Defining Determinants of Primary Drug Resistance in Precision Cancer Therapies

by
Hazel Xiaohui Ang

Department of Pharmacology and Cancer Biology
Duke University

Date:

Approved:

Kris Wood, Supervisor

James Alvarez

Christopher Nicchitta

Sarah Sammons

Timothy Reddy

Dissertation submitted in partial fulfillment of
the requirements for the degree of Doctor
of Philosophy in the Department of
Pharmacology and Cancer Biology in the Graduate School
of Duke University

2021

v



ABSTRACT
Defining Determinants of Primary Drug Resistance in Precision Cancer Therapies

by
Hazel Xiaohui Ang

Department of Pharmacology and Cancer Biology
Duke University

Date:

Approved:

Kris Wood, Supervisor

James Alvarez

Christopher Nicchitta

Sarah Sammons

Timothy Reddy

An abstract of a dissertation submitted in partial
tulfillment of the requirements for the degree
of Doctor of Philosophy in the Department of
Pharmacology and Cancer Biology in the Graduate School of
Duke University

2021

v



Copyright by
Hazel Xiaohui Ang
2021



Abstract

The dramatic expansion of genomic sequencing methodologies, applications and
efforts has empowered our abilities to deepen the conceptual understanding of complex
biological processes, including diseases like cancer. Through our accumulated
understanding of cancer genomics, targeted therapies, which inhibit the specific driver
oncogenes and pathophysiological processes that underlie cancer progression, have been
developed. However, in modern precision oncology and therapeutics, cancer drug
resistance, both primary and secondary, has greatly limited the potential of targeted
therapies to improve patients’ lives. Here, we systematically define combination
treatment strategies by using unbiased pharmacological and functional genetic screening
approaches to overcome the persistent problem of primary drug resistance in two cancer
contexts: (1) epidermal growth factor receptor (EGFR)-driven triple-negative breast cancer
(TNBC) and (2) PIK3CA mutant gastric cancer.

Particularly, in the first context, using a candidate drug screen, we discovered that
inhibition of cyclin-dependent kinase (CDK) 12 dramatically sensitizes diverse models of
TNBC to EGFR blockade. Instead of functioning through CDK12’s well-established
transcriptional roles, this combination therapy drives cell death through the 4E-BP1-
dependent suppression of the translation and consequent stability of driver oncoproteins,
including MYC. Further, with mechanistic intent, using a genome-wide CRISPR/Cas9

screen, we identified the CCR4-NOT complex as a major determinant of sensitivity to the
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combination therapy whose loss renders 4E-BP1 unresponsive to drug-induced
dephosphorylation, rescuing MYC translational suppression and stability. Thus, by
revealing a long debated EGFR dependence in TNBC, we have identified a therapeutic
approach that functions through the cooperative regulation of translation-coupled
oncoprotein stability and holds promising translational potential for the treatment of this
difficult-to-treat disease subtype.

In the second context, despite extensive molecular characterization of gastric
cancer, personalized treatment approaches to improve patient survival outcomes are still
lacking. Motivated by this unmet need, we performed drug sensitizer screens with a
PI3Ka isoform-specific inhibitor, BYL719, in multiple PIK3CA wild-type (WT) and mutant
cell lines, including those derived from gastric cancers, head and neck squamous cell
carcinomas (HNSCCs), and colorectal cancers using a miniaturized CRISPR/Cas9 library
targeting key druggable nodes of cellular survival pathways. This work led to the
promising findings that intrinsic resistance to PI3Ka inhibition specifically in gastric
cancer may be mediated by BCL-xL and NEDD?9. Sensitization to PI3Ka inhibition by
BCL-xL specific inhibitor revealed a novel targeted approach for the treatment of EBV+
PIK3CA mutant gastric cancers, thereby overcoming a perplexing obstacle to the effective
targeting of PI3K oncogenic dependency in this cancer subtype.

Collectively, our work demonstrated the ability and applicability of screening
approaches to define the determinants of primary drug resistance in precision cancer

therapies across diverse cancer contexts.
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1. Introduction

The overarching goal of my thesis research was to overcome primary drug
resistance in precision cancer therapies using unbiased screening tools and to
systematically generate new pharmacological treatment strategies that impact solid tumor
cancers. A central theme was also to understand the underlying mechanisms of drug
resistance in specific settings of diverse cancers, with the view to inform the design of next
generation targeted therapies. The culmination of my research work was the identification
of a synergistic targeted drug combination for the treatment of triple-negative breast
cancer (TNBC) in which clinically approved epidermal growth factor receptor (EGFR)-
tyrosine kinase inhibitors (TKIs) previously deemed ineffective in TNBC were repurposed
and combined with inhibition of cyclin-dependent kinase (CDK)12 as a novel therapeutic
strategy. Another collaborative project yielded promising findings of sensitizer genes to
overcome primary resistance to phosphatidylinositol 3-kinase (PI3K)-alpha inhibition in

PIK3CA mutant gastric cancer.

1.1 Cancer dependencies

As Hanahan and Weinberg have revisited the concept of cancer hallmarks over a
decade ago, the ever-growing knowledge in cancer biology and the advent of precision
medicine are considered to be broadly categorized and revolved around ten major
characteristics that are necessary for tumor growth and progression (Hanahan and
Weinberg, 2011). Despite the complexity of cancer biology, they summarized and

provided a conceptual framework for the organizing principles that govern the
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mechanisms of cancer pathogenesis to better guide therapeutic strategies (Figure 1). The
advances in multi-omic analysis of cancer cell genomes and synchronous rapid
improvements in computational biology have led to multiple large-scale collaborative
cancer research initiatives and the creation of a plethora of interactive online portals as
shared open-access platforms for the development of new cancer treatments. For example,
the Cancer Genome Atlas (TCGA) Research Network, initiated and supported by
National Cancer Institute (NCI) and National Human Genome Research Institute
(NHGRI), collectively developed the Pan-Cancer Atlas to provide comprehensive, in-
depth, and interconnected understanding of human cancers (TCGA, 2018). As a continued
and cumulative effort, the Catalogue of Somatic Mutations in Cancer (COSMIC) data
powered by the UK Wellcome Sanger Institute, released their latest version v92 in August
2020 (Tate et al., 2019). Concerted and ongoing efforts orchestrated by the Broad Institute
with global-wide contributions enabled the development of the Cancer Dependency Map
(DepMap, Broad, 2019), with the goal to empower research communities to make
discoveries related to cancer vulnerabilities. Another open-source site originally hosted
by the Center for Molecular Oncology at Memorial Sloan Kettering Cancer Center
(MSKCC), together with a multi-institutional team built and maintained the cBioPortal
for Cancer Genomics (Cerami et al., 2012; Gao et al., 2013). While our knowledge
continuously evolves with the rapid flux of large datasets and emerging cancer models,
all these highly organized resources aim to solidify our intricate understanding of cancer

biology and offer means to strategically exploit cancer vulnerabilities.



With relevance to the projects discussed in this dissertation, I will be providing
background information on cancer dependencies with a focus on two main subjects -
proliferative signaling pathways and transcriptional addiction in cancer in the following

subsections.
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Figure 1: Therapeutic Targeting of the Hallmarks of Cancer. (reprinted from Hanahan
and Weinberg, 2011).
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The Hallmarks of Cancer informing the therapeutic development of drug classes targeting
and interfering with each capability that are acquired for tumor growth and progression.

1.1.1 Oncogenic signaling pathways

One integral component of most cancers is sustaining chronic proliferative
signaling, a fundamental trait of cancer cells that involves their ability to activate and/or
amplify oncogenic signaling pathways. The “addiction” of cancer cells on specific aberrant

signaling(s) that drives proliferation may be precisely inhibited, thereby achieving the



termination of uncontrollable cell growth. Among the myriad of oncogenic signaling
pathways, I would like to highlight the ERBB receptors, specifically EGFR (ERBBI), as a
segue for understanding primary resistance to EGFR inhibition in TNBC and our novel
finding of synergistic combined inhibition of EGFR and CDK12 in TNBC. The ERBB
family of transmembrane receptor tyrosine kinases (RTKs) have long been known to link
to human cancer pathogenesis (Arteaga and Engelman, 2014). The activation of EGFR
stimulates cascades of downstream intracellular pathways such as RAS-RAF-MEK-ERK,
PIBK-AKT-mTOR, Src kinases and STAT transcription factors. In the context of TNBC,
several studies suggested EGFR signaling to be frequently activated with EGFR
overexpression through gene copy number amplification, resulting in increased
expression of downstream EGFR-RAS-MEK pathway genes and association with poor
prognosis (Park et al., 2014; Hoadley et al., 2007). Though targeting EGFR in TNBC has
still yet to achieve substantial clinical success, multiple primary studies highlight its
translational potential (E1 Guerrab et al., 2020; You et al., 2018; Simiczyjew et al., 2018;
Verma et al., 2017; Tao et al., 2014; Sohn et al., 2014; Lev, 2020). In sum, our growing
knowledge of dysregulated oncogenic signaling pathways like EGFR has led to the
discovery of targetable cancer dependencies that form the basis for numerous precision

therapies.

1.1.2 Transcriptional addiction in cancer

Dysregulation in gene transcriptional programs is also a key contributing element

to cancer pathogenesis. With the expansion in our technological abilities to investigate



and analyze transcriptional changes, chromatin and epigenetic modifications, our
understanding on the components of gene control frequently altered in cancer can be
broadly categorized as cis- (enhancers, promoters, and insulators) and trans-factors
(transcription factors, co-factors, chromatin regulators, RNA polymerase II and histones)

(Figure 2) (Bradner et al., 2017).
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Figure 2: Components of gene control altered in cancer. (reprinted from Bradner et al.,
2017)

As a consequence of altered gene control driven by genetic mutations,
transcriptional dependencies can develop in cancer cells. The development of specific
inhibitors targeting multiple key players in transcriptional regulation has provided
opportunities for novel therapeutic interventions (Bradner et al., 2017, Augert and
MacPherson, 2014; Christensen et al., 2014). For example, the therapeutic potential for
inhibitors of transcriptional CDKs, namely CDK?7, 8, 9 and 12/13, has recently been

demonstrated in different cancers (Zhang et al., 2016; Zeng et al., 2018; Quereda et al.,
5



2019; Wang et al., 2020). On the other hand, though master transcription factors such as
MYC have also long been considered highly desirable targets for exploiting
transcriptional dependencies in diverse cancers, the development of small molecules
capable of inhibiting this and other transcription factors has proved to be challenging

(Dang, 2012).

1.2 Pharmacological strategies in cancer therapies

In the treatment of cancer, strategies can be broadly categorized to surgery,
radiotherapy and systemic therapy, including chemotherapy and immunotherapy. Early-
stage, low-risk cancer patients often get cured with a single mode of treatment, but in
most cases, a combination of treatments is necessary to extend patients’ survival. The
ultimate goal in the pursuit of precision oncology is to kill all cancerous cells without
harming normal cells. However, as cancerous cells emerge from one’s own normal cells,
striking this balance poses a lot of challenges even in the age of modern medicine. The
work described herein seeks to contribute by refining pharmacological strategies for the
treatment of cancers that have thus far proven difficult to selectively treat, while in the
process uncovering new insights into the molecular underpinnings of such diverse
cancers. As part of the introductory sections, I will provide a broad overview of
pharmacological approaches used in cancer therapies and highlight the clinical problem

of therapeutic resistance in the following subsections.



1.2.1 Cytotoxic chemotherapies

Leveraging on the rapidly dividing nature of cancer cells, general cytotoxic drugs
primarily target the different phases of the cell cycle. First introduced in the 1940s for the
management of malignant disease, there are now over 50 approved chemo-agents used in
clinics (Jones and Ocen, 2019). They are categorized biochemically and based on their
shared mechanisms of actions into drug classes, namely alkylating agents,
antimetabolites, antitumor antibiotics, topoisomerase inhibitors and tubulin-binding
agents (Figure 3, Jones and Ocen, 2019). Despite considerable adverse effects with these
cytotoxic agents, they are still widely used in clinics for diverse cancers in neoadjuvant,
adjuvant, metastatic or relapse stages, and commonly incorporated with newer targeted
agents, immunotherapies or other therapeutic modalities. Though the wuse of
chemotherapies still helps to improve patients’” survival outcomes, the management of
unknown or high-grade toxicities affects patients’ quality of life with accompanying
healthcare burden, and the emergence of treatment resistance often leads to treatment

failures.



Figure 3: Actions of cytotoxic chemotherapeutic agents on the cell cycle and their
classifications. (reprinted from Jones and Ocen, 2019)



1.2.2 Targeted therapies

With advancements in scientific technologies and growing understanding in
molecular cancer biology, the development of small molecule inhibitors and monoclonal
antibodies has allowed targeting of specific oncogenic drivers and signaling pathways.
The precise targeting of specific biological molecules or signaling nodes contributing to
cancer growth offers the promise of reduced adverse effects while killing cancerous cells.
For example, gefitinib and erlotinib are first- and second-generation EGFR-TKIs
developed and approved for the treatment of advanced, EGFR mutant non-small cell lung
cancer patients (Bronte et al., 2014). Their high affinity to the EGFR ATP binding pocket
inhibits EGFR signal transduction, which drives proliferation and survival in these
tumors, thereby exploiting their ‘oncogenic addiction.” However, efficacies of EGFR-TKIs
in NSCLC patients vary due to patients” tumor EGFR mutational status (Bronte et al.,
2014), and the rapid development of resistance limits the duration of patients’ clinical
response to these drugs. Exploratory studies on diverse cancers found to be dependent on
EGFR signaling have also expanded their indications to multiple solid tumor types in
clinical trials, for instance, in TNBC as discussed in our work.

The nomination of molecular targets relies on the establishment of molecular
principles governing neoplastic growth and differentiating normal cells from cancerous
ones, as highlighted in Section 1.1. On the flipside, the use of small molecule inhibitors in

research settings aids further understanding of cancer biology and guides the design of



treatment strategies, underscoring this co-dependent environment in the development of
targeted therapeutics.

One of the main goals of targeted therapies, in principle, is to inhibit specific
targets that are selectively important for the survival of cancer cells, thus yielding fewer
off-target effects and undesirable toxicities than traditional cytotoxic chemotherapies. But
parallel and redundant signaling pathways, and adaptive responses by residual cancer
cells accomplished through gene mutations, microenvironment remodeling, and
epigenetic reprogramming allow these cells to escape the selection pressure and
eventually become resistant to the drug therapy (Hanahan and Weinberg, 2011). As such,
this motivates clinicians and scientists to devise strategies to combat these resistance

mechanisms or residual diseases, which I will elaborate further in the coming subsections.

1.2.3 Patient selection: Targeted vulnerabilities

Effective precision therapies involve the selection of appropriate targeted or
combination therapies based on patient’s tumor molecular genotyping and mutational
status. For instance, the exploitation of synthetic lethality for the increased sensitivity to
PARP inhibitors in patients with germline or somatic loss-of-function mutations in BRCA1
and BRCA?2 that result in impaired homologous recombination and shift in dependency
on alternative DNA damage repair mechanisms (Lord and Ashworth, 2017). In similar
concepts, deficiency in functional genes, such as CDK12, shown to be involved in DNA
damage repair pathways may also serve as a biomarker for sensitivity to PARP or CHK1

inhibitors or platinum chemotherapy (Chou et al., 2020). Our evolving understanding of
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cancer genetics with improved healthcare infrastructure and access to tumor genetic and
molecular subtyping, patient selection for the targeted vulnerabilities expands the

capacity of precision oncology to improve survival outcomes.
y

1.2.4 Resistance to pharmacological therapies: intrinsic and acquired

Resistance to targeted therapies is almost inevitable and has been a persistent
clinical problem. Broadly, drug resistance consists of two types: primary (intrinsic) or
secondary (acquired). Primary resistance refers to the failure of response to initial drug
therapy within a treatment-naive tumor that, in principle, should respond to a given
agent, presumably because of the existence of pre-existing or rapid, adaptive resistance
mechanisms. Secondary (acquired) resistance is developed during treatment and
positively selected by therapy, and it can arise via pre-existing or new genetic or
epigenetic alterations, activated oncogenic signaling pathways or oncoproteins, and
metabolic or tumor microenvironment changes (Chatterjee and Bivona, 2019). Tumor
heterogeneity (intra or inter-lesional) results in both modes of drug resistance, thereby
contributing to residual, relapsed, or even metastatic disease. TNBC makes a case example
for both types of drug resistance. The lack of known oncogenic driver and poor
granularity in the classification of this pooled subtype of breast cancer generates high
intra- (genetic and molecular) and inter-patient heterogeneity in the treatment of TNBC.
As such, treatment resistance and lack of responses to first-line therapy result in high rates
of relapse and metastasis (Foulkes et al., 2010; Lev, 2020). Further, numerous efforts to

tind oncogenic drivers in TNBC have still not come to clinical fruition, despite extensive
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preclinical evidence recognizing the roles of major oncoproteins, such as MYC, EGFR and
MCL-1, in TNBC (DepMap, 2019; Ghandi et al., 2019; Goga et al., 2007; Horiuchi et al.,
2012; Hsu et al., 2015; Camarda et al., 2016; Horiuchi et al., 2016; Lee et al., 2017; Klauber-
DeMore et al., 2018; Zhao et al., 2018; Rohrberg et al., 2020; Bowling et al., 2021; Goodwin
et al., 2015; Merino et al.,, 2017; Yang et al., 2013). Hence, these underscore the unsolved
problem of drug resistance in this hard-to-treat disease subtype. In sum, there are likely
many opportunities to improve the design of targeted therapeutics by understanding and

targeting key mechanisms of primary and secondary resistance.

1.2.5. Combination therapies

One common strategy to improve efficacy of initial treatment and prevent the
development of drug resistance is using combination drug therapies to ensure complete
ablation of all cancerous cells. Besides advanced cancers, drug combinations are now
standard therapy for various complex infectious diseases such as tuberculosis, malaria
and HIV, leveraging similar concepts to evade drug resistance (Ianevski et al, 2020).
Traditional chemotherapy regimens commonly consist of multiple agents of different
drug classes targeting different phases of the cell cycle given at repeated regular intervals
(Figure 3) (Jones and Ocen, 2019). Given the flowing pipeline of approved oncology drugs,
juxtaposed with rapid emergence of therapeutic resistance in advanced cancers, there are
constant urgent demands for new combination strategies, using cytotoxic and/or
molecularly targeted drugs, in order to sustain clinical remissions (Holbeck et al., 2017).

Distinct drug activities in an effective combination regimen should generally allow
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additive or synergistic effects among the combinatorial drugs with minimally overlapped
toxicities. Synergistic drug combinations, in which combinations resulted in higher than
expected (additive) efficacies, are highly sought-after among combinatorial treatments.
The augmented therapeutic activity in drug synergies, in contrast with antagonism, is
advantageous as lower doses of each single agent may be administered to enhance
patients’” tolerability without compromising efficacy (lanevski et al, 2020). Systematic
high-throughput screening - pharmacological and genetic, empowered with quantitative
modeling tools, are established approaches to identify new drug synergies and cancer

vulnerabilities.

1.3 Screening approaches to identify new cancer vulnerabilities
and pharmacotherapies

1.3.1 Pharmacological screening

In drug discovery, high-throughput pharmacological screening is conventionally
employed to identify lead chemical compounds for therapeutic development. With the
need to develop new drug combinations to combat therapeutic resistance,
pharmacological screening approaches have been quickly adapted to search for promising
combinations with enhanced therapeutic activity. In vitro cell lines are facile models that
allow large-scale rapid screening and confident nomination of favorable drug
combinations for accelerated translation to preclinical and clinical evaluations. In parallel
with the cataloging of cancer genomes, several large-scale systematic pharmacogenomics
profiling approaches in cancer cell lines have provided data connecting drug activity to

genetic functions and curated open-source databases for single-agents, including the
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Cancer Cell Line Encyclopedia (CCLE) (Barretina et al., 2012), the Genomics of Drug
Sensitivity in Cancer (GDSC) (Yang et al., 2013), Cancer Therapeutic Response Portal
(CTRP) (Basu et al., 2013; Seashore-Ludlow et al., 2015), and other landmark analyses
(Garnett et al., 2012; Iorio et al., 2017) as well as for drug combinations - NCI-ALMANAC
(A Large Matrix of Anti-Neoplastic Agent Combinations) (Holbeck et al., 2017). Though
these robust public resources have yielded convincing hypotheses and successful clinical
translation, newer drugs or investigational compounds were typically excluded, and
frequent updates of the databases may be limited by available funding. Thus, focused
efforts using smaller scale pharmacological screening to delineate combination therapies
in specific disease contexts is still necessary to answer prevailing questions and has been
a fruitful strategy in our lab. In chapter 2, our work entails the use of a candidate-based
combinatorial drug screen to inform the design and implementation of rational synergistic

combination therapies in TNBC.

1.3.2 Functional genetic screening

Pooled genetic screening is an efficient and unbiased method for testing numerous
genetic perturbations that are individually introduced to each cell in a mixed population.
Centered on a simple concept that phenotypic selection results in enrichment or depletion
of relevant genetic manipulations, this approach massively speeds up the identification of
genomic elements that influence a selected phenotype (Doench, 2018; Sanjana, 2017).
Unlike arrayed formats, in which perturbations are delivered in separate wells, pooled

screens can be more easily executed in most laboratories with standard tissue-culture
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equipment and infrastructure. Early pooled genetic screening relied on DNA mutagenesis
and RNA interference (RNAi) technology to generate genetic manipulations (Sanjana,
2017). The advent of CRISPR/Cas9 technology has rapidly proven itself to be an invaluable
method of genetic manipulation and modification with improved accuracy, simplicity
and versatility (Hartenian and Doench, 2015). With guidance from published
experimental optimizations and established protocols by pioneering research groups as
well as its diversely robust applications, CRISPR/Cas9-mediated screening has quickly
gained much popularity (Shalem et al., 2014; Wang et al., 2016; Joung et al., 2018; Doench,
2018). In the design of a pooled genetic screen, there are several essential components to
carefully consider: (1) selection of an effective model system — in-vitro cell-based 2D- or
3D-models versus in-vivo animal models; (2) perturbation choices — knockouts (CRISPR-
ko), transcriptional activation (CRISPRa) or repression (CRISPRi), etc.; (3) sgRNA library
design — genome-wide library versus customized libraries; (4) appropriate assay selection
— cell viability, flow cytometry using fluorescence-activated cell sorting (FACS)
technology, etc.; and (5) fold coverage/ representation of the library — ranging from 100 to
1000X depending on positive versus negative screens to achieve statistical adequacy for
signal : noise ratio (Doench, 2018; Miles et al., 2016; Takara, 2021; McDade, 2020).
Though a single well-designed and successfully executed genetic screen may
make a treasure trove of genotype-phenotype interactions as stepping-stones for the
discovery of interesting biology, meticulous analyses and follow up validation

experiments that reproduce and generalize the gene-phenotype relationships are crucial
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to solidify the biological observations (Doench, 2018). Despite the exploratory nature of
these complementary screening approaches, hypotheses generated may reveal novel
mechanistic insights into disease pathogenesis and be translatable to therapeutic designs.
We herein employed a genome-wide positive selection screen and drug sensitizer screens
using an in-house miniaturized CRISPR/Cas9 library targeting key druggable nodes of
cellular survival pathways in chapter 3 and 4, respectively, showcasing the applications

of these screening techniques to answer distinct scientific questions.

1.4 Implementation of screening tools and problems that will be
addressed

In the remaining chapters of this dissertation, I describe the implementation of
pharmacological and genetic screening tools as unbiased and systematic strategies to
discover and generate new therapeutic combinations and uncover biological leads for
underlying molecular mechanisms. Specifically, in chapter 2, I present the use of a
candidate pharmacological screen to identify synergistic drug combinations between
inhibitors of transcriptional targets and possible oncogenic disease drivers in TNBC.
Following the characterization of EGFR and CDK12 inhibition in TNBC, chapter 3
describes the discovery of a unique molecularly coupled mechanism between translation
and stability of oncoproteins using a genome-wide CRISPR/Cas9-based loss-of-function
(LOF) screen. In chapter 4, I report the implementation of a sensitizer screen approach
using a customized CRISPR/Cas9 library to overcome primary resistance to PI3K
inhibition in gastric cancers. Lastly, in chapter 5, I summarize my dissertation work and

conclude with my thoughts on future direction and implications.
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2. Candidate-based pharmacological screen:
Overcoming intrinsic resistance to EGFR blockade
through inhibition of CDK12

Chapter 2 and 3 represent the work that was preprinted in BioRxiv in the cited reference
below. Portions of the work described here are also filed in a provisional patent.

Ang, H.X., et al. Cooperative regulation of coupled oncoprotein translation and stability
in triple-negative breast cancer by EGFR and CDKI12. BioRxiv. 2021.03.03.433762; doi:
https://doi.org/10.1101/2021.03.03.433762.

2.1 Introduction

Triple-negative breast cancer (TNBC) is an aggressive subtype of the disease that
constitutes 15-20% of all breast cancers. TNBCs are clinically defined by their lack of
expression of the three main targetable receptors in breast cancer — the estrogen (ER),
progesterone (PR) and human epidermal growth receptor-2 (HER2) receptors. The genetic
and molecular heterogeneity within this pooled disease subtype has made patient
stratification and targeted treatment particularly challenging (Lehmann et al.,, 2011;
Lehmann et al., 2016; Foulkes et al., 2010; Dent et al., 2007). While attempting to identify
oncogenic drivers in TNBC, immunohistochemical and large-scale genomic studies have
suggested that EGFR signaling may be frequently activated and associated with poor
prognosis (Park et al., 2014; Cancer Genome Atlas Network, 2012; Hoadley et al., 2007;
Nielsen et al., 2004). These findings have long positioned EGFR as an intriguing target in
TNBC; however, efforts to target EGFR in unselected TNBC patients have yielded low
response rates (Baselga et al., 2005; Fountzilas et al., 2005; Carey et al., 2012; Baselga et al.,

2013; Corkery et al., 2009; Ali and Wendt, 2017, Cruz-Gordillo et al., 2020). This is
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indicative of possible intrinsic resistance and its underlying mechanisms as a major
impediment to more widespread use of EGFR inhibitors in TNBC.

Broad dysregulation of gene expression is one of the hallmarks of cancer,
including TNBC, pointing to the potential utility of targeted therapeutics that alter gene
regulation (Hanahan and Weinberg, 2011; Wang et al., 2015). Indeed, the development of
specific inhibitors targeting multiple key players in transcriptional regulation has
provided opportunities for novel therapeutic interventions (Bradner et al., 2017; Augert
and MacPherson, 2014; Christensen et al., 2014). Cyclin-dependent kinase (CDK) 12 is a
versatile kinase well known for regulating transcriptional and post-transcriptional
processes, and has also recently been shown to play a role in the regulation of cap-
dependent translation (Liang et al., 2015; Bosken et al., 2014; Greifenberg et al. 2016;
Dubbury et al., 2018; Choi et al., 2019; Chirackal Manavalan et al. 2020; Choi et al., 2020).
THZ531, a first-in-class selective inhibitor of CDK12 and CDK13, has been reported to
suppress expression of genes that support malignant progression and induce apoptosis in
cell line models (Zhang et al, 2016; Zeng et al, 2018). This work, and our broadening
understanding of CDK12’s regulation of DNA damage response pathway genes, have
driven the recent development of CDK12 as both a biomarker and therapeutic target (Lui
etal., 2018; Wu et al., 2018; Choi et al., 2019; Chou et al., 2020; Liu et al., 2020; Blazek et al.,
2011; Iniguez et al, 2018; Krajewska et al., 2019; Quereda et al, 2019; Abida et al., 2020;
Wang et al., 2020). However, the functional interactions between CDK12 and most major

oncogenic signaling pathways have remained largely unexplored.
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Motivated by the hypothesis that CDK12 may functionally interact with major
oncogenic signaling pathways in TNBC, we performed a candidate drug screen to identify
synergistic drug combinations between THZ531 and inhibitors targeting possible
oncogenic disease drivers. This work led to the unexpected finding that intrinsic
resistance to EGFR inhibition in TNBC, a longstanding and unexplained observation, is
mediated by CDKI12. Definition of the mechanism underlying the profound synergy
between EGFR and CDK12 inhibitors revealed that the stability of driver oncoproteins in
TNBC is subject to translation-coupled regulation by these kinases, thereby nominating a
mechanistically distinct approach for targeting oncogenic dependencies in this important

disease subtype.

2.2 Results
2.2.1 CDK12 sensitizes TNBC cells to EGFR inhibitors

As there is no known single, targetable oncogenic driver in TNBC, we designed a
panel of inhibitors targeting an array of key molecular pathways that are frequently
implicated in cancer cell proliferation, survival, differentiation, and apoptosis. We tested
three TNBC cell lines with this panel of inhibitors in the presence versus absence of
another panel of transcriptionally targeting (BRD4, THZ1, CDKS8, CDK9, CDK12/13)
inhibitors (Table 3) at low, sublethal doses. All tested TNBC lines were markedly
sensitized to the EGFR inhibitors gefitinib and lapatinib, as reflected by 10-100-fold
reductions in Gls values in the presence of THZ531 (Figure 4A, boxed). Further studies

showed consistent THZ531-mediated sensitization to EGFR inhibitors across each
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member of a panel of eight diverse TNBC cell lines, decreasing their Gls values to the sub-
micromolar range in each case (Figure 4B and 4C, Table 1). The sensitization effect was
specific to TNBC cell lines and not observed in luminal breast cancer cell lines (BT474, SK-
BR-3), or the immortalized mammary epithelial line, MCF10A (Figure 4C). Long-term
combined EGFR and CDK12/13 inhibition suppressed colony formation in multiple TNBC
cell lines (Figure 4D). Using an established analytic tool and commonly referenced Bliss
independence model, additional quantitative analyses of our drug combination screening
data confirmed synergy between EGFR inhibitors and THZ531 in multiple TNBC cell lines
(Figure 5A) (Ianevski et al, 2020; Bliss, 1939). To confirm that the effects of THZ531 are on-
target, and to distinguish between the functional effects of inhibiting CDK12 versus
CDK13, we first used a stereoisomer and a derivative of THZ531, each of which spare
CDK12 and CDK13 (THZ531R and THZ532, respectively), demonstrating that these
compounds lose all activity when combined with gefitinib (Figure 5B) (Zhang et al., 2016).
Additionally, we observed that the sensitizing effect of THZ531 was lost in cells
expressing a mutant version of CDK12 (CDK124%) (Bartkowiak et al., 2019) that is not
inhibited by the drug (Figure 5C), suggesting that CDK12, and not CDK13, is the major
target of the drug in this context. Collectively, these findings demonstrate that EGFR is an
oncogenic driver in TNBC, and that intrinsic resistance to EGFR inhibitors in TNBC can

be mitigated by CDK12 inhibition.
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Figure 4: Sensitization to EGFR inhibitors with THZ531 in TNBC cells.
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(A) Heatmap depicting the sensitization scores (ratio of Gls values for the indicated drug
in the absence versus presence of transcriptional targeting inhibitors (rows), logio
transformed) for a panel of inhibitors targeting potential oncogenic drivers (columns) in
HCC1143, MDA-MB-231 and BT549 TNBC cell lines. (THZ531 background concentrations
were HCC1143 and BT549, 50 nM; MDA-MB-231, 200 nM.) (B) EGER inhibitor (geftinib
and erlotinib) dose-response curves in BT549, MDA-MB-231 and CAL51 treated with
DMSO control or THZ531 in the background (BT549, 50 nM; MDA-MB-231 and CAL51,
200 nM). (C) Fold change in 72h Glso values for EGFR inhibitors (gefitinib or erlotinib) in
the presence of DMSO control or THZ531 in the background across a panel of breast
cancer cell lines. (MCF10A is an immortalized, non-malignant breast epithelial cell line.)
Within each cell line, absolute Glso values are normalized to vehicle treatment. (THZ531
background doses: BT549 and SK-BR-3, 50 nM; HCC1143 and HCC1806, 100 nM; BT474
and MDA-MB-468, 150 nM; BT20, CAL51, MCF10A and MDA-MB-231, 200 nM;
SUM149PT, 250 nM). ns = not significant, **p < 0.01, ***p <0.001, ****p <0.0001 by Student’s
t tests; n = 3. Data are mean * SD of three biological replicates. (D) Clonogenic growth
assay of TNBC cells (MDA-MB-231, CAL51, SUM149PT, HCC1806, HCC1143) treated
with DMSO, gefitinib, THZ531, or geftinib+THZ531 (geftinib at 1 uM; THZ531 doses as in

(©))-
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(A) Bliss synergy scores confirmed synergistic activity (score > 10) between EGFR
inhibitors (gefitinib and erlotinib) and THZ531 in three representative TNBC cell lines
(BT20, BT549, and SUM19PT). (B) EGFR inhibitor (gefitinib and erlotinib) dose-response
curves in two representative TNBC cell lines (CAL51 and SUM149PT) treated with
DMSO, THZ531, or either a stereoisomer (THZ531R) or a derivative of THZ531
(THZ532) that lack the ability to inhibit CDK12/13 in the background. (C) EGFR
inhibitors (gefitinib and erlotinib) dose-response curves in HeLa cells expressing the
CDK124% mutant (F813G), which is not inhibited by THZ531, relative to wild-type (WT)
cells. Immunoblot analysis of phospho-RPB1 (S2), total RPB1, and vinculin in WT and
CDK1245 HeLa cells.
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2.2.2 Concurrent EGFR and CDK12 inhibition decreases key oncogenic
proteins in TNBC cells

The global involvement of CDK12 in transcription elongation and multiple post-
transcriptional events, including mRNA splicing and intronic polyadenylation (Dubbury
et al., 2018; Bartkowiak et al, 2019; Greenleaf, 2019; Choi et al., 2020), prompted us to
examine the genes whose expression was selectively affected by the drug combination.
Using an unbiased transcriptomic approach, we performed RNA-sequencing in two
TNBC cell lines treated with vehicle control, single agents gefitinib and THZ531, and the
combination. Consistent with CDK12’s role in transcriptional regulation, THZ531
treatment resulted in the differential expression of thousands of genes. However,
relatively few genes were further differentially expressed when gefitinib was added to
THZ531 (Figure 6A). This suggested that the synergistic activity of the combined
treatment may not be chiefly driven by gene expression changes. In parallel, we evaluated
the levels of key oncogenic proteins in TNBC cells treated with vehicle control, single
agents, and the combination. In three TNBC cell lines, combined treatment with gefitinib
and THZ531 suppressed the levels of MYC, MCL-1, and p300 proteins (Figure 6B). These
proteins are notable, as extensive studies have documented their roles as driver
oncoproteins in TNBC (DepMap, 2019; Ghandi et al., 2019; Goga et al., 2007; Horiuchi et
al.,, 2012; Hsu et al., 2015; Camarda et al., 2016; Horiuchi et al., 2016; Lee et al., 2017;
Klauber-DeMore et al., 2018; Zhao et al., 2018; Rohrberg et al., 2020; Bowling et al., 2021;

Goodwin et al., 2015; Merino et al., 2017; Yang et al., 2013).
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Figure 6: Concurrent EGFR and CDK12 inhibition results in loss of key oncogenic
proteins in TNBC cells.

(A) Number of differentially expressed genes, assessed by RNA-seq of cells treated with
gefitinib (1 uM), THZ531 (200 nM), or the combination, compared to DMSO control, in
CAL51 and MDA-MB-231 cells. (B) Immunoblot analysis of MYC, MCL-1, p300, and
vinculin levels in TNBC cells (MDA-MB-231, CAL51, MDA-MB-468) treated as indicated
(geftinib at 1 uM; THZ531 doses as in Figure 1C).
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2.2.3 MYC protein is destabilized with decreased protein translation
and increased ubiquitin-proteasome-dependent protein degradation

Given the particularly well-established role of MYC as a driver oncoprotein in
TNBC, coupled with the lack of translational therapeutic strategies to inhibit its function
in patients, we sought to understand the basis for its loss following co-inhibition of EGFR
and CDK12. Specifically, we surveyed each step of MYC biogenesis — transcription,
translation, and degradation. Direct analysis of MYC mRNA transcription using
quantitative real-time PCR showed increased mRNA expression in gefitinib plus THZ531
treated cells (Figure 8A), a surprising result given the loss of MYC protein with the same
combination. Although previous studies suggested that MYC mRNA levels may be
acutely suppressed with CDK12 inhibition (Zhang et al, 2016; Krajewska et al., 2019), our
data reveal that on the timescale of therapeutic effects, MYC transcript levels are increased
and thus cannot account for the observed MYC protein loss.

We next examined the effects of gefitinib and THZ531 on mRNA translation using
sucrose density gradient polysome profiling. Polysome profiles showed global reductions
in heavy polysomes and enhanced levels of 80S monosomes, consistent with global
reduction in mRNA translation in cells treated with THZ531 alone and the drug
combination (Figure 7A, boxed polysome fractions). Specifically, the gradient distribution
of MYC mRNA also showed reduced association with heavy polysomes, suggesting
decreased MYC mRNA translation following treatment with the combination but not the
individual drugs (Figure 7A, right panel). We confirmed the decrease in MYC translation

using [¥*S]methionine labeling followed by MYC immunoprecipitation in cells treated
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with gefitinib+THZ531. As observed in the phosphorimage and normalized
quantification, [¥*S]methionine incorporation into nascent MYC proteins was considerably
decreased in the combination-treated versus the vehicle-treated samples (Figure 7B and
8B), providing direct evidence of MYC translational suppression in the presence of
combined gefitinib and THZ531.

To examine MYC stability in the combination treatment protocol, we performed a
cycloheximide chase experiment. MYC protein stability was unaffected by gefitinib, but
slightly decreased with THZ531 alone and to a greater extent with the combination
treatment (Figure 7C and 8B). We further investigated the canonical MYC protein
degradation pathway by the ubiquitin-proteasome system. Following MYC protein
immunoprecipitation, we observed a distinctive increase in MYC ubiquitination in cells
treated with gefitinib plus THZ531 (Figure 7D and 8D). Consistent with these data,
proteasome inhibition by bortezomib rescued the decline in MYC protein affected by the
drug combination, indicating proteasome-dependent degradation of MYC (Figure 7E).
Together, these data demonstrate that the cumulative loss of MYC protein following
combined EGFR and CDK12 inhibition resulted from suppressed MYC translation and

increased MYC protein degradation.
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ubiquitin-proteasome-dependent protein degradation.
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(A) Polysome gradient profile in CAL51 cells treated with DMSQO, gefitinib (1 uM),
THZ531 (200 nM), or gefitinib + THZ531 for 12h. Polysomal fractions highlighted in black
box. At right, the relative distribution of MYC, GAPDH, and HSPA5 mRNA levels across
the sucrose gradient of the indicated fractions as determined by qRT-PCR. Representative
analysis of the polysome distribution of n = 2 independent experiments yielding similar
results. (B) Relative incorporation of [®*S]methionine on MYC protein, derived from
densitometry quantification of phosphorimage and immunoblot from [®*S]methionine
radioactivity labeling and immunoprecipitation of nascent MYC protein in the absence or
presence of proteasome inhibitor, bortezomib (20 nM) in CAL51 cells treated with DMSO
or gefitinib (1 uM) + THZ531 (200 nM) for 12h (Fig. S3B). ns = not significant, **p < 0.01,
**#*p <0.001, ***p <0.0001 by Student’s t tests; n = 3. Data are mean + SD of three biological
replicates. (C) Immunoblot analysis of MYC and vinculin over a time course as indicated
in the absence or presence of cycloheximide (20 ug/mL) in CAL51 cells treated with
DMSO, gefitinib (1 uM), THZ531 (200 nM), or gefitinib + THZ531. Relative MYC protein
level at time 0 and 30 min with indicated treatment conditions, derived from densitometry
quantification of immunoblots from cycloheximide chase experiment of CAL51 cells. Data
are mean + SD of n = 2 independent experiments. (D) Immunoblot analysis of ubiquitin,
MYC and vinculin on immunoprecipitated MYC proteins and input control in the absence
or presence of proteasome inhibitor, bortezomib (20 nM) in CAL51 cells treated with
DMSO or gefitinib (1uM) + THZ531 (200 nM) for 18h. (E) Immunoblot analysis of MYC
and vinculin over a time course as indicated in the absence or presence of bortezomib (20
nM) in CAL51 cells treated with DMSO, gefitinib (1 uM), THZ531 (200 nM), or gefitinib +
THZ531.
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and degradation.
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(A) Analysis of relative MYC mRNA expression by qRT-PCR in two representative
TNBC cell lines (CAL51 and MDA-MB-231) treated with DMSO, gefitinib (1 uM),
THZ531 (200 nM), or geftinib (1 uM + THZ531 200 nM) for 12h. (B) Phosphorimage (top)
of [**S]methionine incorporation radioactivity analysis and immunoblot analysis of MYC
(bottom) with immunoprecipitation of nascent MYC protein and IgG isotype control in
the absence or presence of proteasome inhibitor, bortezomib (20 nM) in CAL51 cells
treated with DMSO or gefitinib (1 uM) + THZ531 (200 nM) for 12h. (C) Immunoblot
analysis of MYC and vinculin over a time course as indicated in the absence or presence
of cycloheximide (20 pg/mL) in MDA-MB-231 cells treated with DMSO, gefitinib (1 pM),
THZ531 (200 nM), or gefitinib + THZ531. Relative MYC protein level at time 0 and 60
min with indicated treatment conditions, derived from densitometry quantification of
immunoblots from cycloheximide chase experiment of MDA-MB-231 cells. Data are
mean + SD of n =2 independent experiments. (D) Immunoblot analysis of ubiquitin,
MYC, and vinculin on immunoprecipitated MYC proteins and input control in the
absence or presence of the proteasome inhibitor, bortezomib (20 nM) in MDA-MB-231
cells treated with DMSO, gefitinib (1 uM), THZ531 (200 nM), or gefitinib + THZ531 for
18h.
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2.2.4 EGFR and CDK12 inhibition synergistically decreases MYC
protein stability via 4E-BP1 dephosphorylation

It was recently reported that CDK12 acts as a positive regulator of cap-dependent
translation through direct phosphorylation of the mRNA 5" cap-binding repressor, 4E-
BP1 (Choi et al., 2019). This led us to consider whether the suppression of MYC protein
translation following combined EGFR and CDKI12 inhibition occurs via the
dephosphorylation of 4E-BP1. In line with this hypothesis, we observed significant
dephosphorylation of the four well-established 4E-BP1 phosphosites (T37, T46, S65, and
T70) with the drug combination (Figure 9A). This indicates that combined CDK12 and
EGFR inhibition prevented phosphorylation of 4E-BP1, thus retaining cap-binding on
mRNA and suppressing cap-dependent mRNA translation.

Work in model systems has demonstrated that defects in translation can lead to
the suppression of protein stability (Stein and Frydman 2019; Sontag et al., 2017;
Brandman and Hedge, 2016; Joazeiro, 2019). To understand whether 4E-BP1-dependent
suppression of cap-dependent translation drives the reduction in MYC stability, we used
a 3’ UTR-targeted shRNA to suppress the expression of endogenous 4E-BP1, then
simultaneously expressed a dominant negative, non-phosphorylatable mutant of 4E-BP1
(T37A, T46A, S65A, T70A) under doxycycline-responsive control (Figure 10A). In this
configuration, MYC half-life was substantially suppressed, indicating that suppression of
MYC translation is alone sufficient to destabilize the protein. Further, we observed that

the non-phosphorylatable mutant 4E-BP1 blocked the ability of gefitinib + THZ531 to
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turther destabilize MYC, suggesting that the drug combination destabilizes MYC through
its effects on 4E-BP1 phosphorylation (Figure 9B and 9C).

Beyond its effects on MYC, the overall cytotoxic effect of the combination therapy
was also dependent on 4E-BP1, as replacement of endogenous 4E-BP1 with the non-
phosphorylatable mutant blocked the cellular response to the drug combination (Figure
9D). Consistent with this finding, TNBC cells cultured chronically in media containing
gefitinib and THZ531 until they developed resistance were insensitive to drug-induced
suppression of 4E-BP1 phosphorylation (Figure 9E, 10B and 10C). Together, these findings
demonstrate that combined EGFR and CDK12 inhibition leads to MYC destabilization

and cell death through the cooperative regulation of 4E-BP1 activity.
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Figure 9: Combined EGFR and CDK12 inhibition destabilizes MYC protein and
drives cell death through regulation of 4E-BP1 phosphorylation.
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(A) Immunoblot analysis of 4E-BP1 phosphorylation at T37/46, S65, and T70, total 4E-BP1,
phospho-EGFR (Y1068), total EGFR, phospho-RPB1 (52), total RPB1, and e-actin in MDA-
MB-468 cells treated with DMSO, gefitinib (1 uM), THZ531 (150 nM), or gefitinib +
THZ531 for 24h. (B) Immunoblot analysis of MYC and vinculin over a time course as
indicated in the absence or presence of cycloheximide (20 pg/mL) in CAL51 cells
expressing a doxycycline-inducible, non-phosphorylatable 4E-BP1 mutant and a 3" UTR-
targeted sh4EBP1 construct (to remove endogenous 4E-BP1), treated with DMSO or
gefitinib (1 uM) + THZ531 (200 nM). (C) MYC protein half-life derived from densitometry
quantification of immunoblots from cycloheximide chase experiment of CAL51 4E-BP1-
manipulated derivatives in (B). (D) EGFR inhibitor (geftinib and erlotinib) dose-response
curves in CAL51 4E-BP1-manipulated derivatives treated with or without THZ531 (200
nM) in the background. (E) Immunoblot analysis of 4E-BP1 phosphorylation at T37/46,
565 and T70, total 4E-BP1, and e-actin in gefitinib + THZ531 (GT)-resistant and parental
CALD51 cells treated with DMSO, gefitinib (1 uM), THZ531 (200 nM), or gefitinib + THZ531
for 12h.
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Figure 10: Validation of CAL51 4E-BP1 mutant derivatives and resistant cells.

(A) Immunoblot analysis of 4E-BP1 phosphorylation at T37/46, S65 and T70, total 4E-BP1,
and B-actin in CAL51 expressing doxycycline-inducible non-phosphorylatable 4E-BP1
mutant and shControl or sh4EBP1. (B) Gefitinib dose-response curves in gefitinib +
THZ531 (GT)-resistant and parental CAL51 cells. (C) Clonogenic growth assay of GT-
resistant and parental CAL51 cells treated with DMSO, gefitinib (1 uM), THZ531 (200 nM)
or geftinib + THZ531.
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2.3 Discussion

The discovery, over a decade ago, of EGFR hyperactivation in TNBC and its
correlation with aggressive disease, chemoresistance, and poor prognosis positioned
EGFR as a prime therapeutic target in this disease subset. However, the subsequent
observation of poor clinical responses to EGFR inhibitors in TNBC patients dampened
enthusiasm for this therapeutic target and raised a fundamental question: Is EGFR a
driver of TNBC pathogenesis whose importance is obscured by mechanisms of intrinsic
resistance, or is it simply a bystander signaling event (Ali and Wendt, 2017)? Here, we
resolve this question, demonstrating that the inhibition of CDK12 reveals an exquisite
dependence of diverse TNBC models on EGFR signaling. Further, these studies reveal
that EGFR and CDK12 cooperate to drive TNBC not through transcriptional regulation,
but rather by promoting the translation and associated stabilization of key driver
oncoproteins, including MYC (Goga et al., 2007; Horiuchi et al., 2012; Hsu et al., 2015;
Camarda et al., 2016; Horiuchi et al., 2016; Klauber-DeMore et al., 2018; Zhao et al., 2018;
Rohrberg et al., 2020; Bowling et al., 2021).

Several key open questions remain. First, while the drug combination under study
clearly functions through the modulation of 4E-BP1-regulated, coupled protein
translation and stability, the relative contributions of decreased oncoprotein synthesis
versus decreased stability to the observed toxicity have not been clarified. Further, the
extent to which EGFR- and/or CDK12-regulated transcriptional events or proteasome

modulation may template the observed mechanism of action has not been resolved.
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Second, a number of reports have described cooperativity between EGFR blockade and
inhibition of receptor tyrosine kinase (RTK)-PI3K-mTOR signaling in TNBC (El Guerrab
et al., 2020; You et al., 2018; Simiczyjew et al., 2018; Verma et al., 2017; Tao et al., 2014;
Sohn et al., 2014; Lev, 2020). A recent report also demonstrated that the effects of EGFR
inhibition can be potentiated through blockade of Elongator complex-mediated MCL-1
translation (Cruz-Gordillo et al., 2020). While these studies revealed sensitizing effects
that appear to be significantly less profound, and more heterogeneous, than those
reported here, it remains to be determined if these processes regulate, or are regulated by,
CDK12. Third, although this study identifies MYC, MCL-1, and p300 protein loss as likely
key events downstream of combined EGFR and CDK12 inhibition, unbiased proteomic
approaches may reveal additional TNBC driver oncoproteins that are similarly affected.
These mechanistic questions are non-trivial; we seek delve in further systematically using

an unbiased genome-wide CRISPR/Cas9 positive selection screening approach.
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3. Genome-wide CRISPR/Cas9 positive selection screen:
Uncovering CNOT1-mediated coupled mechanism
between MYC protein translation and degradation

3.1 Introduction

The work in Chapter 2 highlights the therapeutic potential and basic mechanistic
attributes of combined EGFR and CDK12 inhibition in TNBC. To gain further insight into
the mechanisms underlying the biological activity of the combination therapy, we
performed genome-wide CRISPR/Cas9-based loss-of-function screens in cells treated with

vehicle control or gefitinib + THZ531 (Figure 11A).

3.2 Results
3.2.1 Clustering of CNOT family genes

We focused our analysis on genes whose knockouts were enriched in the
combination-treated arm, as genes scoring in this group can be interpreted as being
required for the full activity of the combination therapy. Analysis of the screen revealed
that multiple CNOT family gene knockouts were enriched in cells treated with gefitinib +
THZ531 (Figure 11B). The CCR4-NOT complex, which is comprised of multiple CNOT
family proteins, is reported to be functionally involved in post-transcriptional mRNA
deadenylation, translational quality control, and protein ubiquitylation (Shirai et al., 2014;
Miller and Reese, 2012). Among the CNOT family genes, CNOT1, a central scaffolding

component of the CCR4-NOT complex, was the top scoring gene in our screen.
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3.1.2 CNOT1 is required for combination therapy-induced MYC
translational suppression, MYC degradation, and cell death

CNOT1 knockout led to a nearly complete rescue of the cooperativity between
EGFR and CDK12 inhibitors as well as the overall toxicity of the drug combination (Figure
11C and 11D). Molecularly, CNOT1 loss rendered cells insensitive to drug-induced loss
of both 4E-BP1 phosphorylation and consequent MYC and MCL-1 protein loss (Figure
11E). Further, CNOT1 protein expression was lost in cells with naturally evolved
resistance to the combination therapy (Figure 11F), suggesting that it may be responsible
for the resistance of these cells to drug-induced 4E-BP1 dephosphorylation and death.
Together, the results of this study are summarized in Figure 11G (Mathys et al., 2014; Chen
et al., 2014; Cooke et al., 2010; Kamenska et al, 2016; Ozgur et al; 2015; Miller and Reese,

2012; Panasenko and Collart, 2011).
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(A) Schematic overview of genome-wide CRISPR positive selection screen. (B) Gene-level
representation of screen results, ranked by logz(fold change). Cluster of CNOT family
genes (highlighted in red) are enriched among those knockouts (boxed) enriched in the
gefitinib+THZ531 combination-treated population. (C) EGFR inhibitor (geftinib and
erlotinib) dose-response curves in CAL51 cells expressing shControl or each of two
independent shRNAs targeting CNOT], treated with or without THZ531 200 nM in the
background. (D) Clonogenic growth assay of CAL51 cells expressing the indicated
shRNAs and treated with DMSO, gefitinib (1 uM), THZ531 (200 nM), or geftinib +
THZ531. (E) Immunoblot analysis of MYC, MCL-1, phospho-4E-BP1 (T37/46, S65, T70),
total 4E-BP1 and B-actin in CAL51 expressing the indicated shRNAs and treated with
DMSO, gefitinib (1 uM), THZ531 (200 nM), or geftinib + THZ531 for 24h. (F) Immunoblot
analysis of CNOT1 and vinculin in GT-resistant and parental CAL51 cells. (G)
Summarized mechanistic model of cooperative regulation of MYC biogenesis with EGFR
and CDK12 inhibition in TNBC via 4E-BP1 hypo-phosphorylation and CNOT-complex
mediated processes in TNBC cells.
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3.2 Discussion

The coupled nature of protein synthesis and stability, which has been well-
explored in model systems (Stein and Frydman 2019; Sontag et al., 2017; Brandman and
Hedge, 2016; Joazeiro, 2019), is shown here, for what we believe to be the first time, to
underlie the therapeutic activity of a promising anti-cancer strategy.

While we identified CNOT1 as essential for the lethal activity of the drug
combination, the precise mechanisms by which the CCR4-NOT impacts EGFR- and
CDK12-regulated 4E-BP1 activity and downstream oncoprotein stability remain to be
defined. The CCR4-NOT complex has been shown to regulate translation by interacting
with translational repressors such as eIF4E and DDX6 and blocking decapping machinery
(Mathys et al., 2014; Chen et al., 2014; Cooke et al., 2010; Kamenska et al, 2016; Ozgur et
al; 2015). Further, it also functions in the ubiquitination of nascent, translationally arrested
polypeptides and the maintenance of 26S proteasome integrity (Miller and Reese, 2012;
Panasenko and Collart, 2011), suggesting that its regulatory roles in the phenomena under
study here may be multifactorial.

Additionally, the full therapeutic potential of combined EGFR and CDKI12
inhibition has not been evaluated in preclinical animal models because THZ531 is not
amenable to in vivo administration. In sum, by revealing a long debated EGFR dependence
in TNBC, we have identified a therapeutic approach that functions through a novel,
unexpected mechanism of action and holds promising translational potential for the

treatment of this difficult-to-treat disease subtype.
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4. Customized CRISPR/Cas9 library sensitizer screen:
Overcoming intrinsic resistance to PI3Ka inhibition in
gastric cancers

This chapter describes portions of the work that was performed as part of a collaborative
project with Micah Luftig’s lab and his graduate student, Lyla Stanland. Specifically, Hazel Ang
performed and analyzed the sensitizer screen performed in the presence of the PI3K« inhibitor,
BYL719, in multiple PIK3CA WT and mutant cell lines of different cancer types using a
miniaturized CRISPR/Cas9 library, as previously described and designed by Winter and Anderson
et al. (Anderson et al., 2017). Lyla Stanland characterized sensitizer gene hits from the screens and

validated them across gastric cancer models.
[

4.1 Introduction

PIBK-AKT-mTOR signaling pathway is another dominant growth regulatory
pathway aberrantly activated in many cancers (Zhang et al., 2017). Activating mutations
and amplifications in PIK3CA, which encodes the PI3K p110a catalytic subunit, are
frequently reported in diverse cancer types including, gastric cancers and head and neck
squamous cell carcinomas (HNSCCs) (TCGA, 2014; TCGA, 2015; Leemans et al., 2018;
Cerami et al.,, 2012; Gao et al., 2013). Further, external infective risk factors, such as
Epstein-Barr virus (EBV) in gastric cancers and human papillomaviruses (HPVs) in
HNSCCs, could positively correlate with recurrent PIK3CA mutations — 80% of EBV+
gastric cancers and 56% of HPV+ HNSCCs harbor these mutations, leading to the
oncogenic activation of the PI3K-AKT-mTOR pathway. Comprehensive and integrative
analyses of large cancer genomic databases have established PI3K signaling as one critical
oncogenic pathway in the pathogenesis of gastric cancers and HNSCCs, nominating

PIK3CA mutational status as a biomarker for the development of new targeted therapies
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(TCGA, 2014; TCGA, 2015). While PIK3CA was deemed as putative oncogenic drivers in
these cancers, targeted pharmacological inhibition of PI3Ka have yet to achieve
therapeutic translation to the clinics.

Despite extensive molecular characterization of both gastric cancers and HNSCCs,
personalized treatment approaches to improve patient survival outcomes are still lacking
(Leemans et al., 2018). Motivated by this unmet need, we performed drug sensitizer
screens with a PI3Ka isoform-specific inhibitor, BYL719, in multiple PIK3CA WT and
mutant cell lines of HNSCC, gastric and colorectal cancers (Table 2) using a miniaturized
CRISPR/Cas9 library targeting key druggable nodes of cellular survival pathways. This
work led to the promising findings that intrinsic resistance to PI3Ka inhibition specifically
in gastric cancer may be mediated by BCL-xL and NEDD9. Sensitization to PI3Ka
inhibition by a BCL-xL specific inhibitor revealed a novel targeted approach for the
treatment of EBV+ PIK3CA mutant gastric cancers, thereby overcoming a perplexing

obstacle for targeting PI3K oncogenic dependency in this important disease subtype.

4.2 Results

4.2.1 Mapping a landscape of combination therapies with PI3Ka
inhibition in "#$%& WT and mutant cell lines of different cancer

types

To gain insights into the mechanisms underlying the primary resistance to PI3Ka
inhibition and identify potential combination therapies in tissue-specific PIK3CA mutant
cancers, we performed drug sensitizer screens in four PIK3CA mutant cell lines (two

gastric (AGS and MKN1), one HNSCC (KYSE510), and one colorectal patient-derived
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xenograft (PDX)-established cell line (CRC119)) and one PIK3CA WT HNSCC cell line
(584-A2) (Figure 12A). Using a small in-house CRISPR/Cas9 library targeting 378 genes (5
guides per gene) and 50 non-targeting sgRNA controls (total 1940 sgRNAs), previously
developed and validated by our lab (Anderson et al, 2017), we focused on key
biomolecules in major oncogenic growth, survival, and metabolic pathways, kinases,
epigenetic modifiers, and frequently altered oncogenes, that are inhibitable by
pharmacological agents and are likely to modify drug sensitivity. The selection of this
limited library size enhanced our ability to perform negative selection screening across
diverse cancer cell lines without compromising library coverage (maintaining at least
1000X) and thus quality of the screen data. We chose BYL719 (alpelisib, Novartis
Pharmaceuticals), an a-isoform-specific PI3K inhibitor, which has recently been approved
by the US FDA for the treatment in combination with fulvestrant for PIK3CA-mutated,
hormone-receptor positive advanced or metastatic breast cancer, due to its selectivity and
potency in inhibiting PI3K p110a catalytic activity and thus PI3K signaling pathway. By
culturing cells transduced with the pooled library in sublethal doses of BYL719 over a
period of 3-4 weeks, we allowed depletion of cell populations with genes whose loss or
inhibition sensitized to BYL719 and significant divergence between the treated arm versus
the vehicle control (DMSO) for analysis with high confidence (see Section 6.15 for specific
methods). Unsupervised hierarchical clustering of our screen data showed correlation
between replicates and specific tissue types, but surprisingly not PIK3CA mutational

status (Figure 12A). Subsequent analysis of the screens in a tissue-specific manner
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revealed multiple common and distinctive genes whose knockouts sensitize to
(sensitizers) or confer resistance to (resistors) BYL719 (Figure 12B and C). By integrating
the results from all 10 screens (5 distinct screens in duplicates), we identified 14 potential
gastric-specific, 4 potential HNSCC-specific, 11 potential colorectal-specific and 4

potential pan-tissue-type genes scoring as sensitizers to PI3Ka inhibition (Figure 12C).

4.2.2 BCL-xL and NEDD?9 inhibition or loss sensitizes !"#$%& mutant
gastric lines to BYL719

As our collaborators have an established interest in gastric cancers, we first looked
at gastric-specific sensitizer genes. To functionally validate the druggable sensitizers
identified, we tested a selection of hits using pharmacological inhibitors of each sensitizer.
Notably, growth inhibition compared to BYL719 alone was enhanced by specific
pharmacological inhibition of BCL-xL (synonym to BCL2L1) with A-1331852, but not by
broad BCL-2, -w and -xL inhibition with ABT737, in both gastric cancer cell lines (MKN1
and AGS) (Figure 13A). This highlighted BCL-xL specificity in the sensitization to PI3K«a
inhibition. Further, this profound sensitization effect was limited to the gastric tissue-type
and not observed in HNSCC or colorectal cell lines (Figure 13B). BCL-xL knockout in AGS
gastric cell line also replicated similar results (Figure 13D). Validation experiment of
another sensitizer gene, NEDD9Y, reproduced our screen results with increased sensitivity
to BYL719 in NEDD9 knockout cells as depicted in the dose response curves (Figure 13C).
Again, this observation was explicitly phenocopied in gastric cancer lines only (Figure

13D).
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(A) Heat map with hierarchical clustering of the average DM for all 5 sgRNAs per gene in
each replicate for BYL719 screens. For each condition, cells were grown either in vehicle
control (DMSO) or sublethal doses of BYL719 (Table 2) for 3-4 weeks. DNA were then
extracted from cells at the end of the screen (tsinal), de-convoluted by deep sequencing and
analyzed with pairwise comparison between DMSO control versus BYL710-treated
samples. (B) Gene-level representation of screen results for each cell line, ranked by
log:(fold change). Overlapping sensitizer or resistor genes across all cell lines were
highlighted and labeled as indicated. (C) Venn diagram showing common or tissue-type
specific sensitizer (left) and resistors (right) genes across all cell lines.
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(A) Cell viability analysis with relative luminescence measurements (CellTiterGlo) over 3
days of pharmacological inhibition of BCL-xL specific with A-1331852 and broad BCL-2,
-w and -xL with ABT737 in both gastric cancer cell lines (MKN1 and AGS). (B) BYL719
dose-response curves represented by relative cell viability in all five screened cell lines
(MKN1, AGS, 584-A2, KYSE510 and CRC119), treated with or without A-1331852 at
indicated background concentrations. (C) BYL719 dose-response curves in indicated cell
lines expressing sgControl or sgRNA targeting NEDD9. (D) Relative cell viability analysis
of indicated cell lines with BCL-xL or NEDD9 knockout treated with BYL719 500 nM.
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4.3 Discussion

The high mutational frequency in the PIK3CA gene has long positioned it as a
promising mutated target for cancer therapy (Gustin et al., 2008). A pan-cancer molecular
characterization of PI3K-AKT-mTOR pathway alterations listed PIK3CA as the gene most
commonly activated by hotspot mutations and gain-of-function amplification (Zhang et
al., 2017). This has triggered an enormous influx of efforts dedicated to the development
of inhibitors targeting PI3K signaling and trials to put these agents to therapeutic use
(Yang et al., 2019). Though patient stratification by PIK3CA mutational status has been
shown to increase response rates in trials for inhibitors of the PI3K-AKT-mTOR pathway,
there are still a substantial number of non-responders (Ilagan and Manning, 2016).
Further, the narrow therapeutic window for early PI3K inhibitors limited efficacy with
prohibitive dose-limiting toxicities (De Santis et al, 2019; Janku et al., 2018). The emergence
of isoform-specific PI3K inhibitors has offered much promise to better clinical translation.
However, the field is still challenged with intrinsic resistance to PI3Ka inhibition in
PIK3CA mutant cancers such as EBV+ gastric cancers (Singh et al., 2015). Strategies aimed
at targeting parallel pro-tumorigenic aberrations concurrently with PI3K signaling have
yielded promising results (Kim et al., 2020). We herein presented a landscape mapping
combination therapies with PI3Ka inhibition in PIK3CA WT and mutant cell lines of
different cancer types. Validation experiments revealed BCL-xL dependency in primary
resistance to PI3Ka inhibition in tissue-type specific PIK3CA mutant gastric cancers.

Profound drug synergy between BYL719 and A-1331852, a BCL-xL inhibitor in several
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gastric cancer cell lines exhibited a targeted therapy that holds promising potential for
clinical translation and to unveil novel biological mechanisms underlying PI3Ka inhibitor
resistance. More follow-up studies should be conducted, such as testing if similar
synergistic effects are generalizable to more EBV+ PIK3CA mutant gastric cell lines versus
non-gastric cell lines, performing BH3 profiling assay to gain an understanding of the
overall apoptotic priming states and recapitulate specific BCL-2 family dependencies in
PIK3CA mutant gastric cancers, as well as protein analyses of PI3K-AKT-mTOR signaling
and apoptotic pathways to advance the mechanistic underpinnings and connectivity of
PI3K-BCL-xL interactions.

Though our screen data were limited to a miniaturized CRISPR/Cas9 library and
selected PIK3CA mutant cell lines, we recognize that the dataset was still under-analyzed
and other potential hits remained to be further parsed and validated. Additionally, similar
drug sensitizer screens can be conducted on more PIK3CA mutant cancer cell lines with
broader spectrum of tissue types to further resolve the pharmacogenomic landscape for
sensitivity to PI3Ka inhibition. This expansion is expected to identify aspects of the
sensitizer landscape that are both overlapping with, and distinct from, the PI3K« inhibitor

sensitivity landscape that has been defined through extensive studies in breast cancer.
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5. Conclusion

5.1 Summary

The paradigm shift in oncology medicine towards precision and personalized
medicine is built upon the constant stream of comprehensive and integrative cancer
genomic, pharmacogenomic, proteomic, and metabolomic datasets. The development and
clinical implementation of targeted therapies has vastly improved patient survival
outcomes and quality-adjusted life years. However, there are still endless examples of
primary resistance to therapies that target putative cancer drivers generated from these
public resources, which have and will continue to impede the progress of cancer
therapeutics. In order to continuously propel the field forward, robust state-of-the-art
methodologies can be leveraged to more efficiently overcome these complex challenges.

This thesis has broadly employed pharmacological and genetic screening
approaches to pursue two main goals bridging cancer biology and therapeutic translation
in precision oncology: (1) dissecting novel mechanistic insights governing primary drug
resistance in cancer, and (2) discovering new synthetic lethalities that can be exploited
through drug synergism and/or patients” germline or somatic loss-of-function mutations.

In my first project, we integrated both pharmacological and genetic screening as
fundamental methodologies to uncover a long debated EGFR dependence in TNBC that
has been concealed by the unresolved intrinsic resistance to EGFR inhibition. Using a
candidate drug screen, we discovered that inhibition of CDK12 dramatically sensitizes

diverse models of TNBC to EGFR blockade. Instead of functioning through CDK12’s well-
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established roles proximal to transcription, this combination therapy drives cell death
through the 4E-BP1-dependent suppression of the translation and consequent stability of
driver oncoproteins, including MYC. A genome-wide CRISPR/Cas9 screen identified the
CCR4-NOT complex as a major determinant of sensitivity to the combination therapy
whose loss renders 4E-BP1 unresponsive to drug-induced dephosphorylation, rescuing
MYC translational suppression and stability. The central roles of CCR4-NOT and 4E-BP1
in response to the combination therapy were further underscored by the observation of
CNOT1 loss and rescue of 4E-BP1 phosphorylation in TNBC cells that naturally evolved
therapy resistance. Thus, this work highlighted a therapeutic approach that functions
through a novel, unexpected mechanism of cooperative regulation of translation-coupled
oncoprotein stability and holds promising translational potential for the treatment of this
difficult-to-treat disease subtype. This work was published in BioRxiv and filed in a
provisional patent for potential licensing ventures. Further collaborative work with a
pharmaceutical company is still ongoing at the time of this writing to pursue preclinical
studies as a bridge to potential future clinical translation.

Further, using CRISPR/Cas9 LOF screening approach with a customized library,
we mapped a landscape of potential combination therapies with PI3Ka inhibition in
PIK3CA WT and mutant cell lines from different cancer types. Hypotheses generated from
these screens highlighted BCL-xL dependency in primary resistance to PI3Ka inhibition

in tissue-type specific PIK3CA mutant gastric cancers. As a collaborative effort, more
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follow-up mechanistic studies will be performed at the Luftig lab to piece together the

underlying biological picture.

5.2 Future directions and implications
5.2.1 Remaining mechanistic questions

In both projects discussed here (Chapters 2-4), there remains a multitude of
unanswered questions that underlie the mechanistic basis of primary resistance to the
respective targeted therapies. I will focus my discussion on the first TNBC project as the
second project is still at an early phase of mechanistic development.

Although our study on combined EGFR and CDK12 inhibition in TNBC
uncovered noteworthy molecular mechanisms on protein synthesis and degradation,
there were several genomic aspects that were minimally explored. The effects of this drug
combination on super-enhancers, with which MYC and EGFR genes are documented to
be associated, were not evaluated here. ChIP-seq experiments and complementary
techniques directly analyzing long-range chromatin interactions, such as 3C-based or Hi-
C methods, could address these questions. Our transcriptomic experiments were set at the
timescale of therapeutic effects, in which late downstream effects were captured. The
primary regulatory functions of CDK12 on intronic polyadenylation may be tied to the
miRNA-mediated deadenylase activity of the CNOT complex. To investigate this activity
and evaluate this aspect, more specific methods such as transient poly(A)-3" end

sequencing with comparable data analyses and robust validation experiments are
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necessary. While these questions are non-trivial, we are unable to tackle all perspectives
here holistically.

As we focused our mechanistic investigations on the molecular aspects, the
combined EGFR and CDK12 inhibition under study in TNBC clearly functions through
the modulation of 4E-BP1-regulated, coupled MYC protein translation and stability.
However, the magnitude to which decreased oncoprotein synthesis versus decreased
stability may contribute to the observed toxicity have not been elucidated. Secondly, the
plethora of biological interactions that CNOT complex has with 4E-BP1 capping
machinery and proteasome modulation suggest that its regulatory roles in the phenomena
under study here may be multifactorial (Mathys et al., 2014; Chen et al., 2014; Cooke et al.,
2010; Kamenska et al, 2016; Ozgur et al; 2015; Miller and Reese, 2012; Panasenko and
Collart, 2011). The relative extent and precise mechanisms of EGFR- and/or CDK12-
and/or CNOT-regulated events peri-, up- or downstream of protein synthesis and stability
modifying the observed mechanism of action has not been resolved. Thirdly, there have
been a number of reports describing the cooperativity between EGFR blockade and other
parallel oncogenic signaling as well as MCL-1 oncoprotein translation in TNBC (El
Guerrab et al., 2020; You et al., 2018; Simiczyjew et al., 2018; Verma et al., 2017; Tao et al.,
2014; Sohn et al., 2014; Lev, 2020; Cruz-Gordillo et al., 2020). While our study revealed
profound sensitizing effects, it remains to be determined if these processes regulate, or are
cumulatively regulated by, CDK12. Finally, although our study identified MYC, MCL-1,

and p300 as key oncogenic protein loss that contributes to the lethal phenotype following
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combined EGFR and CDK12 inhibition, unbiased proteomic approaches may reveal
additional TNBC driver oncoproteins that are similarly affected. Expansion of the
mechanistic view to critical oncoproteins, other than MYC as shown here, may provide a

clearer picture to better inform therapeutic translation.

5.5.2 Clinical implications

The full therapeutic potential of combined EGFR and CDK12 inhibition has not
been evaluated in preclinical animal models because THZ531 is not amenable to in vivo
administration. As a continued effort, our collaboration with a pharmaceutical company
is still in-progress at the time of this writing for an in vivo compatible CDK12 inhibitor, in

pursuit of preclinical data to progress further into translating these findings to the clinic.

5.5.3 Future considerations

Building upon the modern work of cancer biology, genomics and pharmacology
that has accumulated substantially over the past few decades, the projection further in the
field of precision oncology may not only be dependent on generating new high-quality
data, but rather, to delve deeper into what we have already gathered and are gathering.
Multi-omics analysis has become mainstream with the rise of next-generation sequencing.
The wealth of publicly accessible databases offers almost infinite opportunities for new
discoveries. However, data mining on existing large databases, to many experimentalists,
may be intimidating or even more laborious than generating them. While providing
adequate training and core computational education on data analysis, visualization and

management to benchtop scientists will empower them to have their own take with these
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public resources, more collaborative work between experimentalists and computational
biologists should also be encouraged. Communicative environment between these two
specialties should be a fundamental infrastructure for all research labs. Further, as it is
well-appreciated that the study of human biology and biomedical research are increasing
in complexity, purely reductionist approaches to biology, which involve taking the pieces
apart, are almost obsolete to solving complex biological problems (Wanjek, 2011). The
tield of systems biology has been around for more than two decades (Kitano, 2002;
Chuang et al., 2010). While the field matures in parallel with technological advancements,
the emphasis on integrative systems-level approaches and its paramount impact on the
future of medicine grow exponentially. Keeping in context to our work described here,
the systems-level understanding of cancer biological behaviors at gene and epigenetic
regulatory networks, molecular signaling, interactions with environmental changes, such
as drug-induced stresses or other therapeutic modalities, and intersections with different
fields, even with physics for example in the phase separation model for gene
transcriptional control, will be imperative to permit robust predictions and accurate
simulations of these cellular states, thus guiding the design of precision cancer therapies.
Such future works accentuate the importance of strong experimentalist-theorist
communications and applications of diverse principles in engineering, mathematics,
physics and computer science to achieve deep conceptual understanding of complex

biological phenomena.
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While targeted therapies are unequivocally an effective treatment modality in
cancer, the constant battle against resistance and toxicity serves as motivation to find
better solutions. As scientists and physicians continue to add new tools to their toolkits, it
is important to keep abreast of new treatments in the field while innovating
contemporarily. The burgeoning field of immuno-oncology has recently been put in the
spotlight. Cancer immunosurveillance is an innate response to eradicate neoplastic cells
generated in the human body. However, the idea of modulating one’s own immune
responses to fight against cancerous cells that evaded the natural immune response, has
finally achieved clinical success after decades of trial-and-error (Farkona et al., 2016;
Waldman et al., 2020). Cancer immunotherapy has shown to induce long-lasting
responses and efficacies more superior than earlier lines of therapies even as monotherapy
in difficult-to-treat cancers, with strategies including immune checkpoint blockade,
adoptive cellular therapy, cancer vaccines and oncolytic viruses (Waldman et al., 2020;
Adams et al., 2019). Nonetheless, such clinical success would not be sustainable if its
pitfalls were overlooked. Similar to other therapies, limitations such as resistance and
immune-related toxicities are inevitable (Sharma et al., 2017; Bai et al., 2020; Kennedy and
Salama, 2020). Early trials on immunotherapy given in combination with chemotherapy
and/or radiotherapy have showed clinical efficacy. Though combined therapies pairing
immunotherapies and targeted agents are still under investigation, it is anticipated that
combination therapies will provide new avenues moving forward (Adams et al., 2019;

Waldman et al., 2020). Our growing understanding of the dynamic interactions between
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the tumor microenvironment and host factors will inform decisions for optimal
combination strategies.

Traditionally and presently, preclinical studies play a crucial, yet expensive and
time-consuming phase in the progression of drug development. Ironically, it has been
reported that over 80% of investigational drugs showing safety and efficacy in animal
testing failed to translate in human trials (Waring et al., 2015; Hay et al., 2014). The
frequent discordance between animal models and human physiology and disease has
long been recognized. Further, the unmet need for modelling and testing platforms that
are more predictive of human responses, and academic researchers’, drug regulatory
agencies’ and biopharmaceutical industries” slow uptake on seismic change for the archaic
drug development template are key factors hampering the phase success and drug
approval rates, resulting in the dwindling productivity in pharmaceutical R&D (Waring
et al., 2015; Hay et al., 2014; Scannell et al., 2012; Paul et al., 2010). The convergence of
cross-disciplinary technologies in tissue-engineering, including induced pluripotent stem
cells (iPS cells) and mixed cell culture capabilities, genome editing, 3D printing,
sophisticated cell sensors, microfluidics and microfabrication engineering, has accelerated
the arrival of new alternative tools for preclinical stages designed to address this
particular issue (Low et al., 2020; Zhao et al., 2019). 3D tissue models such as organoids
and organs-on-chips are platforms that can provide more rapid, cost-effective and
accurate information on human physiology and diseases, and aim to substitute laboratory

animals eventually (Low et al., 2020). The adoption and implementation of these
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innovative technologies in the drug development process, including the study of cancer
drug resistance and targeted drug combinations as well as applications on screening
approaches presented herein, will be a major step to ultimately help transform science
and medicine in the near future.

At the forefront of scientific discovery, it is necessary for scientists to be highly
adaptable to new technologies and concepts in order to create meaningful impacts,
especially in this rapidly and ever-evolving era. In this final section, I have highlighted
the trending genres that intersect with my thesis work and I highly encourage my
colleagues to incorporate these advances while contributing to the field of precision

oncology.
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Appendix A. Materials and methods

A.1 Experimental models
A.1.1 Cell lines, reagents and inhibitors

BT20, BT474, BT549, CAL51, HCC1143, HCC1806, HeLa, MCF10A, MDA-MB-231,
MDA-MB-468, SK-BR-3, SUM149PT cell lines were purchased from Duke University Cell
Culture Facility (CCF) or American Type Culture Collection (ATCC). CAL51 was gifted
by Anthony Letai (Dana Farber Cancer Institute) and HeLa-CDK1245 was kindly gifted by
Arnold Greenleaf (Duke University). All cell lines were authenticated using short tandem
repeat (STR) profiling by the Duke University DNA Analysis Facility and tested negative
for mycoplasma contamination using MycoAlert™ PLUS Mycoplasma Detection kit
(Lonza). All cell lines were cultured at 37°C in 5% CO2. See Key Resources Table for
specific culture media.

Drugs were purchased from SelleckChem or Apexbio Technology. THZ531R and
THZ532 were generously gifted by Nathaniel Gray (Harvard University, Dana-Farber

Cancer Institute).

A.1.2 Evolving drug-resistant cell line

To evolve resistance to the gefitinib+THZ531 combination in-vitro, CAL51 cells
were exposed to the combined drugs with increasing concentrations, starting with a dose
close to 25% of cell viability. As CAL51 cells were insensitive to gefitinib, an arbitrary
starting dose of 500 nM was selected, while 50 nM of THZ531 was used. The growth rate

was monitored by cell counts with passaging every 3-5 days. Once growth rate was
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stabilized, the concentration of each drug was increased singly each time till maximal
preset synergistic dose of 1 um gefitinib and 200 nM THZ531 to develop CAL51-R_GT. A
paired vehicle control was cultured with DMSO-containing media in parallel (CAL51-

parental). Resistant cells were achieved over 8 weeks with gradual dose increments.

A.2 Gl and sensitization assay

Cells were seeded in 96-well plates at density of 3000 — 5000 cells per well and
treated with a 10-fold serial dilution of indicated drug. Calculated drug dilution series
yield final drug concentrations starting with vehicle (DMSO) at 0, 0.000002, 0.00002,
0.0002, 0.002, 0.02, 0.2, 2 uM. CellTiter-Glo luminescent viability assay (Promega) was
used to measure cell viability after 72h drug incubation. Luminescence from each specific
well of each plate were measured using Tecan plate reader (Infinite M1000 PRO). Each
treatment condition was performed in triplicates per plate and represented by three
independent experiments. Relative viability was calculated by normalizing raw
luminescence values to vehicle-treated wells. Glso values were considered as the dose at
which cell viability equates to 50% of DMSO-treated viability and determined by fitting
each individual experiment to a 4-parameter logistic drug-response curve using
GraphPad/Prism9 software.

For two-drug combinations, the concentration of a second background drug was
kept constant across all wells. Sensitization scores were calculated using Glso values with
vehicle versus the second background drug as fold change and logio transformed, thus

sensitization scores >0 will indicate increased sensitivity to the first serially diluted drug.
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GI50 assays were first performed singly to obtain dose-response curves for THZ531 with
each cell line. Background doses for THZ531 were then chosen based on the curves at
doses yielding no less than 80% viability to ensure adequate cellular representation of
response to first serially diluted drug.

Background doses of THZ531 were: 50 nM for BT549 and SK-BR-3, 100 nM for
HCC1143 and HCC1806, 150 nM for BT474 and MDA-MB-468; 200 nM for BT20, CALS5]1,

MCF10A and MDA-MB-231, 250 nM for SUM149PT.

A.3 Bliss synergy score calculation

To quantitatively assess synergy, Glso assays were first performed for each
inhibitor (e.g. gefitinib or erlotinib) with a range of four or more fixed concentrations of
the second background drug (e.g. THZ531 0, 50, 100, 200 nM). Relative cell viability was
calculated as described earlier. Data was tabulated according to SynergyFinder 2.0 User
Documentation and uploaded on the web application for analysis (Ianevski et al., 2020).
Four-parameter logistic regression (LL4) was selected for curve-fitting algorithm and
outlier detection was turned on (Ianevski et al., 2019). Bliss method was selected for
synergy calculation with the ‘Correction” option switched on to eliminate detected outlier

and apply a base-line correction method on the single drug dose-responses.

A.4 Clonogenic growth assay

To measure longer term effect of inhibitors and combination on cell growth, cells
were seeded at 500 cells/well in 12-well tissue culture plates or 1000 cells/well in 6-well

tissue culture plates in complete media. 24 hours after seeding, media were aspirated, and
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drugs were added into fresh media to each specific wells. Media and drugs were refreshed
every 5 days, and assays were cultured for 10 to 15 days. Drug media were then removed,
and plates were fixed and stained with 0.5%w/v crystal violet in 80%v/v methanol
solution for 20 min at room temperature. Plates were rinsed with distilled water and

scanned.

A.5 Immunoblotting and antibodies

Immunoblotting was performed as previously described (Singleton et al., 2017).
Briefly, cells were resuspended in RIPA lysis buffer (Sigma-Aldrich) supplemented with
protease and phosphatase inhibitor (ThermoFisher), incubated on ice for 10min, then
shredded through QiaShredder columns (Qiagen) through centrifugation at 13,000RPM,
4°C for 2 min. Protein in the whole cell lysates was quantified using the Bradford method,
normalized and prepared with 4X Laemmli Sample Buffer (Bio-Rad). Proteins were run
on Mini-PROTEAN TGX Stain-Free Precast 4-20% Gels (Bio-Rad) and fast electrophoretic
transferred to PVDF membrane (TransBlot Turbo, Bio-Rad). Membranes were blocked
and probed in 5% BSA overnight at 4°C with primary antibodies as follows, B-actin
(1:2000, CST#4970), -MYC (1:500, Ab#32072), CNOT1 (1:1000, CST #44613), EGFR (1:1000,
CST #2232), phospho-EGFR (Tyr1068) (1:1000, CST#2234), MCL-1 (1:1000, CST #94296),
p300 (1:200, SC#32244), Rpb1CTD (1:1000, CST #2629), phospho-RPB1(Ser2) (1:1000, CST
#13499), 4E-BP1(1:1000, CST #9644), phospho-4E-BP1 (Thr37/46) (1:1000, CST #2855),
phospho-4E-BP1 (Ser65) (1:1000, CST #9451), phospho-4E-BP1 (Thr70) (1:1000, CST

#13396), ubiquitin (1:1000, CST#3936), vinculin (1:2000, CST #13901). HRP-linked anti-
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Rabbit (CST #7074) and anti-Mouse (CST #7076) secondary antibodies were applied
accordingly at a 1:5000 dilution in 5% milk in PBS-T at room temperature. Quantification
of immunoblots was performed where indicated with Image] software (Rueden et al.,
2017; Schneider et al., 2012). Background measurement was subtracted, and band

intensity was normalized to loading control intensity.

A.6 Immunoprecipitation

Cells were seeded in 15-cm plates, treated with DMSO or indicated drugs for 18
hours, to yield at least Img of total protein for immunoprecipitation. All subsequent steps
were performed on ice. At the time of harvest, cells were washed with PBS, pelleted
(3000RPM, 4°C, 5min), resuspended and incubated on a rotator for 1h, 4°C in IP buffer
(150 mM NaCl, 0.5% NP-40, 20 mM EDTA, 1 mM Dithiothreitol (DTT), 40 mM Tris HCl,
pH?7 .4) supplemented with protease/ phosphatase inhibitor cocktail (ThermoFisher). After
lysis was completed, lysates were clarified at 13000RPM, 4°C, 20min. Protein was
quantified using the Bradford method and normalized to the lowest protein amount
among the samples. Input controls were also saved and prepared with 4X Laemmli
Sample Buffer (Bio-Rad) accordingly. 2-4 pg of primary antibodies (c-MYC, Ab#32072) or
appropriate isotype control were added to respective samples and incubated overnight
on a rotator at 4°C. 40 pL/sample of recombinant Protein-G-Sepharose-4B beads
(ThermoFisher) was washed thrice with IP buffer and added to each sample for
equilibration on a rotator for 4h, 4°C. At the end of the antibody-bead conjugation,

immunoprecipitates were collected by centrifugation 3000RPM, 4°C, 5min. The bead
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pellets were washed for a total of 5 times. After the last wash, immunoprecipitated
proteins were eluted with 4X Laemmli Sample Buffer, vortexed briefly and heated at 95°C,
5min. Samples were collected (13000RPM, 2min), subjected to SDS-PAGE and transferred

to PVDF membrane as described above.

A.7 RNA-sequencing sample preparation and analysis

RNA-sequencing was performed with ERCC spike-in normalization as previously
described (Loven et al., 2012). Briefly, CAL51 and MDA-MB-231 cells were seeded in 10-
cm plates and incubated in media with DMSO or indicated drugs for 12h, in triplicates.
Cell counts were determined using C-Chip disposable hemocytometers (Bulldog bio,
DHC-NO01) and equalized across all samples before lysis and RNA extraction. Total RNA
from 1E6 cells per replicate was isolated using RNeasy96 kit (Qiagen). External RNA
Controls Consortium (ERCC) ExFoldRNA Spike-in Control Mixes (Invitrogen #4456740)
(4 pL/sample, diluted at 1:100, ERCC User Guide, Table 4) were added after cell lysis step.
The extraction was then continued according to manufacturer’s instructions and eluted in
50 pL nuclease-free water. Total RNA was quantified using Qubit™ RNA Broad Range
Assay kit (Invitrogen) and analyzed on Agilent 4200 TapeStation for integrity. Samples
with the RNA Integrity Number (RIN) above 9.0 and normalized to 500 ng total RNA for
library preparation using TruSeq® stranded mRNA sample prep kit (Illumina, #20020595).
After library preparation, samples were quantified using Qubit™ assay, checked fragment

sizes on Agilent 4200 TapeStation, normalized and pooled. Libraries were sequenced on
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[Nlumina HiSeq 2000 sequencing system using 50-bp single-end reads at the Duke
University Genome Sequencing Facility.

Sequences were processed using Trimmomatic v0.32 (Bolger et al., 2014) and reads
that were 20nt or longer after trimming were filtered for further analysis. Reads were
aligned using the alignment tool STAR v2.4.1a (Dobin et al., 2013) following the proposed
2-pass strategy to first identify a splice junction database to improve the overall mapping
quality. Alignment was performed to GRCh38/hg38 of the human genome and
transcriptome with ERCC synthetic spike-in RNA sequences (Annotations from product
webpage manuals, https://assets.thermofisher.com/TFS-Assets/LSG/manuals/cms_095
047 .txt) appended for mapping. The TPM (transcripts per million) was computed for each
mapped gene and synthetic spike-in RNA using RSEM v1.2.25 (Li and Dewey, 2011).
Differential expression analysis was performed using DESeq2 v1.22.0 (Love et al., 2014)
running on R (v3.5.1). Briefly, raw counts were imported and filtered to remove genes
with low or no expression, that is, keeping genes having two or more counts per million
(CPMs) in two or more samples. Filtered counts were then normalized with the DESeq
function, using the counts for the ERCC spike-in probes to estimate the size factors. In
order to find significant differentially expressed genes, the nbinomWaldTest was used to
test the coefficients in the fitted Negative Binomial GLM using the previously calculated
size factors and dispersion estimates. Genes having a Benjamini-Hochberg false discovery
rate (FDR) less than 0.05 were considered significant (unless otherwise indicated).

Differential gene expression was tested for all possible drug pairwise comparisons within
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each cell line, for example, single drug versus DMSO control, combination versus DMSO
control, combination versus single drug and so on.

Gene set enrichment analysis was performed on all differential gene lists
computed. Each gene list was sorted by statistical rank and rnk files were imported into
the GSEA software tool from the Broad Institute (Subramanian et al., 2005). Pre-ranked
gene list was processed under default settings and size filters for analysis across all
signatures contained within the selected mSigDB databases of interest: Hallmark (50 gene
sets), Curated chemical and genetic perturbations (3358 gene sets), Curated canonical
pathways (BIOCARTA - 289 gene sets, KEGG - 186 gene sets, REACTOME - 1554 gene
sets), Regulatory Target (3556 gene sets), Computational (858 gene sets), Gene Ontology

(10,271 gene sets), Oncogenic Signatures (189 gene sets).

A.9 Quantitative real-time PCR

Cell counts were determined and normalized across all samples before lysis. RNA
was extracted using RNeasy Mini kit (Qiagen). After the cell lysis step, samples were
spiked-in with the ERCC spike-in controls (2 pL/sample, diluted 1:100, Invitrogen
#4456740), treated with on-column DNase digestion according to manufacturer’s
specifications (Qiagen). RNA purity and concentration was measured by absorbance at
260nm (Aze0/A2s0). cDNAs were reverse-transcribed using SuperScript™ VILO™ cDNA
Synthesis kit (Invitrogen) with 100ng — 1ug of RNA template as directed by the
manufacturer’s protocol. qRT-PCRs were carried out in triplicates using TagMan assay

(Applied Biosystems) and CFX96 or CFX384 Touch Real-Time PCR Detection System
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according to manufacturers’ recommendations (Bio-Rad). Average cycle threshold (Cr)
values were calculated for each gene, and the maximum C: value was set at 40 cycles.
Average C: values of technical replicates were normalized to the exogenous spike-in or
reference gene, ERCC-00096 or GAPDH respectively, and relative gene expression was
determined using the comparative AAC: method. Average and standard deviation were
results of at least three independent experiments.

Specific TagMan gene expression assay IDs were as follows: ERCC-00096
(Ac03459927_al), GAPDH (Hs02786624_gl), MYC (Hs99999003_m1), HSPA5

(Hs00607129_gH).

A.10 Sucrose density gradient sedimentation of polysomes

CALS51 cells were seeded in 10-cm plates to reach 80-85% density at the point of
harvest, treated with DMSO or indicated drugs for 12h. Before the time of harvest,
gradients of 15% to 50% sucrose solutions (200 mM KCl, 15 mM MgCl;, 0.2 mM
cycloheximide, 1 mM DTT, 10 U/mL RNaseOUT™, 25 mM K-HEPES, pH7.4) were first
prepared in centrifuge tubes. All subsequent steps were performed on ice. Untreated or
treated cells were washed twice with ice-cold PBS and lysed on ice for 10min with 1 mL/
plate lysis buffer (200 mM KCl, 15 mM MgClz, 1% NP-40, 0.5% sodium deoxycholate, 0.2
mM cycloheximide, ImM DTT, 40 U/mL RNaseOUT™, 1X protease inhibitor, 25mM K-
HEPES, pH7.4). Lysates were clarified at 13000RPM, 4°C, 10min. Reserved supernatants
were overlaid onto sucrose gradient. The samples were centrifuged in a swinging-bucket

rotor SW41 Ti (Beckman) at 35,000RPM, 4°C, 3h with vacuum. Sample fractions were
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collected from the bottom of the tube with simultaneous absorbance Ao tracing
(TracerDAQ™) and subjected to RNA extraction followed by qRT-PCR analysis using
TagMan assays as listed above. C: values from qRT-PCR was analyzed to obtain relative

distribution of respective mRNA as previously described (Pringle et al., 2019).

A.11 [* Smethionine labeling

CALS51 cells were seeded in 6-well plates to reach 80-85% density at the point of
labeling, treated with DMSO or indicated drugs. After 12 hours vehicle or drug
incubation, cells were washed twice with PBS and methionine-starved in serum-
supplemented methionine-free media (Gibco) for 30min at 37°C. Cells were then labeled
with 150 uCi/mL [¥*S]methionine (Perkin-Elmer) in methionine-free media for 45min. To
stall translation and quench methionine incorporation, cells were washed twice with 100
ug/mL cycloheximide (Sigma-Aldrich) serum-free methionine-free media, incubating for
10min at 37°C for the second wash, followed by two washes with 100 pg/mL
cycloheximide in PBS. Cells were then lysed with IP buffer on ice for 10min. Samples were
pre-cleared by rotating with rabbit IgG isotype control (Ab #172730) and Protein-G-
Sepharose-4B beads for 1h at 4°C. MYC immunoprecipitation were performed as
described earlier. 2 puL. of each samples were added to 3 mL of liquid scintillation liquid
and [¥S] radioactivity was measured and recorded. The remaining of the samples were
subjected to SDS-PAGE and transferred to PVDF membrane as described above.
Membranes were exposed on a phosphorimaging screen overnight and visualized on

Amersham™ Typhoon™ NIR Biomolecular Imager (GE Healthcare).
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A.12 Cloning of CRISPR and shRNA constructs

CRISPR constructs were cloned using published methods (Shalem et al., 2014,
Joung et al., 2017) using characterized sgRNAs from TKOv3 genome-wide library (Hart
et al., 2017). Detailed cloning steps were as previously described (Lin et al., 2019). In brief,
unique 20-mer sgRNA inserts targeting genes of interest were synthesized by
CustomArray with flanking sequence adaptors. The synthetic oligo (diluted 1:100) was
amplified using NEB Phusion Hotstart Flex PCR master mix and array primers. Amplified
inserts were beads-clean-up at 1.8x (Axygen, AxyPrep™ Mag PCR Clean-up kit) and
eluted in molecular grade water. lentiCRISPRv2 (Addgene ID 52961) was digested by
Esp3I (BsmBI) (ThermoFisher) and size selected by 1% agarose gel electrophoresis and
extraction. Linearized lentiCRISPRv2 were then annealed with clean array amplified
sgRNA oligos by Gibson assembly reaction. The reaction mixture was then transformed
by chemical or electroporation method into Stbl3 (ThermoFisher) or E. cloni 10G (Lucigen)
competent cells respectively. Transformed cells were recovered and spread on LB-
ampicillin plates for overnight incubation. Single colonies were picked, cultured
overnight in liquid LB and extracted using Plasmid miniprep kit (Qiagen). Plasmid DNA
sequences were checked using Sanger sequencing (Eton Bioscience) for sgRNA inserts to
confirm successful cloning. See Table 3 for sgRNA sequences.

Glycerol stocks for shRNA targeting genes of interest and bacterial stab cultures
of plasmids were obtained from the Duke Functional Genomics Core Facility and

Addgene Plasmid Repository respectively. Inoculants from glycerol stocks or stab culture
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were cultured overnight in liquid LB at 37°C and plasmids were extracted using Plasmid
miniprep kit (Qiagen). See Table 3 for shRNA identity, TRC number and target sequences,

and plasmid Addgene ID.

A.13 Lentivirus production and transduction

Lentivirus production was adapted from Joung et al., 2017. HEK293FT cells were
grown to ~80% confluency in 10-cm or 6-well plates, for 10mL or 2mL final viral media
harvest respectively and transfection reagents were scaled according to seeding area. For
10-cm plate, 3.5 — 4E6 cells were seeded and incubated for 24h (37°C, 5% CO2).
Transfection reagents were prepared in Opti-MEM™ reduced serum medium (Gibco) and
performed using 94.2 uL Lipofectamine 2000 (ThermoFisher), 103.6 pL. PLUS™ reagent
(ThermoFisher), 8.2 ug psPAX2, 5.4 ug pMD2.G and 10.7 ug construct DNA. The mixture
was incubated at room temperature for 5min and gently added to the HEK293FT cells for
4h incubation (37°C, 5% CO2). The medium was then replaced with pre-warmed harvest
media (DMEM 30% FBS). 48h after the start of the transfection, lentivirus supernatant was
collected and syringed through a 0.45 um filter. Transductions were conducted directly at
the time of lentivirus harvest or freshly thawed from frozen aliquots. 0.5-1 mL of virus
media and polybrene (1 pg/mL) were added to cells seeded in 6-well plate in 1-1.5 mL of
growth media. Cells were spinfected at 2250RPM, 1h, room temperature (25°C) and
incubated overnight (37°C, 5% CO2). 24h post-transduction, cells were selected by

puromycin (2 pg/mL) for 48h.
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A.14 Pooled genome-wide CRISPR positive selection screen and
analysis

TKOv3 pooled library was obtained from Addgene (Addgene ID 90294) and
amplified as previously described (Hart et al., 2017, Joung et al.,, 2017). Lentivirus
production of TKOv3 library was scaled up and conducted as described above. CAL51
cells were seeded into 6-well plates at a density of 0.5E6 cells per well and transduced at
a MOI less than 0.2. A total 60E6 cells were transduced in 24x6-well plates. 24h post-
transduction, cells were selected by puromycin (2 pg/mL) for 48h. Puromycin-selected
cells were collected and counted to confirm at least 100X library coverage. Transduced
cells were propagated puromycin-containing media for a total of 7 days and split into
vehicle (DMSO) and gefitinib (750 nM) + THZ531 (100 nM) combination treatment
conditions in duplicates. The screen was conducted over a total of 3 weeks, for
approximately 15 cell doublings. Cells were counted, passaged with replenished drug
every 3 days. Each treatment condition and replicate was represented by a minimum of
10E6 cells to maintain at least 100X library coverage (>100 cells per unique sgRNA) during
each split throughout the screen. A total of 12E6 cells were collected at 48h post-
puromycin exposure, screen initiation (to) and at every passage till screen termination
(tina). DNA was extracted from cell pellets (DNeasy Blood & Tissue Kit, Qiagen) and
stored at -80°C until completion of screens. Samples were further processed for
sequencing as previously described (Shalem et al., 2014). Screen libraries were sequenced

on Illumina NovaSeq 6000 sequencing system (50-bp, single-end reads) at the Duke
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University Genome Sequencing Facility to achieve 20 million reads total per sample (~200
reads per guide).

Pooled samples were matched by barcoded reads and guide-level counts were
computed using bcSeq (v1.12.0) Bioconductor package (Lin et al., 2018) in the R (v3.5.1)
programming environment. As the screen was designed for positive selection, resistance
to gefitinib+THZ531 combination was determined by evaluating differential guide
compositions between vehicle control (DMSO) and combo-treated (GT) cell populations
at teinal. Cells that survived the GT combo were enriched with guides targeting genes that
we coined ‘resistor” genes and are required for the drug synergistic activities. Differential
analysis was carried out using the DESeq2 (v1.22.0) Bioconductor package in the R (v3.5.1)
programming environment. Out of the 18,053 genes in the TKOv3 library, 29 genes
(0.16%) were excluded due to low counts. Enrichment effects in combo-treated arm were

expressed as log:(fold-change) for GT versus DMSO (vehicle-control as the denominator).

A.15 Pooled customized CRISPR drug sensitizer screen and
analysis

A miniaturized CRISPR library representing 378 genes (five sgRNAs per gene with
50 non-targeting controls, 1940 sgRNAs total) was previously designed and validated by
Winter and Anderson et al. (Anderson et al., 2017). Lentivirus production of this library
was scaled up and conducted as described above in Section 6.13. A selection of PIK3CA
WT, namely 584-A2 (HNSCC), and PIK3CA mutant cell lines, namely CRC119 (colorectal),
AGS (gastric), MKNT1 (gastric) and KYSE510 (HNSCC) (Table 2) were transduced with

library virus as described in Section 6.13.
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For each cell line, cells were seeded into 6-well plates at a density of ~0.35 - 0.5E6
cells per well and transduced at a MOl less than 0.2. A total of 10E6 cells were transduced
in 6-well plates. 24h post-transduction, cells were selected by puromycin (2 pg/mL) for
48h. Puromycin-selected cells were collected and counted to confirm at least 1000X library
coverage. Transduced cells were propagated in puromycin-containing media for a total of
7 days and split into vehicle control (DMSO) and BYL719 treatment conditions in
duplicates. Sublethal doses were selected to yield on-target kinase inhibition and partial
cell growth inhibition. Specific doses were reported in Table 2. The screen was conducted
over a total of 3 weeks, for approximately 15 cell doublings. Cells were counted, passaged
with replenished drug every 3 days. Each treatment condition and replicate was
represented by a minimum of 2E6 cells to maintain at least 1000X library coverage (>1000
cells per unique sgRNA) during each split throughout the screen. A total of 2E6 cells were
collected at 48h post-puromycin exposure, screen initiation (to) and at every passage till
screen termination (tinal). DNA was extracted from cell pellets (DNeasy Blood & Tissue
Kit, Qiagen) and stored at -80°C until completion of screens. Samples were further
processed for sequencing as previously described (Shalem et al., 2014). Screen libraries
were sequenced on Illumina NextSeq 500 sequencing system (75-bp, single-end reads) at
the Duke University Genome Sequencing Facility to achieve a depth of 5 million reads
total per sample (~200 reads per guide).

Pooled samples were matched by barcoded reads and guide-level counts were

computed using bcSeq (v1.12.0) Bioconductor package (Lin et al., 2018) in the R (v3.5.1)
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programming environment. Analysis was performed as previously described (Anderson
et al.,, 2017; Lin et al., 2019). Genetic determinants of drug sensitization or resistance were
evaluated by the differential guide compositions between BYL719-treated and DMSO-
treated cell populations. In brief, counts for a guide within a sample was normalized to
the sum of all guides contributing to the sample to give fractional representation (FR).
Depletion metric (DM) per guide was then computed by pairwise-comparison between
the respective FRs in drug-treated versus control sample. The average of the five guide-
level DMs for each gene was represented as gene-score. Sensitizer or resistor gene was
considered by calculating the magnitude of depletion or enrichment of the drug-treated
population relative to the vehicle-treated population (Drugfinat / DMSO¥inat). All depletion
or enrichment effects are reported as log: ratios. All described manipulations were

performed in R (https://www.r-project.org/).

A.16 Quantification and Statistical Analysis

Statistical analyses were performed in Prism9 (GraphPad) software or R (v3.5.1)
(https://www .r-project.org/). All results are shown as mean + standard deviation. P-values
were determined using unpaired, two-tailed Student’s t-tests and considered significant

at threshold of <0.05, unless otherwise stated.
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A.17 Key resources tables

Below are the tabulated lists of experimental models and materials.

Cell line
BT20

BT474

BT549

CAL51

HCC1143

HCC1806

HEK293FT

Hela

HeLa-CDK124S

MCF10A

MDA-MB-231

MDA-MB-468

Growth medium

MEM Eagle, 10% FBS, 1%
penicillin-streptomycin, 1%
sodium pyruvate, 1% non-
essential amino acids

DMEM, 10% FBS, 1% penicillin—
streptomycin

RPMI-1640, 10% FBS, 1%
penicillin-streptomycin,
10uG/mL insulin

MEM Eagle, 10% FBS, 1%
penicillin-streptomycin
RPMI-1640, 10% FBS, 1%
penicillin-streptomycin
RPMI-1640, 10% FBS, 1%
penicillin-streptomycin
DMEM high glucose medium,
10% FBS, 1% penicillin-
streptomycin, 1%  sodium
pyruvate, 1% non-essential
amino acids and 1% GlutaMax
MEM Eagle, 10% FBS, 1%
penicillin-streptomycin

MEM Eagle, 10% FBS, 1%
penicillin-streptomycin
DMEM/F12, 10% FBS, 1%
penicillin-streptomycin,
20ng/mL EGF, 0.5mg/mL
hydrocortisone, 100ng/ml
cholera toxin, 10uG/mL insulin
DMEM, 10% FBS, 1% penicillin—
streptomycin

MEM Eagle, 10% FBS, 1%
penicillin-streptomycin, 1%
sodium pyruvate, 1% non-
essential amino acids
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Source
ATCC

ATCC

ATCC

A. Letai

ATCC

ATCC

ATCC

ATCC
A.

Greenleaf
ATCC

ATCC

ATCC

Table 1: Experimental models and culture conditions.

Identifier
RRID:CVCL_0178

RRID:CVCL_0179

RRID:CVCL_1092

RRID:CVCL_1110

RRID:CVCL_1245

RRID:CVCL_1258

RRID:CVCL_6911

RRID:CVCL_0030

RRID:CVCL_0030

RRID:CVCL_0598

RRID:CVCL_0062

RRID:CVCL_0419



SK-BR-3

RPMI-1640,

10% FBS, 1% ATCC

penicillin-streptomycin

SUM149PT Ham’s

F12,

10% FBS, 1% ATCC

penicillin-streptomycin,

0.5mg/mL

hydrocortisone,

10uG/mL insulin

RRID:CVCL_0033

RRID:CVCL_3422

Table 2: I"#$%& mutation status and lineage of screened cell lines.

Identifier

RRID:CVCL_V278
RRID:CVCL_0139
PDX cell line

RRID:CVCL_1354
RRID:CVCL_1415

Cell line "#$%& Lineage BYL719
screening dose
584-A2 WT Laryngeal 1pM
AGS E543K, E545A  Gastric 1uM
CRC119 H1047R Colorectal 0.5 uM
KYSE510 E545K Esophageal 1uM
MKN1 E545K Gastric 0.25 uM
Table 3: List of materials.
Growth media and  Source Identifier
additives
DMEM Gibco Cat. # 11885084
MEM Eagle Sigma-Aldrich = Cat. #M4655
RPMI-1640 Gibco Cat. # 11875093
DMEM/F12, HEPES Gibco Cat. #11330032
Ham’s F12 Corning Cat. # 10-080-CM
DMEM, high glucose Gibco Cat. #11965092
DMEM, high glucose, no Gibco Cat. # 21013024
glutamine, no methionine,
no cystine
Fetal bovine serum Amizona Cat. #tAM-SM-011
Scientific

Dialyzed fetal bovine
serum
Penicillin-Streptomycin
(10,000U/mL)

Sodium pyruvate (100mM,
100X)

MEM Non-essential amino
acids (100X)
GlutaMAX™

(100X)

supplement

Sigma-Aldrich = Cat. # F0392

Gibco Cat. #15140122
Gibco Cat. #11360070
Gibco Cat. #11140050
Gibco Cat. # 35050061
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Human Epidermal Growth Lonza CC-4107

Factor
Insulin solution

Sigma-Aldrich = 119278; CAS: 11061-68-0

Hydrocortisone Sigma-Aldrich = HO0888; CAS: 50-23-7

Cholera toxin Sigma-Aldrich =~ C8052; CAS: 9012-63-9

Chemicals

THZ531 N. Gray, S6595; CAS: 1702809-17-3
Selleck
Chemicals

THZ531R N. Gray -

THZ532 N. Gray -

Gefitinib Selleck 51025; CAS: 184475-35-2
Chemicals

Erlotinib Selleck S7786; CAS: 183321-74-6
Chemicals

Laptinib ApexBio AB8218; CAS: 231277-92-2

BYL719 ApexBio A8346; CAS: 1217486-61-7

MLNO0128 ApexBio A8551; CAS: 1224844-38-5

SCH772984 ApexBio A3805; CAS: 942183-80-4

Palbociclib Selleck S51579; CAS: 827022-33-3
Chemicals

BMS345541 ApexBio A3248; CAS: 547757-23-3

Ruxolitinib ApexBio A3012; CAS: 941678-49-5

A1331852 Selleck S7801; CAS: 1430844-80-6
Chemicals

563845 ApexBio A8737; CAS: 1799633-27-4

Olaparib Selleck 51060; CAS: 763113-22-0
Chemicals

Cycloheximide in DMSO  Sigma-Aldrich = Cat. #C4859

(100 mg/mL)

Commercial assays

CellTiter-Glo® Promega Cat. #G7570

Luminescent Cell Viability

Assay

Sequencing library

preparation kits

TruSeq Stranded mRNA [llumina Cat. #20020594

Antibodies, recombinant

proteins, enzymes

Rabbit monoclonal anti-c- Abcam Cat# ab32072; RRID:AB_731658

Myc antibody [Y69]
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Rabbit monoclonal anti-
Mcl-1 (D2W9E) antibody
Mouse monoclonal anti-
p300 (NM11) antibody
Mouse monoclonal anti-
Rpb1 CTD (4HS8) antibody
Rabbit monoclonal anti-
phospho-Rpb1l CTD (Ser2)
(E1Z3G) antibody

Rabbit monoclonal anti-4E-
BP1 (53H11) antibody
Rabbit monoclonal anti-
phospho-4E-BP1

(Thr37/46) (236B4)

antibody
Rabbit  polyclonal anti-
phospho-4E-BP1  (Ser65)
antibody
Rabbit monoclonal anti-
phospho-4E-BP1  (Thr70)

(D7F6I) antibody
Rabbit polyclonal anti-EGF
receptor antibody
Rabbit  polyclonal
phospho-EGF receptor
(Tyr1068) antibody

Mouse monoclonal anti-
ubiquitin (P4D1) antibody
Rabbit monoclonal CNOT1
(D5M1K) antibody

Rabbit monoclonal anti-p-
actin (13E5) antibody
Rabbit monoclonal
(E1IE9V)

anti-

anti-
vinculin XP®
antibody

Recombinant Rabbit IgG
isotype control,
monoclonal [EPR25A]
Rec-Protein
4B

FastDigest Espl (BsmBI)

G-Sepharose

CST
SantaCruz
CST

CST

CST

CST

CST

CST

CST

CST

CST
CST
CST

CST

Abcam

Life
Technologies
ThermoFisher
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Cat# 94296, RRID:AB_2722740

Cat# sc-32244, RRID:AB_628076

Cat# 2629, RRID:AB_2167468

Cat# 13499, RRID:AB_2798238

Cat# 9644, RRID:AB_2097841

Cat#2855; RRID:AB_10695878

Cat# 9451, RRID:AB_330947

Cat# 13396, RRID:AB_2798206

Cat# 2232; RRID:AB_331707

Cat# 2234; RRID:AB_331701

Cat# 3936; RRID:AB_10998070

Cat# 44613; RRID:AB_2783868

Cat# 4970; RRID:AB_2223172

Cat# 13901, RRID:AB_2728768

Cat# ab172730, RRID:AB_2687931

Cat. #101242

Cat. #FD0454



NEB Phusion Hotstart Flex NEB Cat. # M0536S
master mix

Gibson Assembly reaction NEB Cat. #E2611S
master mix

AxyPrep™  Mag PCR Axygen Cat. #14-223-152
Clean-up kit

Radioactive labeling

EasyTag Express S protein = PerkinElmer NEG772002MC
labeling mix

Bacterial strains

One Shot™ StbI3™ | ThermoFisher = C737303
Chemically Competent E.

coli
E. Cloni 10G ELITE Lucigen 60052-3
electrocompetent cells
Oligonucleotides/
Constructs
lentiCRISPRv2 F. Zhang Addgene Cat. #52961
pMD2.G envelope D. Trono Addgene Cat. #12259
expressing plasmid
psPAX2 packaging plasmid = D. Trono Addgene Cat. #12260
EIF4EBP1 shRNA TRC Library TRCN0000040203, NM_004095.4
pCW57.1-4EBP1_4xAla D. Sabatini Addgene Cat. #38240
CNOT1_1 shRNA TRC Library TRCN0000136514, NM_016284.3
CNOT1_2 shRNA TRC Library TRCN0000137172, NM_016284.3
Pooled TKOv3 Library J. Moffatt Addgene Cat. #90294
TagMan mRNA
expression assay
ERCC-00096 ThermoFisher = Ac03459927_al
GAPDH ThermoFisher  Hs02786624_g1
MYC ThermoFisher = Hs99999003_m1
HSPA5 ThermoFisher = Hs00607129_gH
Software
Prism 9 GraphPad https://www.graphpad.com/scientific-
software/prism/
R The R Project  https://www.r-project.org/
Jupyter Notebook Project Jupyter  https://jupyter.org/
SynergyFinder2.0 A. Tanevski https://synergyfinder.fimm.fi/
GSEA 4.0.0 GSEA, http://www.gsea-
MSigDB msigdb.org/gsea/index.jsp
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