers. We found that inhibiting the DNA 

methyltransferase (DNMT) family caused high levels of cell death solely in the 

context of EGFR inhibition. Taken together, we found that DNMT activity may 

mediate a transcriptional rewiring mechanism of resistance against EGFR-
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inhibition in a model of TNBC. Additionally, our study provides a potential 

therapeutic strategy to overcome resistance by co-targeting EGFR and the 

DNMT family proteins. 
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II. INTRODUCTION 

 The selective dysregulation of cellular pathways that control mitogenic and 

survival signaling provides fitness advantages to cancer relative to normal 

surrounding cells. The promise of precision medicine is that, by interfering with 

dysregulated nodes that are vital to these pathways, targeted therapy can 

selectively damage and eradicate cancer while minimally affecting normal cells. 

The main rationale for the application of targeted molecular therapy in cancer is a 

paradigm known as oncogene addiction, in which a dysregulated gene (or a few 

genes) controls the growth and survival properties crucial to cancer 

pathogenesis163–166. There have been prominent successes using targeted 

therapy approaches, both in improving clinical outcomes and reducing adverse 

effect profiles, relative to standard chemotherapy. However, innate efficacy 

varies significantly between cancers having similar dysregulation of the target or 

the targeted pathway. Additionally, resistance inevitably occurs even in the 

context of initial sensitivity to targeted inhibition. Studies understanding these 

differences and lapses of efficacy are vital to optimize the outcomes of cancer 

patients.  

 The Epidermal Growth Factor Receptor (EGFR), a receptor tyrosine 

kinase (RTK) involved in mitogenic and survival signaling, has been successfully 

targeted most prominently in EGFR-mutant non-small cell lung cancer (NSCLC). 

EGFR inhibition in NSCLC has a response rate of approximately 70%, has 

increased progression-free survival relative to standard chemotherapy by 9-13 
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months, and has increased overall survival relative to standard chemotherapy by 

1-1.5 months147,160,171–173,179,199,215,216. Yet, EGFR inhibition is not necessarily 

efficacious in cancers with similar dysregulation of EGFR signaling135,137–141. 

Notably, EGFR inhibitor therapy has proved consistently inefficacious against 

triple negative breast cancer (TNBC)325–329, a particularly aggressive form of 

breast cancer that is found to frequently overexpress EGFR. TNBCs are so 

named because they lack expression of hormone receptors (i.e., ER and PR) 

and the HER2/neu protein, the latter being an important protein within the ErbB-

family of RTKs that includes EGFR. The lack of expression of ER, PR, and 

HER2/neu proteins renders hormone-directed or HER2-directed therapies 

ineffective, leaving surgery, radiation, and chemotherapy the standard of care for 

TNBCs. While mutations in EGFR are rare in TNBC, alterations in related forms 

of regulation work to increase EGFR signaling. For example, EGFR 

overexpression occurs in the form of copy number amplifications (gain of 

function). Additionally, loss of function mutations in EGFR-regulatory 

phosphatases is common137,141,317,330,331. Thus, molecular subtyping of basal-like 

breast tumors uses expression of cytokeratin 5/6 and EGFR to reliably identify 

TNBCs. Finally, EGFR copy number status has been found to be an independent 

prognosticator of low disease-free survival in TNBC patients136,330,332,333. Yet, after 

years of clinical trials combining EGFR inhibition and standard chemotherapy 

regimens, TNBCs appear intrinsically resistant to EGFR inhibition. The exact 
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reasons why this resistance occurs and why so early in treatment are not well 

understood. 

Resistance to targeted therapies can occur in an early (intrinsic) or 

delayed (acquired) fashion. While there has been a remarkable response to 

EGFR inhibition in EGFR-mutant NSCLC, 30% of cases are intrinsically resistant 

to EGFR inhibition. Additionally, resistance is invariably acquired even in those 

cases that were initially sensitive to treatment. Resistance to EGFR inhibitors has 

been described in three main forms128,334. Alterations to the EGFR protein itself 

(e.g., the T790M gatekeeper mutation at the catalytic kinase domain)142,158,162 or 

alterations to the pathway upstream or downstream of EGFR (e.g., mutations in 

BRAF or PIK3CA)142,160,162 can result in therapeutic resistance. A third form of 

resistance that has been described is signaling bypass. The phenomenon of 

signaling bypass describes a situation in which a pathway parallel to the inhibited 

node is able to restore signaling to the effector molecule downstream of the 

inhibited node. With respect to treatment course, these scenarios can occur 

either due to the previous existence (intrinsic) or the development of (acquired) 

genetic alterations over time that render the cells resistant. For example, in 

EGFR inhibitor resistant NSCLC, signaling bypass has been described to occur 

via HGF/MET receptor amplification or HER2 amplification, reactivating MAPK 

and PI3K-AKT signaling142,159,161,162. However, not all of EGFR inhibitor resistance 

can be explained by genetic alterations to EGFR, the pathway being inhibited, or 

to parallel pathways.  
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Importantly, signaling bypass has also been demonstrated to occur at the 

epigenomic and transcriptional regulatory levels, which then result in downstream 

signaling changes that foster resistance. In a TNBC model, inhibiting the MEK1/2 

proteins leads to the degradation of the transcriptional regulator, MYC, which in 

turn induces the expression and activation of several RTKs (e.g., PDGFRb, 

VEGFR2, HER2/3)228. In a HER2+ breast cancer model, HER2/neu and EGFR 

inhibition results in transcriptional upregulation and activation of several RTKs 

that is mediated by the BET family of epigenetic modifiers, including BRD4232. In 

a BRAF-mutant model of melanoma, BRAF inhibition precludes the suppressive 

effect of SOX10 (cell differentiation and stem cell factor) on TGFb signaling. This 

disinhibition allows TGFb to upregulate EGFR and PDGFRb, which reactivates 

inhibited MAPK signaling231. Importantly, each of these signaling bypass methods 

described to date includes a drug-induced transcriptional rewiring mechanism 

that uses RTKs to reactivate MAPK signaling and ERK1/2. ERK1/2 reactivation is 

expected as it has been shown to be an essential gene for the proliferation in 

cells of epithelial origin124,335,336.  

These examples of epigenomic and transcriptional methods of drug-

induced signaling bypass are mechanisms of adaptive feedback in the cell. 

Therefore, the cell is equipped to handle drug-induced stress and can become 

resistant rapidly – i.e., within hours to days of drug exposure – obviating the need 

for a drug-induced genetic alteration. Clinically, these mechanisms would be 

classified as being intrinsically resistant to the targeted therapy, not only because 
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the resistance that develops is rapid, but also because the generation of genetic 

alterations to the causal resistant components is neither readily apparent nor 

necessary for the resistance to occur. These mechanisms will be important to 

consider and explore when investigating why cancers respond differently to a 

targeted therapy – i.e., efficacious in one cancer type (e.g., EGFR inhibition in 

NSCLC) but not in another cancer type where the target is similarly dysregulated 

and suspected of being a driver for that disease (e.g., TNBC).  

 In this study, we profiled how a TNBC cell lines with high EGFR activity, 

respond to EGFR inhibition. We found that a subset of TNBCs, most prominently 

BT20 cells, experience a significant but transient growth arrest in response to 

EGFR inhibition, without a significant increase in cell death. The EGFR inhibitor, 

Erlotinib (ERL), interferes with EGFR activity rapidly and maintains an inhibitory 

efficacy even after the cell population has regained proliferative potential (2-3 

days after initial drug exposure). The mitogenic pathway used by the cells that 

developed resistance to ERL is not only EGFR signaling independent, but also 

ERK independent. Additionally, we found that the deactivation of EGFR and ERK 

signaling was ERL-dependent. Removing the EGFR inhibitor treatment resulted 

in reactivation of EGFR and ERK signaling, implying the resistance may be 

reversible. We profiled the transcriptional expression patterns of cells treated with 

ERL with fine timepoint resolution and found that there are several thousand 

genes changes, mostly associated with cell differentiation processes. It appears 

that EGFR-driven TNBC cells can undergo transcriptional rewiring in response to 
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EGFR inhibition. Recent literature has pinned this transcriptional rewiring as 

mediated by epigenomic or chromatin-modifying factors – i.e., higher order 

regulators of gene expression. As a result, we subsequently completed a drug 

screen on BT20s treated with a panel of inhibitors of epigenetic modifiers, either 

as monotherapy or in combination with ERL. Our screen revealed that the BET 

family inhibitor, JQ1, and the DNMT family inhibitor, SGI-1027, were selectively 

efficacious in preventing net population growth when combined with ERL 

treatment. SGI-1027, which exhibited the clearest example of synergy with ERL, 

specifically causes significant cell death in combination with ERL. Taken 

together, this study identifies a non-traditional method of signaling bypass-

mediated resistance, whereby proliferative signaling is regained by foregoing the 

inhibited MAPK pathway. Additionally, it identifies DNA methylation as a potential 

mediator of transcriptional rewiring in an EGFR-driven TNBC model treated with 

an EGFR inhibitor. This study provides both a potential actionable therapeutic 

strategy for TNBC as well as a biomarker of transcriptional rewiring in response 

to the targeting of an oncogenic driver.  
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III. RESULTS 

 
A. EGFR inhibition induces a growth delay, but not cell death, in BT20 

(TNBC) cells 
  

Mutations and amplifications in EGFR have been successfully targeted, 

most prominently in EGFR-mutant NSCLC. However, EGFR inhibition has not 

proved efficacious in clinical trials of TNBC, where EGFR is frequently 

overexpressed and associated with poor clinical outcomes. To study the 

phenotypic growth response of EGFR inhibition in TNBC, we profiled the TNBC 

cell line BT20, which has high EGFR expression and activity. The oncogene 

addiction theory posits that a driver oncogene affects both the growth and 

survival of a cancer. Therefore, we expect that an efficacious administration of 

ERL should result in a combination of effects on BT20s – i.e., on growth and on 

survival. Using the Cell Titer Glo luminescence viability assay, we found that 

BT20 experiences a decrease in population growth in response to continuous 

treatment with the EGFR inhibitor, erlotinib (ERL) (Fig. 2.1A). It is possible to 

observe this decrease in population growth in ERL-treated BT20s in two ways: a 

decrease in cell growth rate or an increase in cell death. Cell Titer Glo 

luminescence allows for a convenient high-throughput readout of population 

change, but it does not directly measure either live cell population doubling time 

or cell death. Using the Cell Trace proliferation dye to stain live growing cells, we 

quantified this ERL-mediated growth delay to an increase in doubling time of 

about 7.7 hours (i.e., DMSO doubling time of 32.5 hours, ERL doubling time of 
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40.2 hours, Fig. 2.1B). Cell cycle analysis, using propidium iodide staining and a 

phospho-histone H3 antibody to identify mitotic cells, showed that this growth 

delay occurs as a result of a growth arrest at the G1/S cell cycle phase (Fig. 

2.1C). We then set out to quantify whether the ERL-mediated phenotype also 

causes an increase in cell death in BT20 cells. Using the SYTOX green cell 

viability dye, which exclusively stains free DNA/RNA, we determined the lethal 

fraction (ratio of dead cells to total cells measured) to increase non-significantly 

from 9.6% to 14.1% in cells treated for 72 hours with DMSO versus ERL, 

respectively (Fig. 2.1D). Furthermore, using a flow cytometry-based analysis, we 

assessed no significant difference in the percentage of apoptotic cells (double 

positive for cleaved Caspase-3 and cleaved PARP expression) in cells treated 

with DMSO versus ERL (Fig. 2.1E). These results indicate that Erlotinib 

treatment induces a growth inhibitory phenotype while exerting a minimal effect 

on BT20 cell survival. Furthermore, while the growth arrest is significant, it was 

interesting that this arrest is transient as the cells regain proliferative potential 

after 2-3 days of treatment (Fig. 2.1A). This rapid loss in sensitivity would 

translate into the intrinsic, early resistance seen in the EGFR-inhibitor-related 

clinical trials to date. 
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Figure 2.1: EGFR inhibition induces a growth delay in BT20 (TNBC), but not cell death. 
(a-c) BT20 (TNBC) cell growth sensitivity in response to continuous 10 uM Erlotinib (ERL) 
treatment. (a) Population growth, using Cell Titer Glo, over 96-hour exposure to either DMSO 
(%v/v) or 10uM ERL. Data are the mean +/- Std. Dev. from 3 biological replicates. Baseline 
T0 activity (phosphorylation at Tyrosine1173) and expression of EGFR in BT20 cells. (b) Cell 
proliferation dye dilution to determine the doubling time of live cells. Cells were labelled with 
CellTrace proliferation dye. Cells were treated with either DMSO (%v/v) or 10uM ERL. 
Samples were collected prior to drug addition or following 72 hours and analyzed using flow 
cytometry. Mean doubling time listed inset. Data are representative of 3 independent 
biological replicates. Blue circles indicate SD of replicates. (c) Cell cycle analysis, using 
propidium iodide staining, of cells at baseline and with continuous exposure with 10 uM ERL 
at the times listed. Data are mean +/- SD from 3 biological replicates. (d-e) BT20 (TNBC) cell 
death sensitivity in response to continuous 10 uM Erlotinib (ERL) treatment. (d) Cell viability 
staining with SYTOX Green to determine the lethal fraction of cells exposed to ERL. Cells 
were treated with either DMSO (%v/v) or 10uM ERL. Samples were collected prior to drug 
addition or following 72 hours, then stained with SYTOX Green viability dye, and analyzed 
using flow cytometry. Mean lethal fraction listed inset. Data are representative of 3 
independent biological replicates. (e) Cleaved Caspase-3 and cleaved PARP analysis to 
assess apoptotic response after exposure to ERL. Cells were treated with DMSO (%v/v) or 
10uM ERL for 24 hours, then stained with apoptotic signaling markers, and analyzed using 
flow cytometry. Gold box showing cells double positive for apoptotic signaling markers, which 
denotes cells dying from apoptosis. 
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B. BT20 cells, resistant to EGFR inhibition, use an ERK-independent 
method of signaling bypass to regain mitogenic potential 

 
 The predominant phenotype in ERL-treated BT20 cells is a transient 

growth arrest, translating to a delay in the time it takes for the population to 

double. We sought to further characterize the growth delay phenotype of live 

ERL-treated BT20 cells over a time course, using the Cell Trace cell proliferation 

dye. This dye uniformly stains the phospholipid membrane of intact, live cells. 

The fluorescence intensity of the dye decreases in fluorescence with 

approximately every cellular doubling. While not being synchronized by cell cycle 

stage, the relative population distribution of fluorescence should be maintained 

over time, assuming the population remains at the level of doubling time 

homogeneity observed at initial staining. Therefore, the cell proliferation dye 

analysis allows us to quantify the width of the population distribution over the 

treatment time. Using this measurement, we can detect differences in cellular 

doubling patterns in the context of DMSO-vehicle or ERL treatment. This is an 

important parameter as it can provide insight as to whether there is a 

heterogeneous population of sensitive and resistant clones that exists within the 

treated cells. Using the cell proliferation dye, we see that the cells regain 

proliferative potential between 2-3 days of continuous ERL treatment (Fig. 2.2A), 

with a doubling time delay of about 10% relative to the DMSO-treated cells. If the 

BT20 cell population was heterogeneous in composition (i.e., if there were ERL-

sensitive and resistant clones), we would expect there to be two populations 

captured in the experiment. This would have been represented as either two 



 65 

distinct populations (with two peaks) or a widening of the size of the population 

assayed. Since the coefficient of variation (CV) of the assayed populations 

(width) is almost exactly the same (Fig. 2.2A), the presence of a heterogeneous 

population in the treated BT20s is unlikely. Therefore, we conclude from this 

analysis that the ERL-treated BT20s become resistant to EGFR inhibition within 

2-3 days of continuous treatment and regain proliferative potential en masse. 

 EGFR signals through various canonical pathways, including prominently 

through the MAPK and PI3K-AKT pathways, which control vital processes 

including cell proliferation and survival124,168,169,199,335,336. Therefore, we wanted to 

characterize how ERL treatment affects the activation dynamics of these 

important EGFR-relevant pathways over time. Interestingly, ERL treatment is 

remarkably effective at reducing the activity of ERK signaling, the downstream 

mitogenic effector of EGFR and the MAPK pathway (Fig. 2.2B). ERK activity is 

dramatically reduced within 5-10 minutes of continuous exposure to ERL and 

remains at this reduced activity level well after the BT20 cells become resistant to 

EGFR inhibition and start proliferating again (2-3 days of treatment) (Fig. 2.2A). 

PI3K-AKT signaling constitutes an important survival pathway, but not essential 

for proliferation signaling124,335,336. AKT can be activated through phosphorylation 

at its activation loop in the Threonine 308 (Thr308) position by PDK1337,338 and by 

phosphorylation at the carboxy-terminus at Serine 473 (Ser473) by the mTOR-

Rictor-Sin1 complex338–340. Interestingly, while ERK activity (phosphorylation) in 

BT20s is immediately and continuously inhibited affected by EGFR inhibition, 
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AKT activity remains relatively stable and homogeneous throughout the process 

of ERL-treatment resistance (Fig. 2.2B). The lack of any dynamic changes in 

AKT activity, coupled with the growth delay and the minute increase in cell death, 

allow us to conclude that ERL primarily exerts its effect through the MAPK 

pathway and ERK. Importantly, it is possible that the AKT activity may be 

involved in maintaining BT20 survival in the face of ERL treatment, but this is 

beyond the scope of this study. 

We were surprised to see that ERK1/2 activity remained so dramatically 

inhibited by ERL treatment even after the BT20 cells regained mitogenic 

potential. Resistance to EGFR inhibition, whether intrinsic or acquired, has been 

described to occur via alterations to EGFR itself, alterations upstream or 

downstream of EGFR-associated pathways, or through signaling bypass. 

Signaling bypass describes a situation in which a parallel pathway compensates 

for the inhibition of the targeted pathway by reactivating vital signaling 

components downstream of the inhibited node. One important common 

denominator in these studies is that, to date, each instance of signaling bypass 

described occurs via a compensatory RTK signaling that reactivates MAPK 

signaling via ERK. We assessed RTK activity in BT20s in the context of ERL 

treatment with the PathScan RTK Signaling Antibody array kit, which uses target-

specific capture antibodies to detect the expression of 28 RTKs and 11 signaling 

nodes when phosphorylated (activated). After 3 days of ERL-treatment, 

coincident with BT20s regaining proliferative potential, we observed that 
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phospho-ERK1/2 and phospho-S6 ribosomal proteins are down-regulated in 

activity and that EphB3, SRC, FLT3, and CSF1R all show increased 

phosphorylation (activation) in the ERL-treated BT20 cells (Fig. 2.2C-D). The 

downregulation of the ribosomal protein, S6, indicates that, relative to baseline 

levels, the cells are in a state where certain mRNAs associated with growth and 

proliferation are not being translated as efficiently341,342. This is expected as the 

BT20 cells are in the process of regaining proliferative potential in the new ERL-

resistant state. EPHB3 has overlapping functions with another ephrin RTK, 

EPHB2, which mostly function in axon guidance, maturation of dendritic spines, 

and production of excitatory synapses during neural development. These 

receptors mostly function in cell fate, morphogenesis and organogenesis343–345. 

SRC is a non-receptor tyrosine kinase that plays important roles in myriad 

cellular process, including cell cycle progression, apoptosis, cell adhesion and 

migration, and immune responses. It is also involved in the activation and 

regulation of various other members of protein tyrosine kinase families (e.g., 

PDGFR, STAT1/3, EGFR)346,347. FLT3 and CSF1R are particularly interesting as 

they are both involved in the proliferation signaling, growth, and differentiation of 

hematopoietic precursor cells348–352. Additionally, FLT3 and CSF1R form 

important mediators of the development of immune cells like dendritic cells and 

mononuclear phagocytes (e.g., monocytes and macrophages), respectively. 

These aforementioned proteins with upregulated activity are all implicated in 

multiple mitogenic pathways, including MAPK. Therefore, they may be involved 
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in the proliferation signaling of the ERL-resistant BT20s; however, we have not 

confirmed that in this study. Regardless, ERK, the effector of the MAPK pathway 

remains largely inactivated (at less than 25% of its untreated baseline activity 

level) (Fig. 2.2C-D), making it likely that the ERL-resistant cells are using a 

completely different mitogenic pathway in their new growth state.  

The observation that mitogenic potential is restored in BT20 cells in an 

EGFR and ERK independent fashion is notable, not only because the previously 

described signaling bypass mechanisms all reactivate ERK, but also because 

there is significant precedent data that argues for ERK as an essential protein in 

epithelial-lineage cells. Specifically, it has been shown that only constitutive 

activation of the RAS proteins (HRAS/NRAS/KRAS) or components of the RAF-

MEK-ERK (MAPK) signaling pathway can compensate in proliferative potential 

when RAS signaling is lost124,335,336. To determine the extent of ERK-

independence in these ERL-treated BT20s, we went a step further and used a 

MEK inhibitor in combination with ERL treatment to assess the response of ERL-

naïve and ERL-resistant cells. MEK1 and MEK2 are integral proteins in MAPK 

signaling, are directly upstream of ERK, and are only known to phosphorylate 

and activate ERK353–356. An ERK-sensitive, ERL-naïve cell population should 

respond to the combination of MEK and ERL treatment with a significant 

reduction in population size. We observed, as expected, that the ERL-naïve 

(wild-type, WT) BT20 cells suffer a significant decrease in relative viability (total 

cells in treated versus untreated populations) with the combination of MEK and 
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EGFR inhibition. However, the ERL-resistant (long-term ERL, LT) cells are 

resistant to the combination (Figure 2.2E). This further indicates that BT20 

TNBCs adapt to ERL in a signaling bypass-mediated manner that is EGFR and 

ERK-independent. 
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Figure 2.2: BT20 cells (TNBC) resistant to EGFR inhibition use an ERK-
independent method of signaling bypass to regain mitogenic potential. (a) BT20 
cells develop resistance to EGFR inhibition after 2-3 days of exposure. Cell proliferation 
dye dilution to determine the doubling time of live cells. Cells were labelled with 
CellTrace proliferation dye. Cells were treated with either DMSO (%v/v) or 10uM ERL for 
times indicated. Samples were collected prior to drug addition or following 72 hours and 
analyzed using flow cytometry. Mean doubling time listed inset, as well as CV of the 
population size of the analyzed cells. Data are representative of 3 independent biological 
replicates. (b) MAPK activity signaling and PI3K/AKT activity signaling throughout the 
development of resistance to ERL. Phospho-ERK (Thr202/Tyr204) and phospho-AKT 
(Thr308 & Ser473) protein expression in BT20 cells treated with continuous 10uM ERL 
for the time course indicated. Data are representative of 3 independent biological 
replicates which all showed similar results. (c) RTK Pathscan array featuring 39 RTK 
signaling proteins. Data shown are representative of 2 independent biological replicate 
blots of BT20s at baseline untreated and after 72 continuous hours of 10 µM ERL. Both 
blots showed similar data. (d) Quantification of (c). Data are mean +/- Std. Dev. of two 
replicates. (e) Relative viability, using Cell Titer Glo, of ERL-naïve BT20s (WT) treated 
with continuous 10uM ERL and/or 10uM PD90853 (MEK inhibitor) (left panel) or ERL-
resistant (LT) BT20 cells treated with continuous 10uM ERL and/or MEK inhibitor. Data 
are the mean +/- Std. Dev. from 4 biological replicates.  
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C. The transition to an EGFR inhibitor resistant state involves 
thousands of transcriptional changes, predominantly in genes 
involved in cell differentiation processes 

 
 ERK reactivation via upregulated and activated kinase signaling has been 

the common endpoint of signaling bypass mechanisms described to date. In 

EGFR-mutant NSCLC treated with EGFR inhibitors, amplifications of the MET or 

HER2 oncogenes have been shown to reactivate PI3K-AKT and MAPK 

signaling142,159,161,162. However, signaling bypass is not solely regulated by 

feedback at the level of dynamic pathway activation; it can also be regulated at 

the level of transcriptional changes or epigenomic modifications. Studies have 

implicated transcription factors (e.g., SOX family differentiation factors and 

pioneer factors) and chromatin regulators (e.g., BET bromodomain family) in 

transcriptional rewiring that leads to signaling bypass. For example, MEK 

inhibitor mediated MYC degradation induces RTK upregulation and activation, 

which can overwhelm MEK inhibition and reactivate ERK within hours of drug 

exposure228,229. These phenomena are not only rapidly occurring, but also 

contextually related to drug exposure. In BRAF-mutant melanoma, Sun and 

colleagues established that BRAF inhibition induced an adaptive mechanism 

whereby SOX10’s inhibitory regulation of TGFb is lifted, allowing for upregulation 

of kinases and subsequent MAPK signaling231. Importantly, this upregulation of 

EGFR and PDGFRb by TGFb was drug-induced. BRAF-mutant melanoma 

mouse models that become BRAF inhibitor resistant, can actually become 

dependent on the drug for their continued proliferation. Therefore, removing the 
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drug, as in a drug-holiday dosing strategy, may actually create a disadvantage 

for the tumor. Recently, it has been observed clinically that some BRAF-mutant 

melanoma patients that experienced resistance to BRAF inhibition can be 

successfully re-administered BRAF inhibitors after a drug-holiday period. This 

efficacy of re-challenging patients with a targeted inhibitor after a drug-holiday 

period has also been described in EGFR-mutant NSCLC. These observations 

imply that the adaptive resistance state is drug-induced, and thus, can be 

reversible239,241,357.   

We established in Figure 2.2B that ERK activity is rapidly downregulated 

within the first 10-15 minutes of ERL treatment. As expected, the inhibitory 

efficacy of ERL is even faster for EGFR activity, the target of ERL, with EGFR 

phosphorylation dramatically inhibited within the first 5 minutes of treatment (Fig. 

2.3A, top). This rapid action at EGFR and the MAPK signaling pathway (ERK) 

translates into the observed growth arrest and growth delay. We next asked 

whether the inhibitory effect on EGFR and ERK was reversible. To do this, we 

cultured BT20 cells with ERL until they became resistant (i.e., passed the growth 

arrest phase and regained proliferative potential) and re-assessed EGFR and 

ERK phosphorylation (activity) after removing exposure to ERL. Interestingly, 

when ERL is removed, BT20s are able to reactivate EGFR and ERK signaling 

(Fig. 2.3A, bottom). This indicates that the inhibition of MAPK signaling in BT20s 

is not only rapid, but also that the phenotype may be reversible and is ERL 

exposure dependent. 
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Due to the rapidity of the response, and the fact that EGFR and ERK can 

be reactivated upon withdrawal of ERL exposure, we hypothesized that the 

adaptation to ERL may be regulated at the transcriptional level. Therefore, we 

collected ERL-exposed BT20 cells at fine time-point intervals to assess their 

gene expression profiles over the course from transient sensitivity to resistance. 

It has been observed that, on average, cells react to drug exposure 

transcriptionally by differentially expressing tens to a few hundred genes358. This 

usually can afford the interrogation of a tractable number of pathways and 

corresponding gene targets causal to the drug phenotype. In contrast, we 

observed that several thousand genes (3055 genes were significant by DESeq2 

log2FC of greater or less than +/- 0.5 & –log10FDR-adjusted p-value of >1.3) were 

significantly differentially expressed after ERL exposure relative to DMSO-treated 

controls (Fig 2.3B). Since this dynamic, adaptive process of resistance to ERL 

occurs over the course of 2-3 days, we reasoned that studying the gene 

expression patterns over time would yield more insight than static timepoint 

analysis. Additionally, to ensure the analysis remained unbiased by existing 

knowledge of pathway interactions between nodes, we classified gene 

expression patterns using k-means clustering. Methods like hierarchical 

clustering analysis assume a direct relationship between the clusters in a 

regulatory top-down structure, whereas we wanted to identify transcriptional 

responses regardless of known regulatory connection. We used k-means 

clustering to profile the transcriptional changes of genes that changed 
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significantly in response to ERL at each timepoint relative to an untreated time 0-

hour baseline. Relative to their baseline levels of expression, 9973 genes 

changed significantly (p < 0.01 by F-test) in either direction (upregulated or 

downregulated). After Z-scaling the transcripts per million (TPMs) counts of each 

gene relative to their baseline TPMs, genes were grouped into k-random 

clusters. Each cluster set was assessed for its ability to reduce the root mean 

square error (RMSE) from the centroid of the cluster (i.e., the mean Z-scaled 

TPM value). The 9973 genes were most accurately grouped into 15 k-means 

clusters (Fig. 2.3C-D). The Qiagen Ingenuity Pathway Analysis (IPA) tool for 

dimensionality reduction allowed us to classify the types of pathways significantly 

enriched for each of the gene sets on a per cluster (per gene pattern) basis 

(Table 1).  

After identifying the pathways enriched in each cluster, it was clear there 

were several clusters of interest that could represent genes involved in the 

transition from an ERL-sensitive to an ERL-resistant state. These genes may 

peak and return to baseline after their utility has been exhausted. Additionally, 

there may be genes that are maintained at induced levels in the new resistant 

state of the cell. When we considered those clusters that included genes that 

were induced either temporarily or maintained following the transition to an ERL-

resistant state, 7 clusters (clusters 5, 6, 7, 9, 10, 11, and 12) were identified (Fig. 

2.3D). Some of the pathways induced by these gene sets were expected – i.e., 

cell-cycle checkpoint regulation and DNA damage repair-related pathways. 
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However, we also saw a significant enrichment in pathways that were related to 

metabolism, cell development, and immune/inflammatory pathway signaling 

(Table 2.1). We then identified 1937 genes (of the 5528 genes in the 7 clusters) 

that were significantly differentially expressed in response to ERL throughout the 

transition to a resistant state relative to DMSO (through DESeq2, a -log10FDR-

adjusted p-value of >1.3). Using the MetaCore GeneGo pathway enrichment tool, 

we were able to classify these genes as being predominantly involved in cell 

differentiation processes (Fig. 2.3E). We were surprised to see that this set was 

also enriched for genes involved in transcriptional regulation, stem cell function, 

immune responses, and hematopoiesis. Finally, we also see that a host of 

epigenomic and transcriptional modifiers are significantly induced by ERL 

treatment, including developmental transcription factors, pioneer factors, and 

chromatin/histone modifiers (Table 2.2). This data indicates that the transition 

from an ERL-sensitive to an ERL-resistant state relies on the differential 

regulation of many genes that span vastly different and vital cellular functions. 

We hypothesized that such coordination in transcriptional control may be 

mediated at the epigenomic level and designed a drug screen to identify possible 

modifiers of the ERL-resistance adaptive response.  
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Figure 2.3: The transition to an EGFR inhibitor resistant state involves thousands of 
transcriptional changes, predominantly in genes involved in cell differentiation 
processes. (a) Rapid inhibition of EGFR activity by ERL treatment and reversible return of 
EGFR activity upon removal of ERL treatment. Phospho-EGFR (Tyr1173) or phospho-
ERK1&2 (Thr202 & Tyr204) protein expression in ERL-naïve BT20 cells treated with 
continuous 10uM ERL (top set) or ERL-resistant BT20 cells withdrawn from continuous ERL 
treatment (bottom set) for the time course indicated. Data are representative of 2 
independent biological replicates, which showed similar results. (b) Representative volcano 
plot of differentially expressed genes (DEGs) in BT20 cells treated for 2 days with DMSO 
(%v/v) or 10uM ERL (significant log2FC of ≥0.5 in green or ≤-0.5 in red & –log10FDR-adjusted 
p-value of >1.3). The size of the circle increases with increasing FDR-adjusted p-value 
significance (c-d) K-means cluster patterns of genes differentially expressed from T0 
baseline levels (9973 genes, by F-test relative to T0 untreated, p < 0.05). (c) Gene patterns 
after being z-scaled relative to the mean expression of the T0 untreated sample. Number of 
genes per cluster listed. (d) Gene expression patterns (i.e., time course of ERL treatment 
versus z-scaled TPM values) during ERL treatment. Red asterisk indicates DEG clusters of 
genes induced relative to T0 untreated over the transition period to an EGFR resistant state. 
(e) Pathway enrichment analysis using genes from the marked clusters of interest from (d, 
5528 genes in those 7 clusters) that were found to be differentially expressed by DESeq2 
(1937 genes were significant log2FC of ≥0.5 or ≤-0.5 & –log10FDR-adjusted p-value of >1.3) 
in a comparison from ERL to DMSO. Analysis completed with the MetaCore GeneGo 
pathway enrichment tool. RNA sequencing dataset is from 3 biological replicates.  
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Table 2.1: Pathways significantly enriched for each gene set by k-means cluster. 
Each pathway was called significantly enriched by using the Qiagen Integrated Pathway 
Analysis (IPA) tool for dimensionality reduction. 
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Table 2.2: Epigenomic and Transcriptional modifiers that were significantly 
induced by EGFR inhibitor, Erlotinib, treatment by time point. Each gene listed was 
called significant by using a DeSeq2 comparison of the expression at the indicated 
timepoint versus the time 0-hour baseline level. Each log2Fold-Change at the time point 
indicated relative to the time 0-hour baseline is listed. Genes were considered induced if 
they were positively increased relative to the time 0-hour level by a -log10FDR-adjusted 
p-value of greater than 1.3. NAN denotes a non-significant change from baseline at that 
time point. 
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D. A screen with inhibitors of epigenomic modifiers identifies the DNMT 
family as a mediator of BT20 (TNBC) resistance to EGFR inhibition 

 
Signaling bypass is not solely regulated at the level of dynamic pathway 

(e.g., kinase-mediated) activation by feedback mechanisms or by compensatory 

alterations in parallel pathways. Emerging data reveals several signaling bypass 

mechanisms that are controlled by drug-induced transcriptional rewiring. Such 

rewiring can be controlled by higher levels of regulation (e.g., transcription 

factors, chromatin and epigenomic modifiers), which, within a matter of hours to 

days of drug exposure, can promote pro-proliferative and pro-survival signaling to 

help cells adapt. For example, the BET bromodomain family of chromatin 

regulators (BET family, especially BRD4) mediates the HER2+ breast cancer 

resistance observed with exposure to the HER2/EGFR inhibitor, Lapatinib. The 

bromodomains and extra-terminal domain (BET) family of proteins are chromatin 

readers that, upon interacting with acetylated lysines on histone tails, usher gene 

expression regulators to the promoters of genes359,360. In the case of HER2+ 

breast cancer, the BET family was found to regulate the transcriptional 

upregulation and activation of RTKs (i.e., DDR1, FGFR, IGF1R, MET) that are 

induced by Lapatinib treatment232.  As a result, both proliferation (MAPK) and 

survival (PI3K/AKT and FAK) signaling readily reactivate through this RTK 

bypass mechanism. In our own analysis of BT20s treated with ERL, we have 

described that these cells find an EGFR and ERK-independent form of growth 

within 2-3 days of ERL exposure. During the transition to a resistant state, 
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thousands of genes are differentially regulated and a significant portion of them 

are involved in cellular differentiation processes.  

We were interested to see if we could identify epigenomic modifier 

families, like the BET family, that may contribute to the transcriptional rewiring 

and, subsequent resistance, seen in ERL-treated BT20s. We conducted a screen 

with 23 inhibitors of epigenomic modifiers (Table 2.3), including drugs that 

interfere with histone methyltransferases (HMTs), histone deacetylases 

(HDACs), histone acetyltransferases (HATs), and DNA methyltransferases 

(DNMTs). Over the course of 96 hours, BT20s were treated with each drug, 

either as monotherapy or in combination with 10uM ERL, in a 4-point log10 dose 

dilution from 10uM to 10nM. Before treatment (T0 hours) and at every 24-hour 

time period for a total of 96 hours, we measured the cell population size using a 

Cell Titer Glo luminescence readout. For each timepoint we calculated the 

relative viability (population readout in the treated condition relative to the 

untreated-control condition) and normalized it to the relative viability value at time 

0-hours (Fig 2.4A). This allowed us to obtain the relative viabilities (RV) of BT20s 

treated with each screened drug over time (Fig. 2.5). We were able to re-

capitulate the expected growth phenotype observed in DMSO versus ERL-

treated BT20 cells. Specifically, the ERL-treated BT20 cells exhibited a 

population growth delay of a few days, before regaining proliferative potential 

(Fig. 2.4B).  



 81 

Due to the wide-ranging potential of the targets of these drugs, as 

expected, most of the drugs in the screen were either toxic as a monotherapy or 

did not result in any noticeable decrease in RV compared to DMSO or ERL 

treatment. Lomeguatrib, which targets an O6-alkylguanine-DNA-alkyltransferase, 

showed only a minimal effect on RV even at the highest dose tested of 10uM 

when tested in monotherapy or with ERL (Fig 2.4C, top). Meanwhile, the HDAC 

inhibitor LBH589 (Panibinostat) was toxic to BT20s, even as a monotherapy. 

Even at the lowest dose tested, 10nM, LBH589 monotherapy was more 

efficacious at reducing relative viability than ERL monotherapy (Fig. 2.4C, 

bottom). There were two drugs that were tolerable as monotherapies to BT20s 

and showed evidence of dose-dependent synergy with ERL treatment. 

Monotherapy with the BRD4-specific (BET family) inhibitor, JQ1, at 1uM showed 

a population growth pattern that was similar to ERL monotherapy. When the two 

were combined (1uM JQ1 and 10uM ERL), the population of BT20 cells did not 

increase (i.e., the RV remained at time 0-hour levels) over the 96 hours of 

treatment. We decided to profile the transcriptional effects of JQ1 and ERL as 

monotherapies and as a combination given: 1) that the observed growth defect 

with JQ1 was similar to that observed with ERL treatment, 2) that the 

combination prevented population growth over the course of treatment, and 3) 

the evidence in the literature for the BET family being responsible for controlling 

a form of transcriptional rewiring-mediated signaling bypass. Following 24 hours 

of exposure to either DMSO, 10uM ERL, 1uM JQ1, or the combination of the 



 82 

latter drugs, we performed RNA sequencing on the treated BT20 cells. The ERL-

treated and JQ1-treated cells showed 3097 and 2723 differentially expressed 

genes (DEGs), respectively (DESeq2 log2FC of greater or less than +/- 0.5 & –

log10FDR-adjusted p-value of >1.3). The combination of the drugs showed 5756 

DEGs. This list was almost a complete sum of each of the DEGs from the 

monotherapy treatments, with an overlap of only 9 genes (Fig. 2.6A). We 

performed a principal component analysis (PCA) of the gene expression states of 

each of the conditions tested. The principal components appear to distinguish the 

treatment of each of the drugs. Vector addition by tip-to-tail method confirms that 

the location of the gene expression state of the combination of the drugs 

overlaps with the area predicted where drug effects would be considered 

independent (Fig. 2.6B). This data indicates that the genes regulated by ERL and 

JQ1 are orthogonal. Therefore, while the JQ1 monotherapy phenotype is similar 

to that of the ERL monotherapy phenotype, the genes each regulates are 

unrelated.  

The screen of inhibitors of epigenetic modifiers had one more hit – the 

DNMT family inhibitor, SGI-1027. DNA methyltransferases add methyl groups to 

CpG residues. DNMT1 ensures that the epigenetic inheritance of methylation 

marks is maintained in the newly synthesized strand during replication by 

associating with DNA replication sites during S-phase. DNMT3A and DNMT3B 

are required for genome-wide de novo methylation and are essential for 

maintaining the methylation patterns observed in cells during 
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development246,247,361–363. These three DNMTs also work together as a complex, 

which interacts with histone deacetylases (HDAC1, HDAC2, Sin3A)364–366 and 

heterochromatin proteins (e.g., HP1, SUV39H1)367 to control gene expression. 

SGI-1027 efficaciously inhibits DNA methylation at DNMT1 and 

DNMT3A/3B368,369.  

With the exception of the highest dose (10uM), SGI-1027 as a 

monotherapy closely replicates the RV trajectory of DMSO-treated BT20s. 

However, in combination with ERL, specifically at 1uM, SGI-1027 causes a 

significant synergistic effect on the RV of BT20 cells (Fig. 2.4D). Since Cell-Titer 

Glo luminescence does not distinguish between live cell growth delay/arrest and 

cell death, we used the SYTOX green viability dye to detect lethal fractions of the 

monotherapy versus the combination with ERL. We found that, at the 1uM dose, 

SGI-1027 causes an almost 5-fold increase in lethal fraction when combined with 

10uM ERL. This confirms that the combination is synergistic and that the result is 

an increase in cell death (Fig. 2.4E, top). Finally, to test the specificity of DNMT 

family involvement in the observed ERL-resistant phenotype, we tested the 

combination with another DNMT family inhibitor, Azacitidine (AZA). At the higher 

doses, more so at the highest dose tested (31uM), the combination of ERL and 

AZA also causes a synergistic increase in cell death (Fig. 2.4E, bottom). These 

data indicate that the DNMT family may be involved in the signaling bypass 

mechanism used by BT20 cells to evade ERL-mediated EGFR inhibition. 

However, the most appropriate way to see if DNMT inhibition affects the 
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transcriptional rewiring seen in ERL-treated BT20s is to do a similar analysis as 

in Figure 2.6 with SGI-1027. This has potential clinical implications as DNMT 

family activity may be a biomarker of potential for signaling bypass in response to 

EGFR inhibition. Additionally, the combination of ERL and SGI-1027 may be a 

potentially efficacious combination in TNBC. 
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Table 2.3: Inhibitors of Epigenomic Modifiers. Each drug used in the screen with the 
EGFR inhibitor, Erlotinib (ERL), with their target and/or class of epigenomic modifier 
listed. 
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Figure 2.4: A screen with inhibitors of epigenetic modifiers identifies the DNMT family 
as a mediator of BT20 (TNBC) resistance to EGFR inhibition. (a) Schematic overview of 
the drug screen. BT20 cells were treated for 96 hours with either DMSO (%v/v), 10uM 
Erlotinib, an inhibitor of an epigenetic modifier (denoted as ‘EMod-i’, doses listed), or the 
combination of ERL and the ‘EMod-i’. Relative viability over time was calculated as shown 
from the Cell Titer Glo luminescence values recorded at each time point. (b) Comprehensive 
view of the results from the screen, which included DMSO, ERL, and 23 inhibitors of 
epigenetic modifiers. Data are the mean +/- SD from 3-4 biological replicates. (c-d) Relative 
viability over time of BT20 cells from the screen. The inhibitor with its primary target 
epigenetic modifier family is listed above each plot. (c) Lomeguatrib (DNA alkyltransferase 
inhibitor) is an example of an inhibitor that, either as monotherapy or in combination with 
ERL, has no effect on BT20s. LBH589 (HDAC inhibitor) is an example of an inhibitor that, 
even as monotherapy, is toxic to BT20s at any dose. (d) JQ-1 and SGI-1027 are the only two 
drugs in the screen that show a synergistic effect with ERL-treatment. JQ-1, a BRD4 (BET 
family) inhibitor, shows decreasing relative viability with increasing dose concentrations, and 
this increases slightly in combination with ERL. SGI-1027, a DNMT family inhibitor, shows a 
clear decrease in that occurs only in combination with ERL treatment. (e) Lethal fractions, 
SYTOX green cell viability dye, of BT20s treated with either DMSO (%v/v), 10uM Erlotinib, 
SGI-1027 (‘SGI’, at doses listed), or the combination of ERL and SGI-1027 (‘E+SGI’ at the 
doses listed). Same analysis completed for another DNMT inhibitor, Azacitidine (‘AZA’ or in 
combination, ‘E+AZA’), at the doses indicated shows synergy with ERL treatment as well. 
AZA was not in the original screen. Data are the mean +/- SD from 2-3 biological replicates. 
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Figure 2.5: Full results of screen of Inhibitors of Epigenomic Modifiers. Relative 
viability over time of BT20 cells from the screen of inhibitors of epigenomic modifiers. 
The inhibitor with its primary target epigenetic modifier family is listed above each plot. 
BT20 cells were exposed to either DMSO (%v/v), 10uM ERL, the inhibitor of epigenomic 
modifiers, or the combination of these drugs for 96 total hours. Top left inset line plot 
shows the entire screen, with DMSO (%v/v) and 10uM ERL control relative viabilities 
over time. 
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Figure 2.6: JQ1 and ERL regulate orthogonal sets of genes in BT20 (TNBC) cells. 
RNA-sequencing results (transcriptional changes) of BT20 cells were exposed to either 
DMSO (%v/v), 10uM ERL, 1uM JQ1, or the combination of these drugs for 24 hours. 
Genes were considered significant by DeSeq2 if they were up- or down-regulated by a 
log2Fold-Change cutoff of +/- 0.5 and –log10FDR-adjusted p-value of greater than 1.3. (a) 
In the condition comparison of the combination of ERL+JQ1 relative to DMSO-treated 
cells, 5756 genes were differentially expressed. This translates to an overlap of 9 genes 
between the genes differentially expressed in each monotherapy condition versus 
DMSO. (b) Principal component analysis (PCA) scores plot of the total gene expression 
state of each of the conditions.  
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IV. DISCUSSION 

In this study, we explored how TNBC, an aggressive subtype of breast 

cancer that frequently overexpresses EGFR, responds to EGFR inhibition. We 

profiled a model of TNBC with high EGFR activity, BT20, and found the EGFR 

inhibitor, erlotinib (ERL), induces a significant but transient growth arrest, without 

a significant increase in cell death. Treatment with ERL effectively interferes with 

EGFR activity even after the BT20 cells begin proliferating again 2-3 days after 

initial drug exposure. RTK signaling is a common means of EGFR inhibitor 

resistance that reactivates MAPK signaling. We showed that, regardless of RTK 

activation, ERK is also effectively inhibited by ERL even as the cells regain 

proliferative potential. Additionally, we found that removing the EGFR inhibitor 

treatment results in reactivation of EGFR and ERK signaling, implying that the 

resistance phenotype may be reversible. In response to EGFR inhibition, the 

EGFR-driven BT20 cells undergo transcriptional rewiring of vast cellular process 

(e.g., cellular differentiation and development, metabolic) to bypass ERL. Recent 

literature has implicated epigenomic or chromatin-modifying factors as mediators 

of drug-induced transcriptional rewiring. Our screen of inhibitors of epigenomic 

modifiers identified the BET (JQ1) and the DNMT families (SGI-1027) as 

selectively efficacious in preventing resistance to EGFR inhibition when inhibited 

in combination with EGFR. While JQ1 monotherapy appears to phenocopy the 

growth delay observed with ERL treatment, we found that the BET family does 

not appear to be responsible for the ERL-mediated transcriptional rewiring in 
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BT20s. Finally, we find that targeting the DNMT family synergistically potentiates 

the efficacy of ERL on BT20s, specifically by causing significant cell death.  

Our findings supplement the growing evidence that transcriptional rewiring 

can lead to adaptive resistance in response to targeted therapy – i.e., in BRAF-

mutant melanoma231, HER2+ breast cancer232, and EGFR-mutant NSCLC233 to 

name a few. Most resistance mechanisms of EGFR inhibition that have been 

identified to date have been mediated through genetic alterations to either EGFR 

or to nodes in pathways through which EGFR signals. However, not all of the 

EGFR inhibitor resistance observed can be explained by genetic alterations. 

Additionally, signaling bypass mechanisms have been described, where 

pathways parallel to the inhibited node compensate for the lack of signaling. In 

some cases, the bypass may be as straightforward as having an amplified RTK 

overwhelm the inhibitory capacity of the targeted therapy. In more recent 

examples, the drug can induce a transcriptional rewiring that functions to 

upregulate expression and activate various RTKs to compensate. In an extreme 

example, Sequist and colleagues reported that a cohort of EGFR-mutant NSCLC 

patients treated with EGFR inhibition had to be re-diagnosed with SCLC, a 

distinct subtype of lung cancer, upon relapse142. In response to EGFR inhibitor 

treatment, these patients developed relapse with a cancer from a distinct cell of 

origin from their primary cancer. This implies that the treatment induced a 

phenotype switch to a cancer that functions independently of the pathway 

targeted. Such variations of this scenario, where major cellular pathways are 
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rewired in response to drug treatment, may exist on a wider scale, but 

biomarkers for transcriptional rewiring are lacking. Therefore, studies like ours 

have important implications for treatment because: 1) they highlight the extent to 

which cancer can adapt to targeted therapy and, 2) they identify potential higher 

order regulatory molecules (e.g., epigenomic factors, chromatin-modifying 

factors, transcription factors) that can serve as markers for drug-induced rewiring 

potential. 

Our study emphasizes that transcriptional rewiring is drug-induced. We 

found that, with the removal of ERL exposure, EGFR and ERK proteins were 

able to reactivate to baseline levels. We have not formally shown the ability to re-

challenge and recapitulate the ERL phenotype in cells where ERL resistance was 

established before treatment was withdrawn. However, the ability to reactivate 

these key nodes in the MAPK signaling pathways implies that the phenotype is 

reversible. This has important clinical implications, as drug holidays or the ability 

to re-challenge cancer and keep it chronically inhibited before it develops full 

resistance may be useful. The efficacy of re-challenging patients after a period of 

drug withdrawal as a result of relapse has been demonstrated in BRAF-mutant 

melanoma and in EGFR-mutant NSCLC. 

It has been shown in the literature that only the RAS, MEK, and ERK 

proteins can rescue proliferation signaling in cells that do not express RAS124,335. 

Since ERK is the downstream effector of these proteins within the MAPK 

pathway, ERK is the lynchpin of MAPK signaling. Yet, our study finds that this 
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TNBC model adapts to EGFR inhibition by finding an ERK-independent method 

to grow. Importantly, there are various other non-MAPK mitogenic pathways that 

other cell types use to grow. Additionally, the models of drug-induced 

transcriptional rewiring describe the use of higher order regulatory molecules 

(i.e., BET family, SOX factors, MYC) to mediate adaptation to targeted therapy. 

These findings should challenge us to consider gene “essentiality” to cellular 

processes as contextual. There may be specific cancer genotypes that have the 

ability, in the context of the right drug stimuli, to harness other non-traditional 

pathways and forego genes that were “essential” in the non-drug exposed state 

to bypass targeted therapy. This has important therapeutic implications. Our 

study highlights the importance of considering synthetic lethality in the specific 

context of drug therapy. Cellular plasticity afforded by drug-induced 

transcriptional rewiring may open the door to potential therapeutic approaches 

with molecules that are considered “essential” in the context of normal cell 

circuitry. For example, our study highlights the DNMT family as a possible 

mediator of the BT20 adaptive response to ERL. The DNMT family of proteins is 

considered essential for de novo (DNMT3A/B) and maintenance methylation 

(DNMT1). However, DNMT inhibition alone affects neither the growth phenotype 

nor the survival of BT20 cells. It is only in the context of EGFR inhibition (ERL-

treatment) that the DNMT family becomes essential to the development of 

resistance and the survival of BT20 cells. The ERK and the DNMT conundrums 

discovered by our study signal the importance of identifying the contextual 
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essentiality of molecules based on the specific genotype of the targeted cancer 

and finding synthetic lethal combinations to leverage these vulnerabilities.  

Several questions remain to be answered. We studied the effects of ERL 

in only one cell line model of TNBC. The genotypic background of distinct 

TNBCs, including those that span the spectrum of EGFR activity, is important to 

consider as this can result in unique responses to ERL. For example, TNBCs 

may not respond to EGFR inhibition if EGFR is not highly expressed or is poorly 

activated at baseline. Additionally, any baseline alterations to EGFR or to the 

downstream signaling pathways of EGFR may explain differential efficacy to 

EGFR inhibition. The transcriptional rewiring phenotype in response to ERL is an 

interesting question that also needs an extensive inquiry across TNBCs and 

other cancer types. Many other cancer types also overexpress EGFR but are 

minimally sensitive (intrinsically resistant) to EGFR inhibition. Yet, the EGFR 

overexpression seen in these other cancer types is not necessarily associated 

with a mutation in the receptor. There may be a difference in the way EGFR-

associated effectors are regulated in mutated versus non-mutated forms of 

cancer genotypes that overexpress EGFR. A transcriptional analysis of clinical 

samples from different cancer genotypes that: 1) express EGFR across a 

spectrum, and 2) have been treated with an EGFR inhibitor might be able to 

begin help us address this inquiry.  

Separately, while we observe an almost five-fold decrease in ERK activity 

from baseline in the context of ERL, it remains unknown how much ERK activity 
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is needed to maintain active MAPK signaling. Since ERK activity is essential at 

baseline for ERL-naïve cells, a transient knockout of ERK, via an auxin-inducible 

system for example, would provide much more definitive evidence of ERK-

independence in ERL-resistant cells. Finally, the specificity and targeting 

efficiency of the DNMT family inhibitor, SGI-1027, has not been deeply 

interrogated in TNBC cells. However, siRNA targeting of individual DNMT family 

members does not abrogate the synergy observed between ERL and SGI-1027 

(data not shown). This implies that a combination of DNMT family members may 

be essential to the ERL-resistant phenotype.   

 Frequently, in the context of studying drug resistance we investigate and 

identify the compensatory route used by resistant cells to proliferate. In our study, 

we started on this path, trying to analyze the pathway of resistance. This is 

remarkably important, as it has yielded many potential options for combination 

therapy that can delay resistance. Unfortunately, in many cases, resistance still 

develops, even to the combination therapy. In our study, we did not find a direct 

answer for the growth pathway used in the context of ERL-resistance. However, 

to our surprise, we found that the resistance mechanism used by BT20 cells to 

adapt to ERL treatment led to a more foundational change – an ERK-

independent manner of growth. This finding, along with the rapidity of resistance 

and the degree of drug-induced transcriptional changes, led us to ask a more 

nuanced question – what affords these cells the plasticity to adapt? The 

emerging literature of drug-induced transcriptional rewiring and adaptive 
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resistance highlights new potential routes for cancer to use to survive – even at 

levels as fundamental as the epigenome. This question is vital because the 

mediator(s) of plasticity can serve as a potential biomarker for plasticity in the 

context of targeting certain molecules within certain subtypes of cancer. From our 

screen of inhibitors of epigenetic modifiers, we discovered the contextual 

importance of the DNMTs as potential mediators of the resistance to ERL. 

Interestingly, the synergistic phenotype of the screen came in the form of two hits 

with two distinct phenotypes, extension of the growth delay (JQ1) and increased 

cell death (SGI-1027). This brings us back to the original rationale of targeted 

therapy – oncogene addiction. We should expect a dual phenotype in response 

to targeted therapy – growth inhibition and cell death. Yet, when BT20s are 

treated with ERL, we only observe a growth inhibition phenotype. Therefore, 

another key question is what affords these cells the ability to survive in the 

context of ERL treatment? We explore this question in the next chapter.  

Our study supplements new insights into non-genetic signaling bypass 

mechanisms. A TNBC model, in response to EGFR inhibition, uses 

transcriptional rewiring to forego the inhibited MAPK pathway and regain 

proliferative potential. Additionally, our study identifies DNA methylation as a 

potential mediator of transcriptional rewiring in an EGFR-driven TNBC model 

treated with an EGFR inhibitor. This study provides both a potential actionable 

therapeutic strategy for TNBC as well as a biomarker of transcriptional rewiring in 

response to the targeting of an oncogenic driver. 
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V. MATERIALS AND METHODS 

A. Cell lines and general reagents 

BT20 cells were obtained from the American Type Culture Collection 

(ATCC) and were maintained at low passage numbers (less than 20 passages 

from the original vial). BT20 cells were grown in Minimum Essential Medium 

(ThermoFisher Scientific, CAT# 11090081). In all cases, base medium was 

supplemented with 10% FBS (ThermoFisher Scientific, CAT# SH30910.03, LOT# 

SH40014-13), 2 mM glutamine (ThermoFisher Scientific CAT# MT25005CI), and 

penicillin/streptomycin (ThermoFisher Scientific, CAT# MT30002CI). Cell lines 

were STR profiled to confirm identity and tested for mycoplasma contamination 

on an annual basis. 

Erlotinib hydrochloride salt was purchased from LC Laboratories (CAT# E-

4007). Azacitidine (CAT# S1782), IBET151 (CAT# S2780), OTX015 (CAT# 

S7360), JQ1 (CAT# S7110), PFI-1 (CAT# S1216), Entacapone (CAT# S3147), 

SGI-1027 (CAT# S7276), Zebularine (CAT# S7113), SGC0946 (CAT# S7079), 

EPZ6438 (CAT# S7128), MM-102 (CAT# S7265), C646 (CAT# S7152), LBH589 

(CAT# S1030), PXD101 (CAT# S1085), TMP269 (CAT# S7324), TSA (CAT# 

S1045), GSKJ4 (CAT# S7070), OG-L002 (CAT# S7237), 2-PCPA (CAT# 

S4246), Lomeguatrib (CAT# S8056), UNC669 (CAT# S7373), EX527 (CAT# 

S1541), SRT1720 (CAT# S1129), and Sirtinol (CAT# S2804) were purchased 

from Selleck Chemicals. Anti-phospho-p44/42 MAPK (Thr202/Tyr204, rabbit anti-

human primary, CAT# 9101) and anti-phospho AKT (Thr308, rabbit anti-human 
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primary, CAT# 13038; Ser473, rabbit anti-human primary, CAT# 4060) 

antibodies were purchased from Cell Signaling Technology. Monoclonal anti-b-

actin (mouse anti-human primary, CAT# A2228) antibody was purchased from 

Sigma-Aldrich. PathScan RTK Signaling Antibody Array Kit (#7982) was 

purchased from Cell Signaling Technologies. Pepstatin A aspartic protease 

inhibitor (#1190/10) were purchased from R&D Systems. The cOmplete protease 

inhibitor cocktail (CAT# 11697498001) and PhosSTOP phosphatase inhibitor 

tablets (CAT# 4906845001) were purchased from Millipore Sigma.  

 

B. Quantitative Immunoblotting 

For generation of protein lysates for immunoblotting, cells were seeded at 

1 – 1.5 million cells in 10-cm dishes and allowed to adhere overnight. Erlotinib 

(ERL) was added at t = 0 hours at a final concentration of 10 µM, and cellular 

lysates were prepared at the indicated time points. Briefly, media was removed 

by aspiration, and plates were washed two times with 2 mL of ice-cold PBS. Cells 

were lysed by adding 400 µL of Sodium dodecyl sulfate (SDS)-lysis buffer (50 

mM Tris-HCl, 2% SDS, 5% glycerol, 5 mM EDTA, 1 mM NaF, 10 mM b-GP, 1 

mM PMSF, 1 mM Na3VO4, and a protease inhibitor and phosphatase inhibitor 

tablet each). Lysates were collected with cell scrapers and centrifuge spin-filtered 

through 0.2 µm multi-well filters to remove DNA (Pall, CAT# 5053). After filtration, 

each lysate concentration was determined by the Pierce BCA Protein assay kit, 

according to the manufacturer’s instructions (ThermoFisher Scientific, CAT# 



 98 

23225). Lysate concentrations were normalized to 0.5 mg/mL for SDS-PAGE 

loading.  

Samples were run either on pre-cast E-PAGE 8% 48-well gels 

(ThermoFisher Scientific, CAT# EP04808) or in hand-poured 8% SDS-PAGE 

gels. Gels were subsequently transferred using a semi-dry iBlot fast gel transfer 

system (ThermoFisher Scientific) on nitrocellulose membranes (ThermoFisher 

Scientific, CAT# IB301031). Membranes were then blocked in a 50% PBS and 

50% Odyssey Blocking Buffer (ThermoFisher Scientific, CAT# 927-40000) 

solution, on a rocking shaker for 1 hour at room temperature. Membranes were 

then incubated overnight on a rocking shaker at 4°C in primary antibody (diluted 

1:1000 in a 50% PBS-0.1%Tween and Odyssey blocking buffer solution). The 

following morning, membranes were incubated in primary anti-b-actin antibody 

(diluted 1:15000 in a 50% PBS-0.1%Tween and Odyssey blocking buffer 

solution) for 1 hour on a rocking shaker at room temperature. Following two, 5-

minute washes with PBS-0.1%Tween, membranes were incubated in secondary 

antibodies (diluted 1:15000 in a 50% PBS-0.1%Tween and Odyssey blocking 

buffer solution) conjugated to infrared dyes (LICOR, IRDye 680RD, goat anti-

mouse IgG secondary, CAT# 926-68070; IRDye 800CW, goat anti-rabbit IgG 

secondary, CAT# 926-32211) for 1 hour at room temperature on a rocking 

shaker, washed 3 times, and stored in PBS. Blots were then visualized using a 

LICOR Odyssey CLx scanner. 
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C. Gene expression analysis by RNA-seq – Qiagen Ingenuity Pathway 
Analyses (IPA) and GeneGo Metacore Analyses 
 
For analysis of erlotinib-induced changes in gene expression, BT20 cells 

were seeded at 300,000 cells per well in a 6-well plate and allowed to adhere 

overnight. The next day cells were treated with either DMSO (final concentration 

of 0.1%) or erlotinib (final concentration of 10 µM). After 24 hours, cells were 

washed twice with 1 mL of PBS. 150 µL of QIAzol was added to each well and 

allowed to cover the full surface of the plate. The cell lysate was collected, 

vortexed for 1 minute, and incubated for 5 minutes at room temperature before 

being snap-frozen with liquid nitrogen and stored at -80°C. Total RNA was 

extracted using the manufacturer’s instructions in the QIAGEN RNeasy kit. Each 

sample was at least 50 ng/µL in baseline concentration, with 260/280 ratios of 

1.9-2.03 and 260/230 ratios between 1.9-2. RNA-seq library construction was 

prepared using the TruSeq RNA library preparation kit v2 (CAT# RS-122-2001, 

Illumina) and subsequently sequenced at a depth of at least 15 million reads per 

sample. The experiment was completed with biological triplicate samples per 

condition. Raw sequencing reads were processed using the UMass Medical 

School Biocore’s DolphinNext (v1.1.10) pipeline. First, the sequencing reads 

were de-multiplexed and assessed for sequence quality using the barcode 

splitter and trimmer functions of the FASTX toolkit (v0.0.14) as well as FastQC 

(v0.11.8). Bowtie2 was used to count and filter out RNAs that were not relevant 

for our analysis (rRNAs, miRNAs, tRNAs, piRNAs, etc.). RSEM (v1.3.1) was 

used to align RNA-seq reads to reference transcripts and estimates gene 
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expression levels. Hisat2 (v2.1.0) and Tophat2 (v2.1.1) aligned the reads to the 

human genome (GRCh38). DESeq2 used a parametric fit to compute a log2(fold-

change) and FDR-adjusted p-value from RSEM expected counts for each 

comparison (erlotinib versus DMSO-treated cells). 

RSEM also provides the transcripts per million (TPM) values for each 

gene. Specifically, the read counts are divided by the length of each gene (in 

units of kilobases), which gives the reads per kilobase number (RPK). Then, the 

algorithm sums the RPK values in a sample and divides this number by 1000000 

as a scaling factor. Finally, the RPK values are divided by the “per million” 

scaling factor to obtain the TPM value per gene per sample. The action of 

normalizing to the gene length prior to normalizing to the sequencing depth 

allows for the accurate comparison of gene reads across samples, which is 

imperative for our time course analysis. After obtaining TPM values for each 

gene across samples, we mean-centered the TPM values to the T0 (baseline, 

untreated) values. A one-sided ANOVA test was used (and p-value given by F-

statistic) to filter any genes per sample (time point of ERL treatment) having a p-

value that was not significantly different from the T0 value. This filtered the gene 

list to any gene that was significantly differentially expressed from T0 (9973 

genes were p < 0.05 by F-test statistic). We analyzed gene expression patterns 

by using k-means clustering analyses, placing genes in each cluster by 

minimizing the Euclidean distance from the centroids of each cluster. We 

assessed the accuracy of placement in each of these clusters by plotting the 
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number of k-means clusters by the mean root-mean squared error (RMSE) of the 

cluster assignment. For each k-means cluster type (0, 2, 5, 8 10, 12, 15, 18, 20, 

25, 30, 45, 50 clusters), we first computed the RMSE on a per time point basis. 

This was done by subtracting the mean TPM of each gene in the cluster group 

per time point by the gene value at that time point. The sum of these differences 

was squared, then divided by the number of genes per group. The square root of 

this value then provided us with the RMSE of each k-means group in that cluster 

per time point. We then averaged the RMSE of each k-means group across the 

time points and, finally, averaged the composite time point RMSE’s across the 

entire k-means cluster. We then plotted the number of k-means clusters versus 

the RMSE value per k-means cluster type and chose the optimal k-means cluster 

type to be 15 (figure ) because after 15, the RMSE value begins decreasing in a 

linear manner (Elbow method). 

 

Figure 2.7. Procedure for obtaining k-means cluster number of clusters for 
gene expression profiling of ERL-treated BT20 (TNBC) cells. 
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On a per cluster basis, we determined the most significantly affected 

pathways using the Canonical Pathway and Regulator Effects tools within the 

suite of Qiagen Ingenuity Pathway Analysis (IPA) software. These tools allowed 

us to identify either: major pathways enriched by the genes found in each cluster, 

or regulators of expression that were upstream or downstream of the differentially 

expressed genes per cluster, respectively (Table 2.1). To more rigorously identify 

differentially expressed genes, we employed DESeq2. DESeq2 uses a 

parametric fit to compute a log2(fold-change) and FDR-adjusted p-value from 

RSEM expected counts for each comparison (erlotinib versus DMSO-treated 

cells). Searching specifically for pathways upregulated in activity over the course 

of adaptation to ERL treatment, we prioritized genes that were differentially 

expressed by DESeq2 (log2FC of ≥0.5 or ≤-0.5 and an FDR-adjusted p-value of 

<0.05) and found in clusters that were upregulated by ERL treatment. This 

included clusters that either peaked in expression and returned to baseline or 

were maintained in an upregulated state of expression relative to baseline for a 

total of 1937 genes. The MetaCore GeneGO pathway enrichment tool was then 

used to identify significantly (-log10FDR-adjusted p-value of greater than 1.3) 

enriched pathways/networks for these genes (Figure 2.3D-E). 
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D. Cell Cycle Analysis using propidium iodide and phospho-H3 

BT20 cells were plated and treated with either DMSO (%v/v) or 10uM ERL 

for either 8 hours or 24 hours, then fixed in 70% ethanol in PBS overnight at -

20°C. The fixed cells were then permeabilized with PBS containing 0.25% Triton-

X-100 for 20 minutes at 4°C. Subsequently, the cells were blocked with 1% 

bovine serum albumin in PBS and incubated overnight at 4°C with the anti-

phospho-histone-H3 antibody (Ser10, Millipore Sigma CAT# 06-570). After 

washing the cells 2 times, cells were incubated with Alexa488-conjugated 

secondary antibody (goat anti-rabbit IgG H+L, cross-adsorbed secondary 

antibody, Invitrogen CAT# A-11008) for 1 hour on ice, washed as before, and 

resuspended in PBS containing 50ug/mL propidium iodide (PI), prior to analysis 

on a BD LSR II flow cytometer. Data were subsequently analyzed using the 

FlowJo software (v10.7), and the Dean-Jett-Fox algorithm for cell cycle analysis.   
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E. Growth rate and lethal fraction measurements using cell dyes 

To determine the growth rate of live cells following DMSO (%v/v) or drug 

exposure, BT20 cells were washed once with 5 mL of PBS and, subsequently, 

stained at 37°C for 20 minutes with 1 µM (final concentration) of the CellTrace 

Far Red reagent (CAT# C34572, ThermoFisher Scientific). After incubation, 5 mL 

of complete culture medium was added, the solution was mixed and incubated at 

37°C for 5 minutes. Cells were then seeded at 150,000 cells per well 6-well 

dishes and allowed to adhere overnight. 48 hours after transient transfection, the 

drug-treated plates were treated with either DMSO (final concentration of 0.1%) 

or erlotinib (final concentration of 10 µM) and incubated at 37°C. At each 

timepoint samples were harvested after trypsinization, stained with 500 nM 

SYTOX green for 30 minutes, and placed in a solution of 1% BSA in PBS for flow 

cytometry analysis. At least 10,000 live cell events were collected (SYTOX green 

negative) per condition. After 72 hours, treated cells were harvested, stained, 

and analyzed by flow cytometry. The mean fluorescence intensity (MFI) of the 

cell population was quantified using FlowJo. The MFIs of each sample were then 

fit to obtain population growth curves (2b*x, with b signifying the growth rate and x 

signifying the timepoint) and growth rates in doubling time. Lethal fractions were 

computed by dividing the total SYTOX positive cells by the total cells captured in 

the assay. 
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F. PathScan-based analysis of RTK expression and phosphorylation 

 Phospho-RTK arrays were performed as suggested in the manufacturer’s 

instructions. 200,000 BT-20 cells were used per condition. Cells were collected 

and lysed according to instructions. Lysates were diluted to 400 µg/mL and 250 

µL of the lysate was loaded per array. Blot arrays were visualized using a LICOR 

Odyssey CLx scanner and analyte expression was quantified with the LICOR 

Image Studio 4.0 software. 

 

G. Screen of Inhibitors of Epigenomic Modifiers in BT20 cells 

 BT20 cells were plated at 5000 cells per well in 96-well plates in full 

antibiotic-containing medium. After 24 hours passed to allow for the cells to 

adhere, cells were treated with either DMSO-Untreated (%v/v), 10uM ERL, an 

inhibitor of an epigenomic modifier, or the combination of ERL and the modifier. 

The dose regimen used for the inhibitors of epigenomic modifiers was a 4-point 

log10 dose dilution from 10uM to 0.01uM. Twenty-three inhibitors of epigenomic 

modifiers were used in this drug screen. Each timepoint had a different assay 

plate. At T0 (baseline, untreated) and after 24 hours of treatment for 96 total 

hours, Cell Titer Glo reagent (Promega CAT# G7570) was added (35 microliters 

to every 100 microliters of media) to the wells. After 5 minutes of mixing on an 

orbital shaker at 500rpm, one-hundred microliters was transferred (per well) from 

the assay plate to white, opaque plates for luminescence detection. Analysis was 

done with custom MATLAB scripts to calculate relative viability for each 
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condition, on a per timepoint basis. These values were then normalized to the T0 

baseline condition to obtain relative viability values over time (0 to 96 hours). 

 

H. Data analysis and statistics 

All data analysis was performed in MATLAB unless otherwise noted. 

Curve fitting for drug dose response and LF kinetics were performed as 

described previously, using custom MATLAB code. For multiple pairwise 

comparisons between samples and a shared control, ANOVA with post doc 

Dunnett’s test was performed using Prism 8 for macOS, version 8.3.1. 

Immunoblot analysis was performed using ImageStudio v4.0.21. Flow cytometry 

analysis was performed using FlowJo v10.5.3. PCA was performed following z-

scoring, in MATLAB using the built-in function ‘pca’. 
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CHAPTER III 

 

ELP COMPLEX-DEPENDENT EXPRESSION OF MCL-1 PROMOTES 
RESISTANCE TO EGFR INHIBITION IN TRIPLE NEGATIVE BREAST 

CANCER CELLS 
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I. ABSTRACT 

Targeted therapies for the treatment of cancer are generally thought to 

exploit oncogene addiction, a phenomenon in which a single oncogene controls 

both the growth and survival of the tumor cell. Many well-validated examples of 

oncogene addiction exist; however, the utility of oncogene targeted therapies 

varies substantially by cancer context, even among cancers in which the targeted 

oncogene is similarly dysregulated. For instance, epidermal growth factor 

receptor (EGFR) signaling can be effectively targeted in EGFR-mutant non-small 

cell lung cancer (NSCLC), but not in triple-negative breast cancer (TNBC), where 

EGFR is activated to a similar degree. We find that EGFR controls a similar 

signaling/transcriptional network in TNBC and EGFR-mutant NSCLC cells, but 

only NSCLC cells respond to EGFR inhibition by activating cell death. To 

address this paradox and identify mechanisms that contribute to insensitivity to 

EGFR inhibition in TNBC, we performed a genome-wide CRISPR-Cas9 genetic 

knockout screen. Our screen identifies the Elongator (ELP) complex as a 

mediator of insensitivity to EGFR inhibition in TNBC. Depleting ELP proteins 

caused high levels of apoptotic cell death, in an EGFR inhibition-dependent 

manner. We find that the tRNA-modifying function of the ELP complex promotes 

drug insensitivity, by facilitating expression of the anti-apoptotic protein Mcl-1. 

Furthermore, pharmacological inhibition of Mcl-1 synergizes with EGFR inhibition 

across a panel of genetically diverse TNBC cells. Taken together, we find that 

TNBC “addiction” to EGFR signaling is masked by the ELP complex, and our 
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study provides an actionable therapeutic strategy to overcome this resistance 

mechanism by co-targeting EGFR and Mcl-1. 
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II. INTRODUCTION 

 Many modern therapies target signaling proteins that are mutated, 

amplified, or otherwise dysregulated in cancer cells. These targeted therapies 

are generally thought to exploit a phenomenon called “oncogene addiction”. This 

terminology was coined based on the observation that for many cancers, the 

regulation of growth and survival appears to be aberrantly coordinated through 

the activity of a single oncogene163,370. Oncogene addiction is generally thought to 

result from the disordered regulatory circuitry in cancer cells163. Many notable 

examples exist in which selectively inhibiting an oncogenic kinase results in 

striking clinical responses. However, these responses are rarely durable and 

extremely variable334. For instance, while ~50% of BRAF mutant melanomas 

respond to BRAF inhibition, response rates are less than 5% in BRAF mutant 

colorectal cancers151. Factors that account for this variability between cancer 

types are generally not well understood, and the mechanisms underlying 

oncogene addiction remain unclear. 

 Triple-negative breast cancer (TNBC) is an aggressive subtype of breast 

cancer, defined by the lack of expression of the three receptors that are best 

characterized to drive breast cancer tumorigenesis: estrogen receptor (ER), 

progesterone receptor (PR), and the human epidermal growth factor receptor 2 

(HER2). Due to the lack of these targetable oncogenes, TNBCs are generally 

treated only with genotoxic chemotherapies, and most patients fail to achieve a 

complete response332,371. Some evidence does suggest that EGFR signaling may 
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be aberrantly activated in TNBC. TNBCs generally have high levels of EGFR 

expression and activity330,371. Although EGFR is rarely mutated in TNBC, aberrant 

activity is caused by loss of downstream phosphatases or receptor 

amplification136,141,317. In spite of the observed relationship between EGFR activity 

and TNBC growth, drugs that inhibit EGFR signaling are consistently 

inefficacious in this setting330. In contrast, non-small cell lung cancers (NSCLC) 

harboring activating mutations in EGFR often respond to EGFR inhibitors142,177. 

Clear differences exist in the mechanisms by which EGFR is activated in TNBC 

versus NSCLC; however, it remains unclear what accounts for the varied 

responses to EGFR inhibition in different disease settings.  

 In this study we explored mechanisms by which TNBC cells evade EGFR 

targeted therapies. We find that the degree of EGFR activity and EGFR-

dependent gene expression is similar between TNBCs and bona fide EGFR-

dependent NSCLC cells, such as PC9. In contrast to PC9, which die when 

exposed to EGFR inhibitors, TNBC cells fail to activate cell death following 

exposure to erlotinib, an EGFR-specific inhibitor. To identify genes involved in 

the non-responsiveness of TNBC cells to EGFR targeted therapies, we 

performed a genome-wide genetic knockout screen using CRISPR-Cas9 

mediated genome editing. Our screen revealed that the ELP complex promotes 

insensitivity to EGFR inhibitors in TNBC. We find that the ELP complex insulates 

TNBCs from erlotinib-mediated cell death by promoting expression of the anti-

apoptotic protein Mcl-1. Knocking down ELP complex genes promotes hyper-
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sensitivity to EGFR inhibitors through loss of Mcl-1 protein expression and 

activation of apoptotic cell death. Additionally, directly inhibiting Mcl-1 using the 

small molecule inhibitor S63845 synergistically enhances responses to EGFR 

inhibitors in TNBC cells. Taken together, this study establishes a new 

mechanism by which TNBC cells evade cell death following EGFR inhibition, and 

provides an actionable strategy for improving responses by directly targeting Mcl-

1. 
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III. RESULTS 

A. TNBC cells are insensitive to EGFR inhibition despite high levels of 
EGFR signaling 

 
 NSCLC cells that harbor activating mutations in EGFR generally respond 

to EGFR inhibitors142,177. In contrast, TNBCs are generally insensitive to EGFR 

inhibition, despite having high levels of EGFR expression325,330. To more closely 

investigate subtype-specific differences in responses to EGFR inhibitors, we 

profiled sensitivities to the EGFR inhibitor, erlotinib, in a panel of TNBC cell lines. 

Erlotinib was tested across an eight-point, log10 drug titration, and drug 

sensitivity was measured using a SYTOX green-based assay277. Because these 

cell lines grow at different rates, we scored drug sensitivity using the normalized 

Growth Rate inhibition value (GR). GR values, which scale from 1 to -1, facilitate 

a more accurate comparison of drug responses across cell lines by removing 

artefactual differences in drug response that are due to differences in the growth 

rate between cells279.  We compared erlotinib responses in TNBC cells to drug 

sensitivity observed in PC9, an EGFR-mutant NSCLC cell line that is known to 

be sensitive to EGFR inhibition372. As expected, we found that erlotinib strongly 

inhibited growth in PC9 cells, with GR values near or below zero at high doses 

(Fig. 3.1A). Responses were more varied in TNBC cells. Complete resistance 

was observed at all doses for three of the six TNBC cells profiled, which grew at 

their normal rate (GR ~ 1), even when exposed to high concentrations of erlotinib 

(Fig. 3.1A). Intermediate responses were observed for the other three TNBCs 
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(Fig. 3.1A). In these cells, the maximum responses observed were in the positive 

portion of the GR scale (0.3 – 0.7), indicating that cells continue to proliferate, 

albeit at a reduced rate when compared to untreated cells.  

 The GR value reports drug response in terms of the net population growth 

rate, but for any given GR value, it is unclear to what extent the observed drug 

response is due to growth arrest, cell death, or both. Thus, we also measured 

drug-induced lethal fraction (dead cells divided by total cells), which more 

specifically reports drug-induced cell killing277,373. Evaluation of lethal fraction 

kinetics revealed significant drug-induced cell death in PC9, but not in any of the 

TNBCs tested (Fig. 3.1B). We also computed drug GRADE, a metric that 

precisely scores the degree to which cell death contributes to an observed drug 

response278. The drug GRADE for erlotinib in PC9 cells was 45 (45% of the 

decrease in population size is caused by cell death, Fig. 3.2), and erlotinib-

induced cell death was observed at low doses. In contrast, GRADEs for erlotinib 

in TNBC cells ranged from 0 – 23% (Fig. 3.2). Furthermore, erlotinib-induced 

death was not observed in any TNBC cells, except at high doses. Thus, erlotinib 

exposure results in high levels of cell death in EGFR-driven PC9 cells, but only 

partial growth inhibition in TNBCs.  

 Given that erlotinib-induced growth inhibition in TNBC was only partial, we 

suspected that higher concentrations of the drug may be required to fully inhibit 

EGFR signaling. To inspect this, we measured phosphorylation of ERK, a critical 

downstream kinase that drives growth factor induced proliferation336. For TNBC 
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cells that were completely unresponsive to erlotinib, we observed that ERK 

activity was also unchanged, even at the highest doses of erlotinib that we tested 

(Fig. 3.1C). Unexpectedly, however, for TNBCs in which erlotinib caused partial 

growth inhibition, we observed that ERK signaling was completely inhibited in 

spite of the observed partial response (Fig. 3.1C-D and Fig. 3.3). Furthermore, 

the degree, kinetics, and duration of ERK inhibition were similar in these TNBC 

cells to what we observed in PC9 (Fig. 3.1D). 

 One possible explanation for these observations is that EGFR controls a 

different signaling/transcriptional network in EGFR-driven NSCLC cells when 

compared to TNBC or other cell types. Indeed, in the context of oncogene 

addiction, it is often suggested that the coordinated control of growth and death 

by a single protein is the result of aberrant network circuitry163,374. To test this, we 

performed RNA-seq in BT20 cells, a TNBC cell line with intermediate sensitivity 

to erlotinib. We compared these data to a previously published dataset of gene 

expression changes in PC9 following EGFR inhibition375. In both cases, data 

were collected for untreated cells and following 24-hour exposure to erlotinib. We 

analyzed erlotinib-induced changes in gene expression using gene set 

enrichment analysis (GSEA)376. We focused on a previously annotated signature 

of gene expression changes that were observed in EGFR-driven NSCLC cells 

when exposed to an EGFR inhibitor377. For these genes that were previously 

shown to be induced or depleted in EGFR-mutant NSCLC cells treated with 

EGFR inhibitors, we observed similar changes in PC9 and BT20 cells (Fig. 3.1E-



 116 

F). Thus, although these cells are derived from different types of cancer, with 

different EGFR aberrations, the signaling network controlled by EGFR in these 

two cell lines appears to be similar.  
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Figure. 3.1: TNBC cells are insensitive to EGFR inhibition despite high levels of 
EGFR dependent signaling. (A-B) Erlotinib sensitivity in TNBC cells. (A) Normalized 
Growth Rate Inhibition value (GR) after 72-hour exposure to erlotinib. Data are the mean 
+/- SD from 3 biological replicate wells. Statistical analyses for pairwise comparisons of 
area over the curve for TNBC compared to PC9 performed using ANOVA with Dunnett’s 
post hoc analysis test. (B) Erlotinib-induced Lethal Fraction Kinetics. Data are mean +/- 
SD from 3 biological replicate wells. Statistical analyses of death rate for pairwise 
comparisons between vehicle and erlotinib treated cells performed using ANOVA with 
Dunnett’s post hoc analysis test. (C-D) ERK phosphorylation (p-ERK) following 10 µM 
erlotinib exposure. Blots in (C) are representative of 3 biological replicates. (D) p-ERK 
quantified from western blots in (C). Data are mean +/- SD from 3 biological replicate 
blots. Data in (D) are colored as in panel (A). Statistical analyses for pairwise 
comparisons of area over the curve for TNBC compared to PC9 performed using 
Dunnett’s test. (E-F) Gene Set Enrichment Analysis (GSEA) of erlotinib-dependent 
mRNA expression changes in PC9 or BT20 cells. Sequencing data generated from 3 
biological replicate samples. Rank ordered log2 Fold Change (L2FC) for treated vs. 
untreated samples used to evaluate genes that are induced (E) or depleted (F) by EGFR 
inhibition in bona fide EGFR-driven NSCLC cells. Gene signatures used in comparison 
are from msigDB (‘Kobayashi EGFR Signaling 24-hr UP’ in (E) and ‘Kobayashi EGFR 
Signaling 24-hr DN’ in (F)). FDR adjusted p-values shown based on 1000 permutations 
of gene sets. For panels (A), (B), and (D), *** p < 0.001, n.s. = not significant.  
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Figure 3.2: Erlotinib Drug GRADE in TNBC cells compared to PC9 (NSCLC) cells. 
For each cell line in this study, drug GRADE (Growth Rate Adjusted DEath fraction) 
computed across 8 doses. Each dot represents a different dose, with darker shades 
used for higher doses of erlotinib (8 half-log dilutions from 0 – 10 µM). GRADE reports 
the fraction of the observed response that is due to cell death. Data are mean +/- SD of 
3 biological replicate wells. See also Fig. 3.1A-B. 
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Figure 3.3: ERK activation following erlotinib treatment in TNBC cells. ERK 
phosphorylation (p-ERK) following 10 µM erlotinib exposure; b-actin and total ERK 
shown for comparison. Three biological replicate blots per cell line shown. See also Fig. 
3.1C-D. 
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B. Genome-wide screen using CRISPR-Cas9 mediated genome editing 
reveals that the ELP complex contributes to erlotinib insensitivity in 
TNBC 

 
 TNBC cells are consistently insensitive to EGFR inhibition, in spite of the 

similarities between TNBC and EGFR-mutant NSCLC cells in EGFR-dependent 

signaling and gene regulation. For many cancers, adaptation to kinase-targeted 

therapy can drive drug resistance by promoting signaling through other growth 

factor receptor tyrosine kinases (RTK)378. For these TNBC cells, however, EGFR 

inhibition did not increase the expression or activity of any RTK (Fig. 3.4A-B). To 

identify genes that may be contributing to erlotinib insensitivity in TNBC we 

performed a genome-wide single gene knockout screen. We used the GeCKO v2 

pooled sgRNA library, which has six sgRNAs targeting each gene in the genome, 

and 1000 unique non-targeting sgRNA controls379. We infected spCas9-

expressing BT20 cells at low MOI, with a coverage of ~300x per sgRNA. Cells 

were either left untreated or treated with 10 µM erlotinib for roughly 3-4 

population doublings. To identify genes that contribute to erlotinib insensitivity we 

focused on genes that drop out of the library in erlotinib treated cells compared to 

untreated cells. A consensus “best” method for analyzing this type of screen has 

not yet emerged. The best performing method in any given scenario likely 

depends on experiment-specific parameters, which affect the distributions of 

targeting/non-targeting sgRNAs and the magnitude of changes within the data 

being analyzed380. Thus, rather than selecting an analysis method a priori, we 

tested several analysis strategies in parallel94,381–384. Collectively, these strategies 
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tested different methods for determining: sgRNA-level fold change, gene-level 

scores from the distribution of sgRNA fold changes, and statistical significance 

within the gene-level data. To evaluate the quality of each analysis stream, we 

determined the ability of each method to score core essential genes in the 

comparison of untreated cells to the “T0” input library385 (Fig. 3.5).  

Based on this evaluation, we selected a conservative and straight-forward 

approach that was similar to prior methods, such as drugZ383 (Fig. 3.6A and Fig. 

3.5A-B). Briefly, we included all recovered sgRNAs, and computed fold-changes 

at the sgRNA level using DESeq2381. We determined gene-level scores by 

computing the mean of the sgRNAs targeting each gene. These scores were 

then z-scored relative to the mean and standard deviation of the non-targeting 

controls. To determine statistical cut-offs, an empiric p-value was determined 

from z-scored fold-changes by bootstrapping based on the sgRNA data. Empiric 

p-values were then FDR corrected for statistical robustness.  

Our analysis strategy identified 324 genes that were differentially 

recovered in cells exposed to erlotinib when compared to untreated cells, with 

295 of these genes being depleted in erlotinib treated cells (Fig. 3.6B). Among 

the most depleted genes were four of the six components of the Elongator 

complex (ELP1-6, Fig. 3.6B-C and Fig. 3.5D-F). The ELP complex was first 

identified based on physical association with RNA polymerase II386,387. Although 

ELP proteins do play roles in histone acetylation and transcription, studies reveal 

that the central function for the ELP proteins is in modifying a subset of tRNAs in 
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the U34 wobble base position. ELP-dependent modifications at this site are 

required for function of these tRNAs235. Additionally, U34 modifying enzymes 

have been found to contribute to drug resistance in BRAF mutant melanomas 

and ER+ breast cancers234,238.  

To distinguish between the transcriptional and U34-modifying functions of 

the ELP complex, we analyzed our gene knockout screen data using GSEA. 

Only 4 gene signatures within the molecular signatures database were 

significantly enriched or depleted within our data, with the top two signatures 

being the GO annotations “tRNA wobble uridine modification” and a similar 

signature “tRNA wobble base modification” (Fig. 3.6D-E). Enrichment for these 

signatures was driven not only by the ELP genes, but also by depletion of 

sgRNAs targeting the CTU1 and CTU2 enzymes. CTU1 and CTU2 are involved 

in the U34-modifying functions of the ELP complex, but not the transcriptional 

functions of ELP388. Thus, these data further clarify that the U34 modifying 

functions of the ELP complex contribute to erlotinib insensitivity in BT20 cells.  

Genetic knockout of the ELP genes generally result in noticeable fitness 

defects, which vary in strength depending on the ELP subunit and the genetic 

background389 (Fig. 3.7). Alternatively, ELP knockdown using RNAi is better 

tolerated, and ELP genes are typically not essential in the context of RNAi (Fig. 

3.7). From our functional screen, it appears that, in this genetic background, the 

ELP complex importance becomes of higher importance in the context of ERL. 

To verify the results of our screen, we knocked down expression of ELP3-6 using 



 123 

siRNAs (Table 3.1). The population growth rate for each knockdown was 

quantified in the presence and absence of erlotinib using automated microscopy. 

Consistent with expectations, we found that erlotinib exposure caused a slowing 

of the population growth rate by roughly 20% (46 hours versus 55 hours for the 

doubling time, Fig. 3.6F-G). For all four ELP proteins tested, knocking down 

expression strongly enhanced population growth suppression in the erlotinib 

treated cells (Fig. 3.6F-G and Fig. 3.8). Notably, while knockdown of ELP3, 

ELP5, and ELP6 resulted in some growth slowing even in the absence of 

erlotinib, knockdown of ELP4 strongly suppressed growth only in an erlotinib-

dependent manner. These data further highlight the synergistic interaction 

between ELP knockdown and erlotinib exposure. 
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Figure 3.4: RTK expression changes following erlotinib exposure. (A) RNA-seq of 
BT20 cells exposed to 10 µM Erlotinib for 24 hours. 58 Receptor tyrosine kinases (RTK) 
highlighted in red. Data are from 3 biological replicate samples, analyzed using DESeq2. 
No RTKs were significantly changed in expression following erlotinib exposure. (B) RTK 
activity profiled using Proteome Profiler Human Phospho-RTK Array in untreated cells or 
following exposure to 10 µM Erlotinib for 24 hours. Data are representative of two 
biological replicate blots. 
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Figure 3.5: Overview of genome-wide screen and analysis. (A) Screen and analysis 
workflow. Critical steps highlighted, including methods to compute sgRNA level fold 
change, which sgRNAs to include, calculating gene-level scores from the distribution of 
sgRNA scores, statistical significance, and strategy to determine optimal analysis 
methods. (B) ROC curves for evaluation of various analysis strategies described in (A). 
Untreated cells compared to the T0 input control used, and data report recovery of core 
essential genes (True Positives) compared to non-targeting genes (False Positives) at 
varied FDR cut-offs. Analysis strategy selected for this study was to include all sgRNAs 
(no trimming, i.e., Raw), and collapse to gene level by computing the mean of sgRNAs 
for a given gene (red curve). ROC curve used here as the number of essential genes is 
approximately equivalent to the number of non-targeting “genes”. (C) Histogram of z-
scored gene level fold changes for all genes (grey) or core essential genes from Hart et 
al. (purple). P-value calculated using the KS-test. (D-F) sgRNA-level data for 
comparisons of erlotinib treated versus untreated cells. (D) sgRNA level counts for 
biological replicates. Pearson’s correlation coefficient shown. (E) sgRNA-level counts 
versus fold change observed in treated/untreated. (F) Scatter plot of sgRNA level counts 
for treated and untreated samples. See also Fig. 3.6B-C for gene-level data. Data in (B-
F) are based on mean responses at gene level, from three biological replicate sample, 
each containing 6 sgRNAs per gene. 
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Figure 3.6: Genome-wide screen using CRISPR-Cas9 mediated genome editing 
reveals that the ELP complex contributes to erlotinib insensitivity in TNBC. (A) 
Schematic overview of CRISPR screen. (B-C) Fold change in recovery of BT20 cells 
harboring gene knockouts when comparing erlotinib treated to untreated cells. (B) 324 
genes were differentially recovered. Six ELP complex genes are highlighted (red), and 
non-targeting “genes” highlighted in black. (C) sgRNA-level data for the six ELP genes. 
FDR corrected p-values shown based on bootstrapping sgRNA level data. Grey curve is 
the distribution of all sgRNAs; red lines are the six individual sgRNAs for a given ELP 
gene (non-z scored). (D-E) GSEA of CRISPR screening data. (D) Ten most enriched 
signatures within msigDB. FDR cut-off for significance shown. (E) Example signature 
shown for the GO term: TRNA Wobble Uridine. FDR p-value shown. For (D) and (E) 
FDR was determined based on 1000 permutations of gene sets. For (A) – (E) data are 
based on three biological replicate samples. (F-G) ELP validation using quantitative 
microscopy. (F) Population growth over time for BT20 cells with or without an ELP 
targeting siRNA. Grey: scrambled RNA untreated. Blue: scrambled RNA + 10 µM 
erlotinib. Red: ELP targeting siRNA pool. Purple: ELP targeting siRNA pool + 10 µM 
erlotinib. See fig. S6 for knockdown validation. (G) Growth rates for curves in (F). Data 
are population growth per hour. Data in (F) and (G) are mean +/- SD for 16 biological 
replicate wells for scrambled RNA (SCX) condition and 3 biological replicate wells in 
ELP siRNA conditions. Growth rates for erlotinib treated cells compared using Dunnett’s 
test. See also Fig. 3.4 & 3.5. ***, p < 0.001. 
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Figure 3.7: Varied levels of ELP Complex essentiality in TNBC cells. (A-B) Gene 
essentiality for ELP3 and ELP4 when evaluated in pooled CRISPR knockout screens 
(CRISPR KO, 769 cell lines, top) or RNAi screens (712 cell lines, bottom). Data are from 
DepMap (depmap.org). For each, probability density function for essentiality across all 
tested cell lines shown as shaded area. Solid red line highlights the median Gene Effect 
score for all common essential genes (Gene Effect = -1). Solid blue/purple lines are 
erlotinib insensitive TNBC cell lines from this study. Dashed lines are erlotinib sensitive 
cell lines from this study. (A) Data for ELP3 perturbation. ELP3 is a common essential 
gene in knockout screens but not in RNAi based screens. (B) Data for ELP4 
perturbation. ELP4 is not generally an essential gene in knockout screens or in RNAi 
based screens.  
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Figure 3.8: Validation of ELP knockdown. qPCR performed to determine transcript 
levels for ELP3-6 following knockdown by siRNA. Data are mean +/- SD of three 
replicate samples. All ELP siRNAs significantly reduced ELP levels compared to 
scrambled siRNA (***, p < 0.001 ; t-test). See also Fig. 3.9 and Fig. 3.11 for validation of 
ELP4 using Western blot. 
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C. The ELP complex promotes survival of TNBC cells exposed to 
erlotinib by promoting expression of Mcl-1 
 

 Knocking down the ELP proteins enhanced responses to erlotinib; 

however, it was unclear if this was due to further inhibiting the growth rate of 

cells, increasing the death rate, or a combination of these phenotypes. In bona 

fide cases of EGFR “oncogene addiction”, EGFR inhibition causes robust cell 

death (Fig. 3.1C). Thus, we measured the drug-induced lethal fraction over time 

following erlotinib exposure, using a SYTOX-based cell death assay277. As 

expected, erlotinib did not result in cell death in triple negative BT20 cells, even 

when applied at high concentrations. For all four ELP genes tested, however, 

ELP knockdown significantly increased erlotinib-induced cell killing (Fig. 3.9A and 

Fig. 3.8).  

Drug-induced cell death is generally not mutually exclusive with drug-

induced growth inhibition278. To determine the degree to which growth inhibition is 

also contributing to the observed drug response, we also measured the 

proliferation rate of erlotinib-treated cells following ELP knockdown. We focused 

on ELP4 because, unlike the other ELP members, ELP4 knockdown did not 

cause any population growth defects in the absence of erlotinib (Fig. 3.6F-G). To 

measure the growth rate of live cells, rather than the effective population growth 

rate, we calculated the rate of dilution of a cell tracking dye over time. As 

expected, these data reveal that the true growth rate of cells is somewhat faster 

than the effective population growth rate, due to baseline levels of cell death (true 

doubling time of 35 hours, compared to a population growth rate of 46 hours, Fig. 
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3.6G and 3.9B-C). These data also revealed that ELP4 knockdown caused a 

selective increase in the death rate, without altering the cell proliferation rate (Fig. 

3.9C). Our prior drug screening found that this is a somewhat rare phenotype 

that is generally only observed for direct activators of cell death, such as BH3 

mimetics278.  

 Having found that ELP4 knockdown facilitates erlotinib-induced cell death 

in TNBC cells, we next aimed to determine the mechanism by which the ELP 

complex was inhibiting death in these cells. The ELP complex facilitates 

modification of a subset of tRNAs at the U34 base. These modifications are 

required for decoding AAALys, GAAGlu, and CAAGln codons during mRNA 

translation236. In yeast, depletion of ELP proteins causes protein misfolding and 

accumulation of protein aggregates237. Additionally, in the context of cancer, 

inhibiting ELP function causes ribosome stalling and inefficient translation of 

transcripts that are enriched for U34 codons238. To identify mechanisms by which 

the activity of the ELP complex may be mediating the erlotinib insensitivity in 

TNBC, we sought to identify negative regulators of apoptosis whose expression 

was dependent on ELP complex function. We noticed in our CRISPR screen that 

MCL1 was one of the most depleted genes, suggesting that erlotinib insensitivity 

depends on MCL1 expression (12th most depleted gene; z-scored L2FC = -9.7). 

Furthermore, no other apoptotic regulatory genes were found on our list of 

significantly depleted genes. Additionally, Mcl-1 expression was correlated with 
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ELP3 expression in the panel of TNBC cells that we evaluated for erlotinib 

sensitivity (Fig. 3.10A-E). 

MCL1 is a member of the BCL2 family, and a potent negative regulator of 

apoptosis390. To determine if MCL1 expression is regulated by ELP complex 

activity, we measured erlotinib-induced changes in Mcl-1 protein levels, with and 

without ELP4 depletion. Using quantitative immunoblotting, we found that Mcl-1 

protein expression is strongly depleted in ELP4 knockdown cells treated with 

erlotinib (Fig. 3.9D and Fig. 3.11A-C). In cells in which ELP4 was not depleted, 

erlotinib did not significantly alter Mcl-1 levels. To determine if this was unique to 

Mcl-1, or if other apoptotic proteins were also regulated by the ELP complex, we 

profiled a panel of well-validated apoptotic regulatory proteins using the 

Proteome Profiler Apoptotic Array. These data show that very few changes are 

observed following erlotinib exposure in wild-type BT20 cells, consistent with our 

observations that erlotinib does not induce death in these cells in the presence of 

robust ELP activity (Fig. 3.12). In the context of ELP4 knockdown, however, 

several apoptotic proteins change in their expression (Fig. 3.9E-F). Notably, 

caspase-3 cleavage is increased in ELP4 knockdown cells exposed to erlotinib, 

confirming that the death observed is likely due to an apoptotic mechanism. 

Other erlotinib-induced changes include decreased phosphorylation of p53 on 

multiple phosphorylation sites, and increased Bcl-2 expression (Fig. 3.9F and 

Fig. 3.12A-B). Notably, these changes would be expected to inhibit apoptosis, 

and thus are not likely to promote the cell death that is observed.  
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Figure 3.9: ELP complex promotes survival of TNBC cells exposed to erlotinib by 
promoting expression of Mcl-1. (A) Lethal fraction kinetics following application of 10 
µM erlotinib. Cells tested were BT20 + scrambled RNA (SCX), or BT20 + siRNA 
targeting ELP3, 4, 5, or 6 (ELP KD). Data are mean +/- SD from 3 biological replicate 
wells. Death rates for each ELP KD compared to SCX (Dunnett’s test).  (B-C) CellTrace 
proliferation dye dilution to determine growth rate of live cells. (B) BT20 cells with 
scrambled RNA or ELP4 targeted siRNA, untreated (Unt) or given 10 µM erlotinib (ERL). 
Samples collected prior to drug addition or following 72 hours. Representative dye 
fluorescence distributions from flow cytometry shown based on 3 biological replicate 
samples with at least 10,000 cells measured per sample. (C) Quantification of cell 
growth rate from data in (B). Data are mean +/- SD of 3 biological replicate samples. (D) 
Mcl-1 protein expression in BT20 cells + SCX or + ELP4 siRNA, with or without 10 µM 
ERL. Blots are representative of 3 biological replicates which all showed similar results. 
(E) Proteome profiler apoptotic array. Data shown are representative of 3 biological 
replicate blots from ELP4 siRNA untreated or ELP4 siRNA + 10 µM ERL. (F) 
Quantification of (D) and (E). Data are mean +/- SD of 3 biological replicate blots. 
Labelled signals are significantly different in ELP4 KD cells compared to Scrambled RNA 
cells (t-test with FDR correction). For panels (A), (C), and (F): *, p < 0.05; **, p < 0.01; 
***, p < 0.001; n.s., not significant. 
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Figure 3.10: Correlations between erlotinib sensitivity and EGFR, MCL1, and/or 
ELP expression. (A) Baseline expression of EGFR, Mcl-1, ELP3, and ELP4 in a panel 
of TNBC cells. EGFR-mutant PC9 cells shown as a reference. b-actin shown as a 
loading control. Western blots are representative of 3 biological replicates, which show 
similar results and are quantified in panel (B). For ELP4, the siRNA sensitive band which 
is approximately the predicted molecular weight of ELP4 is highlighted with an asterisk. 
See also fig. S8. (B) Quantification of immunoblots from panel (A). Erlotinib sensitive 
cells are shown in blue; erlotinib resistant cells are grey. Data are mean +/- SD of 3 
biological replicate blots for expression levels relative to b-actin. (C) Erlotinib sensitivity 
in TNBC panel and PC9 cells. Data are the maximum response observed across all 
doses at 72 hours. Full dataset is shown in Fig. 3.1A, shown here for comparison to 
expression levels. Data are mean +/- SD of 3 biological replicate samples. (D) 
Correlation matrix for data in (B) and (C). Dots are colored according to Pearson 
Correlation Coefficient (PCC) and sized relative to p-value. P-values were calculated 
using the MATLAB function ‘corrcoef’, which tests the probability of a given correlation 
given a t-distribution. (E) mRNA expression levels for EGFR, MCL1, and ELP4 for 1303 
cell lines. These include 57 breast cancer cell lines, 29 of which are TNBC. Erlotinib 
sensitive and resistant cells from this study are highlighted. Data are from CCLE. 
Pearson correlation coefficients shown below for pairwise comparisons. 
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Figure 3.11: ELP complex facilitates expression of MCL1 following erlotinib 
exposure. (A-C) Western blots for Mcl-1 (A), ELP4 (B), and phosphorylated ERK (p-
ERK, C). Beta-actin shown as a loading control (b-actin). Three independent biological 
replicate blots shown. Data are 1: scrambled RNA, untreated; 2: scrambled RNA + 10 
µM erlotinib; 3: ELP4 KD, untreated; 4: ELP4 KD + 10 µM erlotinib. In panel (B), white 
arrow marks the expected size/band for ELP4. See also Fig. 3.9D.  
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Figure 3.12: Apoptotic regulatory protein expression following erlotinib exposure. 
(A-B) Proteome profiler human apoptosis array. Data shown for BT20 cells with 
scrambled RNA (SCX) or ELP4 targeted siRNA (ELP4 KD), each with or without 10 µM 
erlotinib. Two independent biological replicates of each shown. (B) Apoptosis array 
analysis key. See also Fig. 3.9E-F. 
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D. Mcl-1 inhibition synergistically enhances sensitivity to erlotinib in 
TNBC cells 
 

 Our data suggest that the ELP complex contributes to erlotinib insensitivity 

in TNBC cells by reinforcing expression of Mcl-1, a negative regulator of 

apoptosis. Thus, we next tested if direct inhibition of Mcl-1 would potentiate 

sensitivity to erlotinib in these TNBC cells. We tested all pairwise combinations of 

varied doses of erlotinib and the Mcl-1 inhibitor, S63845391. In BT20 cells, both 

drugs had very modest efficacy as single agents, killing less than 30% of all cells 

even at saturating high doses (Fig. 3.13A). When these drugs were added in 

combination, however, cell killing was substantially increased (Fig. 3.13A). To 

evaluate the combinatorial drug-drug interaction, we analyzed the data using the 

Loewe isobologram convention392,393. Under the Loewe dose additivity model, one 

would expect two drugs to produce linear isobols when added in combination (a 

linear trajectory connecting similarly efficacious doses). Analysis of erlotinib-

S63845 combinations in BT20 cells revealed a strongly synergistic interaction 

between these drugs (Fig. 3.13B). For instance, 1 µM S63845, an inefficacious 

concentration of this drug, potentiated erlotinib sensitivity by roughly 100-fold 

(Fig. 3.13C).  

To determine if the observed drug effect was due to growth inhibition or 

cell killing, we also measured the drug-induced lethal fraction. As expected, 

erlotinib or S63845 did not result in significant cell death when added as single 

agents. Alternatively, combinations of erlotinib and S63845 induced high levels of 

cell death (Fig. 3.13D). Furthermore, the death onset time, death rate, and 
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maximum lethal fraction observed were similar to what we previously observed 

for erlotinib sensitivity following ELP4 depletion. Additionally, these responses 

were also similar to the responses observed in EGFR-driven PC9 cells (Fig 3.1B, 

3.9A). Thus, Mcl-1 inhibition, while not lethal to cells, promotes erlotinib 

sensitivity in a manner that is similar to that observed in the absence of robust 

ELP function, and similar to bona fide examples of EGFR oncogene addiction. 

 To determine if potentiation of erlotinib sensitivity by Mcl-1 inhibition was 

generalizable to other TNBCs, we profiled combinations of erlotinib + S63845 in 

a panel of TNBC cell lines. Drugs were tested alone and in fixed dose-ratio 

combinations (1:1 equimolar dosing). In all TNBCs tested, sensitivity to erlotinib 

was improved by addition of S63845 (Fig. 3.13E and Fig. 3.14A). However, the 

degree of improvement was variable across the six cell lines. To more formally 

score these drug-drug interactions, we used two well-validated conventions, the 

Chou-Talalay Combination Index (CI) and Deviation from Bliss Independence 

(DBI)392,394. CI scores drug-drug interactions relative to a dose additivity reference 

model, whereas DBI scores interactions relative to a response independence 

reference model277,393. These measures of drug-drug interaction can both be used 

to identify synergistic or antagonistic drug combinations; however, CI and DBI 

tend to vary due to the differences in how additivity or independence are 

defined395. For interactions between Mcl-1 inhibition and EGFR inhibition in 

TNBC, drug combinations were synergistic for all cell lines tested further 

highlighting the robustness of this drug-drug interaction (Fig. 3.13F and Fig. 
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3.14B). Taken together, these data demonstrate that Mcl-1 promotes the 

insensitivity to EGFR inhibition that is commonly observed within the TNBC 

subtype. 
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Figure 3.13: Mcl-1 inhibition synergistically enhances sensitivity to erlotinib in 
TNBC. (A) Full dose titration of erlotinib (ERL) and S63845 (Mcl-1i) in BT20 cells. Data 
are relative viability (RV) of drug treated cells compared to untreated cells at 72 hours. 
Heatmap is scaled according to mean values from 3 biological replicate wells. (B) 
Isobologram analysis for data in (A). Data are arrayed in linear scale with linear 
interpolation. Dashed white line represents ERL+Mcl-1i combinations that result in 50% 
response (50% isobol). (C) ERL sensitivity at 72 hours with or without 1 µM Mcl-1i. Data 
are mean +/- SD from 3 biological replicate wells. Responses evaluated based on area 
over curves, compared using a t-test. (D) Lethal fraction kinetic responses in BT20 cells 
treated with 1µM ERL, 1µM Mcl-1i, or both. Data are mean +/- SD of 3 biological 
replicate wells. Statistical analyses performed using Dunnett’s test for pairwise 
comparisons of death rates. (E-F) ERL, Mcl-1i, or combination responses at varied 
doses in a panel of TNBCs. Drugs were tested as single agents or in 1:1 fixed ratio 
combination across 7 doses. (E) Area over the dose-response curve (AOC). Data are 
mean +/- SD for 3 biological replicate wells. Individual replicates shown (white dots). (F) 
Combination Index (CI) and Deviation from Bliss Independence (DBI) computed for 
combinations of ERL and Mcl-1i in TNBC cells. For DBI, statistical analysis performed 
for observed data compared to a Bliss reference model for response independence. For 
CI statistical analysis performed relative to the predicted IC50 dose given dose additivity. 
For (E) and (F), full dose response profiles and statistical analysis, see Fig. 3.14. For 
panels (C), (D), and (F): *, p < 0.05; **, p < 0.01; ***, p < 0.001; n.s., not significant. 
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Figure 3.14: Mcl-1 inhibition synergistically enhances sensitivity to erlotinib in  a 
panel TNBC cells. (A) Sensitivity of TNBC cells to erlotinib (ERL), S63845 (Mcl-1i), or a 
combination of these two drugs (ERL + Mcl-1i). Drugs tested across 7 half-log dilutions. 
For drug combinations, ERL and Mcl-1i were added at a fixed 1:1 equimolar drug ratio. 
Relative Viability measured 72 hours after drug exposure using a SYTOX based death 
assay. Data are mean +/- SD of 3 biological replicate wells. (B) Statistical analyses for 
data in (A). T-test used to compare observed data to predicted responses relative to a 
Bliss Independence reference model or a relative to the predicted IC50 given dose 
additivity (CI = 1). See also Fig. 3.13E-F. 
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IV. DISCUSSION 

In this study we explored differences between EGFR-driven NSCLC cells 

and TNBC, a cancer subtype that exhibits high levels of EGFR signaling, but 

does not respond to EGFR inhibitors. Our genetic screen identified that the ELP 

complex (in particular, gene set enrichment analysis identified the tRNA 

modifying function of the ELP complex) is important for promoting insensitivity to 

EGFR inhibition. We found that ELP activity insulates the cells from activating 

apoptotic death, by promoting expression of the anti-apoptotic protein Mcl-1. 

Finally, we find that direct targeting of Mcl-1 synergistically potentiates erlotinib 

sensitivity in a panel of genetically unrelated TNBC cells.  

These data complement two studies that have highlighted a role for ELP-

dependent translation in promoting cancer drug resistance. The ELP complex 

was found to promote resistance to BRAF inhibition in BRAF-driven melanoma, 

through specific stabilization of HIF-1a238. Additionally, the ELP tRNA-modifying 

activity was found to promote resistance to ER inhibition in ER+ breast cancer, 

through a broad-spectrum “translational offsetting”, which stabilizes ER-

dependent protein expression, despite the loss of ER-dependent mRNAs234. Our 

finding that ELP activity also drives the characteristic EGFR-insensitivity of 

TNBCs further extends the reach of ELP-dependent drug resistance. 

Furthermore, at least for TNBC cells, our study highlights a targetable protein, 

Mcl-1, which can reverse ELP-dependent drug resistance.  
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Several questions remain to be answered before these findings can be 

appropriately evaluated therapeutically. In our study, we found there to be a 

general positive correlation between the ELP3 subunit and Mcl-1 expression (Fig. 

3.10). However, ELP-dependent regulation of Mcl-1 has not yet been validated in 

pre-clinical in vivo models or using patient derived material. One method to 

interrogate this question may be to obtain EGFR high versus low-expressing 

tumors from distinct tumor types that have been treated with an EGFR inhibitor 

and see if there is an expression correlation between the ELP complex and Mcl-1 

pre & post-treatment. Another question remains regarding the specificity of 

S63845 for Mcl-1. While S63845 has not been deeply interrogated in these 

TNBC cells, it appears to be highly selective for Mcl-1 in other contexts391. 

Formally evaluating these issues are important next steps, particularly 

considering the relative homogeneity of tumor cell lines when compared to 

primary tumors. An additional concern is that TNBC is a heterogeneous sub-

class, and our data show variation in the degree to which Mcl-1 inhibition 

promotes erlotinib sensitivity (Fig. 3.14). It remains unclear how to identify 

TNBCs that would benefit from co-targeting EGFR and Mcl-1. A formal study 

evaluating EGFR, ELP complex, and Mcl-1 expression relative to each other and 

evaluating these data in the context of patient outcomes may aid in the 

elucidation of TNBCs that may benefit from this therapeutic combination. Our 

data from a panel of six TNBCs show that baseline levels of ELP proteins are 
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positively correlated with Mcl-1, but overall, these relationships were not as clear 

in larger panels, such as in expression data from CCLE104,265 (Fig. 3.10).  

These issues should be clarified with improved resolution in the 

mechanistic relationship between EGFR, the ELP complex, and Mcl-1. For 

instance, it remains unclear why Mcl-1 protein levels are particularly sensitive to 

the tRNA modifying activity controlled by the ELP complex. MCL1 mRNA is a 

direct substrate of the U34 tRNAs that require ELP-dependent modifications. 

MCL1 has 18 ELP-sensitive codons and loss of U34 tRNAs may lead to difficulty 

translating these codons238. However, considering the length of the MCL1 mRNA, 

18 ELP-sensitive codons is roughly average for the human genome (~ 51 ELP 

sensitive codons per 1000 codons on average). Thus, it remains unclear why 

Mcl-1 protein expression was strongly dysregulated, but not the expression of 

many other apoptotic regulatory proteins. It is likely that the regulation of Mcl-1 by 

ELP complex activity is, at least in part, indirect. For instance, perturbation of 

ELP activity in the absence of erlotinib did not alter Mcl-1 levels (Fig. 3.9D). It is 

possible that other key MCL1 regulatory proteins are also direct ELP targets. 

Mcl-1 has a relatively short protein half-life, due to an amino-terminal PEST 

sequence that promotes protein degradation396. Protein turnover is further 

regulated by phosphorylation of Mcl-1 by a variety of MAPKs, which slows the 

protein turnover rate397. Additionally, MCL1 mRNA expression and protein 

stability are controlled by PI3K/mTOR signaling in a variety of different 

contexts398. Thus, the ELP complex may be promoting Mcl-1 protein expression 



 144 

by regulating multiple substrates, including MCL1 itself, and potentially other 

proteins that contribute to Mcl-1 turnover, growth factor signaling, MAPK 

signaling, and/or PI3K/mTOR signaling.  

In some contexts, EGFR has been found to directly regulate Mcl-1 

levels399. In the TNBC cells profiled in this study, however, EGFR inhibition was 

not sufficient to significantly reduce Mcl-1 or cause cell death (Fig. 3.9D). 

Likewise, the data presented in this study do not suggest that EGFR directly 

regulates ELP expression or activity (Fig. 3.10A-E). Decreased Mcl-1 expression 

required both EGFR and ELP complex inhibition, although the precise 

mechanism by which EGFR and ELP activity are coordinated to promote Mcl-1 

expression is not clear. Thus, a benefit of our finding is that regardless of which 

ELP substrate(s) are functionally coordinated by ELP activity to regulate MCL1 

levels, direct targeting of Mcl-1 pheno-copies ELP deletion, leading to enhanced 

sensitivity to EGFR inhibition. This finding provides a strong rationale for the 

development of combination drug therapies involving co-inhibition of EGFR and 

Mcl-1 in TNBC and potentially other subtypes of cancer. 

More broadly, our study reveals an important new insight into the 

phenomenology of “oncogene addiction”. TNBC cells would not typically qualify 

as being “addicted” to EGFR, as these cells do not respond to loss of EGFR 

signaling. Our data show that when compared to NSCLC cells with EGFR-

activating mutations, EGFR in TNBC signals at a similar level, activates a similar 

set of genes, and is equally inhibited by commonly used EGFR inhibiting drugs. 
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Thus, EGFR plays the same role in these TNBC cells as in NSCLC cells that are 

“addicted” to EGFR. This reality is masked by the activity of the ELP complex. 

Oncogene addiction has been the conceptual motivation for the development and 

use of targeted therapies for more than twenty years. Despite considerable effort 

and focused research in this area, relatively few cancer subtypes respond in the 

striking manner observed in the best-case examples334. This study highlights a 

new mechanism by which phenotypes associated with oncogene addiction can 

be masked. Here we highlight a contextual dependence on Mcl-1 and the ELP 

complex in the context of EGFR inhibition. MCL1 has been shown to be amplified 

in TNBC400,401, yet is also not a standard targeted therapy in clinical management. 

These contextual connections have implications for potentially many molecules 

that may not fall into the usual definition of direct driver in cancers. In future 

studies it will be interesting to determine the degree to which the ELP complex 

contributes to drug resistance in other settings, and if Mcl-1 inhibition is broadly 

useful for potentiating targeted therapies outside of the TNBC subtype.  
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V. MATERIALS AND METHODS 

A.  Cell lines and general reagents 

BT20, MDA-MB-468, HCC1806, HCC1937, HCC38, and MDA-MB-231 

cells were obtained from the American Type Culture Collection (ATCC). PC-9 

(NSCLC) cells were a generous gift from J. Pritchard (Penn St.). All cells were 

maintained at low passage numbers (less than 20 passages from the original 

vial). BT20 cells were grown in Minimum Essential Medium (ThermoFisher 

Scientific, CAT# 11090081). MDA-MB-468 and MDA-MB-231 cells were grown in 

Dulbecco’s Modified Eagle Medium (DMEM, Fisher Scientific, CAT# 

MT10017CV). PC9, HCC1806, HCC1937, and HCC38 cells were grown in 

Roswell Park Memorial Institute (RPMI)-1640 medium (ThermoFisher Scientific 

CAT# 11875119). In all cases, base medium was supplemented with 10% 

FBS(ThermoFisher Scientific, CAT# SH30910.03, LOT# SH40014-13), 2 mM 

glutamine (ThermoFisher Scientific CAT# MT25005CI), and 

penicillin/streptomycin (ThermoFisher Scientific, CAT# MT30002CI). Cell lines 

were STR profiled to confirm identity and tested for mycoplasma contamination 

on an annual basis. 

Erlotinib hydrochloride salt was purchased from LC Laboratories (CAT# E-

4007). S63845 (Mc1-1 inhibitor) was purchased from Selleck Chemicals (CAT# 

S8383). Anti-Phospho-p44/42 MAPK (ERK1/2—Thr202/Tyr204, CAT# 9101) and 

anti-MCL-1 (D35A5 rabbit anti-human primary, CAT# 5453) antibodies were 

purchased from Cell Signaling Technology. Anti-ELP4 (rabbit anti-human 
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primary, CAT# NBP2-16322) antibody was purchased from Novus Biologicals. 

Monoclonal anti-b-actin (mouse anti-human primary, CAT# A2228) antibody was 

purchased from Sigma-Aldrich. Proteome Profiler Human Apoptosis Array kit 

(CAT# ARY009), Proteome Profiler Human Phospho-RTK Array Kit (ARY001B), 

and Pepstatin A aspartic protease inhibitor (#1190/10) were purchased from R&D 

Systems. The cOmplete protease inhibitor cocktail (CAT# 11697498001) and 

PhosSTOP phosphatase inhibitor tablets (CAT# 4906845001) were purchased 

from Millipore Sigma. The siGENOME non-targeting siRNA control pool was 

purchased from Horizon Discovery (CAT# D-001206-14-05). Human ELP3 

(ENTREZ# 55140, CAT# M-015940-01-005), human ELP4 (ENTREZ# 26610, 

CAT# M-016927-01-005), human ELP5 (ENTREZ# 23587, CAT# M-017992-02-

005), and human ELP6 (ENTREZ# 54859, CAT# M-020705-01-005) siRNA were 

each purchased as a SMARTpool of 4 siGENOME siRNAs targeting different 

areas of the gene from Horizon Discovery.   
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B. Lethal fraction kinetic analysis using a fluorescence plate reader 

Lethal fraction (LF) kinetics were determined as describe previously277. 

SYTOX Green (ThermoFisher Scientific, CAT# S7020) is a nuclear marker that 

can only enter cells following death and loss of membrane integrity. 

Fluorescence of dead cells was monitored with a Tecan Spark microplate reader 

using an excitation/emission of 503/524. SYTOX was used at a final 

concentration of 5 µM, and a gain was selected for each cell line which achieved 

linearity below the saturation limit of the detector. SYTOX-based assays were 

performed in optical bottom black-walled plates (Corning, CAT# 3904), with 

2500-5000 cells seeded in each well depending on each cell line’s growth rate. 

Cells were plated in an initial volume of 90 µL of media. Drugs and SYTOX were 

diluted to 10X final concentration in phosphate buffered saline (PBS), and 10 µL 

of each drug/drug combination were added to each well at the start of the 

experiment. Fluorescence readings were taken at the indicated timepoints for 

each experiment, with measurement frequency optimized to capture the onset 

time, rate, and maximum death achieved by each drug. At the end of each 

experiment, cells were permeabilized with the addition of 0.15% Triton X-100 

(Fisher, CAT# BP151-500) and incubation at 37oC for >1.5 hours. Detergent 

induced cell permeabilization at the assay endpoint allows for the determination 

of total cell number, a crucial number for calculating LF. Additionally, for kinetic 

experiments, an untreated plate of cells was lysed at the time of drug addition. LF 
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was then determined at each timepoint using pre- and post- permeabilization 

numbers for each plate. 

  

C. Quantitative Immunoblotting 

For generation of protein lysates for immunoblotting, cells were seeded at 

1 – 1.5 million cells in 10-cm dishes and allowed to adhere overnight. Erlotinib 

(ERL) was added at t = 0 hours at a final concentration of 10 µM, and cellular 

lysates were prepared at the indicated time points. Briefly, media was removed 

by aspiration, and plates were washed two times with 2 mL of ice-cold PBS. Cells 

were lysed by adding 400 µL of Sodium dodecyl sulfate (SDS)-lysis buffer (50 

mM Tris-HCl, 2% SDS, 5% glycerol, 5 mM EDTA, 1 mM NaF, 10 mM b-GP, 1 

mM PMSF, 1 mM Na3VO4, and a protease inhibitor and phosphatase inhibitor 

tablet each). Lysates were collected with cell scrapers and centrifuge spin-filtered 

through 0.2 µm multi-well filters to remove DNA (Pall, CAT# 5053). After filtration, 

each lysate concentration was determined by the Pierce BCA Protein assay kit, 

according to the manufacturer’s instructions (ThermoFisher Scientific, CAT# 

23225). Lysate concentrations were normalized to 0.5 mg/mL for SDS-PAGE 

loading. Samples were run either on pre-cast E-PAGE 8% 48-well gels 

(ThermoFisher Scientific, CAT# EP04808) or in hand-poured 8% SDS-PAGE 

gels. Gels were subsequently transferred using a semi-dry iBlot fast gel transfer 

system (ThermoFisher Scientific) on nitrocellulose membranes (ThermoFisher 

Scientific, CAT# IB301031). Membranes were then blocked in a 50% PBS and 
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50% Odyssey Blocking Buffer (ThermoFisher Scientific, CAT# 927-40000) 

solution, on a rocking shaker for 1 hour at room temperature. Membranes were 

then incubated overnight on a rocking shaker at 4°C in primary antibody (diluted 

1:1000 in a 50% PBS-0.1%Tween and Odyssey blocking buffer solution). The 

following morning, membranes were incubated in primary anti-b-actin antibody 

(diluted 1:15000 in a 50% PBS-0.1%Tween and Odyssey blocking buffer 

solution) for 1 hour on a rocking shaker at room temperature. Following two, 5-

minute washes with PBS-0.1%Tween, membranes were incubated in secondary 

antibodies (diluted 1:15000 in a 50% PBS-0.1%Tween and Odyssey blocking 

buffer solution) conjugated to infrared dyes (LICOR, IRDye 680RD, goat anti-

mouse IgG secondary, CAT# 926-68070; IRDye 800CW, goat anti-rabbit IgG 

secondary, CAT# 926-32211) for 1 hour at room temperature on a rocking 

shaker, washed 3 times, and stored in PBS. Blots were then visualized using a 

LICOR Odyssey CLx scanner. Protein expression signal levels were quantified 

with LICOR’s ImageStudio software. Expression levels were individually 

normalized to b-actin loading controls and all samples normalized to a BT-20 

serum shock control.  
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D.   Knockdown using SMARTpool siRNAs 

Knockdown experiments were performed according to the manufacturer’s 

suggestions. Briefly, cells were seeded in full media at 350,000 cells per well in 

6-well dishes and allowed to adhere overnight. Lipofectamine RNAiMAX 

(ThermoFisher Scientific, CAT# 13778075) was diluted 1:100 in Opti-MEM 

reduced serum medium (ThermoFisher Scientific, CAT# 31985088). The 

siGENOME non-targeting control siRNA pool or the ELP-complex gene 

siGENOME SMARTpools were stored at stock concentrations of 20 µM at -80°C. 

For transient transfections, each reagent was diluted 1:100 in Opti-MEM reduced 

serum medium. The diluted lipofectamine RNAiMAX and siGENOME pools were 

mixed 1:1 (250 µL of each) and incubated at room temperature for 15 minutes. 

The 500 µL mixture of RNAiMAX+siGENOME pools were then added drop-wise 

to the cells (1:5 dilution) for a final concentration of 20 nM for the siRNA pools (5 

nM per each siRNA within the pool). Transiently transfected cells were incubated 

at 37°C (and 5% CO2) for 24 hours before being re-plated with fresh media for 

subsequent experiments. Drug treatment began 48 hours after the initiation of 

transfection, to ensure efficient knockdown. Sequences of siRNAs used to 

knockdown ELP3 – ELP6 are included in Table 3.1. 
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Gene 
Symbol 

GENE 
ID 

Gene Accession Sequence 

ELP3 55140 NM_018091 GGAAAGACAUCGAUCUAAA 
ELP3 55140 NM_018091 AAAGAUCGGCUACAGAUUA 
ELP3 55140 NM_018091 GUAAGGAGAGAUUAUGUUG 
ELP3 55140 NM_018091 GGCCAAAGAUUCCGGUUUU 
ELP4 26610 NM_019040 CAAGAUUUGGUCACUAUUA 
ELP4 26610 NM_019040 GAAAAUAGCUUGGCGUUAC 
ELP4 26610 NM_019040 GGAGAUUGGACCAGUAUCA 
ELP4 26610 NM_019040 GCACCAUUACUUGAUGAUA 
ELP5 23587 NM_203415 CAACUCAUUUGACCUUUAA 
ELP5 23587 NM_203415 GAGGAAGAGUUUCGUGAAG 
ELP5 23587 NM_203415 CACCAUUGCUCUCGAUUCA 
ELP5 23587 NM_203415 AAGUGAGUGUGCUGGGCUU 
ELP6 54859 NM_001031703 GAAACUGACUCUACUCUGU 
ELP6 54859 NM_001031703 GGACGUACCCGGUGCUGUU 
ELP6 54859 NM_001031703 GAAACAUGGUGGUCCUUGU 
ELP6 54859 NM_001031703 CAAAGCUAAUUGUAAAGUC 

 

Table 3.1: Sequences for siRNAs targeting ELP3-ELP6. Nucleotide 
sequences for siRNAs targeting ELP3 – ELP6. siRNAs were used as pools of 
four siRNAs targeting each ELP subunit. 
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E.   Quantitative-PCR and qPCR primers 

Following transient transfections of ELP genes and non-targeting controls, 

BT20 cells were seeded at 500,000 cells per 10cm plate and allowed to adhere 

overnight. The next day (48 hours after transfection), cells were washed twice 

with 2 mL of PBS. Then, 250 µL of QIAzol (CAT# 79306, Qiagen) was added to 

the 10 cm plate and allowed to wash the full surface of the plate. Cell lysate was 

collected, vortexed for 1 minute, and incubated for 5 minutes at room 

temperature before being snap-frozen with liquid nitrogen and stored at -80°C. 

Total RNA was extracted using the manufacturer’s instructions in the QIAGEN 

RNeasy kit (CAT# 74104, Qiagen). Each sample was at least 100 ng/µL in 

baseline concentration, with 260/280 ratios between 2.03-2.04 and 260/230 

ratios between 1.9-2. For the reverse transcription PCR, 1 µg of total RNA (per 

sample) was mixed with 1 µL of Oligo-DT (ThermoFisher Scientific, CAT# 

18418012), 1 µL of 10 mM dNTPs, and water for a total volume of 16.75 µL. The 

samples were exposed to 65°C for 5 minutes before cooled on ice quickly and 

spun down. Separately, a master mix of 1 µL of RNAse OUT (ThermoFisher 

Scientific, CAT# 10777019), 2 µL of 10x RT buffer, and 0.25 µL of reverse 

transcriptase (M-MuLV Reverse Transcriptase kit from New England Biolabs, 

CAT# M0253S) was prepared and 3.25 µL of this master mix was added to each 

of the samples for a total volume of 20 µL. The samples underwent the RT-PCR 

using the following thermocycling conditions: 90 minutes at 42°C, 5 minutes at 

65°C, and then stored at - 20°C. The cDNA was dilute 1:10 in water before 
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proceeding with the quantitative PCR. Two microliters of diluted cDNA was 

added to a master mix of 10 µL of SYBR Green (ThermoFisher Scientific, CAT# 

4385612), 1 µL each of 10 µM forward and reverse primer, and 6 µL of water, for 

a total reaction volume of 20 µL. The thermocycling conditions were as follows: 

Initial denaturation (1 cycle—10 minutes at 95°C), cycling stages (40 cycles—15 

seconds at 95°C then 1 minute at 60°C with fluorescence recording at the end of 

each cycle), followed by a melt curve (1 cycle—1 minute at 60°C then a 0.3°C/s 

ramp down from 95°C with continuous fluorescence recording). The primer sets 

(25 nanomole DNA Oligos purchased from Integrated DNA Technologies) for the 

quantitative PCR were designed to skip an intron and with amplicon sizes 

between 70-200 nucleotides. They are as follows: GAPDH forward: 

AATCCCATCACCATCTTCCA; GAPDH reverse: 

TGGACTCCACGACGTACTCA; ELP3 forward: GGCAGAAGCGGAAAGGAGAT; 

ELP3 reverse: GAGGGACGGCAGCAATGATA; ELP4 forward: 

TATTCACCATTGAGCGACTGCATTT; ELP4 reverse: 

TTCTTGCCTCCGGCCATCAT; ELP5 forward: CACTCAGCTGGCTGCTACTT; 

ELP5 reverse: AAGCCCAGCACACTCACTTT; ELP6 forward: 

GAGCTCGGAATGTTCGTGGA; ELP6 reverse: 

GTAGAGTCAGTTTCCCCTGCT. The delta-delta CT (DDCT) method was used 

to determine the siRNA mediated on-target knockdown of the ELP complex 

mRNAs, relative to the mRNA levels of these genes in a non-targeting control 

genetic background. Briefly, 1) GAPDH sample CTs were subtracted from ELP 
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gene or non-targeting control CTs, and 2) the ELP gene CTs are then subtracted 

from the non-targeting control CTs to obtain the DDCT value per ELP gene target 

set. We then computed the knockdown percentage for each target ELP gene by 

100*(1-(1/(2-DDCT)). 

 

F.   Gene expression analysis by RNA-seq 

For analysis of erlotinib-induced changes in gene expression, BT20 cells 

were seeded at 300,000 cells per well in a 6-well plate and allowed to adhere 

overnight. The next day cells were treated with either DMSO (final concentration 

of 0.1%) or erlotinib (final concentration of 10 µM). After 24 hours, cells were 

washed twice with 1 mL of PBS. 150 µL of QIAzol was added to each well and 

allowed to cover the full surface of the plate. The cell lysate was collected, 

vortexed for 1 minute, and incubated for 5 minutes at room temperature before 

being snap-frozen with liquid nitrogen and stored at -80°C. Total RNA was 

extracted using the manufacturer’s instructions in the QIAGEN RNeasy kit. Each 

sample was at least 50 ng/µL in baseline concentration, with 260/280 ratios of 

1.9-2.03 and 260/230 ratios between 1.9-2. RNA-seq library construction was 

prepared using the TruSeq RNA library preparation kit v2 (CAT# RS-122-2001, 

Illumina) and subsequently sequenced at a depth of at least 15 million reads per 

sample. The experiment was completed with biological triplicate samples per 

condition. For comparison to PC9 cells, publicly available RNA-seq data was 

used (GEO accession #GSM2692587)375. Both sets of raw sequencing reads 
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were processed using the UMass Medical School Biocore’s DolphinNext 

(v1.1.10) pipeline. First, the sequencing reads were de-multiplexed and assessed 

for sequence quality using the barcode splitter and trimmer functions of the 

FASTX toolkit (v0.0.14) as well as FastQC (v0.11.8). Bowtie2 was used to count 

and filter out RNAs that are not relevant for our analysis (rRNAs, miRNAs, 

tRNAs, piRNAs, etc.). RSEM (v1.3.1) was used to align RNA-seq reads to 

reference transcripts and estimates gene expression levels. Hisat2 (v2.1.0) and 

Tophat2 (v2.1.1) align the reads to the human genome (GRCh38). DESeq2 uses 

a parametric fit to compute a log2(fold-change) and FDR-adjusted p-value from 

RSEM expected counts for each comparison (erlotinib versus DMSO-treated 

cells). 

 

G.   Gene Set Enrichment Analysis (GSEA) 

Gene-Set Enrichment Analysis (GSEA)376 was performed using GSEA 

v4.0.3 [build: 23].  For analysis of EGFR signaling signatures in BT20 and PC9 

cells, we used ranked log2(fold-change) of mRNA expression levels in BT20 or 

PC9 cells, in comparisons of erlotinib versus DMSO-treatment. The GSEA pre-

ranked tool was used to analyze signature enrichment or depletion. We analyzed 

enrichment for previously annotated gene signatures describing genes that 

change in expression upon EGFR inhibition in EGFR-driven NSCLC cells 

(Kobayashi_EGFR_signaling_24hr_UP and DOWN). Significance was 

determined using 1000 gene set permutations. GSEA of Genome-Wide CRISPR-
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Cas9 screen hits was performed as described above using rank ordered gene-

level fold change values. All gene expression signatures within msigdb were 

tested. 

 

H.   Genome-wide CRISPR screen and analysis 

CRISPR screen was performed in BT20 cells using the GeCKO v2 two 

vector system (Addgene, CAT# 1000000049). Both A and B libraries were 

amplified according to the distributor, and virus was generated using 293T cells. 

The lentiCas9-Blast plasmid from the GeCKO system was used to generate 

BT20-Cas9 cells. Following blasticidin selection, Cas9-expressing cells were 

transduced with the sgRNA library at a MOI of < 0.3. Cells were transduced to 

achieve a final library coverage of 750x after puromycin selection. A T0 sample 

was harvested prior to drug addition, and cells were then bifurcated into DMSO 

(vehicle) and Erlotinib (10 µM) treatment groups. Treatment was carried out for 6 

days, sub-culturing as necessary while maintaining a library coverage >200x 

(approximately 3-4 population doublings). Two replicates were collected for each 

treatment group and frozen. gDNA was isolated from the cell pellets using a 

phenol-chloroform based extraction method, and sgRNA sequences were 

amplified by PCR. A second round of PCR was used to add multiplexing 

barcodes, and each gel-purified library was sequenced.  

For analysis of sequenced libraries, reads were first de-multiplexed using 

the barcode splitter and trimmer functions of the FASTX toolkit. edgeR was used 
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to map reads from each condition to the GeCKO library. Counts were split 

between guides with identical sequences, and highly duplicated sgRNA 

sequences (>6) were removed. The sequencing depth of each sample was 

normalized to the distribution of nontargeting guides. A log2(fold-change) was 

determined for each comparison of interest using a parametric fit in DESeq2. The 

1000 nontargeting sgRNA controls were then randomly assigned to set of 6 

“genes”. Guide-level scores were then consolidated to a single gene-level fold-

change by taking the mean. Gene fold-change values were then z-scored based 

on the distribution of non-targeting guides. Empiric p-values were calculated by 

bootstrapping guide-level scores, and final FDR corrected scores were 

determined using the Benjamini-Hochberg procedure. The method described 

above was selected from a larger set of methods tested in parallel, featuring 

different methods of trimming guides prior to gene level fold-change calculation, 

and different methods to estimate gene-level scores from sgRNA level fold 

change values. In total, 15 unique analysis pipelines were tested in parallel (see 

also fig. S4). The results from these pipelines were also compared to the outputs 

from other published analysis methods including MAGeCK, BAGEL, and 

drugZ382–384. The default parameters were used for analysis in drugZ. In BAGEL, 

the lists of essential and non-essential genes generated by Hart et al. were used 

as training sets385. MAGeCK was performed using nontargeting guides as a 

negative control.  
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I. Growth rate measurement using live cell microscopy 

Following transient transfections with ELP-targeted and non-targeting 

control siRNAs (described above), BT20 cells were seeded at 5000 cells per well 

in a 96-well optical-bottom plate and allowed to adhere overnight. Forty-eight 

hours after transfection cells were treated in technical triplicate with DMSO (final 

concentration of 0.1%) or erlotinib (final concentration of 10 µM). While being 

incubated at 37°C in an IncuCyte automated microscope, wells were imaged 

every 24 hours for 96 consecutive hours. Four quadrants were imaged per well at 

10x magnification with phase-contrast live-cell microscopy. Phase-contrast 

masks for identifying cell bodies were analyzed using the IncuCyte analysis 

software to obtain well-confluence percentages for each well at each timepoint. 

Well-confluence percentages were normalized to timepoint 0 to obtain relative 

population sizes at each timepoint. These population sizes were then fit to obtain 

population growth curves (2b*x, with b signifying the growth rate and x signifying 

the timepoint). 

 

J.   Growth rate measurement using cell dyes 

To determine the growth rate of live cells following drug exposure, BT20 

cells were washed once with 5 mL of PBS and, subsequently, stained at 37°C for 

20 minutes with 1 µM (final concentration) of the CellTrace Far Red reagent 

(CAT# C34572, ThermoFisher Scientific). After incubation, 5 mL of complete 

culture medium was added, the solution was mixed and incubated at 37°C for 5 
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minutes. Cells were then seeded at 150,000 cells per well 6-well dishes and 

allowed to adhere overnight. 48 hours after transient transfection, the drug-

treated plates were treated with either DMSO (final concentration of 0.1%) or 

erlotinib (final concentration of 10 µM) and incubated at 37°C. At each timepoint 

samples were harvested after trypsinization, stained with 500 nM SYTOX green 

for 30 minutes, and placed in a solution of 1% BSA in PBS for flow cytometry 

analysis. At least 10,000 live cell events were collected (SYTOX green negative) 

per condition. After 72 hours, treated cells were harvested, stained, and analyzed 

by flow cytometry. The mean fluorescence intensity (MFI) of the cell population 

was quantified using FlowJo. The MFIs of each sample were then fit to obtain 

population growth curves (2b*x, with b signifying the growth rate and x signifying 

the timepoint) and growth rates.  

 

K.   Proteome Profiler based analysis of apoptotic proteins and RTK 
phosphorylation 

 
 Proteome Profiler Apoptosis Array and Phospho-RTK arrays were 

performed as suggested in the manufacturer’s instructions. 200,000 BT-20 cells 

were used per condition. Cells were collected and lysed according to instructions. 

Lysates were diluted to 400 µg/mL and 250 µL of the lysate was loaded per 

array. Blot arrays were visualized using a LICOR Odyssey CLx scanner and 

analyte expression was quantified with the LICOR ImageStudio software.  
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L.   Data analysis and statistics 

All data analysis was performed in MATLAB unless otherwise noted. 

Curve fitting for drug dose response and LF kinetics were performed as 

described previously, using custom MATLAB code277. For multiple pairwise 

comparisons between samples and a shared control, ANOVA with post doc 

Dunnett’s test was performed using Prism 8 for macOS, version 8.3.1. GSEA 

was performed using the GSEA 4.0.3 package, and associated graphs were 

generated in MATLAB. Immunoblot analysis was performed using ImageStudio 

v4.0.21. Drug-drug interaction scores were calculated using custom code as 

described previously277. Drug GRADE calculations were performed as described 

previously278. Flow cytometry analysis was performed using FlowJo v10.5.3. PCA 

was performed following z-scoring, in MATLAB using the built-in function ‘pca’. 

 

Data and materials availability: RNA-seq data for BT20 with and without ERL 

(Erlotinib) are deposited onto the Gene Expression Omnibus (GSE148096). 
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CHAPTER IV 

 

DISCUSSION 
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My thesis work was inspired by 1) the need to investigate the conundrum 

of a clinically intrinsic resistance response to a targeted therapy (EGFR inhibitor, 

erlotinib) despite strong evidence pointing to its importance as a driver of that 

cancer (TNBC) and 2) the clear need for a new therapeutic strategy for TNBC. 

Through this study, we characterized the response of TNBC to EGFR inhibition 

to be adaptive, intrinsic resistance. Additionally, we found two potential 

therapeutic synthetic lethal strategies (i.e., inhibition of the DNMT family or MCL-

1, in the context of EGFR inhibition) for TNBC. In addition to the biological and 

potential therapeutic insights, this study highlights a few strategies that can be 

used to successfully address targeted therapy resistance, especially intrinsic 

resistance. 

Surgery and radiation therapy were the first successful interventions used 

in cancer treatment. These were, and continue to be, effective at attacking 

cancer in a localized fashion. However, cancer is a systemic disease, which 

results from acquiring a set of abnormal functional capabilities over time. 

Chemotherapy was developed in an effort to eradicate any trace of disease from 

the body. Unfortunately, cancer is not always responsive to chemotherapy and, 

despite the indiscriminatory cytotoxic nature of chemotherapy, relapse still 

occurs. Decades of study into cellular functions and the underlying signaling 

components, coupled with the advent of genome sequencing technology, 

provided insight into tumorigenesis as a multi-step process. This process 

consists of a tumor-promoting, mutagenic state where genetic alterations drive 
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the progression from a normal to an abnormal phenotype. Having then gathered 

more knowledge of key pathways and nodes of importance in those pathways, 

the goal has become to design drugs to target these points of cancer-specific 

susceptibility, while minimizing toxicity to normal tissue. There have been 

success stories to bolster support for this strategy – including, most famously, 

targeting the BCR-ABL oncogene in CML. Targeted therapy interventions have 

resulted in a significant reduction in tumor burden, while being much less toxic to 

normal tissue than standard cytotoxic chemotherapy.  

The success stories of targeted therapy interventions rely on choosing the 

most consequential molecular driver of the cancer’s pathogenesis. Complicating 

this single signaling node approach, however, is the fact that pathways form 

interconnected, non-linear, dynamic networks. Additionally, not only are there 

redundant functional nodes within these pathways, there are also parallel 

pathways, which can compensate for the targeted approach. Further 

complicating the situation is the fact that tumors frequently exhibit heterogeneous 

collections of alterations (genomic, epigenomic), represented as clones. These 

clones can create a heterogeneously driven tumor with clones that compete to 

improve the fitness of the tumor. As a result of these natural pathway dynamics 

and clonal heterogeneity, tumors can adapt to targeted therapy strategies. This 

phenomenon, known as resistance, occurs either early in the interventions 

(intrinsic) or after a period of continuous treatment (acquired). Resistance to 



 165 

therapy is multifaceted and is the most pressing problem facing oncologists 

today. 

 

A. BREAKING DOWN THE PROBLEM OF RESISTANCE INTO 3 PARTS 

The successes in CML, while encouraging, biased the original 

expectations surrounding clinical responses to targeted therapy and ensuing 

studies into resistance. Not only did a significant swath of patients benefit from 

this intervention, but the benefit was also durable – until acquired resistance 

developed. Therefore, studies that have examined targeted therapy resistance 

have customarily been focused on acquired resistance mechanisms. Additionally, 

with the advent of next-generation sequencing technologies, it became tractable 

to look for genetic changes pre-and-post treatment of tumors. As a result, the 

majority of resistance mechanisms elucidated have been classified by genetic 

alterations either to the target, or to a compensatory node or pathway. Finally, 

tumors analyzed by sequencing after they become clinically resistant to a drug 

were done predominantly focused on the exome (protein-coding sequences of 

the genome). The cost, template size, and depth required to accurately call 

genetic alterations in the exome was initially much less than doing this at a 

whole-genome level; also, there is much more known about protein coding areas 

of the genome than the non-coding regulatory aspects. Based on these caveats 

and the “druggable” aspects of RTKs and STKs, these nodes became the 

majority of the original targeted therapy space.  
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Attempts at understanding intrinsic resistance were also, as a result, 

looked predominantly through this lens: protein-coding genetic alterations in 

canonical signaling pathways (e.g., MAPK, PI3K/AKT, VEGF/PDGF) that could 

be targeted. More recently, as more of the biology of cancer has come to light, it 

is clear that there are as many potential mechanisms of resistance as there are 

patients with cancer. This includes the fact that we must look deeper at non-

coding regulatory areas of the genome and the epigenome to expand our 

knowledge of canonical pathway signaling. To better understand and even 

predict resistance (especially intrinsic resistance), we must go beyond only 

interrogating the downstream signaling nodes of canonical pathways that we 

have traditionally targeted. We must understand these canonical pathways at a 

greater regulatory signaling level. Additionally, we must understand that the 

genotype of the cells treated as well as the environmental context will affect the  

reaction to drug exposure.  

My study illustrates the importance of expanding our understanding of 

resistance beyond 1) what proliferative mechanism the resistant cells use. To 

really truly understand intrinsic resistance (and adaptive responses mediated by 

non-genetic alterations), we must also search for an understanding of: 2) what 

the mediator of plasticity/adaptation to the new resistant state is; and, 3) what 

survival mechanism keeps the cells alive both in the transition to the resistant 

state and once in the resistant state. 
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By definition, in acquired resistance, there is a period of time in which the 

tumor is clinically sensitive to targeted therapy (e.g., maintenance or reduction in 

tumor burden, extended progression-free survival or overall survival). For 

example, 70% of EGFR-mutant NSCLC patients responds to EGFR inhibitor 

therapy. However, resistance invariably develops over the course of treatment 

and manifests in three ways: through a secondary alteration at the drug target, 

an alteration upstream or downstream of the target within the same pathway, or 

through signaling bypass (e.g., a parallel compensatory pathway). Deciphering 

mechanisms of resistance has traditionally focused on finding the compensatory 

node or pathway that is activated in response to targeted inhibition and targeting 

it in combination to combat resistance. Using next-generation sequencing 

technologies, it is tractable to identify and functionally validate genetic alterations 

in canonical pathways potentially mediating resistance by comparing pre-and-

post-treatment samples. As a result, of the characterized mechanisms of 

resistance found in EGFR-inhibitor treated EGFR-mutant NSCLC, 70-80% of 

mechanisms are described by genetic mutations or amplifications in MAPK or 

PI3K/AKT signaling pathways. These insights have formed the basis for 

combination therapy strategies in an effort to mitigate or, at least, delay 

resistance. Nevertheless, resistance continues to occur.  

Tumor heterogeneity does not fully explain why intrinsic resistance to 

targeted therapies still occurs and why there is such variability in response 

across cancer patients with similar driver status. Before a targeted therapy is 
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approved for use in a cancer population, the target’s importance to the cancer 

phenotype has been extensively assessed. It has been identified as frequently 

aberrant in that tumor phenotype. The aberrant form has been classified as part 

of a pathway that promotes proliferation, survival or other cancer hallmark. It has 

been functionally validated as promoting a tumor phenotype in that cancer, and 

clinical trials have demonstrated its benefit as an additional therapy to the 

standard of care. The question remains, then, why is it that when we target the 

aberrant molecular driver in patients with the same tumor type, we see intrinsic 

resistance? For example, 30% of EGFR-mutant NSCLC patients do not respond 

at all to EGFR inhibition. Only half of BRAF-mutant melanoma patients respond 

to BRAF inhibition. Furthermore, why is it that when we target the same 

dysregulated molecular driver in a patient population with a different tumor, do 

we see intrinsic resistance? While resistance still occurs in response to EGFRi, 

this therapeutic targeting strategy does work initially in the majority (70%) of 

NSCLCs. Yet, EGFR inhibition is not a viable clinical treatment for TNBCs, a 

cancer in which a majority of tumors exhibit dysregulated EGFR activity. EGFR 

expression is even used in the molecular subtype classification of the 

basal/TNBC subtype of breast cancer. Yet, no clinical trials have recorded a 

significant improvement in clinical outcomes with EGFR inhibition as either a 

monotherapy or in combination with chemotherapy standards of care. As a result, 

TNBC predominantly continues to be treated with surgery, radiation therapy, and 

standard chemotherapy interventions.  
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Over the course of my thesis, I was able to interrogate this intrinsic 

resistance response of a TNBC model to EGFR inhibition and characterize it as 

an adaptive response mediated by transcriptional rewiring. The BT20 TNBC cell 

model experiences a brief growth arrest in response to EGFR inhibition, but 

quickly regains proliferative potential within 2-3 days of exposure. Like many 

previous studies into targeted therapy resistance, we initially wanted to know 

what proliferation mechanism the cells transition to using in the new EGFR-

resistant state. We found that the model appears to use a unique method of 

signaling bypass that foregoes the need to reactivate ERK signaling to regain 

proliferative potential. Besides this observation of plasticity, the rapidity of the 

transition response and the extensive changes in the transcriptome the cells 

undergo during the transition, made us re-shift our focus to finding a non-genetic 

(epigenomic or other transcriptional regulatory) mediator of adaptation. Through 

a screen of inhibitors of epigenomic modifiers, we identified the DNMT family as 

a possible mediator of the adaptive response to EGFR inhibition. Importantly, the 

DNMT family insight comes from our inhibitor of epigenomic drug screen that 

also identified the BET family as a possible mediator of the transcriptional 

adaptation that ensues from the EGFR inhibition. This was concluded as a result 

of the significantly lower population observed in the conditions where the 

combination therapy was used compared to each as monotherapy. However, 

with the JQ1 inhibitor, we were able to go a step further than with the DNMT 

family inhibitor. We determined that the transcriptomic changes induced by ERL 
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treatment are orthogonal (having little to no overlap) to those changed in 

response to JQ1 inhibitor treatment. As a result, we concluded that, while the 

combination of EGFR and BET family inhibition seem to prevent the adaptive 

growth response, the combination does so without affecting the transcriptional 

rewiring response (Figure 2.6). This approach needs to be taken still with the 

DNMT family inhibitor to test the hypothesis that the DNMT family is responsible 

for the EGFR-inhibitor mediated transcriptional rewiring. Nevertheless, the DNMT 

family and EGFR inhibitor combination therapy is still a viable potential option to 

be tested in pre-clinical and clinical models of TNBC. 

After interrogating more examples of TNBC cell lines for their responses to 

EGFR inhibition, we found that a subset of the cell lines exhibits a modest growth 

delay defect. Yet, in an EGFR-mutant NSCLC cell line model (known to be 

sensitive to EGFR inhibition), PC9, we found that EGFR inhibition induced both a 

strong growth delay and increased cell death. This observation opened another 

vein of inquiry to break down the intrinsic resistance response of TNBC: how do 

these cells survive the transition to an EGFR-resistant state? Through a 

functional whole-genome CRISPR knockout screen, we found that the tRNA-

wobble base-modifying ELP complex is necessary for ERL-treated TNBC 

survival. We discovered that the ELP complex, solely in the context of EGFR 

inhibition, stabilizes the protein abundance of MCL-1, a BH3-domain containing 

pro-survival protein. We confirmed the contextual, synthetic lethality of EGFR 



 171 

and MCL-1 inhibition by combining both inhibitors and observing a synergistic 

effect on the TNBCs.  

Tumor heterogeneity complicates the process of identifying the most 

consequential driver(s) of a tumor – the ideal molecule to target. Additionally, 

while we may have identified the right driver, the combination of genotype and 

environmental context of the tumor may just be masking the susceptibility to 

targeting the driver. Breaking down this intrinsic resistance query into three parts, 

we expanded our knowledge of the tumor regulatory network and opened up 

multiple potential avenues for combination therapy. We found a significantly 

sized transcriptional network controlled by EGFR that goes well beyond its role in 

canonical MAPK and PI3K/AKT signaling. In the end, we were also able to 

unmask the driver status of EGFR in TNBC and overcome the intrinsic resistance 

to EGFR inhibition. In doing so, we were following the paradigm set by the 

phenomenon of oncogene addiction – i.e., if an oncogene is a true driver of the 

current state of the disease, there should be a dual response to a therapeutic 

intervention – at the level of growth/proliferation and death. To unmask intrinsic 

resistance and to find the synthetic lethal combinations that can potentially be 

therapeutic strategies, we had to properly assess both the growth/proliferation 

and death response to EGFR inhibition.   
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B. THE IMPORTANCE OF ASSESSING THE DEATH PHENOTYPE IN 
ONCOGENE ADDICTION: G.R.A.D.E. 

 
Success from targeted therapy interventions is thought to be explained by 

the phenomenon of oncogene addiction, which posits that tumors are dependent 

on one or a few genes for both their proliferative potential and survival. Choosing 

the right driver oncogene or set of oncogenes to target in a tumor should then 

result in a dual cytostatic (cell cycle delay or arrest) and cytotoxic response (cell 

death). This dual response is important as a cytostatic response is likely 

insufficient to cause meaningful, lasting clinical responses. Therefore, assessing 

drug efficacy comprehensively and correctly is vital. Unfortunately, there is 

information we are missing using the current, standard approaches for assessing 

drug efficacy.  

Measures of drug potency (e.g., IC50, EC50 ) do not provide direct 

information about drug efficacy or mechanism of action402,403. Being able to 

accurately assess the cellular response to drugs, distinguishing between these 

two potential effects (on proliferation and death) pre-clinically, helps us better 

understand what we might expect in a clinical response. Additionally, it can help 

with clarifying the mechanism(s) of action, character and depth of drug-related 

cellular phenotypes278,402,404. The vast majority of the methods used for assessing 

drug efficacy provide information on changes in population size, measured with 

live cell values (e.g., Cell Titer-Glo, MTT, Alamar Blue). These methods do not 

explicitly distinguish between population changes due to differences in 

growth/proliferation rate versus changes due to cell death. Since the assays only 
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measure live cells, then any assessment of cell death must be done using a 

separate assay (e.g., cell cycle analysis with propidium iodide, cleaved 

caspase3/cleaved PARP1 or other flow-cytometry-based staining analysis). In 

this way, we are not directly assessing drug efficacy on a continuum across 

doses in different biological genotype contexts. Doing the assays separately may 

also mask any dual responses due to inherent technical limitations or noise. 

Recently, our laboratory has developed an approach that assesses drug 

efficacy using single-cell data generated simultaneously of both live and dead 

cells. To do this, we have incorporated the use of a fluorescent cell dye reagent, 

known as SYTOX green, which can only bind to exposed DNA/RNA fragments – 

therefore, it allows for agnostic measurements of cell death. By sacrificing a set 

of cells at a time point prior to treatment with a drug (T0 hour) measuring a 

SYTOX-green labeled set of cells over the course of a treatment, and then 

sacrificing this longitudinal plate, we have access to an accurate assessment of 

the live, dead, and total cell populations over the course of treatment. With this 

information, we can assess drug effects on both cell growth/proliferation and cell 

death. Specifically, we can calculate a ratio between the measure of cell number 

in treated and untreated conditions to assess the Relative Viability (RV) of a 

population over time. Using information from the same assay, we can calculate 

the ratio of dead to total cell number of a treated cell population over time to 

obtain the Lethal Fraction (LF) phenotype of a perturbagen. We can also 

calculate cell death kinetics (e.g., death rate, death onset time). Using these 
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measures, we can compute the 1) fractional viability (1-LF) and 2) growth rate 

(GR) inhibition metric. The normalized Growth Rate inhibition metric (GR) 

accounts for cell proliferation rates, duration of assay, and perturbagen exposure 

to provide a measure of net population changes over time279. Using this measure 

improves the overall accuracy of assessment of drug efficacy by accounting for 

factors that are not drug-related, but actually environment or context-related. 

Using these two parameters, we can calculate the proportion of the observed 

cellular response to drug exposure that is due to cell death – the drug’s (growth 

rate-adjusted death) GRADE278. Adding GRADE to traditional pharmacometrics, 

the RV and GR values (which provides us insight into net population sizes), we 

now also have insight into the distinction between reduction in population sizes 

due to growth versus death changes, all within the same assay.  

Being able to distinguish between these parameters and directly assess 

measures of proliferation and death, we can appropriately assess oncogene 

addiction in models of cancer. Additionally, if we are missing one of the two 

expected responses, this dual assessment strategy may also inform us as to 

either the utility of the target as a driver or signal the masking of the full effect by 

an unknown mechanism. In my thesis research, I characterized the response of a 

TNBC model to EGFR inhibition and explored why the response is limited to a 

short growth arrest. I did this by individually interrogating the EGFR-inhibitor 

effects on the components of the oncogene addiction – i.e., a gene controlling 

cell growth and death. For example, when targeting EGFR, we may have not 



 175 

expected more than a growth arrest phenotype in NSCLC. What we clearly see is 

that inhibition of EGFR in PC9 cells shows a dual phenotype – growth arrest and 

increased death – which is exemplified by our analysis of RV, LF, and GRADE. 

However, in EGFR-inhibitor treated TNBCs, we see either a minimal 

growth/proliferation effect and a negligible death phenotype. We asked why we 

only see a minimal growth arrest phenotype in TNBC and used functional 

screening to eventually identify the contextual dependency on MCL-1, which was 

masked by the ELP complex. In doing so, we uncovered a synthetic lethal 

combination between EGFR and the ELP complex or MCL-1, which has made a 

weak cytostatic monotherapy into a potent & efficacious combination therapy. 

 

C. THE FUTURE OF RESISTANCE STUDIES: EXPANDING OUR 
DEFINITION OF DRIVERS 

 
Having to continuously expand standards of care by adding multiple layers 

of targeted therapies to regimens that already include surgery, radiation therapy, 

and chemotherapy eventually misses the point of the originally intended targeted 

approach. Therefore, identifying the most consequential (essential) driver(s) to 

target from the beginning is vital to therapeutic efficacy and preventing or, at 

least, delaying resistance. Target assessment undergoes exhaustive testing 

before the therapy reaches general usage in oncology practice. However, even 

with extensive in vitro assessments to elucidate driver status, subsequent pre-

clinical tests in vivo, and efficacy measurements in clinical trials, it remains a 
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wonder why putative drivers do not have always have the expected response 

when inhibited clinically across patients and cancer types.  

There are a few explanations that may account for the ERL-resistance in 

the BT20 cell TNBC model. First, this phenotype may be explained as a non-

EGFR-mediated, off-target effect of the EGFR inhibitor, ERL, in BT20. 

Admittedly, we performed most experiments at an ERL concentration of 10uM. 

While this is a high concentration, it is not only tolerated by the cells but is also 

the concentration where we see that EGFR and ERK activity is consistently 

inhibited. When we withdraw the drug, we see almost immediate reactivation (by 

western blot assessment of active-site phosphorylation) of EGFR and ERK 

signaling. Additionally, despite the high concentration, we observe that, in the 

subset of cells that respond with a delay in population growth, there is a titratable 

response from 100nM to 10uM. The EGFR inhibitor effect is similar in efficacy at 

this concentration range in our sensitive EGFR-mutant NSCLC cell line control, 

PC9 (Figure 3.1). Furthermore, the synergistic effect we observe between ERL 

and the Mcl-1 inhibitor begins at 1uM of ERL and does not require higher 

concentrations to observe the cell death phenotype (Figure 3.13). Importantly, we 

did not assess these phenotypes with a third-generation EGFR-TKI, such as 

Osimertinib because EGFR is not mutated/altered in BT20, just overexpressed. 

However, as to the question of specificity of ERL – in our WG-CRISPR screen, 

EGFR-KO cells are significantly depleted in the DMSO-vehicle treated fraction 

when compared to the untreated T0 starting population. Yet, EGFR is not a 
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significantly depleted gene in the ERL-treated compared to that of DMSO-treated 

population. Therefore, from our work, we conclude that EGFR is not only 

functionally necessary for BT20 growth, but that ERL is on-target and EGFR 

inhibition is necessary for the ERL-resistance response. 

Second, while we may see a reliance on EGFR for cell growth in vitro, it is 

important to note that EGFR does not precisely meet the evolutionary definitions 

of a “driver” as traditionally used in cancer genomics. In the cases of CML, 

NSCLC, or melanoma, the molecules that have been deemed drivers (BCR-ABL, 

EGFR, BRAF – respectively) have been identified by next-generation sequencing 

as possessing a genetic alteration that over activates that signaling axis, 

providing a fitness advantage in tumorigenesis. However, just having high 

expression of a signaling axis has been shown to be clinically meaningful and 

actionable. For example, there does not necessarily have to be a genetic 

alteration (actually, just receptor overexpression by IHC, for example) in estrogen 

or progesterone receptor signaling to 1) diagnose the tumor as hormone-receptor 

positive and 2) treat the tumor effectively with a hormone signaling inhibitor. In 

TNBC itself, EGFR exhibits many signs of being a driver, yet it is not an effective 

treatment either as monotherapy or in combination with existing chemotherapy. 

Instead, through this work, we have uncovered that the ELP complex appears to 

be masking the driver status of EGFR. We cannot completely be sure that EGFR 

was necessary for TNBC tumorigenesis, especially since it is not genetically 

altered, just exhibits high expression. However, while it may not follow the 
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traditional definitions of a driver, EGFR signaling clearly controls myriad (and not 

fully elucidated) signaling axes as observed in this work. I would classify EGFR, 

therefore, as a non-traditional driver of TNBC – one that mediates non-genetic 

adaptation. It is vital to assess driver status from this multidimensional lens, 

keeping in mind that the traditional definition of driver (i.e., a genetic alteration 

that over or under activates signaling essential to tumorigenesis) is not sufficient. 

This perspective has been vital to assessing cancer susceptibilities and 

elucidating resistance mechanisms to date. However, we must now expand our 

definition of “driver” to both fully assess the facets of tumorigenesis and expand 

our potential arsenal of viable therapeutic options. 

Tumors exhibit varying levels of genetic alterations that have been shown 

to drive pathogenesis. Improving our understanding of this phenomenon of tumor 

heterogeneity can help us more clearly delineate the drivers of a patient’s 

disease and optimize the targeting strategy. Mathematical modeling of the 

genomic alterations of tumors measured by sequencing of serial biopsies is 

helping us better understand the extent of clones in a tumor and prioritize drivers 

to target. Besides prioritizing genetic alterations in oncogenic drivers, we have to 

expand our idea of what a driver can be and how it may present in a tumor. 

Importantly, previous searches for resistance mechanisms have been biased by 

the accessibility of tractable technology (i.e., tumor whole exome and targeted 

gene sequencing) and our understanding of canonical pathway interactions that 

are known to affect proliferation (e.g., MAPK) and survival (e.g., PI3K/AKT). 
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Additionally, historical identification and treatment strategy efforts in this arena 

have been specifically focused on those mechanisms that are readily 

pharmacologically targetable (e.g., RTKs and STKs). The expansion of the 

definition of driver to include non-genetic regulatory nodes (e.g., epigenomic, 

transcriptional, translational) will be vital as our knowledge of regulatory networks 

expands. If we remain in the vein of what we have known to be canonically 

involved in cancer pathogenesis or what has been historically “druggable”, we 

risk continuing to create therapies that impart minimal or transient benefits to 

patients and adding therapies in combination to an ever-expanding repertoire of 

other modalities.  

Traditionally, we have used the paradigm of oncogene addiction to design 

our targeted therapy strategies around drivers. For example, EGFR is considered 

a driver in NSCLC because it is a) is mutated in NSCLC tumors, b) it has been 

functionally validated to induce tumorigenic properties pre-clinically, and c) 

targeting it induces a clinically advantageous effect. Yet, if we go by this strict 

definition of a driver, we are missing many potential avenues of therapy. In my 

thesis research, we delved into the driver status of EGFR in TNBCs and why 

there is a clinical intrinsic resistance response to EGFR inhibition. Basal-like 

tumors, the molecular subtype most associated with TNBCs, are known to be 

generally positive for basal cytokeratins (i.e., cytokeratin 5/6), EGFR, and c-

KIT136. EGFR expression was found to be co-expressed in over half of assessed 

samples that were also positive for basal cytokeratin expression. As a result, 
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basal-like tumors were reliably classified using a panel of four markers – negative 

for ER and HER2/neu and positive for cytokeratins 5/6 and EGFR. While EGFR 

is not frequently mutated in TNBC, high EGFR expression is still a widespread 

phenomenon in these tumors137,141,305. This has been connected to EGFR 

amplification or loss of downstream phosphatases136,141,317. Finally, in a 

comparison of TNBC patients with high versus low EGFR gene copy number 

(hazard ratio, 2.57; 95% CI, 1.063-6.208), EGFR copy number was found to be 

an independent prognostic indicator of low disease-free survival136. Importantly, 

based on these studies and the success of treatment implementation with 

hormone- and HER2/neu-positive breast cancers, it has been suggested that 

EGFR is a driver of TNBC, and that EGFR inhibition may be a viable option for 

targeted therapy in basal-like breast cancers (especially TNBCs)137,141. 

Unfortunately, every recent clinical trial completed to date has ended at Phase II 

with minimal efficacy as EGFR inhibitors in combination with other modalities325–

329. Therefore, EGFR has not been considered a true driver of TNBC. Importantly, 

this is neither an EGFR-specific problem nor a problem unique to TNBCs. Many 

cancers overexpress EGFR to a similar level as seen in EGFR-mutant (and 

clinically sensitive tumors) NSCLC and CRC, and yet EGFR inhibition is not 

efficacious in those cancers. Even within cancers that are sensitive to EGFR 

inhibitors, the response rate varies significantly between patients. The same 

trend can be said of other targeted inhibitors, such as BRAF, VEGF, and PDGF 

family inhibitors.  
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At every layer of the genome and regulation of expression there is an 

opportunity for cancer to exhibit diversity, both within the tumor as well as across 

patients with the same tumor type. Alterations or even just regulatory feedback 

mechanisms in epigenomic mechanisms that control the expression of genes 

(e.g., DNA methylation, chromatin- or histone-modifying machinery, and 

enhancer/repressor segments) contribute to tumorigenesis and tumor 

heterogeneity244–248. In my thesis work, we characterized how a TNBC cell model 

responds to EGFR inhibition and by analyzing the response from the lens of the 

full scope of oncogene addiction, we uncovered the driver oncogene status of 

EGFR. We found that there is more to TNBC response than the described clinical 

observation of intrinsic resistance. In fact, there is an EGFR-inhibitor mediated 

growth arrest, but it is minimal and brief. We found that the transition to an 

EGFR-inhibitor resistant state includes a 2 to 3-day period during which many 

thousands of genes are differentially regulated. In the end, the cells decide on a 

new EGFR-independent growth state that appears to be MAPK and ERK-

independent. It is important to note that we did not do a full genetic knockout of 

ERK signaling to confirm the ERK-independent nature of EGFR-resistant BT20 

cells. However, we can say: 1) ERK activity did not increase to baseline 

(untreated levels) following the transition to an EGFR-inhibitor resistant state and 

2) pharmacological MEK inhibition only caused an effect in EGFR-inhibitor naïve 

cells, not in the EGFR-inhibitor resistant cell population. Using a panel of 

inhibitors of epigenetic modifiers, we found that inhibition of the DNMT family had 
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a synthetic lethal effect with EGFR inhibition. The on-target inhibitory efficacy and 

specificity of the drug (i.e., the specific DNMT family members inhibited) remains 

to be assessed. We attempted single knockdown experiments of each of the 

DNMT family members in the context of EGFR inhibition. However, single 

knockdown did not abrogate the SGI-1027 and EGFR inhibitor synergistic effect 

(data not shown). This tentatively leads us to conclude that the effect of SGI-

1027 may be due to inhibition at multiple DNMT family members. We have not 

checked the transcript or the protein abundance of the DNMT family members 

following SGI-1027 administration to check on-target inhibition efficacy. 

Additionally, the generalizability of the synergistic effect still remains to be 

assessed in multiple TNBC genotypic backgrounds. However, we can say that 

azacytidine, a DNMT family inhibitor (albeit less specific than the SGI-1027 

inhibitor), also showed a synergistic effect with EGFR inhibition. Assuming the 

SGI-1027 inhibitor is on-target for the DNMT family, much work is needed to 

decipher the targets of the DNMT family in the context of EGFR inhibition, which 

may mediate the downstream adaptive, intrinsic resistance response. Hopefully, 

through some sort of bisulfite sequencing or other methylation profiling method 

these questions can begin to be addressed. Finally, of course there are various 

downstream investigations (in vivo, clinical trial safety/efficacy) needed to assess 

SGI-1027 and EGFR inhibition as a viable therapeutic combination in TNBC. 

Besides epigenomic and transcriptional methods of resistance, there are 

post-transcriptional (i.e., splicing or ribosomal protein modifications)249,250and 
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post-translational (i.e., codon usage, changes in phosphorylation, ubiquitylation, 

sumoylation modifications)234,238,251,252 functions that can increase the diversity of 

tumor fitness. For example, the ELP complex and U34-wobble modifications have 

been established as mediators of cancer pathogenesis and therapeutic 

resistance. The ELP complex is required for multiple tRNA modifications, 

including mcm5u (5-methoxy-carbonylmethyl uridine), mcm5s2U (5-methoxy-

carbonyl-methyl-2-thiouridine), and ncm5U (5-carbamoyl-methyl uridine). There 

are six subunits in the ELP complex that have distinct structural and functional 

assignments, but all are individually essential to ELP complex function. At tRNAs, 

the acetyltransferase activity of the ELP complex acts to form 

carboxymethyluridine at the U34-wobble base position. This action then results in 

differential codon usage and subsequently affects differences in protein 

translation efficiency and efficacy235,236,253,254.  Lorent and colleagues have 

recently shown that there can be a disconnect between mRNA transcription and 

translation to protein abundance/stabilization. This phenomenon, termed 

translational offsetting, describes a regulatory mechanism whereby a proliferation 

signaling molecule (i.e., ERa – Estrogen receptor alpha) affects the expression of 

a tRNA-interacting complex (i.e., ELP – Elongator complex). Accordingly, the 

abundances of proteins do not always correspond directly with the changes seen 

at the transcriptional level, and vice-versa. Importantly, no specific mutation in 

either ERa or the ELP complex was necessary to facilitate translational 

offsetting-mediated resistance. This is a natural, inherent regulatory relationship 
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between these components. Reprogramming of mRNA translation is just 

beginning to be appreciated and understood as a vital mode of tumor 

pathogenesis and drug resistance. For example, in a model of BRAF-mutant 

melanoma, the ELP complex and related tRNA-modifying enzymes (CTU1 and 

CTU2) were found to affect the translation of HIF1-α, a necessary mediator of the 

metabolic state of this cancer model. 

Two major questions remain to be answered in ELP complex biology that 

can directly inform its role as a mediator of cancer pathogenesis and resistance 

to therapy: 1) the gene-specific and context-specific factors that determine 

whether a gene is an ELP target, and 2) the identities of ELP complex targets. 

Lorent and colleagues, who originally described the translational offsetting 

phenomenon, found that estrogen-receptor-α (ER-α) expression can affect ELP 

expression. Additionally, they found an enrichment in genes enriched in U34-

modification sensitive codons whose 1) mRNA transcripts were induced/depleted 

by knockdown ER-α and 2) did not experience a corresponding 

increase/decrease in ribosome-association, respectively234. Therefore, the 

signals from the transcriptome are not being translated efficiently. Separately, 

Rapino and colleagues attempted to answer this by doing a combination of 

ribosome profiling and RNA-sequencing in BRAF-mutant melanoma cells. The 

mRNA sequence of HIF1A (hypoxia-inducible factor 1-alpha) is significantly 

enriched in codons that require U34-wobble base modifications. This implies that 

it may be a target of the ELP complex. Comparing transcriptomes from control 
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versus ELP-depleted cells, they found that known targets of HIF1A are down-

regulated when the ELP complex is depleted. Additionally, they found that HIF1-α 

protein, but not HIF1A mRNA transcripts were decreased in cells depleted of 

either the ELP complex or CTU enzymes (cytosolic thiouridylases involved to 

wobble base modifications). However, the most elegant and direct confirmation 

of an ELP complex target was achieved with a codon-switch experiment on HIF1-

α. Rapino and colleagues switched each of the known ELP-modification sensitive 

codons (AAALys, GAAGlu, and CAAGln) to insensitive codons (AAGLys, GAGGlu, and 

CAGGln) in HIF1-α. They then saw that, in ELP complex-depleted cells with 

codon-insensitive HIF1A, there was no effect now on the translation of HIF1-α 

and diminished functional consequences (e.g., cell death and aggregation of 

misfolded proteins)238.  

Importantly, in the Lorent and colleagues’ study, they discovered that 

there was significant association of U34 sensitive codons with ER-α translationally 

offset mRNAs and that ER-α levels affect ELP complex levels. However, the 

classification of an ELP target was carried out using an arbitrary, albeit intuitive, 

method. They ranked offset targets by the number of U34-modification sensitive 

codons per 1000 codons and, subsequently, validated it through an ELP 

depletion experiment. However, this study did not directly address the 

generalizability of this method (both in target identification and across 

genotypes). The study by Rapino and colleagues began with the premise that the 

ELP complex and U34 enzymes are upregulated and important for BRAF-mutant 
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(V600E) melanoma. They then connected the fact that BRAF-mutant cells 

express high amounts of a) proteins that are rich in U34-tRNA modification 

sensitive codons and b) that the proteins are involved in pathways. In both 

studies, the connection made between the ELP complex and its effects is single 

target-focused and contextual. No study I know of to date, has specifically 

discovered if there are fixed rules for protein targets of the ELP complex (or U34-

modifications) or if these change on a context-specific basis (i.e., genotype 

background, drug exposure). In my own work, we attempted subsequent studies 

to address these open questions on ELP complex biology. The only gene I was 

able to correctly predict would have no ELP-complex or EGFR-inhibition related 

protein abundance change solely based off of the number of  U34-modification 

sensitive codons was H2AX. This gene transcript is not differentially expressed 

by EGFR treatment or ELP-complex depletion. Additionally, it is one of only 

approximately 120 protein-coding genes in the genome that has zero U34-

modification sensitive codons. Other examples of proteins that were handpicked 

by their purported mRNA amounts of sensitive codons did not (data not shown). 

Therefore, these remain major questions in ELP biology that will likely only be 

addressed by quantitative proteomics coupled with ribosome profiling studies 

across genotypes and drug exposure contexts. Importantly, we did find that MCL-

1 protein is stabilized by the ELP complex, but only in the context of EGFR 

inhibition. This finding adds another layer of complexity to the search for ELP 

targets. As stated in Chapter 3, we have yet to confirm whether MCL-1 is a direct 
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target of the ELP complex. However, given the EGFR-inhibition contextual nature 

of MCL-1 protein stability in TNBC, it appears that it could be an indirect 

relationship. In other words, that the ELP complex affects the translation of a 

regulator of MCL-1 activity and abundance. However, we have yet to identify 

what this ELP complex target is that appears to regulate MCL-1 abundance when 

EGFR is inhibited. This study highlights the potential implications for cancer 

biological insight and therapeutics of answering these ELP-complex biology 

questions. 

Finally, Rapino and colleagues established a model whereby they 

connected the mTORC2/Rictor to ELP complex protein abundance induction and 

increase in activity (via phosphorylation at ELP1). They reason that this control of 

the ELP complex leads to the HIF1A-related translational effects. An interesting 

question remains, that I was not able to answer in the course of this study, is 

whether this connection between PI3K/AKT signaling and the ELP complex holds 

in TNBC. In Chapter 2, I showed that while EGFR inhibition efficaciously and 

consistently decreased MAPK activity (EGFR and ERK1/2), it did not appear to 

have an effect on PI3K/AKT activity or dynamics. It would be interesting to see if 

this pathway network interaction holds true across other BRAF-mutant melanoma 

models, as well as other cancers like TNBC. PI3K/AKT and mTORC could 

potentially be the connection between EGFR signaling and the ELP complex.   

It is possible that these non-genetic regulatory nodes may be mutated or 

altered in some manner, making it still feasible to identify resistance mechanisms 
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at these sites via genome sequencing. However, it is just as probable that minute 

changes in the expression of key regulatory nodes or the identity of the targets 

they regulate may just as well contribute to the resistance response. Importantly, 

these latter changes would not be readily uncovered by targeted amplicon or 

whole exome sequencing strategies. Other, high-throughput methods of analysis 

might be useful here to identify such mechanisms and track them over the 

cancer’s pathogenesis and treatment history. Regardless, from recent studies, 

including my own, the extent to which non-genetic and non-mutated forms of 

drivers could form reasonable therapeutic targets is massive. Therefore, 

expanding our definition of drivers is crucial, not only to attempt to mitigate 

repeated resistance and relapse, but also to uncover mechanisms of 

pathogenesis not explained by genetic alterations. Increasing the 

pharmacological target space to include “difficult-to-drug” molecules will also 

improve our ability to manage cancer. 

Resistance to therapy is the greatest challenge facing oncology and 

cancer biology today. Cell signaling networks and regulatory structures are 

inherently interconnected and dynamic. If you now also consider the aberrant 

characteristics that define and drive tumors, there are as many potential 

mechanisms of resistance as there are cancer patients. Targeted therapies, like 

those that inhibit EGFR, are more rationally designed than standard 

chemotherapy to affect cancer-specific molecular processes. However, such 

therapies are invariably susceptible to resistance. Historically, the culprits of 
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resistance to EGFR inhibitors have been described as: genetic alterations the 

target itself, to EGFR signaling effectors, or to compensatory pathways that 

bypass EGFR signaling. Yet, not all of resistance is explained by genetic 

alterations. Instead, emerging data reveals that drugs can induce resistance by 

rewiring gene regulation at epigenomic, transcriptional, and translational levels. 

Importantly, these adaptations do not necessarily require a genetic alteration, 

since they can be mediated by natural cellular regulatory mechanisms. In 

addition to the rapid time scale on which these mechanisms occur, the pathways 

affected may vary by context and presence of drug. Since the resistance appears 

to be associated with drug exposure, this state may potentially be reversible with 

drug withdrawal. Therefore, appropriate modulation of dosing sequence and 

schedule should, in principle, be capable of creating longer periods of drug 

sensitivity. Re-challenging BRAF-mutant melanoma and EGFR-mutant NSCLC 

that became refractory to targeted therapy, with the drug after a period of drug 

withdrawal has been effective in a small share of cases. Unfortunately, a major 

limitation in designing efficacious drug schedules is our inability to predict 

whether cell types are capable of rewiring in response to EGFR inhibition. Thus, 

in order to design effective cancer strategies that will have lasting responses, it is 

necessary to determine how cells rewire, and identify mechanisms of growth and 

survival in cells that can undergo rewiring in response to drug exposure. In this 

way, we may also be able to unmask oncogene addiction to drivers and 

overcome resistance in cancers where therapies are few and far between. 
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